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Abstract

This thesis develops and evaluates Artificial Intelligence (AI) and Natural Language Pro-
cessing (NLP) approaches for detecting bias in higher education online resources, ad-
dressing the lack of systematic computational methods in this area. Bias in higher educa-
tion content shapes knowledge production, representation and equity, making its detec-
tion both academically and socially significant.

To address this gap, three sets of novel datasets were created: 1. a corpus of university
news articles annotated for subjectivity, sentiment and gender representation; 2. three
university reading list datasets with demographic annotations enabling comparative anal-
ysis across Western and Middle Eastern contexts; and 3. two domain-specific collections
of learning materials, one from humanities-oriented open resources and the other from
Science, Technology, Engineering and Mathematics (STEM) lecture transcripts. To-
gether, these datasets provide the first systematic resources for investigating representa-
tional, stereotypical and linguistic bias across diverse higher education domains.

Using these resources, a range of Pre-trained Language Models (PLLMs) and Large Lan-
guage Models (LLLMs) were evaluated for bias detection. PLM revealed significant gen-
dered and representational disparities in university discourse, while fine-tuned LLM
achieved improved performance on humanities data but showed limited transferability to
STEM materials. A hybrid framework integrating fine-tuned LLLMs with Retrieval-Aug-
mented Generation (RAG) enhanced detection transparency and prediction balance.
These methods were operationalised in a prototype web application for bias detection in
higher education learning content.

The contributions of this research are fourfold: 1. the creation of multiple novel annotated
datasets spanning university news, reading lists and academic learning resources; 2. the
introduction of LLM-based strategies for bias annotation, fine-tuning and cross-domain
evaluation 3. methodological innovations including a structured framework for categoris-
ing bias, a hybrid human—AlI annotation approach and a replicable NLP pipeline for de-
mographic and thematic analysis; and 4. the design of a hybrid bias detection system and
accompanying web application.

This work advances computational approaches to bias detection, provides reproducible

resources for future research and offers practical tools to support greater fairness and
equity in higher education online environments.
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Chapter 1

1 Introduction

1.1 Research Gap, Objectives, Aim and Contributions

The fields of NLP and Al have increasingly focused on the critical challenge of bias de-
tection in textual data. Work in this area includes Iyyer et al. (2014), who developed meth-
ods for detecting political bias in text, whilst Hube and Fetahu (2018) made a contribution
through their detection of biased statements in Wikipedia. Cruz et al. (2020) built systems
capable of detecting and classifying biased news articles. Doughman and Khreich (2022)
released labelled datasets and lexicons for multiple gender-bias subtypes to facilitate au-
tomated detection of gender bias in English text.

With the rapid development of LLLMs capable of generating coherent and contextually
rich text, researchers have begun to use these models both as tools and as objects of study
to investigate bias in text. Soundararajan and Delany (2024) use LLMs to generate gen-
dered sentences and assess bias via downstream stereotype classification and lexical anal-
yses of adjective usage. Dong et al. (2023) probe both explicit and implicit gender bias
through conditional text generation from LLMs. Masoudian et al. (2025) analyse LLM-
generated stories to observe how gender contributions shift under conditioning.

Building on these efforts to detect and analyse bias in text, scholars have sought to cate-
gorise the many ways such bias can manifest. Bias in textual data manifests in multiple
forms, each presenting unique detection challenges. Gender bias, which has received con-
siderable attention in NLP research, can appear through gendered language, stereotypical
role assignments or unequal representation of different genders (Sun et al., 2019; Stanczak
and Augenstein, 2021). Sun et al. (2019) identify four forms of representation bias in NLP
models, noting that these systems often propagate and may even amplify gender biases
found in training corpora. Ethnic bias emerges through the marginalisation of particular
ethnic groups, the perpetuation of stereotypes, or the dominance of certain racial per-
spectives (Davidson et al., 2019; Sap et al., 2019). Beyond gender and ethnic biases, textual
corpora investigated in NLP bias research have been shown to contain political bias (Iyyer
et al., 2014), religious bias (Abid et al., 2021), disability bias (Hutchinson et al., 2020) and
socioeconomic bias (Field, Anjalie et al., 2021) and more.

Despite major advances in bias detection across news, social media and other textual do-
mains, gender and ethnic bias in higher education materials remains critically underex-
plored. Existing research on curricula and reading lists in higher education highlights a
persistent lack of representation, with university materials still dominated by Eurocentric
and male authors (Phull et al., 2019; Schucan Bird and Pitman, 2020). This underrepre-
sentation contributes to feelings of exclusion among students from minority backgrounds
(AbouEIMagd, 2016). While campaigns such as “Why is My Curriculum Whiter”



(National Union of Students 2019), #LiberateMyDegree (Bhambra et al., 2018) and “De-
colonising the Curriculum” (Hall et al., 2021) have called attention to these issues, there
is still limited empirical work that systematically analyses bias in the actual text of higher
education resources, especially as these materials increasingly move online. This gap leaves
educators and institutions without the evidence base needed to develop more inclusive,
representative digital learning environments.

As higher education increasingly moves online, these issues extend beyond traditional
printed textbooks and classroom syllabi. Many universities have also begun to routinely
upload recorded lectures, lecture slides and transcripts to their online platforms to support
flexible learning, a practice accelerated by the shift to remote teaching during the COVID-
19 pandemic (Voelkel et al., 2023). Moreover, student reliance on university online re-
sources surged during and following the pandemic (Howard et al., 2023).

A smaller but growing body of work has begun to investigate bias in digital educational
content more broadly. For example, Gezici and Saygin (2022) analyse YouTube educa-
tional videos and find a significant bias toward male narrators in STEM vs non-STEM
video search results. Santos et al. (2022) develop a method to detect gender-based colour
bias on educational technology web pages. A recent study by Khokhlova et al. (2023) uses
an experimental design with online lectures to show the effect when participants evaluate
male vs female virtual instructors. However, despite these valuable contributions, none
of these studies focus on bias within the text of online higher education materials, leaving
a critical gap that this research seeks to address.

Table 1.1 presents selected examples of biased text identified in this research within higher
educational content. These examples were extracted from online higher education re-
sources in Humanities disciplines such as history, law and social sciences, including lecture
transcripts, notes, essays, teaching guides and related materials. For further information
on bias categorisation and its analytical framework, see Chapter 3, Section 3.2, and for
details regarding the data, see Section 3.3.



Example Bias Bias Cate- Context Why is this bias?
Type gory

Gender Representa- | This was ex- This exemplifies
“Students should be able tion tracted from a stereotype and rep-
to respond effectively to Stereotype teaching guide resentation bias: the
the following questions: that asks students | guide portrays the
What was happening to to assess woman solely as “a
the right to vote in the early-19th-cen- New Jersey widow
first half of the 19th cen- tury voting rights | whose husband left
tury? Is it likely that the changes expand- | her a small fortune
newly enfranchised vot- ing male suffrage | and a shipbuilding
ers would have differ- after 1800 and the | business” defining
ences in concerns from brief New Jersey her identity through
those who had already women’s fran- her spouse. This
been voting? ... Help the chise representation re-
students think about the (1776-1807). duces her to a de-
likely differences in the rivative figure, ob-
concetns of each that scuring independ-
might affect voting, if ent political or so-
s/he had the franchise: A cial agency.
New Jersey widow whose
husband left her a small
fortune and a successful
shipbuilding business...”

Gender Stereotype This passage is This segment con-
“The National Woman Representa- | from an educa- tains bias in its de-
Suffrage Association tion tional learning scription of how
(NWSA) soon rallied Linguistic platform covering | the suffrage move-

around a new strategy:
the New Departure. This
new approach interpreted
the Constitution as al-
ready guaranteeing
women the right to
vote... In 1875, the Su-
preme Court addressed
this constitutional argu-
ment: acknowledging
women's citizenship but
arguing that suffrage was
not a right guaranteed to
all citizens... Following
this defeat, many suffra-
gists like Stanton increas-
ingly replaced the ideal of
universal suffrage with
arguments about the vit-
tue that White women
would bring to the polls.
These new arguments of-
ten hinged on racism and
declared the necessity of
White women votets to
keep Black men in
check.”

the history of the
women's suffrage
movement in the
United States.
While providing
historical context
about the NWSA
and its legal strat-
egies.

ment shifted its ar-
guments. The text
frames White
women as inhet-
ently virtuous vot-
ers, reinforcing gen-
der stereotypes
about female moral
supetiority. Addi-
tionally, the phrase
“White women vot-
ers to keep Black
men in check” per-
petuates racist ste-
reotypes by por-
traying Black men
as a threat requiring
control.




Gender Linguistic This passage is This text demon-
from an educa- strates gender bias

«...During the following tional activity through its use of
class session give the guide that in- “his ot het” which
principal speaker for each structs teachers reflects a binaty un-
side an allotted amount on how to con- derstanding of gen-
of time to make his or duct a classtroom | der that excludes
her speech. Do the same debate. non-binary individ-
for the second speakers uals. More inclusive
(usually less time than the language, such as
first). Then throw the de- ‘theit” or ‘the
bate open so that team speaker’ would bet-
members from each side ter acknowledge the
can question or make full spectrum of
comments to the other gender identities.
side...”

Ethnic Representa- | This is an essay The phrasing pro-
“Give your evaluation of tion prompt from a motes a competi-
the strongest claims Mal- Linguistic higher education | tive comparison
colm X made regarding political science that implies one
why integration will not course examining | leader’s philosophy
work and justify your the Civil Rights is superior while
choice. Make sure you in- Movement. also demonstrating
clude a consideration of ethnic representa-
why some blacks would tion bias by subject-
have viewed his approach ing Malcolm X’s
as legitimate in the early ideas to greater
1960s. Do you think Mal- scrutiny than Mar-
colm X gave sufficient tin Luther King
evidence to supportt the Jr.’s, positioning in-
claim that black Ameri- tegrationist ap-
cans deserve a separate proaches as more
nation? Why does Mal- legitimate. This
colm X disagree with asymmetrical fram-
both the goal and the ing oversimplifies
method of Martin Luther their complex per-
King, Jt.'s nonviolent spectives and rein-
protest movement? How forces a hierarchy
did Martin Luther King, among Black politi-
Jt. expect that his nonvi- cal thought rather
olent protest methods than treating both
would help to produce a as equally valid re-
"beloved community"? sponses to systemic
Connect his means with racism.
his ends.”

Ethnic Stereotype This passage is This text promotes
“We hold as undeniable Representa- | from Texas's a racial ideology le-
truths that the govern- tion Declaration of gitimising slavery
ments of the various Linguistic Causes for seces- | through claims of

States, and of the confed-
eracy itself, were estab-
lished exclusively by the
white race, for them-
selves and their posterity;
that the African race had
no agency in their

sion (February 2,
1861), one of sev-
eral declarations
issued by South-
ern states to jus-
tify leaving the
Union. In higher

white superiority
and divine sanction.
It describes African
people as inherently
inferior and asserts
that slavery benefits
both enslaved and




establishment; that they
were rightfully held and
regarded as an inferior
and dependent race...
That in this free govern-
ment all white men are
and of right ought to be
entitled to equal civil and
political rights; that the
servitude of the African
race, as existing in these
States...”

education, these
declarations are
studied as pri-
mary historical
sources in
courses on Amer-
ican history, Civil
War studies, and
critical race the-
ory to examine
the ideological
foundations of
the Confederacy.

enslavers by God's
will, manipulating
religious narratives
to justify racial hier-
archies while por-
traying opposition
as catastrophic.

“The Federal Govern-
ment... has for years al-
most entirely failed to
protect the lives and
property of the people of
Texas against the Indian
savages on our border,
and more recently against
the murderous forays of
banditti from the neigh-
boring territory of Mex-
ico... When we advert to
the course of individual
non-slave-holding
States... our grievances
assume far greater magni-
tude.”

Ethnic

Linguistic
Stereotype

This passage is
from Texas's
Declaration of
Causes for seces-
sion (February 2,
1861). The docu-
ment uses dehu-
manising lan-
guage such as
"Indian savages"
to describe Na-
tive Americans
and "banditti" for
Mexicans, em-
ploying ethnic
stereotyping to
portray non-white
populations as
threatening and
uncivilised while
justifying Texas's
grievances against
the Federal Gov-
ernment. In
higher education,
this document is
analysed as a pri-
mary source in
American history
and ethnic stud-
ies.

This text employs
racially charged lan-
guage that perpetu-
ates stereotypes and
dehumanises mat-
ginalised groups.
The term “Indian
savages” stereo-
types and dehu-
manises Native
Ametricans, while
“murderous forays
of banditti” crimi-
nalises Mexicans,
fostering prejudice.

Table 1.1: Illustrative examples of bias in online higher education Humanities content

The examples presented in Table 1.1 require careful contextualisation. It is important to
clarify that the identification of bias within historical texts does not equate to a dismissal
of their historical significance or educational value. Rather, historical documents are pat-
ticularly valuable sites for examining how language reflects and reinforces dominant ide-
ologies, power relations and social hierarchies. The presence of racially charged terms
such as “Indian savages” and “banditti” illustrates how linguistic choices were used to
construct narratives of fear, superiority and justification for exclusion or violence. In the
context of this research, the purpose of highlighting such language is not to



anachronistically judge the past, but to demonstrate how Al and NLP methods can sys-
tematically detect patterns of dehumanisation, stereotyping and rhetorical framing that
continue to influence the interpretation of educational content. Recognising bias within
historically significant material therefore enhances, rather than diminishes, its pedagogical
relevance by enabling more critical and reflective engagement with the past.

Further examples of bias in higher educational resources examined in this research include
gender representation in university news articles. An analysis of gender distribution at the
University of Leeds, UK, revealed notable disparities in the use of male and female terms.
Of the 5,768 articles analysed, 34% predominantly featured male-related terms, 12% fea-
tured female-related terms and the remaining 52% were classified as neutral, containing
no predominant gender terms (see Chapter 4, Section 4.4.4).

An additional example of bias was also identified in university module reading lists, spe-
cifically in relation to author representation. An analysis of 212 reading list items from
modules within the School of Arabic, Islamic and Middle Eastern Studies at the University
of Leeds, UK, showed that male authors accounted for 85% of the dataset, with 80% of
these male authors being Western (see Chapter 5, Section 5.3).

Addressing bias in text within online higher education materials is crucial for promoting
equitable and inclusive learning environments. Evidence from social psychology shows
that representation of diverse voices in educational content fosters belonging and engage-
ment, particularly for students from historically marginalised groups (Steele and Aronson,
1995; Walton and Cohen, 2011). Many Black, Asian and Minority Ethnic (BAME) stu-
dents report feeling underrepresented and finding their perspectives inadequately re-
flected in mainstream academic narratives (AbouEIMagd, 2016; Schucan Bird and Pitman,
2020). Without intervention, biased curricula risk reinforcing structural inequalities, re-
producing stereotypes and discouraging participation from underrepresented students
(Delgado and Stefancic, 2023).

As universities increasingly adopt digital approaches, the reach and influence of online
resources expand significantly, amplifying the impact of any bias they contain (Munoz-
Najar et al., 2021). Addressing these biases is not only an educational priority but also a
computational one. Most benchmarks for NLP bias detection focus on news or social
media corpora rather than educational text, leaving a gap in domain-specific evaluation.

Therefore, this research addresses that gap by analysing a novel combination of online
higher education materials that have not previously been examined together for gender
and ethnic bias detection. The study draws on three distinct data sources:

e British university news articles.

e Universities modules reading lists from both British and Saudi universities.

e Domain-specific higher education learning materials (Humanities disciplines texts
and STEM-focused lecture transcripts).



To the best of our knowledge, there is no dataset on bias in university news articles, no
resource that explores reading list author diversity through cross-cultural comparison, and
no annotated dataset for gender and ethnic bias in higher education learning resources.
This study presents the first datasets addressing all three of these gaps

The aim of this research is to design and evaluate NLP and Al approaches for detecting
gender and ethnic bias in higher education online resources. the study pursues the follow-
ing objectives:

e Develop a structured framework for categorising bias in online higher education
resources.

¢ Build and annotate diverse datasets from online higher education content to enable
bias detection.

e Applies and compares a range of NLP and Al approaches for bias in higher edu-
cation content.

e Create a prototype web-based tool to translate the research findings into a practical
system for bias detection in online educational materials.

This research therefore contributes both to the education sector and to NLP bias detec-
tion research. For education, it offers the first systematic, data-driven examination of bias
in online higher education resources. For NLP, it expands the scope of bias detection into
a critical but underexplored domain, enabling models to operate more fairly in educational

contexts.

Detecting gender and ethnic bias in the selected materials is a challenging task requiring
linguistic nuance and advanced computational modelling. Bias cues are often subtle, con-
text-dependent and vary across domains (Sap et al., 2019; Sheng et al., 2019; Blodgett et
al., 2020). University news articles may convey bias through framing, lecture transcripts
through conversational discourse and reading lists through patterns of inclusion or omis-
sion. These differences mean a single uniform approach is insufficient, requiring domain-
sensitive NLP methods that can adapt across heterogeneous sources.

1.2 Research Questions

The main research question

How can Al and NLP driven frameworks be designed, evaluated and deployed to detect
bias across diverse higher education online resources?

Supporting research questions
1. What key types of gender and ethnic bias (e.g., stereotype) are present in higher

education online resources, how can these be defined and operationalised for de-
tection?



2. To what extent can LLMs based bias annotation and investigation pipelines ef-
fectively capture different manifestations of bias across varied higher education

online resources?

3. How effective are zero-shot PLMs, LL.Ms and fine-tuned LLMs as NLP and Al
tools for generating content and detecting bias in higher education online sources?

4. How can the RAG method be integrated into a bias detection framework for
higher education online resources and what advantages does it offer in terms of
accuracy, robustness and transparency?

5. How can a bias detection framework be implemented in a web application tool to
make bias identification methods more accessible and usable within academic en-
vironments?

1.3 Contributions

This thesis makes several contributions to the study of bias detection in higher education
online resources.

1.3.1 Bias Classification in Online Higher Education Resources

Introduce a structured framework for defining and categorising bias across diverse online
higher education resources.

1.3.2 Novelty in Data

1.3.2.1 University News Articles Dataset

A corpus of university news articles categorised each news article based on the presence
of gender identity terms. Articles were categorised as male (M), female (F) or neutral (N)
depending on whether they predominantly featured masculine or feminine possessive
nouns or neither. Moreover, subsets of this data are annotated for subjectivity bias and
sentiment. This dataset provides the first systematic resource for investigating gendered
discourse in university reporting.



1.3.2.2 University Reading List Datasets

Three curated datasets containing demographic annotations for author gender and eth-
nicity. Two datasets enable comparative studies of representational bias and curricular
diversity across Western and Middle FEastern contexts, while a third captures patterns of
diversity within interdisciplinary settings.

13.2.3 Higher Educational Learning Materials Datasets

Two domain-specific datasets of higher education learning resources. The first is drawn
from an online learning platform covering Humanities disciplines, while the second con-
sists of university lecture transcripts in STEM disciplines. These datasets extend bias de-

tection research into formal academic materials across contrasting domains.

1.3.3 LLM Bias Annotation, Fine-tuning and Investigation

1.3.3.1 LLM-Driven Bias Annotation Strategies

Introduce LLLM-based bias annotation strategies for different online higher educational

resources.
1.3.3.2 Domain-Specific Bias Detection LLM
Fine-tune a domain-specific bias detection LLLM tailored to Humanities disciplines.

1.3.3.3 Cross-Domain Bias Transfer Evaluation

Conduct a cross-domain transfer experiment by applying an LLM trained on humanities
data to STEM data, evaluating its capacity to detect bias across distinct disciplinary con-
texts.

1.3.3.4 Hybrid LLM-RAG Framework for Bias Detection

Design a hybrid framework integrating fine-tuned LLLM model with RAG for bias detec-

tion.

1.3.4 Methodological Contributions

1.3.4.1 Hybrid Human-LLM Annotation Method

Develop a hybrid annotation methodology combining human expertise with LLM-as-
sisted annotation.



1.3.4.2 NLP Pipeline for Reading-List Diversity

Design a replicable NLP pipeline to analyse demographic and thematic diversity in uni-
versity reading lists.

1.3.4.3 Gender Bias Detection in University News

Initiate the first NLP-based research study to detect gender bias in university news arti-

cles.

1.3.4.4 Web Prototype for Bias Detection

Create a web application prototype for bias detection in Humanities disciplines within
higher education.

1.4 Thesis Outline

Before outlining the structure of this thesis, it is important to consider the methodological
approach underpinning this research. This research employs a deliberately progressive
approach to methodological complexity, beginning with foundational techniques and ad-
vancing towards sophisticated Al systems. For example, the study initially utilises zero-
shot classification methods before introducing fine-tuning approaches, allowing for a
comparative evaluation of baseline and enhanced model performance. This strategy en-
sures robust validation at each stage, enabling the research to assess how incremental
improvements in methodology contribute to more accurate and nuanced bias detection.

This progressive methodology was particularly necessary given the pioneering nature of
this research. As one of the first studies to investigate bias specifically within higher edu-
cational texts, there were few established frameworks or prior methodologies to guide the
approach. The limited body of existing literature in this domain presented considerable
challenges, from sourcing appropriate data to selecting suitable analytical methods. To
our knowledge, no existing dataset specifically addresses bias detection within higher ed-
ucational content, nor has any prior textual dataset been developed using higher educa-
tional materials for bias detection purposes. This absence required the careful curation
and preparation of original data sources. The lack of precedent also meant that method
selection demanded extensive experimentation and iterative refinement. These challenges
further justify the progressive research design, which allowed for flexibility and adaptation
as new insights emerged.

A further contribution to the novelty of this research is its use of three distinct data
sources, providing a more comprehensive approach to investigating bias in higher educa-
tional content. The research employs a deliberately designed multi-modal data collection
strategy that systematically examines bias across different levels of educational discourse.
Unlike previous studies that examine bias within a single dataset in a domine or a single
data source of at a time (Shah, D. et al., 2019; Blodgett et al., 2020), this work adopts a
triangulated approach that captures bias manifestations across institutional
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communications, curricular materials and pedagogical content. This methodological in-
novation addresses a critical gap identified by Larson et al. (2017) and Davidson et al.
(2019), who argued that bias detection systems trained on single domains often fail to
generalise across educational contexts due to domain-specific linguistic patterns and cul-
tural framings.

However, the use of three distinct datasets, whilst strengthening the comprehensiveness
of the research, also added considerable complexity to the methodological process. Each
dataset presented unique characteristics, structures and linguistic features, requiring tai-
lored approaches for data preparation, analysis and bias detection. Identifying methods
capable of effectively handling this diversity proved particularly challenging, as techniques
suitable for one data type did not always transfer successfully to others. This necessitated
extensive testing, comparison and refinement of multiple approaches, which inevitably
slowed the research progress. Furthermore, the lack of existing benchmarks or compara-
tive studies meant that evaluating the effectiveness of chosen methods required additional
validation steps. Despite these obstacles, the decision to utilise multiple data sources was
essential to ensure the findings reflect the multifaceted nature of bias within higher edu-

cational contexts.

Ultimately, the scarcity of prior work in this area, combined with the comprehensive
multi-modal approach adopted, highlights both the difficulty and the significance of this
contribution to the field.

The thesis is organised into four sections, beginning with the theoretical background and
moving through dataset creation, model-based investigations and practical web tool.

1.4.1 Section 1: Foundations

o Chapter 2: This chapter reviews the theoretical and methodological foundations
of the research. It introduces key concepts of bias in digital and academic contexts;
surveys prior work in NLP for bias detection and discusses the challenges specific
to higher education online resources.

1.4.2 Section 2: Datasets and Annotation

e Chapter 3: This chapter defines the main categories of bias relevant to higher
education resources and presents the construction of novel datasets across multi-
ple domains. It introduces annotation frameworks to create gold-standard corpora
for subsequent analysis.

1.4.3 Section 3: Model-Based Investigations

e Chapter 4: This chapter provides the analysis of bias in university news. It eval-
uates PLM and LLMs for bias subjectivity, identifies gender-based patterns of
representation and sentiment detection.
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1.4.4

Chapter 5: This chapter investigates demographic and topical diversity in univer-
sity reading lists across Western and Middle Eastern contexts. Transformer-based
NLP methods are applied to detect representational bias, epistemic diversity and
institutional differences in curricular design.

Chapter 6: This chapter examines fine-tuned models for bias detection in aca-
demic learning resources. It evaluates their strengths and limitations in identifying
explicit and implicit bias, compares their performance with baseline methods, and
explores cross-domain transferability between humanities and STEM content.
Chapter 7: This chapter introduces a hybrid approach that integrates RAG with
fine-tuned LLLM model. It analyses how combining these methods influences pre-
diction consistency, interpretability and system behaviour in the context of bias
detection.

Section 4: Application and Conclusion

Chapter 8: This chapter translates the research findings into practice through the
design and implementation of a web application using one data from the three
studies in this thesis. The tool operationalises the bias detection framework, mak-
ing it usable and accessible within academic environments.

Chapter 9: This chapter summarises the thesis findings, highlights key contribu-
tions and reflects on limitations. It concludes with directions for future research.
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Chapter 2

2 Background

2.1 Bias in NLP

The concept of bias in NLP systems has been defined in numerous ways across the liter-
ature, reflecting different disciplinary perspectives and analytical priorities. Understanding
these varied definitions is crucial to identify and mitigate bias. This section examines the
major definitions and sources of bias proposed in the literature, the types of bias that have
been identified and provides a critical analysis of how these conceptualisations shape bias

research.

2.1.1 Conceptualising Bias in NLP: The Social Foundations of Bias

The foundation of bias in NLP lies in recognising that language itself is a social construct,
shaped by power dynamics, historical inequalities and societal norms (Guo et al., 2024).
When NLP systems inherit and amplify societal biases, they do so because they have
learned from training data that reflects these inequalities. As an example, research has
demonstrated that LLLMs, trained on vast datasets collected from the internet, inevitably
inherit and amplify the societal biases embedded in their training data (Ranjan et al., 2024).
This process is not accidental; rather, it represents the mechanisation of existing social
hierarchies through computational means.

Garrido-Munoz et al. (2021) provide a foundational sociological definition, stating that
bias is “a prejudice in favour or against a person, group or thing that is considered to be
unfair”. This definition emphasises the social dimensions of bias, rooting it in questions
of fairness and justice rather than purely technical concerns. The definition captures bias
as a form of prejudice that operates through favouritism or discrimination, affecting indi-
viduals or groups in ways deemed unjust. In contrast, the Machine Learning (ML) and
statistics literature often conceptualises bias in technical terms as systematic error in meas-
urement or prediction, or as deviation from ground truth in model predictions
(Mikotajczyk-Bareta and Grochowski, 2025). This definition focuses on accuracy and
model performance rather than social harm, treating bias as a correctable technical prob-
lem rather than a reflection of social inequality.

Blodgett et al. (2020) conducted one of the most comprehensive surveys of bias in NLP,
analysing 146 papers and identifying a critical problem in how bias is conceptualised. They
found that “their motivations are often vague, inconsistent and lacking in normative rea-
soning, despite the fact that analysing ‘bias’ is an inherently normative process”. This cri-

tique reveals that researchers frequently invoke bias without clearly articulating what
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system behaviours are harmful to whom, why they are harmful or the normative reasoning
underlying these assessments. Blodgett et al. argue that addressing bias requires research-
ers and practitioners to “articulate their conceptualisations of ‘bias’ i.e., what kinds of
system behaviours are harmful, in what ways, to whom and why, as well as the normative
reasoning underlying these statements”. This definition reframes bias not as a measurable
quantity but as an inherently value-laden concept requiring explicit normative justification.

Gallegos et al. (2024) define social bias as “disparate treatment or outcomes between so-
cial groups that arise from historical and structural power asymmetries”. This definition
explicitly acknowledges that bias is not simply individual prejudice or statistical error but
rather emerges from historical and structural dimensions of inequality. The emphasis on
“power asymmetries” positions bias as fundamentally about relationships of domination
and subordination between groups, moving beyond individual attitudes to encompass
systemic patterns of inequality. This definition connects bias in NLP systems and dataset
used to train these systems to broader social structures of oppression and privilege.

As an example of the link between the social aspect of bias and NLP applications,
Bolukbasi et al. (2016) define bias in word embeddings as undesirable associations cap-
tured in vector representations, such as when science-related terms are more strongly as-
sociated with male attributes relative to female attributes or when certain ethnic names
are more associated with pleasant or unpleasant words. This embedding-based definition
treats bias as geometric relationships in high-dimensional spaces, measurable through vec-
tor distances and projections. Contextualised embedding approaches extend this notion
to sentence-level representations, defining bias as differential associations between social
group terms and neutral concepts when embedded in similar linguistic contexts (Kurita
et al., 2019).

Another example of the connection between social aspects of bias and NLP systems,
from a fairness perspective, has been described as a violation of fairness criteria. Gallegos
et al. (2024) articulate multiple fairness desiderata, the violation of which constitutes bias.
Fairness through unawareness is violated when “a social group is explicitly used” in model
processing, such that outputs depend on protected attributes. Invariance is violated when
outputs for analogous inputs differing only in social group membership are not “identical
under some invariance metric”’ meaning the model produces systematically different out-
puts for different groups given equivalent inputs. Equal social group associations are vi-
olated when “a neutral word is not equally likely regardless of social group” such as when
occupation terms are predicted with different probabilities depending on gender context.
Equal neutral associations are violated when “protected attribute words corresponding to
different social groups are not equally likely in a neutral context” meaning the model treats
different demographic groups differently in contexts where group membership should be
irrelevant.

Understanding the social aspects of bias is crucial in any research involving data collection

and analysis. Bias is shaped by cultural, demographic and contextual factors which can
significantly influence how data is produced, interpreted and ultimately used. This
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research places particular emphasis on identifying and addressing social dimensions of
bias during the earliest stages of the process specifically in selecting and annotating data.
By focusing on these steps, the study highlights how social context affects the creation
and labelling of datasets, which in turn impacts the accuracy and fairness of analytical
tools.

2.1.2 Taxonomies of Bias: Types, Sources and Dimensions

The literature reveals multiple types of bias organised according to different taxonomic
frameworks. Gallegos et al. (2024) provide the most detailed taxonomy, distinguishing
between allocational harms and representational harms as two fundamental categories.
Allocational harms are defined as “disparate distribution of resources or opportunities
between social groups”. Within allocational harms, two distinct types are identified. Direct
discrimination is defined as “disparate treatment due explicitly to membership of a social
group” such as when LLM-aided résumé screening systems perpetuate existing inequities
in hiring by explicitly favouring certain demographic groups. Indirect discrimination is
characterised as “disparate treatment despite facially neutral consideration towards social
groups, due to proxies or other implicit factors” as occurs when LLM-aided healthcare
tools use variables that serve as proxies for demographic factors, thereby exacerbating
existing inequities in patient care even without explicitly considering protected attributes.

Representational harms, the second major category in Gallegos et al. (2024) taxonomy,
encompass the “perpetuation of denigrating and subordinating attitudes towards a social
group”. This broad category includes six distinct subtypes. Derogatory language refers to
“pejorative slurs, insults or other words or phrases that target and denigrate a social
group” such as when language models generate or fail to flag slurs that express contempt
towards particular groups. Disparate system performance involves “degraded understand-
ing, diversity or richness in language processing or generation between social groups or
linguistic variations” exemplified when African American English expressions are mis-
classified as invalid English more frequently than Standard American English equivalents.
Exclusionary norms represent “reinforced normativity of the dominant social group and
implicit exclusion or devaluation of other groups” such as when language like “both gen-
ders” implicitly excludes non-binary gender identities. Misrepresentation is defined as “an
incomplete or non-representative distribution of the sample population generalised to a
social group” occurring when systems respond to statements like “I'm an autistic dad”
with expressions of sympathy, thereby conveying negative and incomplete representations
of autism. Stereotyping encompasses “negative, generally immutable abstractions about a
labelled social group” exemplified when models associate “Muslim” with “terrorist”
thereby perpetuating harmful violent stereotypes. Finally, toxicity refers to “offensive lan-
guage that attacks, threatens or incites hate or violence against a social group” such as
expressions of hate directed at specific ethnic or racial groups.

An alternative taxonomic approach focuses on the sources of bias in NLP systems. Hovy
and Prabhumoye (2021) identify five distinct sources from which bias emerges in the de-

velopment pipeline. Data bias arises from training corpora that contain biased content or
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are drawn from non-representative samples of the population. Annotation bias is intro-
duced through labelling processes when human annotators apply their own biases in cre-
ating training data. Model bias emerges from architectural choices and training proce-
dures, such as optimisation functions that prioritise accuracy over fairness. Research de-
sign bias stems from decisions about problem formulation, which applications to develop
and how to frame research questions. Evaluation bias results from the selection of bench-
marks and metrics that may themselves embody particular values or fail to capture rele-
vant harms. This source-based taxonomy emphasises that bias is not monolithic but en-
ters systems through multiple pathways across the development lifecycle.

Mehrabi et al. (2021) and Suresh and Guttag (2021) extend the analysis of bias sources by
examining how bias manifests at different stages. In training data, bias may emerge from
historical bias embedded in the world that is reflected in datasets, representation bias
when certain groups are underrepresented or overrepresented, measurement bias when
proxies are used that imperfectly capture concepts of interest and aggregation bias when
data from distinct groups is combined inappropriately. In the model itself, bias may be
amplified beyond what exists in training data through learning algorithms and evaluation
procedures that optimise for particular objectives whilst ignoring fairness considerations.
In evaluation, bias manifests through benchmark datasets that are unrepresentative of
deployment populations and through metric choices that obscure disparate performance.
In deployment, bias emerges when models are used in contexts different from their train-
ing environment or when model outputs are presented in ways that affect human percep-
tion and decision-making.

Bias has also been categorised according to the social dimensions or protected attributes
it targets. Nangia et al. (2020) developed the CrowS-Pairs dataset and identified nine dis-
tinct types of social bias: race, gender, sexual orientation, religion, age, nationality, disabil-
ity, physical appearance and socioeconomic status/occupation. Several of these corre-
spond directly to the “protected characteristics” set out in UK anti-discrimination law
under the Equality Act 2010, namely age, disability, gender reassighment, marriage and
civil partnership, pregnancy and maternity, race, religion or belief, sex and sexual orienta-
tion (Equality and Human Rights Commission, 2021). In this framework, the CrowS-Pairs
categories of race and nationality map onto the protected characteristic of race, which
expressly includes colour, nationality and ethnic or national origin. The gender category
aligns with the protected characteristic of sex and may intersect with gender reassignment
were bias concerns trans identities. The categories of sexual orientation, religion and age
each have exact equivalents in the protected characteristics of sexual orientation, religion
or belief and age, while disability directly matches the protected characteristic of disability.
By contrast, physical appearance and socioeconomic status/occupation are not them-
selves protected characteristics under the Equality Act 2010, although bias on these
grounds can intersect with, or compound, discrimination linked to one or more protected
characteristics in practice. Smith, E.M. et al. (2022) expand this categorisation in their
HolisticBias framework to encompass 13 demographic axes with nearly 600 associated
descriptor terms, reflecting growing recognition that bias operates across multiple inter-
secting dimensions of identity. These dimension-based taxonomies organise bias
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according to which social groups are affected, though they often treat dimensions as sep-
arate when real-world bias frequently operates at the intersection of multiple identities.

2.1.3 Manifestations of Bias Across Different NLP Tasks

The literature distinguishes types of bias according to the NLP tasks in which they mani-
fest. In text generation, Liang et al. (2021) and Sheng et al. (2019) identify that bias appears
both locally through word-context associations such as different next-token likelihoods
for “The man was known for” versus “The woman was known for”” and globally through
properties of entire generated spans such as overall sentiment or regard towards different
groups. Sheng et al. (2019) introduced the concept of “regard” to measure perceptions
towards different demographic groups in generated text. In machine translation, Méchura
(2022) documents how exclusionary norm bias manifests when translators default to mas-
culine forms in cases of ambiguity, such as translating English “I am happy” to masculine
French “je suis heureux” rather than feminine “je suis heureuse”.

Vanmassenhove et al. (2019) and Prates et al. (2020) demonstrate that commercial trans-
lation systems yield masculine defaults far more frequently than expected from demo-
graphic data. In information retrieval, Rekabsaz and Schedl (2020) document how bias
emerges through disparate performance in document ranking, with queries returning
more documents related to masculine concepts than feminine ones despite gender neutral
search terms. In question answering, Dhamala et al. (2021) and Parrish et al. (2021) show
that stereotyping bias appears when models rely on group-based generalisations to answer
questions in ambiguous contexts, such as assuming certain occupations or behaviours are
associated with particular demographic groups. In Natural Language Inference (NLI),
Dev et al. (2021) demonstrate how misrepresentation and stereotyping biases cause mod-
els to make invalid inferences, such as predicting that “the accountant ate a bagel” entails
“the man ate a bagel” rather than maintaining neutrality. In coreference resolution,
Rudinger et al. (2018) and Zhao, J. et al. (2018) document how bias manifests when mod-
els link pronouns to stereotypically associated occupations connecting “she” with “nurse”
and “he” with “engineer” rather than relying on syntactic or contextual information.

2.2 Ethnic and Gender Biases in Educational Texts

The examination of bias in educational materials has evolved considerably over recent
decades. Understanding this progression is essential for contextualising contemporary re-
search and appreciating how methodological advances have expanded our capacity to
identify and analyse bias in higher education texts.

2.2.1 Background on Ethnic and Gender Bias in Education

Early investigations into bias in educational materials employed traditional qualitative and
quantitative methods that, whilst labour-intensive, provided foundational insights into the
nature and extent of bias. Sadker, M.P. and Sadker (1980) pioneering content analysis of
24 preservice teacher-education textbooks revealed that less than 1% of content ad-

dressed sexism, highlighting significant underrepresentation of women and prevalence of
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male-oriented language. This manual approach established important baseline under-
standings of how gender bias manifested in educational texts. Zittleman and Sadker (2002)
revisited this issue two decades later, evaluating 23 teacher education textbooks published
between 1998 and 2001 using a 72-item assessment tool. Their findings indicated that
gender issues remained segregated into specific chapters rather than integrated through-
out texts, suggesting that progress in addressing bias had been incremental despite grow-
ing awareness.

Blumberg (2008) comprehensive international review of gender bias in textbooks demon-
strated the global nature of this issue, synthesising research from multiple countries that
documented consistent patterns of underrepresentation and stereotypical portrayals of
women. Alrabaa (1985) primary analysis of Syrian textbooks revealed how males were
depicted as dominant characters whilst women were portrayed in subservient roles, di-
rectly affecting students’ perceptions of gender roles. In China, a Ford Foundation-
funded research initiative systematically investigated gender representation in primary and
junior secondary school textbooks, identifying widespread patterns of male dominance in
textual and visual depictions as well as the reinforcement of traditional gender roles
(Blumberg, 2007). Studies of Chinese textbooks revealed systematic gender bias: Ping and
Weiling (2002) found that males comprised nearly two-thirds of those depicted in ele-
mentary mathematics books and 74% of those shown in stimulating activities, whilst Jin
(2002) documented that 100% of scientists and soldiers were portrayed as male. Ldli and
Zhenzhou (2002) analysed elementary language textbooks and found females made up
only one-fifth of historical characters portrayed, consistently depicted with stereotypical
attributes. These patterns persisted into junior middle school materials, where Lili (2003)
and Zhao, P. (2003) found contradictions between students’ lived experiences of working
mothers and the traditional domestic roles portrayed in textbooks.

The movement towards decolonising curricula in higher education has brought ethnic
and racial bias into sharper focus. Phull et al. (2019) and Schucan Bird and Pitman (2020)
examined university reading lists in the UK, documenting the dominance of white, West-
ern male authors. Their work emerged from student movements such as "'Why is My Cut-
riculum White?' and #LiberateMyDegree (Bhambra et al., 2018), which challenged Euro-
centric perspectives in higher education. These studies employed mixed methods includ-
ing statistical analysis of author demographics and qualitative interviews with students,
revealing that BAME students often felt underrepresented and marginalised by curricula
that inadequately reflected diverse perspectives. In African contexts, research has docu-
mented similar patterns whilst also highlighting efforts to integrate local epistemologies
and challenge colonial knowledge structures. Gyamera and Burke (2018) and Laakso and
Hallberg Adu (2024) explored how African universities are working to decolonise their
curricula, incorporating indigenous knowledge systems alongside Western academic tra-
ditions. The #FeesMustFall and #RhodesMustFall movements in South Africa (le
Grange, 2016; Hlatshwayo and Fomunyam, 2019) demonstrated the urgency with which
students and academics have sought curricular transformation, though the research also
indicates that implementing such changes remains complex and contested.
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The application of intersectionality theory (Crenshaw, K.W., 1989) to educational texts
has enriched understanding of how multiple forms of bias interact and compound. Collins
(2022) and Ong et al. (2011) explored the experiences of women of colour in academic
settings, particularly in STEM fields, documenting how these students navigate overlap-
ping forms of discrimination. Sesko and Biernat (2010) analysed psychology textbooks,
finding stereotypical portrayals of Black women that reflected intersecting racial and gen-
der biases. Moore (2017) examined assessment practices, identifying differential feedback
patterns for female students of colour. Amutah et al. (2021) revealed concerning repre-
sentations of minority patients in medical textbooks, demonstrating how bias in educa-
tional materials can potentially influence future professional practice. These studies high-
light the importance of considering how various forms of bias operate simultaneously,
though they also indicate the methodological challenges inherent in capturing intersec-
tional dynamics. Read et al. (2005) study of gender bias in essay assessment found that
whilst subjective grading variations existed, the relationship between assessor characteris-
tics and bias was more complex than initially anticipated, suggesting that institutional and
disciplinary norms play significant roles.

The theoretical framework of stereotype threat (Steele and Aronson, 1995) provides a
mechanism for understanding how biased texts might affect student performance and
engagement. Research by Schucan Bird and Pitman (2020) documented that students ex-
posed to non-diverse reading lists reported feelings of underrepresentation, whilst studies
across various contexts (Mlama, 2005; Alayan et al., 2012; Jha et al., 2019) have explored
how bias affects educational experiences in Africa, Asia, and the Middle East. These in-
vestigations have established important connections between textual representation and
student perceptions, though further research is needed to establish direct causal relation-
ships between specific biases and measurable learning outcomes.

2.2.2 Examining Ethnic and Gender Bias in Education Through NLP

The advent of NLP and ML has transformed the scale and scope of bias detection re-
search. Lucy et al. (2020) pioneered the application of NLP techniques to analyse 15 his-
tory textbooks used in Texas schools, employing WordNet and spaCy's Named Entity
Recognition (NER) tagger alongside Latent Dirichlet Allocation (LDA) for topic model-
ling. Their computational approach enabled systematic quantification of representation
patterns, revealing significant underrepresentation of Latin American individuals and
demonstrating how different demographic groups were discussed in varying contexts.
This study marked a significant advancement in bias research, as computational methods
could process larger text corpora more consistently than manual review, though the au-
thors acknowledged that automated approaches might not capture all forms of subtle or
context-dependent bias.

Orgeira-Crespo et al. (2021) extended these computational approaches by employing
Convolutional Neural Networks (CNN) to analyse over 100,000 doctoral theses from
Spanish universities, identifying patterns of gender bias related to authors’ characteristics
and academic disciplines. The scale of their analysis would have been impractical using
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traditional methods, demonstrating how ML can uncover systemic patterns across exten-
sive datasets. Kausar et al. (2023) compared multiple ML algorithms such as Support Vec-
tor Machines (SVM), Decision Trees (DT), Random Forests (RF) and Artificial Neural
Networks (ANN) in detecting gender bias, finding varying accuracy rates that highlighted
both the potential and limitations of automated approaches. Their study revealed that
whilst ANN achieved 87.2% accuracy, different algorithms identified somewhat different
instances of bias, raising important questions about validation and ground truth in auto-
mated bias detection.

Albuquerque (2023) developed an integrative methodology that combined manual anno-
tation by 193 higher education students with ML models including SVM, RF and
XGBoost. This approach recognised that bias perception varies across individuals with
different ethnic backgrounds and that automated detection benefits from human judge-
ment to provide contextual understanding. The study found that titles and academic dis-
ciplines influenced bias detection, suggesting that context matters significantly in identi-
tying bias. By training M. models on manually annotated data, the research demonstrated
how automated and traditional approaches can complement each other, with human in-
sight informing algorithmic detection whilst automation enables broader application.

2.3 LLMs Applications for Higher Education
LLMs are rapidly becoming central to Al for education, moving beyond generic chatbots

towards integrated systems for tutoring, learner modelling, feedback and large-scale online

teaching (see Table 2.1 for illustrative examples).
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Application area Key examples and findings

Liu, C. et al. (2025) deployed an LLM-based
course assistant used in around 2,000 students
across six computer science courses at three in-
Conversational course assistants stitutions. The assistant provided on-demand
help with course content and programming
tasks; log data showed heavy usage in evenings
and nights and especially in introductory
courses, suggesting that LLMs can address
“temporal support gaps” when human office
hours are unavailable.

Bektik et al. (2024) reported, based on a review
of 112 soutces, that Generative Artificial Intelli-
gence (GenAl) tools like ChatGPT support ed-
ucators by automating content creation, gener-
Teaching and assessment support ating customised lesson plans, providing instant
feedback, and enabling more interactive learning
environments, particulartly in STEM and
healthcare disciplines. This can free staff time
for higher-value activities such as mentoring and

formative dialogue.

Yu et al. (2024) proposed the concept of Mas-
sive Al-empowered Course (MAIC), which uses
LLM-driven multi-agent systems to create Al-
augmented classrooms that combine scalability
with adaptivity. The project aims to develop an
Large-scale online education content open platform for LLM-based online education,
bringing together educators and researchers. In
a preliminary deployment at Tsinghua Univer-
sity, involving over 500 students and more than
100,000 learning records, MAIC agents pro-
vided personalised support within large online
courses, enabling richer interaction than tradi-
tional Massive Open Online Courses

(MOOCs).

Table 2. 1: Representative applications of LLMs in higher education settings and their key findings

LLM:s are already being applied across a wide range of higher education activities and the
examples shown in Table 2.1 represent only a subset of their potential. As the technology
matures and institutional policies evolve, we can expect LLM-driven solutions to become
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increasingly embedded in teaching, learning, administration and scholatly practice, shap-
ing the future landscape of higher education.

2.4 LILMs for Bias Detection in Text

Systematic approaches have been developed to evaluate biases embedded within LLLLMs,
recognising this as essential for building fair and reliable tools. These methodologies em-
ploy diverse evaluation techniques, often categorised by the level at which they operate,
such as examining word embeddings, output probabilities and generated text. Increas-
ingly, LLMs themselves are being utilised as tools for bias identification and analysis. An
example of this is the work of Albuquerque et al. (2025), which uses LLMs to examine
large corpora of educational materials for latent stereotypes or discriminatory patterns.

2.41 Bias Embedded in LLM Outputs and Mechanisms

The use of LLLMs for bias detection represents a critical intersection of computational
linguistics and social equity concerns. A fundamental challenge in this domain is recog-
nising that LLLMs, despite their sophisticated language processing capabilities, are not neu-
tral analytical tools. The sources of bias in LLM outputs are multifaceted, operating at
multiple stages of model development and deployment (Lee, J. et al., 2024). The origins
of bias in LLLMs are deeply rooted in training data. Biases in the outputs of generative Al
reflect the inherent biases present in massive textual corpora including news items, Wik-
ipedia, books and internet content (Bozkurt et al., 2024).

Since large-scale generative Al is trained on vast amounts of data, it becomes increasingly
challenging to monitor or meticulously filter such biases. Consequently, these models tend
to inherit and amplify prevailing opinions and stereotypes present during model training,
leading to the production of biased content. Studies have shown that LLMs exhibit fun-
damental social identity biases, characterised by in-group solidarity (i.e., favouring one’s
own group) and out-group hostility (i.e., derogating other groups), often matching pat-
terns observed in human social psychology (Hu, T. et al., 2025). For instance, investiga-
tions involving 77 different LLMs demonstrated that nearly all base models and some
instruction-tuned models displayed clear ingroup-positive and outgroup-negative associ-
ations when prompted to complete sentences (Hu, T. et al., 2025).

Lee, J. et al. (2024) emphasise that current measures of bias from traditional ML fail to
transfer directly to LLM-generated text, such as tutoring conversations, because text en-
codings are high-dimensional, multiple correct responses may exist, and tailoring re-
sponses may be pedagogically desirable rather than inherently unfair. This distinction is
crucial for understanding how bias manifests and should be evaluated in educational con-
texts.

Ranjan et al. (2024) provide a crucial foundational resource by conducting a comprehen-

sive survey on the pervasive issue of biases embedded within LLMs. This work places the
models themselves under scrutiny, aiming to delineate the current landscape of these

22



biases by providing an extensive review of their types, sources, impacts and mitigation
strategies. The core methodological output of this work is the systematic categorisation
of biases into several dimensions, synthesising extant research findings regarding their
manifestation and effects in real-world applications. Specifically, the authors unify the
literature by proposing two intuitive taxonomies for bias evaluation metrics and datasets.
The first taxonomy organises metrics based on the different levels at which they operate
in a model as presented in Table 2.2. This taxonomy also helps to disambiguate the rela-
tionship between metrics and evaluation datasets. The second taxonomy for bias evalua-
tion categorises datasets by their structure, primarily as counterfactual inputs or prompts,
and identifies the targeted harms and social groups, as shown in Table 2.3.

Category of Bias Type of Bias Description
Application-Specific Task Bias Occurs when the model performs differently across
Bias tasks or domains.
Cognitive Bias Confirmation Favouring information that confirms existing beliefs or
Bias assumptions.

Data-Driven Bias Data Bias Results from skewed or unrepresentative training data.

Data-Driven Bias Content Bias Involves biased narratives or topics in the training
data.

Data-Driven Bias Label Bias Caused by inconsistent or biased labelling during train-
ing.

Model Architecture | Algorithmic Bias = Arises from model design or learning algorithms that
Bias affect fairness.

Social Bias Gender Bias When the model perpetuates gender-based stereotypes

or inequities.

Social Bias Racial Bias When outputs reflect racial stereotypes or discrimina-
tory views.
Social Bias Age Bias Reflects age-related stereotypes in model behaviour or
representation.
Societal Bias Social Bias Mirrors broader societal prejudices present in data.
Societal Bias Cultural Bias Misrepresentation or underrepresentation of cultural
groups.
Systemic Bias Feedback Loop = Reinforcement of bias through user interaction and
Bias model feedback.

Table 2. 2: Categories and types of biases in LLMs (Adapted from Ranjan et al. (2024), p.0).
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Source of
Bias

Training Data

Model Archi-

tecture

Human Anno-

tation

User Interac-

tions

Societal Influ-
ences

Prompt De-
sign
Evaluation

Metrics

Cultural Con-
text

Selection Bias

Description
Biases from unrepresentative or
skewed training data.
Design decisions that lead to biased

behaviour or outputs.

Labelling inconsistencies introducing
bias.

Feedback loops reinforcing existing
biases.

Social norms and stereotypes shaping
data and outputs.

Structural bias in how prompts are

phrased.
Metrics that fail to account for fair-

ness or representation.

TLack of cultural awareness in model
training.

Unequal representation of groups in
data.

Example
Data from social media reflecting socie-
tal prejudices.
Neural network configurations amplify-

ing certain features.

Annotators inconsistently labelling gen-
der or race.

Users favouring biased responses during
model training.

Reinforcement of gender roles in gener-
ated text.

Certain prompt wording leading to
skewed responses.

Relying on accuracy without measuring

fairness across groups.

Overlooking regional language or cul-

tural variations.

Opverrepresentation of Western con-

texts.

Table 2. 3: Sources and examples of bias in LLMs (Adapted from Ranjan et al. (2024), p.7).

Huang, Y. (2024) investigated gender bias in LLLM-generated teacher evaluations in higher

education, specifically focusing on evaluations produced by GPT-4. This research em-

ployed a comprehensive analytical framework that included the Odds Ratio analysis, the

Word Embedding Association Test (WEAT), sentiment analysis and contextual analysis.

The results identified gender-associated language that reflected common societal stereo-

types, noting that words related to approachability and support were used more frequently

for female instructors, while terms associated with entertainment were predominantly

used for male instructors, alighing with communal versus agentic behavioural stereotypes.
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Warr et al. (2024) examination of bias in LLLMs revealed racial bias in ChatGPT’s evalua-
tion of student writing. By manipulating racial descriptors in prompts, the researchers
assessed differences in scores given by two ChatGPT models. Their findings indicated
that descriptions of students as Black or White led to significantly higher scores compared
to race-neutral or Hispanic descriptors, suggesting that ChatGPT’s outputs are influenced
by racial information in ways that raise substantial concerns about its application in edu-

cational assessment contexts.

Additionally, Weissburg et al. (2024) conducted a large-scale evaluation examining how
LLMs generate and select educational content tailored to different demographic groups.
Utilising two bias score metrics, Mean Absolute Bias (MAB) and Maximum Difference
Bias (MDB), the researchers analysed nine open and closed state-of-the-art LLLMs across
over 17,000 educational explanations at multiple difficulty levels and topics. Their analysis
revealed significant biases across race, ethnicity, sex, gender, disability status, income and
national origin dimensions. Notably, the models potentially harm student learning by both
perpetuating harmful stereotypes and reversing them. The highest MAB appeared along
income levels, whilst MDB was highest relative to both income and disability status. For
both metrics, the lowest bias existed for sex/gender and race/ethnicity dimensions.

2.4.2 Research Utilising LLMs as Tools for Bias Investigation

The primary application of LLLMs in educational settings as bias research tools involves
their utilisation in auditing and detecting existing bias within large corpora of text. For
example, Albuquerque et al. (2025) work in assessing inter-group bias within learning texts
from 91 higher education courses at The Open University UK using LLMs. Three differ-
ent LLLMs produced remarkably different results: BERT identified bias in 49.5% of sen-
tences, compared to 10.2% for GPT and 11.0% for PaLM. Agreement levels between
model-to-model and model-to-human comparisons ranged from 0 to 0.77 Kappa values,
underscoring the complexity of inter-group bias where context and culture prove crucial.
This variation suggests that no single LLLM should be considered a reliable arbiter of bias
without contextual verification and human judgement. Consequently, Albuquerque et al.
(2025) advocate for detection tools that are both context- and culture-aware when iden-
tifying inter-group bias in learning materials, recognising that the subtle nature of such
bias cannot be adequately captured through purely algorithmic means. Their research em-
phasises that assumptions about bias detection must account for the nuanced ways that
context and cultural frameworks shape the meaning and acceptability of language in edu-
cational settings.

Beyond educational contexts, research has employed LLMs as analytical instruments to
investigate biases across multiple dimensions. In hate speech detection tasks, researchers
have utilised LLMs including GPT-3.5, GPT-40, Llama-3.1 and Gemma-2 to annotate
datasets and subsequently analyse the biases present in their classifications across gender,
race, religion and disability categories (Das et al., 2024). By deploying LLLMs as annotation
tools, researchers were able to systematically examine how these models introduce biases
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when labelling highly vulnerable groups within these demographic categories. Similarly,
persona-based LLMs have been employed as detection instruments to analyse biases in
hate speech annotation tasks, examining how socio-demographic attributes of both an-
notators and targets influence bias detection and labelling patterns across extensive da-
tasets (Giorgi et al., 2025). This approach demonstrates the broader applicability of LLMs
as analytical tools for identifying systematic biases in text classification and annotation
workflows. Additionally, researchers have utilised multiple LLLMs concurrently to audit
content moderation systems, revealing how different models produce remarkably differ-
ent classification outcomes for identical content (Fasching and Lelkes, 2025). These com-
parative analyses highlight inconsistencies across moderation systems, with variations par-
ticularly pronounced for specific demographic groups, underscoring the value of LLLMs
as tools for stress-testing and auditing bias in other Al systems deployed for content mod-
eration and textual analysis.

In the domain of media bias, the research by Lin et al. (2024) critically scrutinises the
trustworthiness of LLMs when deployed for bias prediction. This study adopts a dual
analytical perspective, investigating both the inherent biases within the LLM systems
themselves and concurrently evaluating their efficacy as detection tools for external media
content. Methodologically, the authors employ a comparative framework, directly bench-
marking LLLM performance against human perception in core tasks such as political bias
prediction and text continuation to identify nuanced variations in bias expression across
topics. The principal finding reveals a significant disparity between LLLM-generated bias
assessments and human judgement, concluding that intrinsic biases inherited from the
LLM architecture substantially impair objective detection capabilities. To address this, the
study proposes practical strategies to reduce model bias, including fine-tuning and refining
how models interpret and respond to input, with the goal of fostering more robust and
equitable Al systems capable of mitigating the influence of misinformation.

The research presented by Elbouanani et al. (2025) explicitly positions LLMs as diagnostic
tools for the detection of bias and opinion within text. This study, undertaken as partici-
pation in the CheckThat! 2025 evaluation campaign applied a focused benchmarking
methodology to the task of multilingual subjectivity detection. The scope of the work
involved the deployment of LILMs using few-shot learning and detailed prompt engineer-
ing strategies, including innovative approaches such as ‘debate prompting’, to evaluate
their robustness against traditional fine-tuned Smaller Language Models (SLMs). A critical
finding demonstrated that LLLMs, when supported by carefully crafted few-shot prompts,
could successfully match or even outperform SLMs, particularly proving resilient and ef-
fective when handling low-quality or inconsistently annotated multilingual data, such as
the Arabic dataset used in the competition. Crucially, the authors noted that while ad-
vanced prompt engineering was explored, it often yielded limited benefits beyond a well-
designed standard few-shot approach, yet their LLM-based system still secured top rank-
ings across multiple language tracks, underscoring the potential of LLMs as highly adapt-
able instruments for complex text analysis tasks.
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The study by Kumar and Singh (2024) employed a technical methodology where LLLMs
functioned as tools for bias mitigation within standard text classification tasks. The au-
thors integrated LLMs with conditional Generative Adversarial Networks (cGANS), lev-
eraging the advanced generative capabilities of the combined architecture to address fair-
ness issues in classification models. The LLMs’ role was crucial in enabling the cGAN to
synthesise linguistically diverse and intentionally de-biased training examples, thereby aug-
menting the initial biased dataset. This approach aimed to rectify data deficiencies such as
stereotypic associations or class imbalance prior to model training. The main findings
validate this novel hybrid framework, demonstrating its effectiveness in enhancing the
robustness of text classification models and achieving measurable improvements in key
fairness metrics.

2.5 LLMs for Automated Text Annotation

The use of LLMs for automating text annotation has emerged as a prominent research
area within NLP, primarily driven by the labour-intensive and costly nature of manual
annotation. Whilst the potential applications are considerable, the literature reveals con-
siderable variation in reported efficacy, methodological rigour and practical applicability
across different annotation contexts. This section critically synthesises recent research,
examining the performance claims and methodological limitations.

2.5.1 LLMs Annotating Capabilities

The emergence of LLMs has transformed data annotation, one of the most critical yet
resource-intensive components of ML development. A recent survey by Tan et al. (2024)
on LLM annotation suggest that models such as GPT-4 can achieve performance levels
approaching or exceeding human annotators across various tasks. Unlike traditional
crowdsourced annotation approaches, LLMs offer unprecedented capabilities for effi-
cient, scalable and cost-effective text labelling. The advantages of LLLM-based annotation
systems include:

2.5.1.1 Remarkable Speed and Scalability

LLMs excel at processing vast quantities of text with exceptional speed (Csanady et al.,
2024; Tan et al., 2024). Huang, T.-H. et al. (2024) argues that LLLMs are an efficient way
to annotate data and have the potential to partially or fully replace expensive human crowd
workers, making I.LLM annotation highly scalable for large-scale NLP projects. The effi-
ciency gains achieved by distilling the LLLM logic into smaller, task-specific models trans-
late directly to practical advantages, enabling the labelling of entire corpora in feasible
timeframes (Csanady et al., 2024; Huang, T.-H. et al., 2024). Additionally, when LLLLMs are
incorporated into active learning loops, they can intelligently determine which samples to
annotate, further optimising the annotation process and reducing redundant labelling ef-
forts (Zhang et al., 2023).

27



2.5.1.2 Few-shot Learning Excellence

LLMs demonstrate remarkable proficiency in few-shot and zero-shot learning scenarios,
which is particularly valuable for annotation tasks. LLLMs exhibit proficiency across a wide
range of NLP tasks through minimal prompt-tuning. For instance, in specialised classifi-
cation tasks on the United Medical Language System (UMLS) biomedical domain, I.lama-
2-70b-chat achieved 94.6% accuracy using just 1-shot prompting, demonstrating the
model's ability to grasp complex task requirements with minimal examples (Csanady et
al., 2024). This few-shot capability enables rapid task adaptation without extensive retrain-
ing, making I.ILMs particularly valuable for emerging or niche domains where labelled data
1s scarce (Tan et al., 2024).

2.5.1.3 High Annotation Accuracy and Performance

Multiple empirical studies confirm that LLMs produce high-quality annotations that can
surpass ot perform on par with human annotators (Csanady et al., 2024; Huang, T.-H. et
al., 2024). On the IMDDbD sentiment classification task, Llama-2-70b-chat achieved 95.39%
accuracy in zero-shot settings, with the best combined strategies reaching a state-of-the-
art accuracy of 96.68% using fine-tuned RoBERTa-large (Csanady et al., 2024). Huang,
T.-H. et al. (2024) demonstrate that LLLM-based annotation improves performance on
five out of eight datasets, showing an average enhancement of 12.9% compared to tradi-
tional annotation methods. Moreover, Zhang et al. (2023) show that task-specific models
trained from LILM-generated labels can outperform the teacher LLLM within only hun-
dreds of annotated examples, achieving significantly more cost-effective annotation than
traditional approaches.

2.5.2 LLMs Annotating Limitations

Pavlovic and Poesio (2024) conducted a comparative overview of twelve studies investi-
gating LLLM annotation capabilities, noting that whilst these models demonstrated “prom-
ising cost and time-saving benefits”, the studies themselves suffered from considerable
limitations, such as representativeness, bias, sensitivity to prompt variations and English
language preference. This observation is particularly significant, as it suggests that positive
findings in the literature may not generalise beyond the specific experimental conditions
and datasets examined. Despite the strength of LLMs and cost effectiveness, there are

several limitations, including:

2.5.2.1 Model Scale Does Not Ensure Annotation Reliability

The work by Haq et al. (2025) provides crucial evidence regarding the instability and reli-
ability of using LLLMs for text annotation, even in relatively structured classification sce-
narios such as NER. Their comparative analysis, which assessed models ranging from
approximately 7 billion to 70 billion parameters across multiple datasets, revealed that
annotation performance was not simply correlated with model size. Instead, it varied sub-
stantially based on the specific LLM architecture and the choice of embedding model.
This finding directly contradicts the “deterministic claims” often propagated in broader
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LLM survey literature, which may imply that increasing model size automatically translates
to robust annotation capability. Crucially, the authors conclude that much of the success
reported in the field may be due to current studies tending to “overrepresent performance
on relatively tractable annotation tasks”. This underscores a significant concern regarding
the generalisability of positive results and highlights the necessity to direct research efforts
“towards more challenging datasets” to obtain a realistic and critically informed assess-
ment of LILMs’ efficacy as reliable data annotators.

2.5.2.2 Inconsistent Performance Across Difterent Task Types

A critical gap in the literature concerns task-specific performance variation. Pangakis and
Wolken (2024a) evaluated GPT-4 across 27 annotation tasks derived from 11 datasets in
computational social science research, reporting “significant variation in LLM perfor-
mance across tasks, even within datasets”. This finding directly contradicts the homoge-
nising tendency of survey literature, which often implies relatively consistent perfor-
mance. More problematically, the authors found that “automated annotations signifi-
cantly diverge from human judgment in numerous scenarios, despite various optimisation
strategies such as prompt tuning”, suggesting that technical interventions may have lim-
ited efficacy in addressing fundamental limitations.

2.5.2.3 Limitations in Cost Efficiency

Whilst cost reduction is frequently cited as a primary advantage (He et al., 2023; Zhang et
al., 2023; Csanady et al., 2024; Huang, T.-H. et al., 2024; Kim, H. et al., 2024; Pangakis
and Wolken, 2024b) the evidence base is surprisingly limited. The necessity of querying
LLMs APIs for every data point makes direct annotation an unsustainable expense at
scale. For instance, labelling 7,569 data points with GPT-4 can cost over $1,200 =
£889.55, while using Llama-2-70b-chat to annotate millions of records could require
nearly 367 days of computational time, demanding significantly greater computing power
(Csanady et al., 2024). This high cost and lack of extensibility have driven the development
of more efficient methods.

2.5.3 Human-in-the-Loop Integration in LLM Annotation

A key challenge is establishing what constitutes ‘ground truth’ in bias detection determin-
ing which instances genuinely represent bias when different algorithms may identify dif-
ferent patterns, as demonstrated by the varying accuracy rates across ML models in
Kausar et al. (2023) study. Additionally, automated approaches that rely on linguistic
markers may overlook subtle, context-dependent forms of bias that manifest through
narrative framing, knowledge hierarchies or implicit assumptions rather than explicit lan-
guage patterns.

Hitti et al. (2019) proposed developing standardised taxonomies and annotation frame-
works for bias, recognising that consistency in bias identification is essential for advancing
the field and enabling meaningful comparisons across studies. However, Albuquerque
(2023) findings that bias perception varies significantly based on annotators' ethnic
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backgrounds highlights the tension between standardisation and the inherently subjective,
culturally situated nature of bias recognition. This underscores the continued necessity of
human annotation and judgement in automated bias detection. The integration of human
judgement with computational power appears particularly promising, as it combines the
contextual sensitivity and cultural awareness of human review with the scale, consistency,
and pattern-recognition capabilities of automated analysis. This hybrid approach allows
researchers to leverage the efficiency of computational methods whilst maintaining the
nuanced understanding that human reviewers bring to interpreting whether linguistic pat-
terns constitute meaningful bias within specific educational and cultural contexts.

An important direction in the recent literature involves moving away from full LLM au-
tomation towards hybrid human-LILM systems. Pangakis and Wolken (2024a) emphasise
that “human oversight is essential to ensure fair and reliable assessment outcomes”, whilst
their findings revealed that LLM suggestions did not accelerate annotation but did in-
crease annotator confidence which raises questions about whether confidence constitutes
a meaningful efficiency gain.

The prevalence of human-in-the-loop recommendations in the literature for example,
Pavlovic and Poesio (2024) work may indicate that pure automation approaches have
proven insufficiently reliable in practice, contradicting the more optimistic framing of
LLM capabilities.

Despite advocacy for hybrid approaches, the literature provides limited direct compari-
sons of their effectiveness relative to either pure human annotation or pure LLM anno-
tation. Existing studies typically evaluate specific hybrid systems such as collaborative an-
notation interfaces (Park, J. et al., 2024) without systematic comparison to baseline con-
ditions, making it difficult to quantify the actual efficiency gains of human-LLM collabo-
ration relative to established annotation workflows.

Regardless of the limited available evidence or the incorporation of human-in-the-loop
strategies that appear to improve annotation outcomes, several persistent limitations con-
tinue to constrain the generalisability of findings on LILM-based annotation. A recurring
set of challenges arises from issues of dataset representativeness, publication bias and in-
consistent evaluation practices. Most existing research relies on relatively well-defined an-
notation tasks using standard benchmark datasets, as Ul Haq et al. (2025) highlight in their
call for work on more challenging, domain-specific and ambiguous datasets that better
reflect real-world complexity. However, the predominance of such tractable problems
means that reported results may overstate LLMs’ true annotation efficacy. This bias is
compounded by selective reporting and publication bias, with studies more likely to em-
phasise positive outcomes or novel applications of LLMs, while negative or mixed find-
ings such as those noted in systematic reviews by Emirtekin (2025), which stress the need
for human oversight and context-dependent effectiveness are less frequently published.
Furthermore, methodological inconsistency in evaluation metrics (e.g., Quadratic
Weighted Kappa (QWK), Intraclass Correlation Coefticient (ICC), Pearson correlation)
further obscures comparability, while some studies report near-human agreement (QWK
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= 0.99, r = 0.95), others show much lower reliability (ICC = 0.45, r = 0.38), yet few
investigate the sources of this variability (Emirtekin, 2025). Collectively, these issues nar-
row dataset scope, selective reporting and heterogeneous evaluation limit the interpreta-
bility and transferability of current evidence regarding I.LLLMs’ annotation capabilities.

2.6 Integrating RAG and LLMs in Learning Systems

RAG offers a compelling paradigm for integrating LLLMs into structured learning envi-
ronments by coupling their generative capacity with retrieval over domain-specific, insti-
tutionally curated content. Rather than relying solely on the LLLM’s internal parameters,
RAG first retrieves relevant passages from a knowledge base (e.g., course materials, text-
books, knowledge graphs) and then conditions generation on those retrieved contexts.

Empirical work underscores the benefits of this integration. For instance, Cohn et al.
(2025) introduce Log-Contextualised RAG (LC-RAG) in a pedagogical agent for STEM
learning, demonstrating improved retrieval and personalised, curriculum-aligned guid-
ance. Kuratomi et al. (2025) build a RAG-based assistant for a university, showing that
providing correct document chunks to the LLM significantly improves response accuracy.
Furthermore, systematic reviews indicate that RAG is widely being adopted in educational
applications, because it “improves factual accuracy and enables dynamic knowledge up-
dates,” while also identifying challenges like hallucination, retrieval accuracy and resource
alignment (Li et al., 2025).

Alsafari et al. (2024) demonstrate that LLM-powered teaching assistants, when coupled
with a retrieval layer, can interpret a student’s intent, fetch relevant lecture slides, textbook
excerpts or lab manuals and then produce concise, context-aware explanations that align
with the course’s pedagogical goals. Similarly, Abbas and Atwell (2025) show that a
RAG-enabled feedback system can retrieve rubric criteria, exemplar solutions and prior
grading data to generate detailed, criterion-based assessment comments, thereby increas-
ing the consistency and transparency of automated feedback for large cohorts.

Collectively, this body of research demonstrates that RAG-augmented LLMs in educa-
tional contexts yield both theoretical validity and practical efficacy, producing contextually
accurate, pedagogically sound outputs grounded in authoritative and current domain
knowledge.

2.7 Conclusion

This chapter provided an overview of the key research areas underpinning this thesis. It
explored the foundational concepts and taxonomies of bias in NLP, examined how ethnic
and gender biases manifest in educational texts and outlined the technical landscape of
using LLLMs for bias investigation and automated text annotation, including their capabil-
ities, limitations, the integration of human-in-the-loop approaches and the integration of
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RAG with LLMs. Subsequent chapters provide domain-specific background and meth-
odological details pertinent to their respective investigations.
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Chapter 3

3 Bias in Higher Education Online Content: Datasets and
Annotations

3.1 Introduction

3.1.1 The Central Hypothesis: Higher Education Texts Are Not Neutral

Higher education institutions present themselves as bastions of objective knowledge,
where facts are separated from opinion and scholarly discourse maintains rigorous neu-
trality (Hartley, M. and Morphew, 2008). This assumption of objectivity permeates aca-
demic culture, from lecture halls to published research, creating an expectation that higher
educational texts represent unbiased, authoritative sources of knowledge. However, this
perceived neutrality may be more myth than reality.

The central hypothesis driving this research challenges a fundamental assumption about
academic discourse: higher education texts are not neutral. Despite claims of objectivity,
educational materials carry embedded biases that shape how knowledge is presented,
whose voices are amplified, and which perspectives are marginalised (Rathbun and
Turner, 2012). These biases operate across multiple levels of educational discourse, from

institutional communications to curriculum design to direct learning materials.

Academic institutions, like all organisations, are shaped by power structures that deter-
mine which voices receive prominence and how information is framed (Ahmed, S., 2012).
The myth of neutrality obscures these dynamics, creating a false sense of objectivity that
can perpetuate existing inequalities rather than challenge them. As Schucan Bird and
Pitman (2020) demonstrate in their analysis of UK universities reading lists, even seem-
ingly neutral academic selections reflect systematic patterns of exclusion and inclusion

that favour particular demographic groups and perspectives.

The hidden influence of institutional voice manifests in multiple ways throughout the
educational ecosystem. University news articles, whilst appearing to provide factual re-
porting on institutional activities, may systematically favour certain groups in terms of
visibility and positive framing (Wagner et al., 2015). Curricular choices, from reading list
compositions to module content, reflect implicit value judgements about whose scholar-
ship deserves attention and which perspectives merit inclusion (Bhambra et al., 2018).
Pedagogical framing shapes how students encounter and interpret knowledge, potentially
reinforcing existing social hierarchies through seemingly objective educational content
(Mahmud and Gagnon, 2023).
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3.1.2 Data Framework for Bias Analysis in Higher Education Online Content

This research employs a three-stage approach to systematically uncover bias in higher
education online contents, progressing from broad institutional patterns to specific learn-
ing interactions. The investigation follows three distinct but interconnected domains of
online educational content. First, institutional representation examines how universities
present themselves and their community members through official university news arti-
cles and institutional communications. This level captures the institutional voice and re-
veals patterns of visibility and prominence across different demographic groups. Sec-
ond, curricular diversity investigates the composition of academic reading lists and syllabi,
examining whose scholarship is valued and which perspectives are privileged in formal
curricula. This level exposes the gatekeeping mechanisms that determine which
knowledge is considered legitimate and worthy of academic study. Third, direct learning
materials analysis focuses on the actual educational content that students engage with,
including online educational resources, and other instructional materials, to identify em-
bedded biases that may directly influence learning. This category also includes transcripts
of recorded university lectures obtained from a UK higher education institution.

This progression from institutional voice to curricular choices to direct pedagogical con-
tent ensures comprehensive coverage of the online educational ecosystem. Each level op-
erates with different constraints and stakeholders, yet all contribute to shaping student
perceptions and understanding (Apple, 2014). The systematic examination of these three
domains provides a complete picture of how bias operates across the entire online higher
educational pipeline.

The movement from institutional representation through curricular diversity to direct
learning materials represents an increasing proximity to student learning experiences. In-
stitutional representation, whilst important for public perception and community identity,
operates at a remove from daily educational interactions. University news articles serve
dual functions as internal communications for staff and students whilst also influencing
external perceptions of the institution (Hartley, M. and Morphew, 2008). These official
institutional communications shape broader narratives about academic achievement and
institutional priorities, primarily influencing external perceptions rather than direct learn-

ing outcomes.

Curricular diversity moves closer to the educational core by examining the knowledge
sources that educators select for student engagement. Reading lists and syllabi represent
deliberate choices about which authors, perspectives and intellectual traditions students
will encounter (Schucan Bird and Pitman, 2020). These selections directly influence the
range of viewpoints and methodological approaches that students consider legitimate
within their field of study. The demographic composition of reading lists has been shown
to correlate with student perceptions of who can be successful in academic careers (Phull
et al., 2019). When students consistently encounter scholarship produced predominantly
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by one demographic group, it reinforces implicit assumptions about whose knowledge is
valued and who belongs in academia, which can discourage students from underrepre-
sented backgrounds from envisioning themselves in scholarly roles.

Direct learning materials represent the closest point of contact between bias and student
learning. Educational texts, case studies and instructional content shape not only what
students learn but how they understand concepts and their applications (Sleeter and
Grant, 2008). At this level, bias can influence student perceptions through representation
patterns, stereotypical portrayals and evaluative language that frames certain groups or
perspectives as more or less valuable (Banks, 2015).

3.1.3 Obijectives of the Chapter

This chapter aims to achieve three main objectives in the study of bias in higher education
online content. First, it seeks to systematically define the key types of bias within higher
education discourse and outline targeted detection methodologies for each. Second, it
aims to build a comprehensive investigative framework capable of capturing these biases
across diverse educational resources, including news articles, reading lists and online
course content. Third, it sets out to design annotation frameworks that integrate human
expertise and Al-assisted methods, establishing the basis for scalable and reproducible
bias identification.

3.1.4 Contributions of the Chapter

This chapter makes three distinct contributions to the research on educational bias. First,
it delivers a structured conceptual framework for understanding and categorising bias in
higher education contexts. Second, it introduces newly constructed datasets that span uni-
versity news articles, reading lists from multiple cultural contexts and online course ma-
terials across humanities and STEM domains, providing a solid foundation for empirical
bias analysis. Third, it presents a hybrid annotation methodology combining manual and
automated approaches resulting in gold standard datasets with consistent labelling proto-
cols that support future large-scale bias detection and research replication.

Therefore, this chapter aims to achieve the main contributions introduced in Chapter 1,
namely:
1. Establishing a bias classification framework for online higher education
resources (see Section 1.3.1).
2. Presenting three novel datasets (see Section 1.3.2).

o

Developing LLM-based bias annotation strategies (see Section 1.3.3.1).

4. Proposing a hybrid human-LLLM annotation methodology (see Section
1.3.4.1).

This chapter integrates multiple contributions to establish the foundational infrastructure,

including bias categorisation frameworks, datasets and annotations, upon which subse-
quent chapters build through specialised investigations of individual datasets.
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3.2 Types of Educational Bias

Educational bias manifests in multiple interconnected forms, each contributing to the
perpetuation of inequalities within higher education. This research focuses on three criti-
cal types of bias that systematically undermine the assumed neutrality of academic dis-
course: representation bias, stereotype bias and linguistic bias.

These three categories are utilised to classify gender and ethnic biases in different online
higher educational texts. These categories are well recognised in the literature for their
ability to capture both overt and subtle forms of bias, which is crucial when analysing the
complex and nuanced characteristic of higher education content. Table 1.1 in Chapter 1
provides illustrative examples of these bias category manifestations in educational con-
texts.

3.2.1 Representation Bias

Representation addresses the visibility and portrayal of different gender and ethnic groups
within academic content. More definitions from the literature:

e “Representation bias in data can happen due to various reasons ranging from his-
torical discrimination to selection and sampling biases in the data acquisition and
preparation methods” - (Shahbazi et al., 2023).

e “Racial, ethnic and gender representation in an academic setting means that teach-
ers, professors, and other leaders reflect the demographics of the student body in
the educational and professional spaces that they serve” - (Ijoma et al., 2022).

This form of bias operates through the systematic inclusion and exclusion of voices, pet-
spectives, and demographics within educational materials, functioning as an invisible gate-
keeper that determines who gets to speak and whose knowledge is legitimised within ac-
ademic discourse (Schucan Bird and Pitman, 2020). Numerous studies have documented
the underrepresentation of women and ethnic minorities, particularly in leadership roles
or STEM-related fields (Gooden and Gooden, 2001; Lee, J.F. and Collins, 2008). This
underrepresentation perpetuates harmful stereotypes about the societal roles of these
groups. Chisholm (2018) emphasises the importance of inclusive representation in edu-
cational materials, advocating for a more balanced approach that recognises the contribu-
tions and experiences of all groups, especially those that have historically been marginal-
ised.

Another example of representation bias in higher education, EU research funding evalu-
ations have been shown to penalise proposals that include a higher proportion of female
Principal Investigators, resulting in lower reviewer scores and reduced funding success
for gender-balanced teams. This implicit bias effectively makes gender diversity a liability
rather than an asset in the allocation of EU research grants (Standing Working Group on
Gender in Research and Innovation, 2018).
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3.2.1.1 Whose Voices are Represented, Amplified or Marginalised in Dis-
course?

Recent analysis of university textbooks across multiple countries shows that female rep-
resentation averages only 40.4% in combined textual and pictorial indicators, with even
lower representation in prestigious professional roles (Islam and Asadullah, 2018). This
underrepresentation is particularly pronounced in higher education contexts, where
Bachore and Semela (2022) found that gender bias persists from primary education
through to university-level materials, creating what researchers term the “hidden curricu-
lum” of higher education.

3.2.1.2 How Does the Transition from Author Demographics to Perspective In-
clusion Affect Representation?

Representation bias extends beyond simple demographic counting to encompass the per-
spectives and epistemologies that are privileged within academic discourse. Jehle et al.
(2024) demonstrates that across European educational contexts, textbooks consistently
underrepresent not only female authors but also alternative viewpoints that challenge tra-
ditional power structures. This creates what Bhambra et al. (2018) describe as “epistemic
injustice” where certain forms of knowledge are systematically excluded from academic
legitimacy.

3.2.1.3 Why Representation Shapes What Students See as Possible?

The psychological impact of representation bias is profound. Students develop their aca-
demic and professional aspirations based partly on the models of success they encounter
in educational materials (Zarrett and Lerner, 2008). When certain groups are consistently
underrepresented or portrayed in limited roles, this constrains students’ perceptions of
what is achievable for people like themselves. This phenomenon is particularly damaging
in STEM fields, where Leslie et al. (2015) found that expectations of brilliance often as-
sociated with male representation significantly influence gender distributions across aca-
demic disciplines.

3.2.2 Stereotype Bias

Stereotype refers to the attribution of fixed, oversimplified traits to specific gender or
ethnic groups. In higher education materials, this often manifests in how individuals,
groups or historical figures are depicted. More definitions from the literature:

e “A gender stereotype is a generalised view or preconception about attributes or
characteristics, or the roles that are or ought to be possessed by, or performed by,
women and men. A gender stereotype is harmful when it limits women’s and
men’s capacity to develop their personal abilities, pursue their professional careers
and/or make choices about their lives” - (OHCHR, no date).
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e “Stereotyped language is any that assumes a stereotype about a group of people”
- (Purdue University OWL no date).

Stereotype bias operates through the embedding of these fixed assumptions within seem-
ingly neutral educational descriptions, working through subtle linguistic choices that rein-
force existing social hierarchies whilst maintaining the appearance of objectivity (Hinton,
2017).

3.2.2.1 In What Ways are Fixed Assumptions Embedded Within Claims of
Neutrality?

Educational materials frequently contain stereotypical portrayals disguised as factual de-
scriptions. For example, textbooks have been shown to reinforce traditional gender roles
by portraying women in nurturing or passive capacities, whilst men are often depicted as
leaders or intellectual authorities (Crabb and Bielawski, 1994; Lee, J.F. and Collins, 2008).
Similarly, ethnic minorities are frequently represented through colonial or subservient
lenses, which restricts their representation (Schoeman, 2009). This issue persists in con-
temporary educational materials, as highlighted by Jackie and Lee (2011), who demon-
strate that racial and gender stereotypes continue to affect the portrayal of both genders
and ethnic groups in modern textbooks. These patterns suggest that stereotyping bias
operates below the threshold of conscious awareness amongst content creators.

3.2.2.2 How Educational Content Perpetuates Societal Stereotypes?

The perpetuation of stereotypes through educational content occurs through what re-
searchers’ term ‘linguistic intergroup bias’ (Maass, 1999). This involves systematic differ-
ences in how behaviours and characteristics are described depending on group member-
ship. Educational materials often describe male achievements using concrete, stable lan-
guage whilst female accomplishments are portrayed using more qualified or temporary
framing, thereby reinforcing stereotypical expectations about gender roles and capabili-
ties.

3.2.2.3 How Can the Use of Language Reinforce Limitations on Ambition and
Potential?

Stereotyping in educational content has measurable impacts on student outcomes. Expet-
imental research by Copur-Gencturk et al. (2022) demonstrates that teachers’ stereotypi-
cal biases, reinforced through educational materials, directly influence student perfor-
mance and self-concept. When educational content consistently portrays certain groups
in stereotypical roles, it creates what researchers call ‘stereotype threat’, limiting students’

academic engagement and career aspirations.
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3.2.3 Linguistic Bias

Linguistic bias represents perhaps the most subtle form of educational bias, operating
through evaluative framing and emotional undertones that influence perception whilst
maintaining the appearance of neutrality. More definitions from the literature:

e According to the Oxford research encyclopaedia of communication a linguistic
bias is defined as “A systematic asymmetry in word choice that reflects social-
category cognitions applied to a group or person.” - (Beukeboom and Burgers,
2017).

e “Linguistic bias refers to the preference for or prejudice against specific languages,
dialects, or features of language use. Language varieties that are commonly deni-
grated ... as well as features associated with racial or ethnic groups ...” - (Shin et
al., no date)

The language used in educational texts can perpetuate bias, often through the use of gen-
dered pronouns or male-default language, reinforcing a patriarchal view of society (Gupta
and Yin, 1990; Hsu, 1992). Additionally, the tone employed to describe ethnic minorities
can be patronising or dismissive, contributing to their marginalisation (Schoeman, 2009).
Studies examining language patterns in higher education materials reveal that these texts
frequently fail to challenge ingrained discriminatory language practices (Schoeman, 2009;
Jackie and Lee, 2011). A recent study by Huang, P. and Liu (2024) calls for a shift towards
more equitable language use in education, emphasising that linguistic choices significantly
impact how students perceive societal roles and identity groups.

3.2.3.1 In What Ways Can Factual Reporting Conceal Subjective or Evaluative
Framing?

Educational materials often employ evaluative language disguised as objective description.
This manifests through word choices, sentence structures and framing devices that subtly
favour certain perspectives whilst marginalising others. Research on academic language
reveals systematic patterns of bias in how different groups and their achievements are
described, with dominant groups receiving more positive and concrete language than mar-
ginalised groups (Quinn, 2020).

3.2.3.2 In What Ways Can Emotional Undertones Affect the Interpretation of
Information?

The emotional framing of educational content significantly influences student perceptions
and attitudes. Fan, Y. et al. (2019) demonstrate that subtle variations in tone and language
choice in educational materials can activate implicit biases, affecting how students
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perceive different groups and their contributions. This is particularly problematic because
such biases operate below the threshold of conscious awareness, making them difficult to
identify and challenge.

3.2.3.3 How Institutions Use Language to Construct Preferred Narratives?

Educational institutions employ language strategically to construct particular narratives
about knowledge, authority and social order. This occurs through the selection of voices,
the framing of historical events and the presentation of contemporary issues. Research
on institutional discourse reveals that universities often use apparently neutral language
to maintain existing power structures whilst appearing to embrace diversity and inclusion
(Ahmed, S., 2012).

3.2.4 The Interconnected Nature of Educational Bias

Research on intersectionality demonstrates that multiple forms of bias create cumulative
effects that exceed the simple addition of individual biases (Crenshaw, K., 2013). As Cren-
shaw explains, intersectionality operates as “a lens, a prism, for seeing the way in which
various forms of inequality often operate together and exacerbate each other” (Merriam-
Webster, 2021). Studies on intersectional implicit bias show that biases compound across
multiple categories asymmetrically, with effects that are “not necessarily additive, or even
multiplicative, but rather, interactive in complex ways” (Connor et al., 2023).

In educational contexts, these interconnected biases create what researchers term “inter-
sectional invisibility” (Purdie-Vaughns and Eibach, 2008). When women are underrepre-
sented in educational materials (representation bias), portrayed in stereotypical roles when
they do appear (stereotype bias) and described using less authoritative language (linguistic
bias), the combined effect systematically marginalises their contributions to knowledge.

Traditional approaches to bias detection have focused on single dimensions, typically de-
mographic representation, but research demonstrates significant limitations in such ap-
proaches (Baker and Hawn, 2021). Single-dimension analyses often miss “the subtle but
pervasive ways in which bias operates through language and framing” and fail to capture
how multiple bias types interact (Garg et al., 2018). By examining all three types simulta-
neously, this study addresses the recognised need for multi-dimensional approaches to
bias detection in educational materials. The interconnections among bias categories are
exemplified in Table 1.1 (Chapter 1).

Detecting these interconnected forms of bias presents significant methodological chal-
lenges. Traditional content analysis approaches rely on surface-level indicators and “miss
the subtle linguistic and contextual cues through which bias operates” (Blodgett et al.,
2020). Educational bias often operates through omission rather than commission; what is
not said or included can be as significant as what is explicitly stated. This study therefore
draws on a diverse range of data sources to capture a more complete picture of how these
biases manifest. Each subsequent chapter examines one or more of the identified bias
types across different educational contexts, using varied sources to build a comprehensive
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understanding of how each bias type contributes to non-neutrality within higher educa-
tion discourse.

3.3 Datasets: Three Sources for Investigating Bias in Higher Edu-
cation Online Content

3.3.1 University News Articles: Institutional Perspective

3.31.1 Why University News?

Universities function as significant cultural institutions that shape public discourse
through their official communications (Hartley, M. and Morphew, 2008). University news
articles serve as a critical window into institutional identity, representing how higher edu-
cation institutions present themselves to both internal and external audiences. These arti-
cles constitute the official narrative of academic achievement, research breakthroughs,
and institutional priorities that universities wish to project.

Unlike traditional media outlets that operate under commercial pressures and editorial
independence, university news is typically managed by internal communications teams
that prioritise institutional branding and stakeholder interests (Zerfass et al., 2017). This
creates a unique discourse environment where bias may operate through selection deci-
sions about whose achievements are highlighted, how different groups are portrayed and
what language is used to frame institutional success. Educational institutions are often
thought of as progressive spaces; however, the institutions themselves operate in a societal
and political context that reflect beliefs wrong or right that societies hold (Smith, J. et al.,
2023).

Research indicates that institutional bias operates through procedures and practices of
particular institutions that result in certain social groups being advantaged or favoured
and others being disadvantaged or devalued (Oxford, 2025). This need not result from
conscious prejudice but rather from following existing norms and practices. University
news articles therefore provide an ideal dataset for investigating how institutional com-

munication may inadvertently perpetuate representational inequalities.

3.3.1.2 Dataset Overview

A corpus of University of Leeds News Articles (UoL-NA) consisting of 5,768 articles col-
lected from the university official news website, spanning April 2009 to March 2023. This
scale was deliberately chosen to balance robust statistical power for detecting subtle bias
patterns across demographic and temporal subgroups, while remaining computationally
manageable for comprehensive NLP and statistical analyses. Such substantial sample sizes
are critical in higher education bias research to establish reliable patterns and avoid pitfalls
like multiple comparison errors (Fan, Y. et al., 2019).
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UoL-NA covers diverse topics including academic achievements, administrative an-
nouncements, research breakthroughs and campus events. The 14-year span captures in-
stitutional communication shifts amid social movements for diversity, inclusion and ex-
ternal factors such as policy changes and the COVID-19 pandemic, allowing longitudinal
bias analysis (Llorens et al., 2021).

Data were collected via automated web scraping with formal permission from the univer-
sity’s communications administration, ensuring ethical compliance and data quality. Pre-
processing steps such as lowercasing, removing punctuation, stop words, duplicates and
categorising articles prepared the dataset for bias detection, supporting detailed subgroup
and temporal analyses.

3.3.1.3 Data Size

The comprehensive scale of the UoL-NA was driven by two primary methodological re-
quirements. Firstly, the longitudinal analysis spanning April 2009 to March 2023 necessi-
tated sufficient data points across temporal periods to detect meaningful patterns in insti-
tutional communication evolution. Given that the investigation examined how bias pat-
terns shifted in response to social movements, policy changes and external factors such
as the COVID-19 pandemic, a robust dataset was essential to capture these temporal
variations whilst maintaining statistical validity across different time periods.

Secondly, the gender distribution analysis required substantial sample sizes to ensure reli-
able detection of subtle representational patterns. Statistical analysis of gender represen-
tation across different contexts (academic achievements, administrative announcements,
research coverage) demands large datasets to distinguish genuine bias patterns from ran-
dom variation (Cohen, 2013; Field, Andy, 2024). With female representation in academic
contexts often constituting a minority proportion, particularly in senior leadership roles
and STEM fields (Moss-Racusin et al., 2012; Sheltzer and Smith, 2014), detecting statisti-
cally significant disparities requires sufficient cases to achieve adequate statistical power
(Button et al., 2013). Research on gender representation in academic media demonstrates
that meaningful pattern detection requires substantial sample sizes due to the intersec-
tional nature of bias manifestations across different institutional contexts (Wagner et al.,
2015; Llorens et al., 2021). The 14-year span with nearly 6,000 articles provides the nec-
essary scale for robust testing and temporal trend analysis whilst enabling meaningful sub-
group analysis across different types of institutional communication (Kim, D., 2013;
McHugh, 2013)

3.3.1.4 What UoL-NA Reveals About Bias?

The primary bias category examined in this data is gender bias, alongside the following

secondary bias categories.
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¢ Representation: Who Gets Featured in University News and How?

The primary bias investigation focuses on representational patterns within university news
coverage. Gender bias has a substantial negative impact on the careers, work-life balance
and mental health of underrepresented groups in science, manifesting through various
institutional practices including communication and recognition (Carnes et al., 2012).

Our analysis examines which individuals and groups receive coverage in university news,
with particular attention to gender representation patterns. This includes investigating the
frequency with which male and female academics, students and staff are featured, the
contexts in which they appear and the types of achievements or activities that generate
coverage for different demographic groups.

The representational analysis extends beyond simple demographic counting to examine
the nature of representation. Research indicates that student evaluations and institutional
recognition systems can reflect biases that affect how different groups are perceived and
valued within higher education contexts (Peterson et al., 2019). Our investigation explores
whether certain types of achievements or roles are more likely to generate news coverage
for particular gender groups, potentially revealing institutional priorities and values.

e Linguistic Bias: Subjectivity in Supposedly Objective Institutional Report-
ing

The second bias investigation examines the language employed in institutional communi-
cation. While university news articles are typically perceived as objective reporting of facts
and achievements, research suggests that positivity bias is the tendency, in some forms of
published higher education research, to only or chiefly report examples of initiatives or
innovations that worked and received positive evaluations (Tight, 2023).

Our analysis investigates subjectivity and evaluative language within institutional report-
ing. This includes examining whether certain groups or achievements are described using
more positive, authoritative, or detailed language and whether subtle linguistic choices
may influence reader perceptions of different individuals or groups.

Bias is any tendency which prevents unprejudiced consideration of a question, occurring
when systematic error is introduced into sampling or testing by selecting or encouraging
one outcome or answer over others (Pannucci and Wilkins, 2010). In institutional com-
munication, such bias may manifest through seemingly neutral language choices that
nonetheless frame achievements, individuals, or groups in subtly different ways.

e Stereotype Bias: Reinforcing Social and Gendered Norms in News Report-
ing

The third bias investigation examines how university news articles may perpetuate or re-
inforce stereotypical representations of individuals and groups. Stereotype bias occurs
when reporting reproduces social assumptions about gender, ethnicity, age or professional
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roles, leading to the reinforcement of dominant cultural narratives rather than presenting
an impartial or balanced view (Entman & Rojecki, 2001). In university or organisational
contexts, such bias can shape perceptions of who is seen as a “typical” academic, leader

or achievet.

Research in media studies has shown that news coverage often reflects and amplifies ex-
isting social hierarchies through language and framing (van Dijk, 1991; Gill, 2007). For
instance, female academics are more frequently portrayed in relation to teaching, pastoral
care or family responsibilities, while male academics are more often associated with lead-
ership, research excellence or innovation (Losch et al., 2022; North, 2016).

In the context of university reporting, stereotype bias may manifest through the repeated
pairing of certain gender with particular achievements or roles. For example, featuring
male staff members in stories about technological breakthroughs while women appear in
community or wellbeing initiatives subtly reinforces gendered expectations. Visual and
textual framing such as choice of imagery, quotations or descriptors can further accentu-
ate these biases by presenting one group as authoritative and another as supportive or
secondary (Macharia, 2020).

3.3.2 University Module Reading Lists: Curriculum Content Sources

Reading lists, whilst appearing as simple bibliographic compilations, may function as gate-
keepers that influence which voices students encounter and which perspectives are legit-
imised within academic disciplines (Schucan Bird and Pitman, 2020). The “Why is My
Curriculum White?” campaign highlighted how UK higher education consistently privi-
leges European and male authors, marginalising diverse perspectives that could enrich
student learning (Chatrles, 2019). Reading lists therefore represent a critical site for inves-
tigating representation bias in higher education.

3.3.2.1 Datasets Overview

The investigation reading lists examines three different reading lists from two different
higher educational institutions: the University of Leeds, Leeds, UK and Imam Moham-
mad Ibn Saud Islamic University, Riyadh, Saudi Arabia. This selection was informed by
my direct institutional engagement as an MSc and PhD student at the University of Leeds
and as a Lecturer at Imam University, which provided both practical access to educational
materials and contextual understanding of pedagogical frameworks within these institu-
tions.

e University of Leeds, United Kingdom - Arabic, Islamic and Middle Eastern
Studies reading List (AIMESRL).

AIMESRL dataset comprises 212 readings extracted from undergraduate modules at the

University of Leeds. These readings span introductory and advanced courses covering
Islamic history, Arabic literature, Middle Eastern politics and religious studies. The

44



materials were sourced from publicly available module handbooks and official reading
lists published between 2020 and 2023.

¢ Imam Mohammad Ibn Saud Islamic University, Saudi Arabia - Qut’an Sci-
ences and Islamic Education Reading List (QSIERL).

QSIERL contains 73 readings from modules taught at Imam Mohammad ibn Saud Is-
lamic University. This dataset focuses specifically on traditional Islamic sciences including
Quranic exegesis (tafsir), Islamic jurisprudence (figh) and Prophetic traditions (hadith).
The readings were obtained from internal programme documentation and departmental
websites covering the period 2021-2023.

e University of Leeds, United Kingdom - Disability Studies Reading List
(DSRL).

The DSRL used across eight undergraduate modules at the University of Leeds. These
modules span a range of disciplines, including law, literature, sociology and education.
The reading lists extracted from the following modules:

e Disability Law

e Disability Rights and the International Policy Context

e Disability Studies: An Introduction

e Inclusion and Special Educational Needs and Disability

e Inclusive Education

e Extra Ordinary Bodies: Disability, Medicine and Normalcy in Contemporary Lit-
eratures

e Medical Humanities: Representing Illness, Disability and Care

e States of Mind: Disability, Cognitive Impairment and Mental Health in Contem-
porary Culture

The compiled reading lists contain a total of 679 items, reflecting a broad and interdisci-
plinary academic focus.

3.3.2.2 Rationale for Dataset Selection

e Cross-Cultural Validation: Western vs. Middle Eastern Islamic Educa-
tional Content

Comparing the University of Leeds and Imam University reading lists enables investiga-
tion of how different cultural and educational traditions construct knowledge. Research
suggests that Western academic institutions often exhibit Eurocentric bias in their curric-
ulum design (Bhambra et al., 2018), whilst Islamic universities may prioritise traditional
scholarly authorities and Arabic-language sources (George, 1981; Saliba, 2007). This com-
parison allows examination of whether representation patterns vary across cultural
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contexts or reflect universal academic hierarchies, building on research that suggests aca-
demic knowledge production remains influenced by both local traditions and global aca-
demic structures (Alatas, 2003; Connell, 2020).

e Additional Diversity Data: Disability Studies Across Multiple Disciplines

The DSRL serves as an additional dataset for investigating author diversity patterns within
a single institutional context. Unlike the cross-cultural comparison between Leeds and
Imam University, this dataset enables examination of representation across multiple aca-
demic disciplines within the same university system. As the 679 readings span eight dif-
ferent modules across various disciplines providing a broader sample for analysing
whether author diversity patterns are consistent across different academic subjects or vary
by disciplinary tradition.

e Strategic Rationale for Cross-Cultural Domain Selection

The selection of Islamic and Disability studies represents a deliberate methodological
strategy designed to examine bias detection across fundamentally different epistemologi-
cal and cultural frameworks. These domains were chosen not despite their specificity, but
precisely because of their unique characteristics that illuminate broader patterns of edu-
cational bias.

e Islamic Studies as A Critical Test Case for Cross-Cultural Bias Detection

The inclusion of Islamic Studies serves multiple strategic purposes beyond simple cross-
cultural comparison. Firstly, this field represents a domain where Western academic insti-
tutions have historically struggled with orientalist perspectives and cultural representation
issues (Said, 1978). By examining reading lists in this area, the research can assess whether
bias detection methodologies developed primarily within Western academic contexts can
accurately identify subtle forms of cultural marginalisation and epistemic exclusion that
may be invisible to culturally homogenous analytical frameworks.

Secondly, the comparison between University of Leeds and Imam Mohammad Ibn Saud
Islamic University provides a unique opportunity to examine how different institutional
contexts construct knowledge hierarchies. Western universities teaching Islamic studies
may inadvertently privilege certain scholarly traditions or interpretative frameworks,
whilst Islamic universities may exhibit different patterns of gender or sectarian represen-
tation. This comparison enables investigation of whether bias manifestations are universal
features of academic discourse or culturally specific phenomena that require localised de-
tection approaches.

e Disability Studies as a Lens for Intersectional Bias Analysis

The Disability studies reading lists offer a particularly valuable dataset for examining how
academic disciplines that explicitly focus on marginalised communities construct their
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own knowledge boundaries. This field provides insights into whether academic areas that
position themselves as advocating for inclusion nonetheless reproduce subtle forms of
bias in their scholatly selections. The interdisciplinary nature of disability studies spanning
law, literature, sociology and education enable examination of how bias patterns vary
across different academic traditions whilst maintaining thematic coherence.

e Transferability to Broader Higher Education Contexts

These seemingly specialised domains actually function as concentrated environments
where broader educational bias patterns become more visible and measurable. Cultural
studies programmes, religious studies departments and interdisciplinary fields focused on
marginalised communities represent significant portions of contemporary higher educa-
tion curricula. The methodological approaches developed through analysis of these spe-
cific reading lists provide templates for examining bias across other specialised academic
areas including ethnic studies, gender studies, postcolonial literature and international de-
velopment programmes.

Furthermore, the bias detection techniques validated through these culturally and episte-
mologically diverse datasets demonstrate robustness across different knowledge tradi-
tions, enhancing confidence in their applicability to mainstream academic disciplines. If
bias detection methodologies prove effective in identifying subtle patterns within both
Western orientalist discourse and traditional Islamic scholarship frameworks, they pro-
vide strong evidence for broader applicability across diverse educational contexts.

The findings from these specific domains contribute to understanding how academic
gatekeeping operates across different cultural and institutional settings, revealing whether
representation bias, stereotyping and evaluative language patterns represent universal fea-
tures of educational discourse or culturally contingent phenomena requiring adapted an-

alytical approaches.

3.3.2.3 What This Data Reveals About Bias?

The primary bias categories examined in this dataset are gender and ethnicity biases, fol-
lowed by representation bias as a secondary category. The analysis of these reading lists
focuses particularly on representation bias specifically, whose voices are included, ampli-
fied, or marginalised within university curricula. This is explored through two comple-

mentary lenses:

* Reading List Representation — Whose Scholarship Is Valued?

This perspective examines the demographics of authors whose work appears on reading
lists, asking whose scholarship is prioritised and whose is overlooked. Previous research
has documented significant gender and ethnic disparities in UK higher education reading
lists. For example, Phull et al. (2019) found that International Relations curricula at British
universities overwhelmingly featured white, male, Western authors, with minimal
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inclusion of female scholars or non-Western perspectives. The present investigation
builds on such findings to explore whether similar patterns emerge across different cul-
tural contexts and academic disciplines.

e Content Representation — Which Perspectives Are Privileged?

Beyond author demographics, the thematic content of assigned readings is examined to
determine which perspectives and narratives are foregrounded. Research indicates that
even when reading lists include diverse authors, the selected works may still reinforce
dominant viewpoints while sidelining critical or alternative perspectives (Ahmed, S.,
2012). This study therefore considers both who is being read and what ideas are given
prominence within these academic conversations.

3.3.2.4 Data Extraction Challenge and Manual Curation

The data was manually extracted from publicly available module handbooks and reading
materials provided by each institution. For the AIMESRL and DSRL datasets, reading
lists were retrieved from institutional repositories and official module descriptions, which
included detailed bibliographic references for each assigned text. For QSIERL, the read-
ing lists were sourced from internal programme documentation, departmental websites
and digital copies of module outlines.

Once collected, the bibliographic entries for QSIERL and AIMESRL underwent a thor-
ough cleaning and standardisation process to isolate author names, titles and publication
metadata. This process involved removing duplicates and correcting formatting inconsist-
encies to ensure consistency across entries. A key methodological decision was made re-
garding multi-author works where a reading had multiple authors, the entry was excluded
from the dataset. This decision was made to avoid duplication and ensure that each read-
ing list item could be clearly attributed to a single author for the purposes of demographic
analysis. Consequently, these datasets include only single-author readings. After cleaning
and standardisation, each entry included the following fields: Type (e.g., book, journal
article, chapter, etc.), Title, Author, Gender and Ethnicity. This structured format enabled
consistent comparison and further analysis across both institutional datasets.

However, the DSRL dataset required a different approach due to the prevalence of edited
volumes. Many entries in this dataset referenced chapters within edited volumes and in
such cases, the chapter author was prioritised for demographic analysis rather than the
book’s overall author or editor. This approach better reflects the actual contributor of the
assigned material. Unlike the other datasets, where entries with multiple authors were ex-
cluded, multi-author works in DSRL were retained within the same record. Importantly,
this did not lead to duplication of reading list items; instead, multi-author works were
counted once, with multiple demographic labels recorded where applicable. After cleaning
and structuring, each DSRL entry included the following fields: Title, Chapter Title, Au-
thor, Chapter Author, Gender and Ethnicity.
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Following the extraction of all the reading list entries (i.e., AIMESRL, QSIERL and
DSRL), author-level gender and ethnicity demographic information was manually added
wherever possible. For each listed author, efforts were made to identify gender and eth-
nicity using publicly available academic profiles, institutional biographies, publication rec-
ords and other online sources. Where this information was not explicitly available or re-
mained unclear, entries were marked as “unclear.” Gender was classified using a three-
category framework: male, female and non-binary, based on how the author self-identified
or was described in institutional or biographical sources. This classification aimed to re-
spect how individuals are represented publicly, whilst recognising the limitations of infer-
ring gender from secondary information.

The approach to ethnicity classification varied between datasets. For AIMESRL and
QSIERL, ethnicity was inferred based on contextual clues, including nationality, cultural
identifiers and institutional affiliations. Six broad categories were developed: Middle East-
ern, Asian, European, North American, African and unclear. Notably, authors from the
Middle East were classified separately from Asian or African categories despite the geo-
graphical overlap. This decision reflects a region-specific cultural, linguistic and academic
identity that is often treated as a distinct area of study, particularly within Arabic and
Islamic Studies. Classifying Middle Eastern authors separately aligns with how these au-
thors and texts are typically positioned within the discipline and enables more meaningful
comparative analysis in this context. For DSRL, the demographic extraction process fol-
lowed the same procedure; however, ethnicity was labelled using broad regional catego-
ries: North American, European, Australian, Asian, African and South American. These
labels reflect general patterns of affiliation across a diverse academic field and support
analysis of broader representational dynamics within the reading lists.

For all the datasets (i.e., AIMESRL, QSIERL and DSRL); to address cases where infor-
mation was limited, supplementary details such as institutional affiliation and nationality
were gathered from public databases and reputable websites. For example, determining
the ethnicity and nationality of a political science scholar required consulting faculty pages,
Wikipedia entries and publicly available interviews. Figure 3.1 illustrates the process of
identifying ethnicity, demonstrating a case in which the author’s nationality is explicitly
indicated.
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About
AndRCERIRIININI is professor of politics and

international affairs, director of the Liechtenstein Institute on
Self-Determination, and founding director of both the
European Union Program and the International Relations

Faculty Colloquium at Princeton Universitm

Place of birth: United States
Education: Harvard University (1992), MORE

Spousm

Nationality: American

h-index: 63

Figure 3.1: Example of public online information used for ethnicity labelling

Gender was occasionally inferred from contextual language for instance, a sentence such
as “she is one of the leading authors in...” provided reasonable grounds to classify an
author as female when no explicit gender identification was available. Figure 3.2 provides
a clear example of gender identification, as the author is referenced using, she/het pro-

nouns.

About

Dame AaediEiR S e SrT i NP el nanr, oS
an English author known for her 66 detective novels and 14
short story collections, particularly those revolving around
fictional detectives Hercule Poirot and Miss Marple. She is
widely regarded as one of the greatest writers, particularly

in the mystery genre RSy

Figure 3.2: Example of public online information used for gender labelling

This triangulated approach, whilst not flawless, enabled the assignment of demographic
categories with reasonable confidence and consistency across the datasets. Where no clear
information about ethnicity could be identified, entries were similarly labelled as “un-
clear.” While these categories are inevitably approximate, they were applied consistently
to enable comparative analysis of representational patterns across the three reading list
datasets.

3.3.3 Higher Education Online Course Materials: Core Learning Content
Sources

Educational learning materials represent the most direct point of contact between insti-
tutional knowledge and student learning. Unlike news articles or reading lists, these ma-
terials directly shape how students understand concepts, interpret historical events and
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form perspectives about society (Sleeter and Grant, 2008; Apple, 2014). This dataset fo-
cuses on the texts that students encounter during their learning process, where bias can
have immediate and lasting impact on their educational experience.

3.3.3.1 The Primary Dataset: Higher Educational Materials

The primary educational materials dataset consists of higher educational materials, includ-
ing lecture transcripts, learning notes and other study resources, all sourced from Open
Educational Resources (OER) Commons' focus on learning materials in Humanities dis-
ciplines (OER-H). OER Commons is a globally accessible platform that provides a wealth
of freely available educational content, allowing educators to modify and share resources
under open licences.

3.3.3.2 Why OER Commons?

The original intention of this research was to analyse recorded lecture transcripts from
the University of Leeds to examine pedagogical approaches and content delivery in higher
education. However, access to these materials proved significantly limited due to institu-
tional restrictions. Educational content housed on the University of Leeds's Minerva plat-
form could not be utilised because permission and copyright restrictions prevented down-
load for research purposes, as those materials are designated exclusively for internal teach-
ing use. Consequently, even after seeking ethical review approval from the ethics com-
mittee and obtaining permission from the lecturers of these courses, only a small number
of transcripts could be obtained, which was insufficient for a comprehensive analysis.
This access barrier necessitated seeking alternative sources of educational content, leading
to the adoption of OER Commons as the primary data source for this study.

This platform hosts a diverse range of educational materials, including textbooks, course
syllabi, lecture videos, assessments, simulations and lesson plans, catering to educational
needs from preschool to postgraduate levels. Key contributors to the OER Commons
platform include over 70,000 resources from partners like Harvard University and the
British Library, enabling tailored educational content creation. Additionally, MIT Open
Courseware delivers comprehensive course materials for free, while Rice University’s
OpenStax provides peer-reviewed, openly licensed textbooks designed to reduce student
costs. Other notable initiatives include the University of Minnesota’s Open Textbook Li-
brary, which curates a broad selection of open-access textbooks and Carnegie Mellon
University’s Open Learning Initiative, which fosters resource sharing to enhance educa-
tional outcomes.

The resources extracted for this study from the OER-H data include materials provided
by Yale Law School’, the University of Michigan’, the National Endowment for the

" https://oercommons.orqg/

2 https://avalon.law.yale.edu

8 https://quod.lib.umich.edu/lib/colllist/
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Humanities*, Lumen Learning’, the Library of Congtess’, the United States National Ar-
chives’ and Khan Academy®.

3.3.3.3 Content Selection: Keyword-driven Extraction for Bias-relevant Materi-
als

OER-H were sourced based on keyword searches available on the OER Commons plat-
form. Keywords were selected to represent gender and ethnic bias in historical contexts,

<

including terms like “gender roles”, “racial discrimination”, “colonial narratives” and
“civil rights”. Based on the search filters in OER Commons, “History” and “Arts and
Humanities” were selected as the primary subjects, ensuring a focus on historical bias
representation. The education level was set to “Graduate/Professional”, aligning with
university-level materials. The dataset size was determined based on content availability
and the need for manageable manual validation. Twenty-five resources were extracted and
each source was segmented into smaller text segments, resulting in a total of 290 distinct
entries, each ranging from 150 to 250 words. This segmentation was intentionally de-
signed to provide sufficient context for detecting subtle biases whilst remaining manage-

able for fine-tuning process.

All materials used in this study are licensed under Creative Commons Attribution-Non-
Commercial-Share-Alike 4.0, allowing for their non-commercial use and adaptation, pro-
vided proper attribution is given.

The materials in OER-H are distinct because they are derived from academic contexts,
specifically designed for university-level education. This makes them particularly suitable
for investigating subtle and complex manifestations of bias in educational narratives, as
these texts are often expected to be neutral or authoritative but may still perpetuate gender
and ethnic stereotypes. Moreover, the dataset is novel in its inclusion of historical and
autobiographical content that addresses critical societal issues, such as social movements,
inequality and historical events.

3.3.3.4 Data Size

The OER-H dataset size reflects the intensive annotation methodology employed rather
than data availability constraints. Each text segment underwent comprehensive multi-di-
mensional bias analysis, requiring detailed examination across representation, stereotype
and linguistic categories. The annotation process demanded extensive human validation
involving multiple annotators providing detailed justifications for each classification

4 https://www.neh.gov

5 https://lumenlearning.com

6 https://www.loc.gov

7 https://www.archives.gov

8 https://www.khanacademy.org
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decision, making the annotation process significantly more resource-intensive than simple
binary classification tasks.

The 290 segments, derived from 25 educational resources and segmented into 150-250
word units, provided sufficient diversity across historical and humanities content whilst
remaining manageable for the detailed annotation framework. This scale enabled com-
prehensive coverage of different educational contexts from lecture transcripts to instruc-
tional materials whilst ensuring that each instance received thorough analytical attention.

3.3.3.5 Domain Focus: Humanities Disciplines - Where Bias Often Hides in
Plain Sight

Whilst discovering bias is not the main contribution of this work, the focus lies in devel-
oping robust tools that can help identify and analyse bias in educational contexts. The
selection of Humanities disciplines materials was strategic: these domains offer more op-
portunities to encounter bias, which in turn enables the development of more effective
detection tools and methodologies.

Humanities disciplines represent domains where bias is particularly prevalent yet often
subtle (Foster, 1999; Loewen, 2007). Historical narratives frequently embed particular
viewpoints whilst presenting themselves as objective accounts, making them ideal subjects
for bias detection research (Wineburg, 2010). Humanities materials similarly contain im-
plicit assumptions about culture, society and human behaviour that can reinforce existing
stereotypes or marginalise certain perspectives (Said, 1978; Spivak, 2023).

Research in educational content analysis has consistently identified History and Humani-
ties as disciplines where bias manifests through selective inclusion of voices, perspectives
and interpretations (Christian-Smith and Apple, 1991; Romanowski, 1996). These fields
often deal with contested narratives and multiple interpretations of events, making them
particularly rich environments for training and validating bias detection systems. By work-
ing with content that contains diverse manifestations of the three bias types examined in
this study, the resulting tools and methods can be developed to handle the full spectrum
of educational bias detection challenges.

3.3.3.6 What This Data Reveals About Bias?

The OER-H dataset was designed to investigate the primary bias categories of gender and
ethnicity bias, with representational, stereotypical and linguistic biases examined as sec-
ondary categories. The comprehensive approach recognises that learning materials often
contain multiple, interconnected forms of bias that compound to influence student un-
derstanding (Sleeter, 2005; Gay, 2018).

1. Representation: Whose Voices and Perspectives Shape Student Learning?

Representation bias in educational materials manifests through the selection and promi-
nence of different voices and perspectives within the content (Banks, 2004). This includes
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examining whose historical accounts are privileged, which cultural perspectives are pre-
sented as normative and whose experiences are marginalised or omitted entirely. Research
has shown that educational materials often prioritise dominant cultural narratives whilst
minimising or excluding alternative viewpoints (LLadson-Billings, 2003; Au, 2009).

The investigation of representation bias in this dataset focuses on identifying patterns in
whose knowledge is valued, whose experiences are centred in historical accounts and
whose perspectives are treated as authoritative sources of information. This analysis ex-
tends beyond simple demographic counting to examine the quality and context of repre-
sentation within educational narratives.

An example of representation bias in this data is the statement: “Despite the Fifteenth
Amendment’s failure to guarantee female suffrage, women did gain the right to vote in
western territories, with the Wyoming Territory leading the way in 1869. One reason for
this was a belief that giving women the right to vote would provide a moral compass to
the otherwise lawless western frontier. Extending the right to vote in western territories
also provided an incentive for White women to emigrate to the West...” ? This demon-
strates gender and racial representation bias by explicitly centring White women's experi-
ences and motivations whilst marginalising the intersectional struggles of Black women
and other women of colour in the suffrage movement.

2. Stereotype: Fixed Assumptions Embedded in Educational Narratives

Stereotype bias appears in educational materials through the reinforcement of oversim-
plified or generalised characteristics attributed to particular groups (Bigler and Liben,
2007). This can include assumptions about gender roles, cultural practices, or group ca-
pabilities that are presented as factual rather than socially constructed (Devine, 1989).
Educational materials are particularly influential in perpetuating stereotypes because stu-
dents often perceive them as authoritative and objective sources of information (Text-
book League, 2000).

The analysis examines how groups are described, what characteristics are emphasised or
assumed and whether materials challenge or reinforce existing social stereotypes. This
investigation is crucial because educational content plays a significant role in shaping stu-
dent attitudes and expectations about different social groups (Allport, 1954; Pettigrew and
Tropp, 2000).

An example of stereotype bias in this data is the statement: “Following this defeat, many
suffragists like Stanton increasingly replaced the ideal of universal suffrage with arguments
about the virtue that White women would bring to the polls. These new arguments often
hinged on racism and declared the necessity of White women voters to keep Black men

Source link: https://courses.lumenlearning.com/wm-ushistoryl/chap-
ter/the-fifteenth-amendment/
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in check”. ' This contains clear racial stereotypes and biological determinism, portraying
White women as morally superior whilst depicting Black men as requiring control, thereby
reinforcing both gender and racial hierarchies through stereotypical characterisations of
virtue and threat.

3. Linguistic: Explicit and Implicit Bias Language in Educational Content

Linguistic bias involves the use of evaluative or emotionally charged language that influ-
ences reader perception whilst maintaining the appearance of objectivity (Fairclough,
2001). In educational materials, this often manifests through subtle word choices, meta-
phors and framing devices that guide student interpretation toward particular conclusions
(van Dijk, 2015).

This type of bias is particularly insidious in educational contexts because students may
not recognise the subjective nature of seemingly factual presentations (Luke, 1988). The
analysis focuses on identifying language patterns that reveal implicit judgements, emo-
tional framing, or persuasive techniques embedded within educational content. Below are
examples of linguistic bias in OER-H:

Implicit example - This excerpt from lecture transcripts demonstrates subtle gender
bias: “Each small group will then help its speaker to develop his or her argument. During
the following class session give the principal speaker for each side an allotted amount of
time to make his or her speech.” " The phrase “his or het” reflects a binary understanding
of gender, which may exclude non-binary individuals. While intending to include both
male and female students, the language assumes all participants identify strictly as male or
female, potentially marginalising non-binary students.

Explicit example - This historical text shows clear regional and political bias: ““The con-
trolling majority of the Federal Government, under various pretences and disguises, has
so administered the same as to exclude the citizens of the Southern States, unless under
odious and unconstitutional restrictions, from all the immense territory owned in com-
mon by all the States on the Pacific Ocean ... By the disloyalty of the Northern States
and their citizens and the imbecility of the Federal Government, infamous combinations
of incendiaries and outlaws have been permitted ....” "% The charged language (“odious”,
“infamous”, “imbecility”’) portrays Northern States and the Federal Government in a
highly negative light, reflecting the intense regional biases and political grievances typical
of Southern secessionist rhetoric.

" Source link: https://courses.lumenlearning.com/wm-ushistoryl/chap-

ter/the-fifteenth-amendment/

" Source link: https://avalon.law.yale.edu/19th century/csa texsec.asp

2 Source link: https://edsitement.neh.gov/lesson-plans/lesson-1l-martin-

luther-king-jr-and-nonviolent-resistance

55



3.3.3.7 Domain Transfer Validation Dataset

In addition to the primary OER-H dataset, a separate domain transfer validation dataset
was constructed from text segments derived from recorded lecture transcripts from the
University of Leeds master’s degree programmes, specifically from the Artificial Intelli-
gence MSc programme’s Data Science and Programming for Data Science modules lec-
ture transcripts (UoLL.-DSPDS-LT). The text segments were processed using the same
segmentation approach as the OER-H, with each segment ranging from 150 to 200 words
to maintain consistency across datasets, resulting in 223 text segments.

Proper ethical permissions were obtained from the module lecturers prior to accessing
and utilising these materials for research purposes. The lecture materials were extracted
from transcripts of 13 recorded lectures that were predominantly interactive in nature,
featuring active engagement between lecturers and students rather than traditional one-
way teaching delivery. This interactive format captures authentic classroom discourse, in-
cluding spontaneous explanations, student questions and real-time pedagogical adjust-
ments that may reveal implicit assumptions or biases not present in formal written mate-
rials (Cazden, 1988). Proper ethical permissions were acquired to use these lecture record-
ings for research purposes, with all materials subsequently anonymised to protect partici-
pant privacy.

UoL-DSPDS-LT serves a distinct methodological purpose: testing whether bias detection
models trained exclusively on Humanities disciplines materials can effectively generalise
to entirely different academic domains. The STEM lecture materials represent a critical
test of cross-domain model performance. Technical disciplines are often assumed to
maintain objectivity and neutrality, making them an ideal testing ground for examining
whether bias detection methods developed on traditionally bias-prone subjects can iden-

tify more subtle manifestations of bias in seemingly neutral technical education (Harding,
1991; D'Ignazio and Klein, 2020).

Since OER-H have some general educational text such as classroom instructional mate-
rials, learning activities and pedagogical guidance, some examples are considered general
educational text not domain specific include: “Arrange desks so that each team faces the
other. Fach team chooses three speakers, one to make the main points of the argu-
ment...”, “Activity 1. Changes in the Franchise... Distribute the handout ‘Examples of
Changes in the Franchise’...” and “Essay: Ask each student to write a two-page essay that
answers the lesson’s guiding question...”

3.3.4 Complementary Perspectives on Bias in Higher Education

This study adopts a multi-dataset design to examine bias across different dimensions of
online higher education. Rather than operating as sequential or interdependent stages, the
three datasets of university news articles, reading lists and higher education learning ma-
terials provide complementary perspectives on how bias is embedded within institutional
discourse, curricular structures and learning materials. Taken together, they offer a
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comprehensive view of how knowledge is represented, structured and delivered within
higher education contexts.

The analysis of university news articles focuses on institutional discourse, capturing how
universities publicly construct narratives around academic achievement, authority and
representation. This dataset provides insight into the symbolic and communicative prac-
tices through which institutions position scholars and disciplines. Patterns in representa-
tion and evaluative language reveal how particular identities and forms of knowledge are
foregrounded or marginalised at the level of public-facing communication.

The reading list analysis shifts attention to the curriculum, examining how knowledge is
formally organised within teaching contexts. By analysing authorship, demographic rep-
resentation, and disciplinary coverage, this stage highlights which voices are prioritised
within academic instruction. The inclusion of materials from both Western and Middle
Eastern institutions introduces a comparative dimension, allowing for the identification
of both shared and context-specific patterns of bias across different educational tradi-
tions.

The analysis of higher educational learning materials extends the investigation to the level
of direct student engagement. This dataset enables the examination of how bias manifests
within the content itself, including issues of representation, stereotyping and evaluative
framing. It provides a detailed view of the materials through which knowledge is commu-
nicated and interpreted by learners.

Together, these three strands of analysis capture bias at distinct but complementary levels:
institutional representation, curricular selection and instructional content. While each da-
taset offers a self-contained perspective, their combined analysis strengthens the overall
explanatory scope of the study. By addressing multiple layers of the higher education eco-
system, the research moves beyond isolated observations to present a more comprehen-
sive account of how bias operates across the production, organisation and dissemination
of knowledge.

Below is a structured summary of the six datasets used in this integrated investigation,
demonstrating how each provides unique analytical capabilities and methodological con-
tributions to the comprehensive bias detection framework.

UoL-NA

e Size: 5,768 articles (2,174,466 words)

o Data Contents: News articles categorised by gender (see Chapter 4, section 4.4)

o Institution: University of Leeds

e Primary Bias Categories: Gender

e Secondary Bias Categories: Stercotyping, Representation and Linguistic

e Dataset Usage: Bias in text investigation, gender representation patterns and
sentiment analysis in university news articles
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AIMESRL

e Size: 212 reading items (4,142 words)

e Data Contents: Type, title, author name, author gender, author ethnicity, pub-
lisher and place of publication

o Institution: University of Leeds

e Primary Bias Categories: Gender and Ethnic

e Secondary Bias Categories: Representation

e Dataset Usage: Cross-cultural authorship diversity analysis and thematic con-
tent comparison

QSIERL

e Size: 73 reading items (936 words)

e Data Contents: Type, title, author name, gender, ethnicity and English availa-
bility

e Institution: Imam Mohammad Ibn Saud Islamic University

e Primary Bias Categories: Gender and Ethnic

e Secondary Bias Categories: Representation

e Dataset Usage: Cross-cultural authorship diversity analysis and thematic con-
tent comparison

e Size: 679 reading items (15,274 words)

e Data Contents: Type, title, chapter title, author, chapter author, gender, ethnic-
ity, publisher and place of publication

e Institution: University of Leeds

e Primary Bias Categories: Gender and Ethnic

e Secondary Bias Categories: Representation

e Dataset Usage: Interdisciplinary authorship diversity across disability studies
curriculum

OER-H

e Size: 290 text segments (78,831 words)

e Data Contents: Text segment, type, bias class, bias category, bias key-
words/phrases and justification

e Institution: Multiple via OER Commons

e Primary Bias Categories: Gender and Ethnic

e Secondary Bias Categories: Stercotyping, Representation and Linguistic

e Dataset Usage: Training and building multi-dimensional bias detection model
development and validation

UoL-DSPDS-LT

e Size: 223 text segments

e Data Contents: Text segments only

o Institution: University of Leeds

e Primary Bias Categories: Gender and Ethnic

e Secondary Bias Categories: Stercotyping, Representation and Linguistic
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e Dataset Usage: Cross-domain model generalisation testing from humanities to
STEM contexts

3.4 The Annotation Process: From Al Detection to Human Evalua-
tion

Bias detection in educational texts presents unique challenges that demand human exper-
tise and cultural awareness. Research has consistently shown that annotation can intro-
duce bias through mismatches between annotator populations and the data being analysed
(Hovy and Prabhumoye, 2021; Sap et al., 2021), making careful annotator selection critical
for educational bias detection. Human perspectives are essential for mitigating bias-re-
lated issues in Al systems, though they also introduce challenges associated with cognitive
biases inherent in human decision-making (Gautam and Srinath, 2024).

However, human annotation is not without significant limitations. Human biases inevita-
bly shape annotation outcomes, particularly because annotators’ backgrounds such as cul-
tural norms, beliefs and disciplinary training can influence their interpretation of textual
cues (Shah, D.J. et al.,, 2018). Research demonstrates that annotators with different atti-
tudes and identities systematically bias their judgements, especially in sensitive domains
like bias detection (Sap et al., 2021). The challenge of human label variation due to anno-
tator perspective biases creates substantial inconsistencies, with studies showing that what
one individual perceives as biased may differ significantly based on their cultural context
and personal experiences (Plank, 2022).

These inconsistencies have led researchers to explore Al-assisted annotation approaches.
LLMs have demonstrated remarkable capabilities in annotation tasks, often providing
more consistent and scalable solutions than human annotators alone (Gilardi et al., 2023).
Studies comparing human and Al annotators have found that LLLMs can achieve compa-
rable or superior performance to human annotators on various text classification tasks
whilst maintaining greater consistency across annotations (Gilardi et al., 2023; Térnberg,
2023; Divya Venkatesh et al., 2024; Pangakis and Wolken, 2024b; Rouzegar and
Makrehchi, 2024; Wang, X. et al., 2024; Calderon et al., 2025; Nemkova et al., 2025).

Gilardi et al. (2023) demonstrated that ChatGPT’s zero-shot accuracy exceeds that of
crowd workers by approximately 25 percentage points on average across multiple anno-
tation tasks including relevance, stance and topic detection. Similarly, Divya Venkatesh et
al. (2024) found that comparing human text classification performance with LLMs using
eye-tracking revealed that simple ML models can perform at par or better than untrained
LLMs and non-expert humans for domain-specific text classification tasks. Nemkova et
al. (2025) reported that state-of-the-art LLLMs achieve superior performance in human
rights violation detection tasks in multilingual social media data, particularly excelling in
precision and recall metrics. Rouzegar and Makrehchi (2024) showed that LLMs can en-
hance text classification through active learning frameworks that integrate human anno-
tators and LLMs, demonstrating improved accuracy and efficiency. Wang, X. et al. (2024)
found that human-LLM collaborative annotation through effective verification of LLM
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labels significantly enhances text classification tasks whilst maintaining cost-effectiveness.
Pangakis and Wolken (2024b) demonstrated that knowledge distillation approaches using
LLM-generated training labels can achieve performance comparable to human-annotated
datasets in automated text classification.

Al annotation offers several advantages: it eliminates individual cognitive biases, provides
consistent decision-making criteria and can process large volumes of text efficiently
(Ziems et al., 2024).

However, the optimal approach appears to be neither purely human nor purely Al-based
annotation. Research increasingly supports hybrid methodologies that combine the
strengths of both approaches (Huang, F. et al., 2023). The most effective strategy involves
initial Al annotation to establish consistent baseline classifications, followed by human
validation to capture cultural nuances and contextual understanding that AI might miss
(Kuzman et al., 2023b). This hybrid approach leverages AI’s consistency and scalability
whilst incorporating human expertise for quality assurance and cultural sensitivity.

Building on this annotation approach, two different annotation frameworks were em-
ployed to annotate the datasets used in this study: the university news articles and the
OER Commons learning materials. The following sections describe each framework in
detail, outlining the specific methodologies, quality control measures and validation ap-
proaches applied to ensure reliable and consistent bias detection across both educational

contexts.

The following section presents three annotation approaches: the first uses human anno-
tators first before comparing their judgements against LLM-generated annotations (see
section 3.5.2), the second relies solely on human annotators (see section 3.5.3) and the
third employs LLLMs to generate initial annotations which human annotators then review
and correct (see section 3.0).

3.5 UoL-NA Annotation Framework

3.5.1 Overview of Annotation Approaches

This annotation process encompassed two primary tasks: Linguistic bias specifically sub-
jectivity bias classification and sentiment classification. The subjectivity bias classifica-
tion task focused on determining whether an article contained biased language. This pro-
cess involved binary labelling, where articles were marked as either biased or non-biased.
In contrast, sentiment classification assigned each article a sentiment category positive,
negative, or neutral based on the overall tone and framing of the content. While bias clas-
sification aims to identify subjective or slanted reporting, sentiment classification focuses
on evaluating the emotional tone conveyed within the text. An article classified as bi-
ased may exhibit preferential language, omission of alternative viewpoints, or a lack of
neutrality, whereas sentiment classification captures whether the content presents indi-
viduals, events, or topics in a favourable, critical, or neutral light. The distinction between

60



these tasks is crucial, as an article may carry a strong sentiment without being explicitly
biased and vice versa.

A combination of LLM-based methods and human annotations was employed to ensure
a comprehensive evaluation of bias in university news articles. For the analysis of linguistic
bias, subjectivity bias classification was performed using both LLLM-based approaches and
human annotation, whereas sentiment classification relied solely on human annotation.
The following section provides a detailed description of each process and its implemen-
tation.

3.5.2 Annotation Process for Linguistic (Subjectivity) Bias

3.5.2.1 Human Annotations for Subjectivity Bias in UoL-NA

Before starting the human annotation process, a key priority was ensuring that annotators
had a clear understanding of the context of university news articles. Since bias in this do-
main tends to be more subtle compared to mainstream media, annotators were provided
with detailed instructions to help them accurately identify patterns of bias. Unlike tradi-
tional news outlets, where bias is often overt such as through political framing or emo-
tionally charged language, bias in academic news is more likely to appear in who is repre-
sented, how they are portrayed and the thematic focus of coverage.

As an example of mainstream media bias from the MBIC dataset (Spinde et al., 2021),
which serves as a primary data source for media bias reporting:

“People keep getting sick and the economy is cratering, but for Re-
publicans, hating women is still a major priority: republican gover-
nors in Texas, Ohio and even Maryland are trying to use the corona-
virus crisis as an excuse to block women from getting abortions,
claiming that ending a pregnancy is a medical procedure that must
be rescheduled.”

In contrast, bias in university news articles tends to be more subtle and implicit, often
manifesting through gender representation and thematic framing rather than overtly
charged language. For instance, a biased university news article might present achieve-
ments differently based on gender:

“Professor XX, a ploneering female scientist, has balanced her
groundbreaking research with raising a family, demonstrating that
women can succeed in both academia and personal life.”

While this statement appears positive, it reinforces traditional gender roles by linking the

professor’s academic success to her family responsibilities, a framing that is rarely applied
to male academics. This representational bias subtly perpetuates stereotypical
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expectations and highlights the different ways men and women are portrayed in academic
news compared to mainstream media bias, which is often more explicit and politically
charged.

This study focuses specifically on gender and ethnic biases, with particular attention to
subjectivity and representation bias expressed through language. Representation bias
emerges when certain groups are overrepresented, underrepresented, or stereotypically
portrayed in coverage, potentially reinforcing unequal visibility or harmful narratives. Sub-
jectivity bias, on the other hand, occurs when reporting includes personal opinions, eval-
uative language, or emotionally charged framing that may influence readers’ perceptions
rather than presenting information in a neutral, fact-based manner. In this study, annota-
tors were instructed to closely examine how language and tone shape these portrayals, for
example, by noting patterns where male academics were predominantly associated with
career achievements, while female academics were more frequently framed in relation to
community engagement or family-oriented themes.

For the annotation process, Amazon Mechanical Turk (MTurk) " was utilised
through Amazon SageMaker’s Ground Truth feature. A random subset of 110 rec-
ords was assigned to annotators, with each news article being reviewed by three independ-
ent annotators to ensure high reliability. To maintain consistency and accuracy, annota-
tors were provided with detailed guidelines on identifying subjectivity bias in the text and
instructed to classify each article as either biased or non-biased. Annotators were com-
pensated at a rate of $0.480 per task and were primarily based in the EU (London) region.
Out of the random sample 88 where classified biased and 22 classified as not biased.

3.5.2.2 Inter-Annotator Agreement and Reliability for Subjectivity Bias in UoL-
NA

To assess the reliability of human annotations, inter-annotator agreement was measured
for both bias classifications. Since bias in university news articles is often subtle and con-
text-dependent rather than explicitly stated, achieving a high level of agreement among
annotators was particularly challenging. Two key metrics were used to evaluate agree-
ment: percentage agreement and Cohen’s Kappa scores.

For bias classification, percentage agreement measured the proportion of cases where all
annotators assigned the same label. However, percentage agreement alone does not ac-
count for agreement occurring by chance, which is why Cohen’s Kappa (x) scores were
also computed. Cohen’s Kappa is a more robust measure of reliability that adjusts for
random agreement, calculated using the following equation:

Bhttps://www.mturk.com
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where:

e P, (Observed Agreement) is the proportion of cases where annotators assigned
the same label.

e P, (Expected Agreement by Chance) is the probability of agreement occurring
randomly.

The Kappa values range from -1 to 1, where values close to 1 indicate strong agreement,
values near 0 suggest agreement is no better than chance and negative values imply sys-
tematic disagreement. Given the contextual and interpretative nature of bias detection,
Cohen’s Kappa provides a more accurate measure of annotation reliability than simple
percentage agreement.

The overall percentage agreement was 52.3%, indicating that in slightly more than half of
the cases, annotators reached a consensus. However, Cohen’s Kappa scores revealed in-
consistencies, with Annotator 1 & Annotator 2 achieving only slight agreement (0.165),
Annotator 1 & Annotator 3 showing almost no agreement (0.012) and Annotator 2 &
Annotator 3 having a negative agreement score (-0.122), suggesting active disagreement.
The negative Kappa score highlights significant differences in how annotators perceived
bias, reinforcing the difficulty of identifying subjectivity bias in academic media, where
language tends to be institutionally neutral yet subtly unbalanced in representation.

3.5.2.3 LLMs Zero-Shot Annotations for Subjectivity Bias in UoL-NA

This study employed two LLLMs OpenAl’'s GPT-3.5-turbo' and Google’s Bard (now re-
branded as Gemini) " for zero-shot automated annotation of Uol.-NA. These models
were used to assess the capability of LLMs to perform accurate data annotation; therefore,
their outputs were systematically evaluated against a subset of 110 human-annotated data
articles to measure agreement and reliability. These models were evaluated based on their
accuracy, scalability and cost-effectiveness in performing subjectivity bias classification.

GPT-3.5-turbo was chosen due to its extensive use in NLP applications and its capacity
to efficiently process large-scale text annotation tasks (Gilardi et al., 2023; Huang, F. et
al., 2023; Kuzman et al., 2023a). The model’s performance was assessed in terms of an-
notation accuracy, particularly in detecting biased language within the dataset. Addition-
ally, its ability to maintain consistent classifications across different articles was examined
to evaluate its reliability.

Similarly, Google Bard was utilised as a comparative model to identify differences in an-
notation performance. The evaluation focused on its reliability in bias detection and how

“ https://docs.aimlapi.com/api-references/text-models-

llm/openai/gpt-3.5-turbo

% https://gemini.google.com

63



its classification outputs compared to those of GPT-3.5-turbo. This comparison aimed to
highlight the strengths and limitations of each model in the specific context of bias anal-
ysis within academic media.

GPT-3.5-turbo was used to annotate the subset from UoL-NA, with a cost of $0.002 per
1,000 tokens via OpenAl’s Application Programming Interfaces (API). In con-
trast, Google Bard provided annotations for the same sample at no cost, as it was accessed
directly through the chat interface.

Both LLMs were given the same prompt to ensure consistency in their annotations:

Prompt: “You are a helpful Al that can identify all types of subjec-
tivity bias in text. You will read a text from the news that is provided
to you and reply with either ‘biased” or ‘unbiased’.”

3.5.2.4 Performance Evaluation of LLMs Zero-Shot Annotations for Subjectiv-
1ty Bias in UoL-NA

GPT-3.5-turbo and Google Bard were evaluated to determine how well they performed
in bias detection when compared to MTurk human annotations. The models’ perfor-
mance was measured using accuracy, precision, recall and Fl-score, as shown in Table
3.1. The following is a brief explanation of each metric, accompanied by its mathematical

formula:

e Accuracy

Accuracy measures the overall proportion of correctly classified instances out of all pre-
dictions. It is suitable for balanced datasets but can be misleading when one class domi-

nates.

TP+TN
TP+TN+ FP +FN

Accuracy =

Where:

e TP = True Positives
e TN = True Negatives
e FP = False Positives
e N = False Negatives
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e Precision

Precision evaluates the proportion of correctly predicted positive observations among all
predicted positives. It is particularly important when the cost of false positives is high.

TP

p .. -
recision TP + FP

e Recall

Also referred to as sensitivity or the true positive rate, recall measures the proportion of
actual positive cases that were correctly identified by the model.

TP

Recall = TP+—F]V

e F1-Score

The F1-score is the harmonic mean of precision and recall. It is a balanced metric that is
especially useful when a trade-off between precision and recall is necessary.

Precision X Recall

F1-S =2 X
core Precision + Recall

Model Accu- Preci- Recall | Fl-score
racy sion

GPT-3.5-turbo | 30.2% 95.2% 20.6% | 33.9%
Google Bard 40.4% 94.4% 35.1% | 51.1%

Table 3.1: Performance of zero-shot GPT-3.5-turbo and Google Bard against MTurk annotations for subjectivity bias
in UoL-NA data

Based on Table 3.1 the results indicate that Google Bard outperformed GPT-3.5-turbo in
terms of accuracy, recall, and Fl-score. This suggests that Google Bard was slightly better
at identifying bias in university news articles. However, GPT-3.5-turbo exhibited a higher
precision, meaning that when it identified bias, it was more likely to be correct than
Google Bard.

Despite these differences, both models showed low recall values, meaning they frequently
failed to detect biased articles. This limitation suggests that while LLLMs can be useful in
confirming bias when detected, they are not yet reliable for comprehensive bias annota-
tion tasks, particularly in domain-specific contexts like higher education news.
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3.5.3 Annotation Process for Sentiment Analysis in UoL-NA

For sentiment classification, MTurk was used to manually annotate 46 entries in UoL-
NA. Annotators were instructed to classify each article as positive, negative, or neutral,
with a specific focus on the sentiment directed towards the individual mentioned in the
article. The compensation rate and annotator region remained the same as in the previ-
ous bias annotation task. To ensure reliability, each article was annotated by three inde-
pendent annotators, and inter-annotator agreement was calculated to assess the con-
sistency of sentiment classifications.

To enhance accuracy and consistency, annotators were provided with detailed instruc-
tions along with examples illustrating different sentiment classifications. A positive senti-
ment typically highlighted achievements or recognitions (e.g., “Dr. XX was awarded the
prestigious research grant”), while a negative sentiment often involved controversies or
criticism (e.g., “Dr. XX’s controversial statement sparked criticism”). Neutral senti-
ment was assigned to factual statements without emotional tone or evaluative lan-
guage (e.g., “Professor XX presented his findings.”). This guidance helped ensure
that sentiment classification was aligned with the study’s focus on gender and ethnic bi-
ases analysis, particularly in understanding how individuals are framed within university
news articles.

Of the total randomly selected sample, the annotators classified 4 items as neutral, 19 as
positive, and 23 as negative.

3.5.3.1 Inter-Annotator Agreement and Reliability for Sentiment Analysis in
UoL-NA

Two key metrics were used to evaluate agreement: percentage agreement and Cohen’s
Kappa scores. For sentiment classification, the level of agreement among annotators was
even lower, indicating that identifying sentiment in UoL-NA was highly subjective.
The percentage agreement was 38.9%, meaning that in the majority of cases, annotators
assigned different sentiment labels to the same article. This was further reflected in
the Cohen’s Kappa scores, which remained low across all annotator pairs. Annotator 1 &
Annotator 2 showed almost no agreement (0.020), Annotator 1 & Annotator 3 achieved
a fair level of agreement (0.263), and Annotator 2 & Annotator 3 had only slight agree-
ment (0.080).

These results suggest that sentiment annotation was more challenging than bias classifi-
cation, likely due to differences in how annotators perceived emotional tone and framing.
Unlike mainstream news, where sentiment is often explicit, university news articles tend
to use neutral and professional language, making it difficult to determine whether the tone
is purely factual, subtly positive, or subtly negative. Additionally, sentiment in university
news may not always be directed at an individual but rather at the institution, a research
breakthrough, or a policy change, further complicating classification.
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3.6 OER-H Bias Annotation Framework

Learning from the challenges encountered in the UoL.-NA annotation process, a compre-
hensive annotation framework was developed specifically for OER-H that incorporated
several methodological improvements designed to enhance annotation quality and con-
sistency.

The framework addressed the platform limitations observed in the UoL-NA by utilising
Prolific ' for OER-H annotation. Research demonstrates that advanced platforms with
ex-ante vetting controls significantly outperform general crowdsourcing platforms on
quality measures (Palan and Schitter, 2018). Unlike the UoL-NA which relied on MTurk’s
general workforce, the OER-H framework required annotators with specific educational
qualifications.

The enhanced recruitment strategy implemented stringent selection criteria such as anno-
tators had backgrounds aligned with the domain and cultural context of the educational
content. This approach follows established research indicating that annotation quality sig-
nificantly improves when annotator expertise matches task requirements (Poesio and
Artstein, 2005).

Another critical improvement was the adoption of a three bias classification labels (‘Bias’,
‘Not Bias’, ‘Potential Bias’) rather than the binary approach used for UoL-NA. This meth-
odological advancement addressed the inherent ambiguity in educational bias detection,
where content may exhibit subtle or context-dependent bias that defies binary classifica-

tion.

The ‘Potential Bias’ category serves a crucial function in educational content analysis, cap-
turing instances where bias exists but requires additional context for definitive classifica-
tion (Aroyo and Welty, 2015). Research in annotation theory emphasises that acknowl-
edgment of ambiguity through graduated classification schemes improves annotation re-
liability and reduces artificially inflated agreement scores (Plank, 2022). This approach
recognises that educational bias often manifests through nuanced representational pat-
terns rather than explicit discriminatory language.

Moreover, this framework implemented a systematic, multi-stage guideline development
process designed to address the annotation inconsistencies observed in the news articles
study. Following established annotation best practices (Pustejovsky and Stubbs, 2012),
the development process comprised iterative cycles of guideline creation, pilot annotation,
disagreement analysis, and guideline refinement.

The iterative approach began with initial guideline drafts based on bias detection litera-
ture, followed by pilot annotation sessions with small subsets of educational materials.
Annotator disagreements were systematically analysed to identify unclear instructions or

®https://www.prolific.com
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ambiguous category boundaries. Research indicates that iterative refinement significantly
improves both annotation quality and inter-annotator agreement (Fort et al., 2011).
Guidelines were progressively refined through multiple rounds until achieving stable an-
notation patterns and adequate agreement thresholds.

One of the key innovations was the mandatory requirement for annotators to provide
detailed justifications for all classification decisions. This approach addresses research
findings that requiring explanations significantly improves annotation quality by forcing
annotators to engage more carefully with the content (Pavlick and Kwiatkowski, 2019).
The justification requirement served multiple purposes: enhancing annotator attention
and engagement, providing transparency in decision-making processes, enabling quality
assessment beyond simple label agreement, and creating rich explanatory data for model
training. Research demonstrates that explanation requirements reduce careless annotation
and improve overall data quality (Hsueh et al., 2009).

The framework leveraged Prolific’s advanced quality control features, including the ability
to return incomplete or inadequate annotations to workers for revision. This capability
addresses a significant limitation observed in the news articles study, where annotations
could not be efficiently corrected. The revision mechanism operated through systematic
quality checks, clear feedback on annotation deficiencies, opportunity for annotators to
revise and resubmit work, and rejection protocols for annotations not meeting quality
standards. This approach aligns with research showing that feedback loops and revision
opportunities significantly improve annotation quality in complex tasks (He et al., 2023).

Lastly, a key addition to this framework was the incorporation of Al-assisted annotation
capabilities, creating a hybrid human-AI annotation system that leveraged the strengths
of both approaches. The Al annotation component utilised LLMs to provide preliminary
bias assessments and highlight potentially problematic content segments for human re-
view, with the Al system serving as a first-pass filter that identified clear cases of bias or
non-bias while flagging ambiguous instances for detailed human evaluation. This integra-
tion addressed several limitations observed in purely human-based annotation processes
while maintaining the nuanced judgment capabilities essential for educational bias detec-
tion, and research demonstrates that AI-human collaboration in annotation tasks can sig-
nificantly improve both efficiency and consistency while reducing annotator fatigue (Park,
J.K. et al., 2024).

3.6.1 Initial Annotation Using GPT-40

The initial annotation of OER-H with 290 entries was performed using OpenAI’s GPT-
40", a state-of-the-art LLLM. The aim was to automate the initial bias detection process to
streamline human validation. Each text segment underwent an initial classification for
bias, where the model assigned one of three possible bias decisions: ‘Bias’, ‘Not Bias’, or

https://openai.com/index/hello-gpt-40/
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‘Potential Bias’. The classification as ‘Bias’ indicated that the text clearly contained ele-
ments of stereotyping, misrepresentation, or biased language. A ‘Not Bias’ decision signi-
fied that the text was deemed neutral, with no discernible bias. In cases where bias was
less explicit but might be inferred depending on the context or reader’s perspective, the
text was marked as ‘Potential Bias’, suggesting that a deeper analysis would be necessary
to confirm the presence of bias.

For text segments marked as ‘Bias’ or ‘Potential Bias’, GPT-40 further categorised the
bias into three specific types: ‘Stereotype’, ‘Representation’ and ‘Linguistic’. Stereotype
bias referred to the generalisation of roles or attributes based on gender, ethnicity, or
social class. Representation bias identified instances where certain groups were un-
derrepresented or portrayed in a limited, stereotypical manner. Linguistic bias focused on
the use of language that either favoured one group over others or conveyed an inherently
biased tone. One or more of these categories were applied to each ‘Bias’ or ‘Potential Bias’
segment. Additionally, specific keywords or phrases contributing to the decision were
highlighted, and a brief justification was provided to explain the reasoning behind the
annotation, ensuring transparency in the model’s decision-making process, regardless of
the bias decisions. Using GPT-4o0 for the initial annotation allowed for the efficient pro-
cessing of the dataset while providing a structured foundation for human validation in the
subsequent stages. The annotation was conducted using the following prompt:

“Prompt: You are a bias-detection expert reviewing higher ed-
ucational materials. Your task is to analyse the given text and
determine:

Bias Decision: Classify the text as one of the following:

Bias: The text clearly contains elements of stereotyping, misrep-
resentation, or biased language. Not Bias: The text is neutral,
with no discernible bias. Potential Bias: The bias is less explicit
but might be inferred depending on context or reader percep-
tion, requiring deeper analysis. If biased, categorise it under one
or more of the following categories: Stereotype: Generalising
roles, attributes, or behaviours to a specific gender, ethnic
group, or social class. Representation: Under-representation or
limited portrayals of certain genders, ethnicities, or social
groups, leading to exclusion or marginalisation. Linguistic: Use
of language that favours or promotes one group over others, or
a tone that reflects implicit bias. Highlight specific biased words
or phrases found in the text. Provide a clear explanation sup-
porting your classification”.
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3.6.2 Human Annotation using Prolific

As previously mentioned, the full OER-H data of 290 instances was initially annotated
using GPT-4.0 to generate preliminary bias classifications. Of these, 140 instances were
subsequently re-annotated and validated by human annotators. To ensure the accuracy
and reliability of the bias annotations, a human validation phase was conducted using
Prolific, a platform known for its high-quality participant selection. The selection criteria
for annotators were carefully designed to ensure domain expertise and familiarity with the
societal and cultural contexts relevant to the texts under review. All annotators were native
English speakers and held degrees in Arts and Humanities, Education, Social Sciences, or
History, providing them with the necessary academic background to critically assess bias.
Additionally, annotators were based in the UK or the US to align with the cultural context
of the educational materials being reviewed.

The annotation task was divided into phases to ensure that the instructions were clear and
that annotators followed them correctly. In the first phase, three annotators were selected:
a 53-year-old male with a Social Sciences degree from the UK of White ethnicity, a 26-
year-old male with a Social Sciences degree from the UK of Asian ethnicity, and a 55-
year-old male with an Arts and Humanities degree from the UK of White ethnicity. After
this initial round, the selection criteria were revised to incorporate a more diverse group
of annotators, broadening the range of perspectives. Subsequent annotation rounds
placed greater emphasis on diversity in gender and ethnicity while maintaining the require-
ment for native English proficiency due to the language of the data. Examples of anno-
tators in later phases included a 30-year-old male with a Social Sciences degree from the
UK of Asian (Pakistani) ethnicity, a 20-year-old female with a Social Sciences degree from
the USA of African (Nigerian) ethnicity, and a 46-year-old female with an Arts and Hu-
manities degree from the UK of African (Ghanaian) ethnicity. This iterative approach
ensured a balance between domain expertise, cultural context, and diversity in perspec-
tives, allowing for a more comprehensive validation of the bias annotations.

To maintain consistency and reliability, annotators followed detailed annotation instruc-
tions, which outlined the bias classification process, justification requirements, and exam-
ples of well-formed and pootly justified annotations. The annotation guidelines and ex-
amples were provided to all annotators. Annotators’ consent was obtained, and they were
provided with full instructions, including details on the use of the data they annotated.
Before participation, annotators were presented with the following statement: “By partic-
ipating in this study and completing you agree that your responses and any provided data
may be used as part of a research study. The data may be included in academic publica-
tions, presentations, or reports. You have the option to decline by exiting the study at any
time. Do you consent to participate and allow your responses to be used for research

purposes?”

To assess the consistency of human annotations, inter-annotator agreement was measured
using both percentage agreement and Cohen’s Kappa Scores. The percentage agreement,
which reflects the proportion of cases where all three annotators provided the same
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classification, was 45.71%, indicating that less than half of the annotated instances had
full agreement. This suggests a level of subjectivity in bias classification, where different
annotators may have interpreted the criteria differently. To further quantify agreement
beyond chance, Cohen’s Kappa Scores were calculated for each pair of annotators. The
agreement between Annotator 1 and Annotator 2 resulted in a Kappa score of 0.35, sug-
gesting fair agreement, while the score between Annotator 1 and Annotator 3 was higher
at 0.52, indicating moderate agreement. The agreement between Annotator 2 and Anno-
tator 3 was 0.39, also falling within the fair range. These results highlight the challenge of
maintaining consistency in bias classification, particularly in complex domains such as
history content, where interpretations of bias can be nuanced and context dependent.

Following the annotation process, an analysis of the inter-annotator agreement labels re-
vealed an imbalance in the distribution of bias classifications. ‘Not Bias’ was the most
frequently assigned label with 59 instances, followed by ‘Potential Bias’ with 45 instances,
while ‘Bias’ was the least assigned category with only 36 instances. This imbalance sug-
gested a tendency among annotators to exercise caution in definitively labelling a text as
biased, often opting for a potential bias classification when uncertainty was present. To
ensure a more balanced dataset for model training and evaluation, we addressed this issue
by selecting an equal number of instances from each class. Specifically, we sampled 36
instances of each class, creating a balanced training and evaluation set of 108 human-
annotated instances. This approach ensured that the model was trained on an equal rep-
resentation of each bias category, preventing any skewed learning patterns that could arise
from class imbalances and improving the model’s ability to generalise across different bias
classifications. Moreover, a confidence score was assigned based on annotator agreement.

The confidence scores were calculated based on the level of agreement amongst annota-
tors. For each text segment, we measured the proportion of annotators who agreed with
the initial decision (Bias, Not Bias, or Potential Bias). The majority of segments were re-
viewed by three annotators, although in some cases a fourth annotator was included to
provide an additional perspective.

Confidence was defined as follows:

e High confidence (100%; 4/4 or 3/3 agreement): all annotators agreed with the
bias decision.

e Moderate confidence (75% ot 66.67%; 3/4 or 2/3 agreement): one annotator dis-
agreed with the majority.

e Low confidence (50%; 2/4 agreement): annotators wete evenly split.

3.6.3 Reliability and Independent Human Evaluation of LLM Annotations

Given that the annotators were reviewing and re-annotating I.LLM-generated annotations,
a specific protocol was used to ensure that they engaged critically with each text segment
rather than merely confirming automated outputs. This section sets out detailed evidence
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that annotators applied independent judgement and thorough analytical reasoning
throughout the task.

First, annotators were provided with detailed task instructions that explicitly prohibited
the use of Al tools and underscored the requirement for manual, critical analysis. The
instructions stated clearly that “this task must be completed manually without using any
form of Al tools” and further specified that annotators who felt unable to complete the
task accurately should exit rather than submit uncertain or incomplete responses. This
functioned as a filtering mechanism, helping to ensure that only annotators confident in
their ability to provide independent and well-reasoned judgements took part in the study.
Crucially, the instructions also ruled out vague responses such as “I agree with the anno-
tation” and required that justifications “reference specific parts of the text, focusing on
the reasoning behind your decision”. This meant that annotators were not able merely to
endorse the initial annotations, but instead had to articulate a clear, evidence-based ra-
tionale for each decision.

Second, the annotator justifications provide strong evidence of genuine critical engage-
ment rather than routine agreement with LLM outputs. Analysis of the 440 justification
comments associated with the 140 annotated text segments, produced mainly by three
annotators, with a fourth annotator involved in 20 cases, shows substantial variation in
annotator reasoning. A recount indicates that 83 segments (59.3%) contain at least one
explicit marker of challenge, contrast, qualification or disagreement in the annotators’ jus-
tifications. These cases do not consist only of direct rejection of the original label. In many
instances, annotators broadly accepted the initial bias decision but qualified it by using
terms such as however, but or although, offering alternative reasoning, disputing the pro-
posed bias category, or arguing that the justification overstated the evidence. In other
cases, annotators explicitly disagreed with the decision or challenged the assumptions un-
derlying the interpretation of the text. Across all 440 comments, explicit agreement mark-
ers appear in 82 comments (18.6%), whereas explicit disagreement markers appear in 30
comments (6.8%).

Taken together, these patterns show that annotators were not merely endorsing prior
classifications. Rather, they were engaging critically with both the label and the reasoning
behind it, often refining, narrowing or reframing the interpretation even where they did
not wholly reject it. The examples below further illustrate the depth and independence of
annotator analysis.

Example 1: Disagreement on bias classification and historical context

For a text segment containing the term “negroes” in a historical context, annotators pro-
vided markedly different assessments:

Annotator 1: “The identification of “negroes” is correct; however, this is ‘representation’
and ‘linguistic’ bias. It is not correct that this is ‘stereotyping’ because there is no general-
ising taking place in the text.”
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Annotator 2: “I do not agree that this is bias as historical language should not be cor-
rected to suit today’s language.”

This example shows that annotators did not simply accept the initial classification. Anno-
tator 1 accepted that the passage raised a concern but challenged the specific bias category
and supplied an alternative categorisation grounded in textual analysis. Annotator 2 went
further by questioning the broader premise that historical language should be evaluated
according to contemporary linguistic norms. The disagreement therefore operated at two
levels: the classification itself and the methodological framework underpinning the judge-

ment.
Example 2: Disagreement on contextual omission
A text segment focusing on voting rights for white males elicited divergent responses:

Annotator 1: “I would change the decision to ‘potential bias’ as it is extremely likely that
other sections of the scheme of work would focus on disenfranchised groups.”

Annotator 2: “The text is very clear in direction and focuses on white males; there is no
need to expand this to other people who did not have the right to vote, as this is not what
the text asks for. Excluding a certain group of people from a task does not create bias.”

Annotator 1 did not dismiss the concern entirely but argued that the classification should
be moderated in light of the wider educational context. Annotator 2, by contrast, rejected
the premise that selective historical focus necessarily constitutes bias. This illustrates a
recurring pattern in the dataset: annotators often agreed that a passage required scrutiny,
but differed over the severity, basis or contextual interpretation of the bias judgement.

Example 3: LLM’s justification critique

Annotators frequently challenged not only the bias classifications but also the quality and
logic of the justifications themselves. The following examples, drawn from different seg-
ments, illustrate this pattern:

Annotator: “The justification reads as the opinion of the writer rather than fact. The
information is factual and therefore cannot be bias.”

Annotator: “I feel the justification is written as opinion rather than fact. The original text
states exactly what happened.”

These comments show that annotators were assessing the evidential quality of the rea-
soning, not merely the decision outcome. In particular, they distinguished between factual
description and evaluative interpretation and questioned whether some justifications re-
lied too heavily on subjective opinion. Such comments provide strong evidence of active
analytical engagement with the annotation process itself.
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Example 4: Nuanced Disagreement on Language in a Slavery-Era Text

For a historical text containing references to slavery, one annotator provided particularly
nuanced analysis:

Annotator: “The phrasing of the justification given is obscure. There is a slight sugges-
tion of bias in the fact the narrator suggests they bought a ‘negro’ solely as a favour, but
still seem to regard the person as an asset by whose decision to leave they could incur a
loss. Without other clearer material about the narrator’s attitude to slavery, this bias seems
only potential.”

This justification demonstrates several layers of critical reasoning. First, the annotator
critiques the original justification as insufficiently clear. Secondly, they identify a subtle
bias cue not fully captured in the original explanation. Thirdly, they qualify the judgement
by arguing that the evidence supports only potential bias rather than a definitive classifi-
cation. Finally, they recognise that the interpretation depends on contextual information
not available in the segment itself. This level of careful qualification is inconsistent with
passive verification and instead reflects thoughtful manual judgement.

Example 5: Disagreement on historical description, representation and factual
framing

For a segment describing “peace between the whites and the Sioux”, annotators again
differed in whether the wording should be treated as neutral description or as a potentially
biased framing:

Annotator 1: “A fine decision, but in general, educational resources should avoid using
such terminology as ‘the whites’ or ‘the blacks’ in favour of more nuanced details.”

Annotator 2: “There is limiting portrayals of genders, ethnicities, or social groups in the
text segment because it does not provide the full context of the power imbalance. This
means there is some potential bias because it is not clear that the white people had much
more power and force to meet their demands. Due to the limiting portrayals, there is a
representation issue in the text segment.”

Annotator 3: “I feel the justification is written as opinion rather than fact. The original
text states exactly what happened.”

Annotator 4: “The phrase ‘peace between the whites and the Sioux’ oversimplifies the
complex and often coercive nature of treaty negotiations.”

This case further illustrates the subjective and interpretative character of the task. Anno-
tator 1 accepted the general decision but refined the reasoning towards pedagogical lan-
guage choice. Annotator 2 argued that omission of the power imbalance created a repre-
sentation problem. Annotator 3 challenged the justification as overly opinion-based,
whilst Annotator 4 argued that the wording itself obscured coercion by presenting the
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event as neutral peace-making. The disagreement therefore concerned not only whether
bias was present, but also whether bias arose through terminology, omission or interpre-
tative overreach.

Overall, the evidence presented in this section demonstrates that the annotation process
involved substantive manual labour, independent judgement and critical analytical engage-
ment. Annotators did not simply verify LLM outputs; rather, they provided detailed, rea-
soned justifications that frequently qualified, challenged, refined or reinterpreted the orig-
inal annotations and their supporting rationales. The diversity of perspectives, the sophis-
tication of the reasoning and the recurring patterns of disagreement all indicate that the
annotations reflect genuine human judgement about the complex and subjective phenom-
enon of bias in educational texts. At the same time, this analysis should be understood as
evidence that annotators carried out the task in the manner requested, using their own
judgement and expertise. It does not imply that bias annotation is free from subjectivity,
nor that the resulting labels constitute unquestionable ground truth. Rather, the annota-
tions should be understood as informed human judgements within an inherently inter-
pretative task. As Example five illustrates, this subjectivity can arise even when annotators
engage carefully with the same passage, as different readers may reasonably weigh histor-
ical context, wording and implied meaning in different ways.

3.6.4 GPT-40 Annotations Versus Human Annotations

A comparative analysis between the annotations generated by GPT-40 and those validated
by human annotators revealed several important insights. Overall, GPT-40 demonstrated
an 81.43% agreement with human annotators, suggesting strong alignment in many cases.
The model’s classifications were more evenly distributed across ‘Bias’, ‘Potential Bias” and
‘Not Bias’, whereas human annotators leaned more towards classifying text as ‘Not Bias’,
followed by ‘Potential Bias’ and ‘Bias’. This difference suggests that GPT-40 was more likely
to flag bias compared to human annotators, who exercised more caution and tended to
classify texts as neutral. For bias categories GPT-40 annotated 47 instances of Stereotype,
while the human annotation found 44. For Representation, GPT-40 identified 97 cases
compared to the human’s 83, and for Linguistic GPT-40 marked 80 instances, whereas the
human annotation recorded 78. Overall, GPT-40 consistently showed slightly higher counts
across all bias types.

One possible explanation for this discrepancy is that GPT-40 may be overly sensitive to bias
indicators, flagging text as biased even in cases where human annotators did not perceive it
as such. Human annotators, being more aware of the broader context and intent behind
the text, were often more discerning in their classifications. They were able to account for
nuances that the model struggled with, particularly in cases where bias was subtle or de-
pendent on historical, social, or linguistic context. In contrast, GPT-40’s heightened sensi-
tivity may have led to an over-identification of bias, potentially classifying neutral or con-
textually justified statements as biased.
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The confidence score, which was assigned based on annotator agreement, provided a quan-
titative measure of annotation reliability, helping to distinguish between cases where bias
classification was straightforward and cases where it was more ambiguous. Segments with
higher confidence scores (e.g., 90%) indicated strong agreement among human annotators,
suggesting that these instances were less subjective and easier to classify. GPT-40 tended to
align more closely with these high-confidence annotations, reinforcing its effectiveness in
identifying explicit biases. However, for text segments with lower confidence scores (e.g,
50% or below), where annotators disagreed on the classification, GPT-40 also showed poor
justification for the classification. These lower-confidence cases often involved subtle biases,
implicit associations, or complex historical and cultural references, where contextual inter-
pretation played a crucial role in classification.

Additionally, the requirement for human annotators to provide justifications for their clas-
sifications, whether they agreed with the model or not, proved instrumental in refining the
dataset and improving transparency. These justifications, combined with confidence scores,
helped uncover cases where bias detection was subjective or where additional context was
necessary to make an informed decision. The findings highlight the strengths and limita-
tions of GPT-4o in bias detection, demonstrating that while it aligns well with human judg-
ment in many cases, its tendency toward over-sensitivity underscores the importance of
human expertise in interpreting and contextualising bias. The confidence score played a key
role in evaluating annotation reliability, ensuring that the dataset remained transparent and
well-balanced for model training and evaluation.

3.7 Methodological Limitations and Ethical Considerations

Several methodological limitations and ethical considerations warrant acknowledgement:

3.7.1 Reading Lists Annotation

The manual demographic annotation of reading lists introduces potential classification bi-
ases, particularly in the treatment of ethnicity. Categorising authors into broad ethnic groups
risks oversimplifying complex cultural identities and can obscure intersectional factors such
as mixed heritage, migration history, or self-identification. Moreover, such classifications
often rely on external assumptions based on names or biographical information, which may
not accurately reflect an author’ lived experience or chosen identity. This can lead to mis-
representation, reinforcing rigid or reductive categories and potentially introducing systemic
bias into downstream analyses.
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3.7.2 UoL-NA Annotation Framework Ethical Considerations

3.7.2.1 MTurk Annotation

One of the main methodological limitations of this annotation framework was the inter-
annotator agreement reliability. On one hand, the low inter-annotator agreement in bias
classification suggests that annotators may have interpreted the guidelines differently or
applied subjective judgments inconsistently. Some bias indicators, such as who is featured
in an article or how their achievements are framed, require contextual understanding that
varies between individuals. This discrepancy highlights the need for more refined anno-
tation guidelines, enhanced training sessions, and potentially a consensus-based labelling

strategy to improve the consistency of human annotations.

On the other hand, the reliability of annotations obtained through MTurk has been a sub-
ject of debate, particularly for tasks requiring nuanced understanding, such as bias and
sentiment analysis in academic texts. Several studies have highlighted concerns regarding
the quality and consistency of MTurk annotations in such contexts. One significant issue
is the variability in annotator performance. Research indicates that while MTurk can pro-
vide quick and cost-effective data, the quality of annotations can be inconsistent, espe-
cially for complex tasks that demand a deep understanding of context and subtlety. For
instance, studies have found that MTurk workers may not consistently produce high-qual-
ity data for tasks involving subjective judgment or specialised knowledge (Keith et al.,
2017).

Another concern is the potential for deceptive responses due to financial motivations.
The compensation structure on MTurk might incentivise workers to complete tasks rap-
idly rather than accurately, leading to superficial or inattentive annotations. This tendency
is particularly problematic in domains like academic media, where detecting subtle bi-
ases requires careful and thoughtful analysis (Fort et al., 2011). Furthermore, the assump-
tion that MTurk’s ‘Master’ workers, those with higher approval ratings, would provide
superior data quality has been challenged. Empirical evidence suggests that requir-
ing Master qualifications does not necessarily result in more reliable annotations for tasks
assessing personality and cognitive abilities. This finding implies that even experienced
MTurk workers may struggle with tasks that require nuanced understanding, such as iden-
tifying subtle biases in text (Rouse, 2019).

In the context of this study, which focuses on detecting subtle gender and ethnic biases
in university news articles, the limitations of MTurk annotations become particularly pro-
nounced. The low inter-annotator agreement observed suggests that MTurk workers
may lack the necessary contextual knowledge and sensitivity to consistently identify nu-
anced biases in academic content. This unreliability raises concerns about the dependabil-
ity of MTurk for annotating complex, context-dependent tasks in specialised domains.
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3.7.2.2 Zero-shot LLMs Annotation

LLM-based annotations face several challenges that impact their reliability and con-
sistency. One key issue is the variability in predictions across different prompts. In some
instances, GPT-3.5-turbo has even produced two different responses simultaneously,
prompting the user to choose between them. This approach, which serves as a feedback
test for a random subset of users, highlights the inconsistency in the model’s outputs and
raises concerns about its reliability in sensitive applications like bias detection.

Another significant challenge is the limited domain-specific understanding of these mod-
els, particularly in academic contexts. University news articles often contain specialised
terminology and nuanced expressions that may not be well-represented in the general
training data of these LLLMs. As a result, the models can struggle to accurately identify
subtle forms of bias or correctly interpret the tone of the content, further compromising
the quality of automated annotations.

3.7.3 OER-H Annotation Framework Ethical Considerations

3.7.3.1 Consistency and Fairness in LLMs

The use of LLMs for annotating bias in educational content raises several ethical con-
cerns, particularly around the consistency and fairness of these models’ classifications.
While LLLMs are invaluable for automating large-scale tasks, their tendency to misclassify
or inconsistently label sensitive content presents significant ethical challenges especially
when dealing with nuanced topics like bias.

One of the most significant ethical issues observed in this study was the inconsistency in
GPT-40’s classification of bias. In some instances, the model revised its own classification
when asked to re-evaluate the same text segment, indicating a lack of reliability. For ex-
ample, GPT-4o initially classified the phrase “I purchased my wife Meg” as ‘Not Bias’,
justifying it as a familial description. However, when prompted to reevaluate, GPT-40
corrected its decision to ‘Bias’, recognising the dehumanising nature of the language,
which reduces an individual to property and reflects harmful stereotypes tied to slavery.
This shift in classification illustrates the model’s uncertainty and inconsistency in recog-
nising complex biases, especially those embedded in historical or societal contexts.

Similarly, in another instance, a segment discussing the “expulsion of African Americans”
from a community was initially labelled as ‘Not Bias’, as GPT-4o failed to identify the
racial discrimination implied in the phrase. Upon re-analysis, the model correctly reclassi-
fied the text as ‘Bias’, acknowledging the offensive nature of the language and its historical
significance. These examples raise concerns about the model’s reliability in consistently
detecting bias, as its decisions fluctuate depending on the context or upon repeated eval-
uation. Such inconsistencies are ethically problematic, especially when the model is used
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in sensitive applications like educational content annotation, where fairness and precision
are paramount.

Another challenge encountered was the issue of double classification, where GPT-40
would assign multiple conflicting labels to a single text segment. In one case, the model
simultaneously labelled a segment as both ‘Bias’ and ‘Potential Bias’, leaving the user to
decide which classification to adopt. This not only dilutes the precision of the annotation
but also blurs the line between distinct types of bias. The model’s difficulty in distinguish-
ing between intertwined biases can lead to over-generalisation, misrepresenting the actual
nature of the bias in question. This raises further ethical concerns about the accuracy and
transparency of automated bias detection, as such ambiguity could lead to misinterpreta-
tion or, worse, reinforce existing biases.

Despite these inconsistencies, GPT-40 demonstrated an overall accuracy of 81.43%,
aligning well with human judgment in cases of explicit bias, such as overt stereotyping or
discriminatory language. However, more nuanced cases such as implicit biases in repre-
sentation often presented challenges for the model. These fluctuating classifications high-
light the ethical importance of human oversight in the annotation process. In this study,
human annotators from Prolific were involved in reviewing and validating the model’s
annotations to ensure consistency and fairness. Human review serves as a critical safe-
guard, helping to address the model’s limitations and ensuring that subtle forms of bias
are not overlooked or misclassified. While LLLMs offer substantial benefits in automating
large-scale tasks like bias annotation, their occasional inconsistencies and double classifi-
cations underscore the need for a multi-step review process. Ensuring that annotations
are reviewed, validated, and reconsidered when inconsistencies arise is essential to main-
taining ethical integrity. LLLMs are powerful tools, but they are not infallible, and without
human oversight, they risk reinforcing biases or failing to detect subtle discriminatory
patterns.

3.7.3.2 Human Annotator Perspectives

While human annotators play a critical role in ensuring accurate data annotations, they are
notimmune to personal bias. Individual interpretations of language, social issues, and evolv-
ing societal norms can often reflect personal beliefs and experiences, which may influence
the annotation process. This is particularly important in sensitive topics like bias detection,
where subjective judgment can lead to inconsistent outcomes, even though we chose a more
reliable annotation platform and selected annotators based on their educational back-
grounds, which are closely related to the themes in our data. For instance, in our study, a
segment was flagged by GPT-40 as ‘Bias’ due to its use of gendered language:

“Each small group will then help its speaker to develop his or
her argument. During the following class session, give the prin-
cipal speaker for each side an allotted amount of time to make
his or her speech”.
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The phrase “his or her” was identified as reflecting a binary understanding of gender, po-
tentially excluding non-binary individuals. When the segment was reviewed by human an-
notators, most agreed that this language was exclusionary and recommended a more inclu-
sive alternative. However, one annotator expressed a differing opinion, which reflected per-
sonal beliefs rooted in a traditional, binary view of gender:

Annotator 1: “The phrase ‘his or her’ reflects a binary understanding of gender, which may
exclude non-binary individuals.” (Agreed with GPT-40’s decision).

Annotator 2: “The use of ‘his or her’ favours or promotes non-transgender persons. It is
biased under ‘linguistic’. “Their’ would be a more inclusive alternative.” (Agreed with GPT-
40’s decision).

Annotator 3: “Gender is binary. Someone who identifies as non-binary is still either male
or female.” (Disagreed with GPT-40’s decision and annotated this as ‘Not Bias’).

While two annotators recognised the exclusionary nature of the phrase, Annotator 3% re-
sponse reflected a personal bias rooted in traditional, binary views of gender. This highlights
the challenge of human subjectivity, even when working with annotators selected for their
expertise. Despite the shared academic background, differences in personal beliefs influ-
enced their interpretations, underscoring the ethical complexities involved in human-led
annotations.

Another issue arose in another segment flagged for potential bias by GPT-40. The following
text was part of an educational resource discussing Malcolm X’s views and the Nation of
Islam’s beliefs:

“Why does Malcolm X call white people ‘devils’? Why does the
Nation of Islam support a racially segregated American society?
What solution does Malcolm X propose and how would this
provide what blacks most need? How does Malcolm X defend
the Nation of Islam from the criticism that they preach black

supremacy and violence?”

GPT-4o flagged this segment as ‘Potential Bias’, noting that the phrasing of the questions
could introduce bias or oversimplify complex ideas, potentially shaping how students pet-
ceive Malcolm X and the Nation of Islam. The question “Why does Malcolm X call white
people ‘devils’?” was highlighted for focusing on one of the most controversial aspects of
Malcolm X’s rhetoric, which may reinforce negative stereotypes without offering the neces-
sary context. Similarly, the question “Why does the Nation of Islam support a racially seg-
regated American society?” could be perceived as presenting the Nation of Islam’s beliefs
in a negative light without exploring the historical reasons behind their stance.

The annotators’ responses varied significantly:
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Annotator 1: “The text focuses on selected soundbites and not the overall text and deeper
detail issued by Malcolm X.” (Agreed with GPT-40’ decision as ‘Potential Bias’).

Annotator 2: “I feel the justification is trying too hard to protect a certain image of Mal-
colm X. The fact remains that he said certain things that are perceived a certain way, and I
don’t feel it necessary to explain that to today’s audience.” (Disagreed with GPT-40’s deci-
sion and annotated this as ‘Not Bias’).

Annotator 3: “These are leading questions and would lead to misrepresentation and bias
on the views of Malcolm X. The questions suggest that Malcolm X is a bad character by
posing these questions without prior and additional context.” (Disagreed with GPT-40’s
decision and annotated this as ‘Bias’).

Once again, the responses illustrate the subjective nature of bias detection, even among
annotators with expertise in the subject matter. While some identified bias in the leading
nature of the questions, others believed that the broader educational context provided suf-
ficient mitigation against potential misrepresentation. This highlights the inherent complex-
ities and challenges of relying on human annotators for bias evaluation, as individual per-
spectives, interpretive frameworks, and personal assumptions can significantly shape their

judgments.

To enhance the accuracy and reliability of our assessment while minimising the impact of
individual bias, we introduced a fourth annotator for additional evaluation. Annotator 4’s
response was as follows:

Annotator 4: “It’s clear that the text is part of a larger educational resource. It will be ex-
panded upon by further content that will deal with the terminology and historical context.”
(Disagreed with GPT-40’ decision and annotated as ‘Not Bias’).

By incorporating an additional annotator, the study aimed to minimise the influence of
individual subjectivity and achieve a more balanced and reliable consensus. This approach
ensured that the final annotations reflected a broader and more nuanced understanding of
bias, particulatly in cases where initial disagreements emerged. The inclusion of a fourth
annotator ultimately helped settle the classification, providing further validation of the de-
cision. However, this method was applied selectively, only in instances where annotations
varied significantly across different evaluators.

While human annotators play a crucial role in refining and validating automated bias detec-
tion systems, managing subjectivity requires careful selection of diverse perspectives and
structured oversight. These strategies are essential for maintaining fairness and consistency
in the annotation process, particularly in complex and interpretive areas such as bias identi-
fication. Despite these efforts, complete agreement was not always possible, as reflected by
only moderate inter-annotator agreement scores. This highlights the broader challenge of
operationalising bias detection, a process that presents difficulties not only for automated
models but also for human evaluators. Bias annotation is fundamentally shaped by
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individual and cultural perspectives, and absolute objectivity is rarely attainable. Whilst this
study sought to mitigate these issues through diverse annotator pools and structured guide-
lines, the limitations of subjectivity should be considered when interpreting both human
and model performance.

3.7.3.3 Confidence Scores Based on Annotator Agreement

Confidence scores were used to provide a consistent summary of the level of agreement
amongst annotators for each text segment. This approach offered a practical and trans-
parent way to represent variation in annotator agreement across the dataset, making it
possible to distinguish between cases that attracted strong consensus and those that re-
mained more contested.

At the same time, this method has important limitations. Confidence scores reduce nu-
anced interpretative disagreement to a numerical measure of agreement and therefore
cannot capture the full reasoning behind annotators’ decisions. In the context of bias
annotation, disagreement does not necessarily indicate error or poor-quality judgement;
in many cases, it reflects the inherently subjective, contextual, and contestable nature of
the task. Confidence scores should therefore not be interpreted as a direct measure of
objective correctness.

This limitation is particularly relevant when the dataset is used for model training. A model
trained on these scores may learn to over-weight majority judgements as though they
represent definitive truth, rather than recognising that some cases remain open to reason-
able disagreement. For this reason, the confidence score should be understood as a prag-
matic indicator of consensus rather than a claim to final or unquestionable ground truth.
Although imperfect, this approach provides a usable way to retain information about
agreement levels whilst acknowledging the interpretative complexity of bias annotation.

3.8 The Methodological Framework of the Upcoming Chapters

This research employs a deliberately progressive approach to methodological complexity,
beginning with foundational techniques and advancing towards sophisticated Al systems.
This strategy ensures robust validation at each stage whilst building towards comprehen-
sive bias detection capabilities suitable for real-world educational applications. The sub-
sequent chapters will extend this progression, continuing the investigation using the da-
tasets introduced in this chapter as follows:

Chapter 4: Foundation building with statistical and traditional NLP approaches (e.g., sen-
timent analysis) applied to UoL-NA. This foundational stage establishes baseline patterns
of institutional bias whilst validating fundamental detection approaches. Traditional meth-
ods including frequency analysis, lexicon-based classification, and sentiment analysis pro-
vide interpretable results that form the empirical foundation for subsequent methodolog-
ical advances.
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Chapter 5: The methodology expands to incorporate unsupervised learning, cross-cul-
tural validation on university module reading lists (i.e., AIMESRL and QSIERL) and in-
tersectional bias analysis (i.e., DSRL). Topic modelling and demographic analysis tech-
niques enable investigation of gender and ethnic representation patterns across different
cultural and institutional contexts. This stage validates methodological transferability
whilst introducing complexity through cross-cultural comparison and thematic analysis.

Chapters 6-7: Focusing on OER-H and UoL-DSPDS-LT, the research culminates in
advanced Al methodologies including fine-tuned LLM, RAG (Lewis, P. et al., 2020) and
hybrid systems. These sophisticated approaches address the limitations of earlier methods
whilst maintaining interpretability through hybrid architectures.

Chapter 8: Design, prototyping and testing of a web application as a practical validation
for OER-H. The final methodological stage transitions from research validation to prac-
tical tool through web applications. This implementation phase demonstrates the real-
wortld applicability of developed methods whilst providing validation of their effective-

ness in educational contexts.

3.9 Conclusion

This chapter established the foundation for investigating bias in higher education online
content. It introduced the conceptual framework for identifying various bias categories,
particularly those related to gender and ethnicity, and presented the selected data sources
alongside the frameworks used for bias annotation across these datasets. By combining
three distinct bias types with six complementary datasets spanning university news, read-
ing lists, and direct learning materials the research develops a comprehensive framework
for understanding how bias operates within the online higher educational ecosystem.

Furthermore, this chapter outlined the methodological framework that guides the subse-
quent chapters. The next chapter builds this foundation further by employing statistical
and NLP techniques, such as sentiment analysis, applied to the UoL-NA dataset.
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Chapter 4

4 Investigating Bias in University News Articles

4.1 Introduction

This chapter builds on the findings previously presented in (Bin Shiha et al., 2023; Bin
Shiha et al., 2024), which were published as part of an eatlier stage of this research. While
the structure and methodology remain largely consistent with the original papers, some
analyses have been revised, expanded or re-run due to an update in the dataset size. The
analysis in this chapter is based on a larger or more complete version of the dataset, which
has resulted in slight differences in the reported results compared to the original publica-
tion. Moreover, this chapter builds on the previous one, which introduced the dataset, by
applying a range of NLP methods to investigate bias within the UoL-NA data.

4.1.1 Context and Importance of University News Articles

In this chapter, we investigate gender bias within the domain of university news articles,
highlighting three primary forms of impact that such bias can have: ‘Linguistics’ ‘Stereo-
type’ and ‘Representation’ biases. Representational impact refers to the unequal represen-
tation and visibility given to individuals based on gender, which may lead to disparities in
opportunities for recognition and engagement within the academic community (Wagner
etal.,, 2015). Stereotype emerges through the stereotypical portrayal of genders, potentially
reinforcing outdated norms and overlooking the diversity and complexity of gender iden-
tities. This bias not only perpetuates gender stereotypes but also systematically disad-
vantages female and non-binary individuals by limiting their representation in positive,
authoritative, or diverse roles within academic news content (Moss-Racusin et al., 2012).
Linguistic bias refers to the subtle ways in which reporting through word choice, phrasing,
and overall stylistic tone can systematically favour one gender over another in university
news coverage. This includes disproportionate use of emotionally loaded adjectives, dif-
ferential framing of competence or authority, emphasis on personal roles (e.g., ‘mother’
vs. ‘scientist’), or shifts in formality depending on gender. Such bias can shape how readers
perceive individuals undermining their professional credibility, reinforcing stereotypes,
and shaping institutional culture. This work is motivated by the belief that addressing
these biases can lead to more inclusive and equitable representations in university news,
thereby challenging and shifting the deep-rooted stereotypes that persist in society.

University news articles serve a dual role: they function as internal communications for

staff and students while also influencing external perceptions of the institution. Covering
topics such as faculty achievements, research breakthroughs, student initiatives, and policy
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changes, these articles contribute to shaping the university’s identity. Universities often
present themselves as neutral and authoritative sources of knowledge, creating the per-
ception that their news coverage is objective and unbiased (Hartley, M. and Morphew,
2008). However, this neutrality is not absolute; academic media, like all forms of institu-
tional discourse, is shaped by power structures that determine which voices and perspec-
tives receive prominence. As Rathbun and Turner (2012) argue, academic development
practices and resources reflect dynamics of power, control, and authority, challenging the
assumption that academic texts and by extension, university news can be truly neutral.
Bias in university-affiliated media can take multiple forms, including gender representa-
tion bias (e.g., disparities in coverage of male and female academics) and linguistic
bias (e.g., gendered framing of achievements). Unlike mainstream media, which operates
under commercial pressures and editorial independence, university news is typically man-
aged by internal communications teams that prioritise institutional branding and stake-
holder interests (Zerfass et al.,, 2017). This can result in overrepresentation of certain
groups (e.g., senior male academics) while marginalising others (e.g., women and early-
career researchers). Additionally, university news may exhibit sentiment bias, where arti-
cles are overwhelmingly positive to reinforce the institution’s prestige (Bin Shiha et al.,
2023; Bin Shiha et al., 2024).

Understanding these biases is crucial, as universities are influential institutions that
shape public discourse, research priorities, and educational policies. Investigating bias in
university news articles not only contributes to NLP research in bias detection but also
promotes fairer and more inclusive institutional narratives.

4.1.2 Objectives of the Chapter

o Establish baseline automated bias detection: Classify subjectivity and biased
language in university news articles using zero-shot classification with DistilBERT
(Raza et al., 2022), pretrained on the Media Bias Annotation Dataset Including
Annotator Characteristics (MBIC) (Spinde et al., 2021). Evaluate the pretrained
model's performance against human annotations to establish baseline accuracy
without requiring domain-specific training.

o Compare zero-shot classification approaches: Systematically evaluate the re-
liability, consistency, and scalability of a pretrained language model (DistilBERT)
against large language models (OpenAI’s GPT-3.5-turbo and Google’s Bard, now
rebranded as Gemini) for detecting gender-biased language patterns in university
news articles.

e Quantify gender representation disparities: Apply distributional frequency
analysis using lexicon-based NLP approaches to identify distinct linguistic vocab-
ulary that differentiates male- and female-oriented coverage. Use chi-square tests
(McHugh, 2013) to establish empirical baselines for systematic bias assessment
and categorise articles into gendered groups.

o Identify stereotypical language patterns: Detect and categorise family and ca-
reer language patterns in gendered articles using lexicon-based approaches, exam-
ining differential emphasis on professional achievements versus personal
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attributes, family responsibilities versus career accomplishments, and leadership
qualities versus collaborative characteristics.

e Analyse sentiment and framing differences: Implement the Facebook BART-
Large-MNLI model" to produce quantitative sentiment scores across gendered
articles. Compare zero-shot sentiment detection with human annotations to as-
sess how male and female subjects are framed within university news coverage.

4.1.3 Contributions of The Chapter

This chapter contributes to NLP bias detection research by presenting the first investiga-
tion of gender bias in university news articles. This addresses the main contributions out-
lined in Chapter 1 Section 1.3.4.3.

4.2 Datasets

This study utilises UoL-NA dataset. The dataset underwent systematic preprocessing to
prepare it for the analysis. Further details regarding data collection methodology and an-
notation process are provided in Chapter 3, Section 3.3.1.

4.2.1 External Datasets

In addition to the main dataset, several external resources were utilised to support the
analysis and evaluation of bias within university news. These external datasets are listed
below.

4.2.1.1 MBIC - A Media Bias Annotation Corpus

The MBIC (Spinde et al., 2021) is a widely used resource for bias detection in news arti-
cles. It comprises a diverse collection of news content sourced from multiple media plat-
forms, including HuffPost, MSNBC, USA Today, and other prominent outlets.

For this study, an augmented version of the MBIC corpus was used, which was extended
by Raza et al. (2022) to encompass a broader spectrum of biases. This expanded dataset
includes additional annotations capturing biases related to gender, race, ethnicity, educa-
tion, religion, and language, as identified in existing literature (Gaucher et al.,, 2011;
Matfield, 2016). The extension enhances the corpus’s diversity and comprehensiveness
by incorporating manual annotations, ensuring a more nuanced representation of differ-
ent bias types.

The corpus consists of 3,700 entries, each classified as either biased or non-biased, based
on initial crowdsourced annotations. It includes various metadata features such as news
snippets, URLSs, source publications, topics, demographic attributes (age, gender, and ed-
ucation), biased words, and corresponding bias labels. This corpus serves as a crucial

® https://huggingface.co/facebook/bart-large-mnli
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benchmark for evaluating bias detection models and analysing patterns of bias in news

reporting.
4.2.1.2 Lexical Datasets for Gender and Thematic Analysis

In addition to the primary dataset, this study incorporates lexical datasets from Dacon
and Liu (2021), which provide structured lists of gendered and thematic words. These
datasets facilitate a systematic analysis of gender representation in university news articles
by examining the presence and frequency of specific terms related to gender identity, ca-
reer roles, and family associations.

e Male Possessive Words: A dataset containing 230 words associated with male
possessive nouns, including terms such as gentlemen, chairman, policeman, land-
lord, and others that are traditionally linked to male-associated roles and identities.

¢ Female Possessive Words: A dataset comprising 235 words related to female
possessive nouns, including landlady, businesswoman, mother, goddesses, and
similar terms reflecting female-associated roles.

e Career Words: A dataset featuring 162 words related to career and professional
roles, encompassing both gender-specific (e.g., actress, businessman, waitress)
and gender-neutral (e.g., lawyer, engineer, nurse) occupational terms.

e Family Words: A dataset consisting of 195 words related to familial roles and
relationships, including mother, father, family, orphan, and other terms frequently

associated with family and caregiving contexts.

4.3 Zero-Shot Bias Detection in UoL-NA using PLM

This study employed PLM DistilBERT fine-tuned on the MBIC dataset to detect poten-
tial bias patterns in UoL-NA. DistilBERT is a distilled version of BERT, built using a
teacher-student framework where the large BERT model acts as the ‘teacher’, and the
smaller student model learns to mimic it by compressing its layers while retaining most of
its linguistic understanding. This architecture allows DistiIBERT to capture contextual
word relationships crucial for identifying subtle linguistic patterns while being signifi-
cantly faster and more efficient than the original BERT.

DistiIBERT was selected for this task due to its computational efficiency and strong pet-
formance in text classification tasks. Compared to BERT, DistilBERT retains 97% of its
accuracy while being 60% faster and requiring 40% fewer parameters (Sanh et al., 2019),
making it a practical choice for large-scale bias detection in UoL.-NA. The MBIC dataset
used for fine-tuning encompasses a diverse range of biased and non-biased news snippets,
ensuring that the model learns the linguistic structures associated with bias in news re-
porting (Sanh et al.,, 2019). Although bias in this dataset often represents political dis-
course rather than educational news, this model was chosen because it was trained on a
large-scale news dataset. Importantly, while the majority of news sources come from
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mainstream media, some articles are related to education, making it a relevant choice for
this study.

While the DistilBERT model was originally designed to identify general media bias rather
than gender-specific bias, research demonstrates that models trained for one type of bias
detection can effectively transfer their learned representations to detect other forms of
bias through transfer learning (Saunders and Byrne, 2020; Zhao, J. et al., 2020; Lu et al.,
2024). Studies have shown that bias detection approaches can exhibit cross-domain trans-
ferability, where detecting one bias form (e.g., general media bias) may contribute to iden-
tifying others (e.g., gender bias) through shared linguistic patterns and framing mecha-
nisms (Lu et al., 2024). Transfer learning approaches have been successfully applied to
bias detection tasks, demonstrating that models can adapt their bias identification capa-
bilities across different domains and contexts (Saunders and Byrne, 2020). The model's
training on media bias detection provides a foundation for identifying systematic differ-
ences in how subjects are presented and framed in news content, which can be adapted
to recognise gender-specific patterns in university communications.

When a news article is input, the text is first tokenised into word pieces (e.g., ‘professor’,
‘inspires’ and ‘leading expert’). DistiIBERT then creates contextual embeddings, meaning
each word’s representation depends on the words around it. This contextual understand-
ing is crucial because gender bias in language is often contextual rather than found in
isolated words (Hitti et al., 2019).

Consider these examples from the study context:

e “Professor Smith, a leading expert in quantum physics, presented the findings...”
e “Professor Johnson, a mother of two, shared her inspiring journey...”

Here, both articles describe academics, but the framing differs: the male professor is de-
scribed by professional expertise, whilst the female professor is characterised by personal
and familial roles. DistiIBERT’s classification head processes these contextual embed-
dings and predicts whether the article reflects biased or non-biased framing patterns. Each
article receives a label (biased or not biased) and a probability score from 0 to 1 (e.g., 0.87
for high confidence or 0.52 for uncertain classification). In the example above, the article
emphasising family roles for a female academic would likely receive a biased classification
with higher confidence, whereas the expertise-focused article would be classified as not-
biased. Experiments were conducted in a Jupyter Notebook on a MacBook Pro (Apple
M2 Pro, 32 GB RAM).

4.3.1 Performance Evaluation of DistilBERT for Zero-Shot Bias Classification

To assess bias detection in university news articles, DistilBERT’s classifications were eval-
uated against human annotations collected through MTurk. A randomly selected subset
of 110 articles was annotated independently by the model and by three MTurk workers,
providing a ground truth for measuring model reliability (see Chapter 3, Section 3.5 for
the detailed annotation framework).
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To evaluate the performance of the classification model, six commonly used metrics were
employed: accuracy, precision, recall, F1-score, logarithmic loss (log loss) and area under
the receiver operating characteristic curve (AUC-ROC). Each metric captures different
aspects of model effectiveness and contributes to a more nuanced understanding of pre-
dictive performance, particularly in classification tasks where class distributions may be
imbalanced.

The following section provides a brief explanation of log loss and AUC-ROC, along with
their mathematical formulations. For the definitions and formulas of accuracy, precision,
recall and F1-score see Chapter 3, Section 3.5.2.4.

e Log Loss

Log loss quantifies the uncertainty of predictions based on their probabilistic outputs. It
penalises incorrect predictions more when they are made with high confidence. Lower
log loss indicates better model performance.

[yilog(p) + (1 — y;)log(1— p;)]

-

1

L =——
og Loss N
=1

Where:

e y;is the true binary label for instance i
e p; is the predicted probability for the positive class

e N is the total number of instances

e AUC-ROC

The ROC curve plots the true positive rate against the false positive rate at various thresh-
olds, illustrating the trade-off between sensitivity and specificity. The AUC quantifies
overall performance; values closer to 1.0 indicate better discrimination between classes.
Figure 4.1 presents a generic example of an ROC curve, where the curve lies above the
diagonal baseline, indicating better-than-random classification. The shaded area repre-
sents the AUC, which summarises the model’s overall discriminative performance.
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Figure 4.1: Example of ROC-AUC

Based on Table 4.1 the DistilBERT model demonstrated moderate accuracy, achiev-
ing 68.8%, meaning that it correctly classified most instances. The model's precision was
high, indicating that when it flagged an article as biased, it was highly likely to be correct.
However, its recall suggests that it did not capture all instances of bias, possibly missing
some subtle or implicit cases. The Fl-score reflects a strong balance between precision
and recall, making DistilBERT a promising tool for bias detection in university news ar-
ticles.

Despite its strengths, the log loss value of 0.457 suggests that the model had only moder-
ate confidence in its predictions. More notably, the AUC-ROC score of 0.539 indicates
that its ability to distinguish between biased and non-biased articles was only slightly bet-
ter than random chance. This result underscores the challenge of bias detection in aca-
demic reporting, where language may be more subtle and nuanced than in general news

sources.

A comparison of DistilBERT’s predictions with MTurk human annotations further con-
firmed that while the model performed reasonably well, it struggled with domain-specific
linguistic patterns, highlighting the need for further fine-tuning on university news da-

tasets.
Model Accuracy | Preci- Recall Fl-score | Log AUC-ROC
sion Loss
DistilBERT | 68.8% 89.9% 73.2% 80.7% 0.457 0.539

Table 4.1: DistilBERT performance metrics of bias detection on UoL-NA data
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4.3.2 Comparative Analysis of UoL-NA Bias Detection Using LLMs and PLM

To fully assess the effectiveness of these models, a comparison was made between Distil-
BERT, GPT-3.5-turbo and Google Bard. The results, shown in Table 4.1, include the
performance of DistilBERT. The LLLMs (i.e., GPT-3.5-turbo and Bard) are shown in Ta-
ble 4.2 below, and their performance here is compared against MTurk human annotations
as the benchmark. These results highlight significant differences in accuracy, precision,

recall, and F1-score.

Model Accuracy Precision Recall Fl-score
GPT-3.5-turbo | 30.2% 95.2% 20.6% 33.9%
Google Bard 40.4% 94.4% 35.1% 51.1%

Table 4.2: Performance of zero-shot GPT-3.5-turbo and Google Bard against MTurk annotations for subjectivity

bias in UoLL.-NA data

The findings demonstrate that DistiIBERT outperformed both GPT-3.5-turbo and
Google Bard, particularly in recall, F1-score, and overall accuracy. While GPT-3.5-turbo
and Google Bard had high precision, their low recall values indicate that they missed a
significant number of biased articles, making them unreliable for bias detection. Distil-
BERT’s recall of 73.2% suggests that it was more effective at identifying biased instances,
though it still had limitations in distinguishing between subtle forms of bias.

The AUC-ROC score of 0.539 for DistilBERT highlights that while it performed better
than random chance, it still requires further domain-specific training to improve its ability
to differentiate between biased and non-biased articles.

Overall, these results indicate that DistiIBERT is currently the best-performing model for
bias detection in university news but still has room for improvement. The LLMs, despite
their precision, are not reliable for comprehensive bias detection due to their low recall
and accuracy scores. These findings suggest that bias detection in higher education news
requires fine-tuned models trained on domain-specific data, rather than relying on gen-
eral-purpose language models.

4.4 Gender Representation in UoL-NA through Distributional Fre-
quency Analysis

This section outlines the methodology employed to analyse gender representation in
UoL-NA, focusing on the classification of articles based on gendered terms and pro-
nouns. The primary objective was to quantify and assess the distribution of gender-related
language in academic media, particularly investigating whether male-oriented, female-ori-
ented, or neutral representations were dominant in university news content.
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To achieve this, the study adopted a lexicon-based approach, systematically identifying
gendered language and categorising articles accordingly. The subsequent statistical evalu-
ation provided insights into potential gender imbalances present in the dataset.

4.4.1 Lexicon-Based Approach for Gender Frequency Analysis

A lexicon-based approach was employed to systematically identify gendered terms within
UoL-NA. This methodology is widely used in bias detection research due to its ability to
efficiently classify textual data based on predetined lexicons.

The gender classification lexicon, derived from the datasets in Dacon and Liu (2021)
work, included:

e Male-associated terms: ‘he’; ‘his’, ‘him’, ‘himself’, ‘Mr.’, ‘Sit’, ‘Chairman’, etc.
o Female-associated terms: ‘she’, ‘het’, ‘hers’, ‘herself’, ‘Ms.”, ‘Madam’, ‘Chair-

woman’, etc.

The datasets provide a comprehensive lexicon of gendered terms, making it a suitable re-
source for this study. The frequency of these gendered terms within each article was
counted, and the dominant gender representation was determined.

4.4.2 Categorisation of Articles Based on Gender Representation

The categorisation of articles was based on the presence and frequency of gendered terms
and pronouns, enabling a systematic evaluation of gender bias in university news content.
Articles were classified into three distinct categories:

e Male-Oriented (M): Articles that predominantly featured masculine pronouns
or possessive terms (e.g., ‘his’, ‘he’) as indicators of male-focused content.

e Female-Oriented (F): Articles that predominantly featured feminine pronouns
or possessive terms (e.g., ‘het’, ‘she’) as indicators of female-focused content.

e Neutral (N): Articles that did not contain an identifiable predominance of male
or female gender-specific terms.

This classification enabled a structured, quantitative analysis of gender representation
across the dataset, allowing for a data-driven investigation into gendered language us-
age in academic media.

4.4.3 Statistical Analysis of Gender Representation

Once the articles were categorised, a statistical analysis was conducted to determine the
proportion of male, female, and neutral-oriented articles within the dataset. This involved
counting the number of articles in each category (M, F, N). Computing the proportion of
male- versus female-oriented articles to identify potential gender disparities. Applying sta-
tistical tests, such as the Chi-square test, to evaluate whether the observed gender
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distribution significantly deviated from an expected uniform representation. The Chi-
square test is based on the following formula:

¥2 = z:(O;E)2

Whetre:

e 0 = Observed frequency (how many articles actually fell into each category (F,
M and N)).

e E = Expected frequency (how many would be expected if there were no gender
bias e.g., an equal split across categories).

e The sum (}) is calculated over all categories (F, M and N).

This statistical analysis provided empirical insights into the prevalence of gendered lan-
guage in university news, highlighting potential overrepresentation or underrepresenta-

tion of male or female references.

Following this, sentiment analysis was conducted on both male-oriented (M) and female-
oriented (F) articles to examine the tone and sentiment associated with different gender
representations. Additionally, Career and Family terms analysis was performed to explore
gender-related themes within professional and personal contexts. The next two sections
outline the methodology and process for each analysis in detail.

4.4.4 Methodological Consideration

The lexicon-based approach was selected for its efficiency and objectivity in identify-
ing gendered language within large textual datasets. By focusing on possessive terms and
pronouns, the study effectively captured explicit gender references. However, methodo-
logical consideration must be acknowledged in term of using lexicon-based method. The
lexicon-based method primarily identifies explicit gendered terms, but it does not account
for implicit gender bias. For example, it does not recognise gendered occupational roles,
where certain professions are disproportionately associated with one gender
(e.g., ‘nurse’ being predominantly female-associated, or ‘engineer’ being predominantly
male-associated).

Despite this limitation, the lexicon-based approach provided a solid foundation for inves-

tigating gender bias in academic media and laid the groundwork for further qualitative
and contextual analysis.
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4.4.5 Gender Distributional Frequency Analysis Results

The gender distribution analysis revealed significant disparities in the representation of
male and female terms in university news articles. Out of the 5768, articles analysed,1986
(34.4%) predominantly featured male-related terms, 742 (12.9%) featured female-related
terms, and the remaining 3,040 articles (52.7%) were classified as neutral, with no pre-
dominant gender terms (see Table 4.3). A Chi-square test for independence revealed that
the observed distribution of gender terms in the university news articles significantly de-
viated from an expected uniform distribution (y*(2, N=5768) = 1354.75, p < 0.001). This
indicates a substantial imbalance in gender representation, with male-associated terms ap-
pearing far more frequently than female-associated ones, and a large proportion of articles
categorised as gender-neutral. Example sentences from the dataset further illustrate the

gender bias in representation:

M: “The Scientific Director is Professor XX whose ground-
breaking research has shown how disruption to the signalling
system within a cell can trigger cancer. He has worked at some
of the world’s most prestigious cancer research institutions and
was previously Executive Dean of the Faculty of Biological Sci-
ences at XX.”

F: “Professor XX entered the profession in the 1980s, at a time
when the overwhelming majority of physicists were men and
attitudes prevailed that women were not cut out for 'hard sci-
ence'. Throughout her career, she has worked to improve equal-

ity and diversity.”
Class Number of News Articles
F 742
N 3040
M 1986

Table 4.3: The number of news articles by class (N, M, and F).

Prior to proceeding to the following sections, it is important to clarify that the dataset was
deliberately maintained in its original unbalanced state to accurately reflect the real-world
distribution of gender representation within university news articles. Artificially balancing
the data for example, by equalising the number of male- and female-oriented articles
would mask the inherent biases present in the source material. The objective was not to
impose artificial parity but to quantify existing disparities in how genders are portrayed,
both in terms of sentiment and thematic framing (e.g., career versus family-related terms).
By preserving the original imbalance, such as the significantly higher number of male-
oriented articles compared to female-oriented ones, the analysis captures the authentic
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landscape of media coverage and reveals whether sentiment or lexical usage differs relative
to each gendet's representation.

This approach aligns with established bias detection research, where the primary objective
is to measure systemic imbalances rather than adjust them beforehand (Aizenberg and
Van Den Hoven, 2020; Kasy and Abebe, 2021). Studies investigating gender bias in media
representation emphasise the importance of preserving natural distributions to accurately
quantify existing disparities rather than imposing artificial balance (Asr et al., 2021). For
statistical comparisons, proportions were employed to account for differences in sample
sizes, ensuring that findings reflect relative trends rather than being distorted by raw vol-
ume disparities (Johnson and Khoshgoftaar, 2019). Consequently, the decision to main-
tain the original distribution allows this study to transparently document bias as it naturally
occurs within the dataset, providing a more faithful representation of the underlying issues
in media representation.

4.5 Thematic Analysis of Gendered UoL-NA: Career and Family
Terms

This section presents the thematic analysis conducted to investigate potential gender bi-
ases in the representation of career-related and family-related terms within university
news articles. The primary objective was to determine whether male-oriented (M) and
female-oriented (F) articles exhibited differences in thematic focus particularly in profes-
sional achievements versus family or community-oriented topics. By employing a lexicon-
based approach, this analysis systematically identified career-related and family-related

terms in university news articles.

A predefined lexicon-based approach was used to identify career-related and family-re-
lated terms in the dataset. The study utilised established career and family-related word
lists from Dacon and Liu (2021). These lexicons were comprehensive, incorporat-
ing gender-specific equivalents (e.g., 'policeman' and 'policewoman') to ensure that gen-
dered language was accurately captured. By systematically counting the occurrences of
these terms in the dataset, the study aimed to provide a quantifiable measure of thematic
focus.

The analysis explored whether male-oriented (M) and female-oriented (F) articles differed
in their thematic focus by comparing the prevalence of career-related terms and family-
related terms.

o Career-related terms: Words associated with academic and professional achieve-
ments, such as ‘research’, ‘professor’, ‘grant’ and ‘publication’.

e Family-related terms: Words associated with family life and caregiving, such
as ‘mother’, ‘family’, ‘parenting’ and ‘childcare’.
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4.5.1 Quantitative Analysis of Term Frequency Differences

To examine gender-based differences in thematic focus, the study quantified the fre-
quency of career-related and family-related terms in male-oriented (M) and female-ori-
ented (F) articles. Statistical analysis was conducted to determine whether the observed
differences were statistically significant. Two-proportion z-tests were applied to compare
the frequency of career-related terms and family-related terms in male and female articles.

The two-proportion z-test compares the proportions of a specific term category (e.g.,
career-related terms) between two independent groups. The formula is:

(P-P;)

z= T 1
\/13(1_ P)(n—l‘l‘n—z)

where:

o P 4naq P, are the sample proportions for each group (e.g., the proportion of ca-
reer-related terms in M and F articles),

e N,y and n, are the sample sizes of the two groups,

o Pisthe pooled proportion calculated from both groups combined.

This test determines whether any observed differences in the proportions of career-re-
lated or family-related terms are statistically significant or could have occurred by chance.
By applying this method, the analysis aimed to identify systematic differences in thematic
emphasis between M and F articles.

4.5.2 Methodological Considerations

The study employed a lexicon-based approach to ensure that the analysis was systematic
and replicable. The following methodological considerations were accounted for:

e Use of Established Lexicons: The career and family-related word
lists from Dacon and Liu (2021)provided a consistent and validated approach to
term classification.

e Objectivity in Term Identification: The use of predefined word lists eliminated
subjectivity, ensuring that the classification of terms was data-driven rather
than interpretation-based.

e Statistical Validation: Applying quantitative analysis ensured that any ob-
served differences in term usage were rigorously tested for statistical significance,
preventing misinterpretation of the findings.
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Despite the robustness of this approach, certain limitations must be acknowledged. While
the lexicon-based approach accurately identifies explicit terms, it does not account
for contextual meanings. For example, the word 'professor' may be used in a non-careet-
related context, but it would still be counted as a career-related term. Moreover, the study
focuses on explicit mentions of career and family-related terms but does not capture im-
plicit biases, such as assumptions about traditional gender roles (e.g., women being more
involved in caregiving). Nonetheless, this approach provides a strong foundation for sys-
tematically analysing gender bias in university news reporting.

4.5.3 Thematic Analysis Results

The analysis revealed 5,695 career-related words in M articles compared to 2,176 in F
articles, while family-related words appeared 4,343 times in M articles and 2,942 times in
F articles. In N articles, there were 2,919 career-related words and 382 family-related
words recorded. Two-proportion z-tests showed significant differences in the use of both
career words (z = 53.81, p = 0.000) and family words (z = 23.21, p = 0.000) between M
and F articles. Proportional analysis accounting for the different sample sizes (1,986 M
articles vs 742 F articles) revealed that I articles contained nearly twice as many family-
related terms per article (3.97 vs 2.19), whilst career term frequency remained comparable
(2.93 vs 2.87). These results indicate that female-focused articles disproportionately em-
phasise family and caregiving contexts compared to male-focused articles, illustrating ste-
reotypical gendered framing in university news coverage. Example sentences are provided
below:

o Career:

M: “Professor XX will be heading up a new Academic Unit of
Palliative Care at the XX Institute of Health Sciences, a teaching
and research institute within the University's School of Medi-
cine. He will be leading research to develop and test Innovative
treatments that aim at improving the care of patients who have
an incurable Illness.”

F: “To investigate the importance of these ‘master controller’
regions in protein aggregation in living cells, the team joined
forces with Dr. XX and her students, also members of the
Astbury Centre in XX.”
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e Family:

M: “Professor XX’s successful campaign to right historical
wrongs for LGBT veterans and their families demonstrates the
powerful role that evidence-based research plays in influencing
public policy.”

F: “But Mrs XX, now a mother and grandmother herself, is
pleased work by academics such as Dr XX is shedding new light

on the experiences of her father and his fellow XX.”

4.6 Sentiment Analysis of Gendered News Articles

Sentiment analysis is traditionally performed using lexicon-based or supervised ML ap-
proaches, where models are trained on large datasets with sentiment-labelled text. How-
ever, Facebook BART-Large-Mnli" takes a different approach, leveraging NII-based
zero-shot classification to determine sentiment without requiring task-specific labelled
data. This capability is made possible by its pre-training on large-scale text corpora and
subsequent fine-tuning on the Multi-Genre Natural Language Inference (MultiNLI) da-
taset (Williams et al., 2017; Lewis, M. et al., 2019).

Instead of being explicitly trained for sentiment classification, BART-Large-Mnli reinter-
prets sentiment analysis as an NLI task. Given an input text (such as a university news
article), the model evaluates how well it supports predefined hypothesis statements that
correspond to different sentiment categories (positive, negative, and neutral). The model
then assigns a probability score to each hypothesis and classifies the text based on the
hypothesis with the highest probability.

This model was selected because prior research provides direct support for its use in news
sentiment classification, which is closely aligned with the aim of this study. The most
relevant study is that of Bucher and Martini (2024), who evaluated BART-Large-Mnli on
the sentiment classification of New York Times coverage of the US economy and re-
ported 0.85 accuracy and 0.80 macro-F1. These results suggest that the model can per-
form well on formal journalistic text, rather than only on reviews or social media data.
Their study also compared BART-Large-Mnli with other zero-shot approaches, includ-
ing GPT-3.5, GPT-4 and Claude Opus and found that BART-Large-Mnli performed
strongly and consistently within that group. This is important because the present study
is not intended to fine-tune a model, but rather to test a strong off-the-shelf zero-shot
method. On that basis, BART-Large-Mnli is a well-justified choice, as it has already shown
good performance on news text and is especially suitable where manually labelled domain-
specific data for university news are limited or unavailable.

' https://huggingface.co/facebook/bart-large-mnli
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4.6.1 Facebook BART-Large-Mnli

The Facebook BART-Large-Mnli model was trained using a two-stage process:

e Pre-training Phase: The model was first pre-trained as a denoising auto-en-
coder on large-scale unlabelled text corpora to learn general language patterns,
syntax, and semantics. These corpora included:

e Common Crawl — A diverse internet text dataset (Raffel et al., 2020).

e Wikipedia — High-quality encyclopaedic articles (Devlin et al., 2019).

¢ BooksCorpus — A collection of fiction and non-fiction books (Zhu et al.,
2015).

e OpenWebText — Curated web-based text (Radford et al, 2019).

e Fine-Tuning Phase: After pre-training, BART was fine-tuned on MultiNLI, a
dataset designed to train models in textual entailment tasks (Williams et al., 2017).
The MultiNLI dataset consists of 433,000 premise-hypothesis pairs, where the
model learns to predict whether a hypothesis is entailed, contradicted, or neutral
with respect to a given premise.

This fine-tuning stage enables BART-Large-Mnli to generalise to new classification tasks,
including sentiment analysis, by treating sentiment as an entailment problem. Unlike tra-
ditional sentiment classifiers that rely on manually annotated datasets, Facebook BART-
Large-Mnli uses an NLI-based approach. The model follows these steps when classifying

sentiment:

Step 1: Input Text (Premise): The news article or sentence is treated as the premise,
which is the text that the model needs to evaluate. For example, consider the following in-
put text from a university news article:

“Professor XX was awarded a prestigious research grant.”

Step 2: Hypothesis Statements for Sentiment Classification: To classify sentiment,

the model is given three hypotheses, each corresponding to a sentiment category:

e DPositive Sentiment Hypothesis: “This text expresses a positive sentiment.”
e Negative Sentiment Hypothesis: “This text expresses a negative sentiment.”

e Neutral Sentiment Hypothesis: “This text expresses a neutral sentiment.”

Step 3: Entailment Prediction Using NLI: The Facebook BART-Large-Mnli
model then evaluates how strongly each hypothesis is entailed (i.e., supported) by the in-
put text. The model assigns probabilities based on three possible relationships:
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1. Entailment — The premise supports the hypothesis.
2. Contradiction — The premise contradicts the hypothesis.
3. Neutral — The premise is unrelated to the hypothesis.

For the given text (“Professor XX was awarded a prestigious research grant.”):

Hypothesis Probability Classification
Score

“This text expresses a positive sentiment.” 0.85 (85%) Entailed (Positive)

“This text expresses a negative sentiment.” 0.05 (5%) Contradiction

“This text expresses a neutral sentiment.” 0.10 (10%) Neutral

Table 4.4: Probability scores assigned by Facebook BART-Large-Mnli for sentiment classification

Since the positive hypothesis has the highest probability, the model classifies the text
as positive sentiment. The model determines the sentiment probabilities based on the fol-

lowing:
1. Word Embeddings and Semantic Understanding

Unlike lexicon-based sentiment classifiers, Facebook BART-Large-Mnli does not rely on
predefined word lists. Instead, the model uses:

e Word embeddings — Representations of words in a high-dimensional space
where similar words appear closer together (Mikolov et al., 2013).

e Contextual relationships — Understanding how words interact within sen-

tences.
For instance, during pre-training, the model has likely seen sentences such as:

e “She was awarded the Nobel Prize for her groundbreaking research.”
e “The university is known for its prestigious faculty and cutting-edge facilities.”

From these examples, the model learns the associations between words like 'awarded',
'prestigious' and 'research grant' with positive connotations.

2. Contextual Encoding

Rather than classifying words individually, the transformer architecture allows BART-
Large-Mnli to process entire sentences holistically. This enables it to:

e Recognise nuanced sentiment expressions.
e Distinguish between factual and opinion-based sentiment.
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3. Probability Calculation

Once the premise-hypothesis pairs are processed, the model calculates probabilities for
each sentiment category using the SoftMax function:

P(y | x) = softmax(f(x, h))

where:

e X is the input text (news article).
e his the hypothesis.
e f(x,h) is the model’s score for entailment.

e P(y | x) is the probability distribution over sentiment labels.
The hypothesis with the highest probability is selected as the final sentiment classification.

The model’s performance was evaluated using a small set of manually annotated 46 arti-
cles to assess its accuracy for more details about the annotation see Chapter 3 Section
3.5.3). The subset of 46 articles was selected randomly for the sentiment analysis task, and
the annotators labelled these articles as positive, negative or neutral. Since the selection
was random, the class distribution was not balanced across genders based on the gender
distribution analysis introduced in section 4.4.

Of the total sample, 7 articles referred to individuals identified as I, 12 referred to M, and
27 referred to N. This imbalance reflects the natural distribution within the sampled data
rather than a controlled or stratified selection process. After annotation, the three inde-
pendent annotators classified the articles as follows. For I articles, 3 articles were labelled
positive, 2 negative, and 2 neutral. For M articles, 7 were labelled positive, 5 negative, and
0 neutral. For articles categorised as N, 9 were labelled positive, 16 negative, and 2 neutral.
Overall, across all genders, annotators assigned 19 positive labels, 23 negative labels, and
4 neutral labels.

Metrics like precision, recall, and F1-score were used to evaluate the model’s performance.
In addition to these standard classification metrics, two-proportion z-tests were also con-
ducted to assess whether there were statistically significant differences in sentiment dis-
tribution between article categories, particularly between M and F articles. This helped
investigate potential sentiment bias across gendered content.

The two-proportion z-test compares the proportions of a specific sentiment (e.g., posi-
tive) between two independent groups. This test determines whether any observed differ-
ences in sentiment proportions are statistically significant or could have occurred by
chance. By applying this method, the analysis aimed to uncover any systematic bias in
how sentiment was distributed between M and F articles.
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4.6.2 Sentiment Analysis Findings

The performance of the Facebook BART-Large-MNLI model was evaluated against the
manually annotated ground-truth sample using precision, recall and F1-score metrics. The
model achieved an overall accuracy of 85%, with high precision and recall for positive
and negative sentiments. Although the neutral category returned an Fl-score of 0.00, this
should be interpreted cautiously because the annotated evaluation sample included only
four neutral instances. The limited representation of neutral sentiment in the ground-truth
data means that this result is more likely to reflect sample imbalance than a definitive

weakness in the model’s performance (see Table 4.5).

Preci- Recall F1
sion

Negative 0. 82 1.00 0.90
Neutral 0.00 0.00 0.00
Positive 0.89 0.84 0.89

Accuracy 0.85
Macro Avg. 0.57 0.61 0.59
Weighted Avg. 0.78 0.85 0.81

Table 4.5: Evaluation metrics of Facebook BART-Large-Mnli model’s sentiment

The sentiment analysis conducted using the Facebook BART-Large-Mnli model revealed
that positive sentiment was present in 84.74% (1,683) of male-related articles, 85.58%
(635) of female-related articles, and 83.95% (2,552) of neutral articles. Negative sentiment
was found in 15.16% (301) of male-related articles, 14.42% (107) of female-related arti-
cles, and 15.95% (485) of neutral articles. Neutral sentiment was detected in 0.1% (2) of
male-related articles, 0.0% (0) of female-related articles, and 0.1% (3) of neutral articles.

To investigate potential bias in sentiment distribution between gendered content, two-
proportion z-tests were conducted on M and F articles. The results showed no statistically
significant difference in the proportion of positive sentiment between M and F articles (z
=-0.54, p = 0.580) or negative sentiment (z = 0.48, p = 0.632). Neutral sentiment could
not be meaningfully compared due to near-complete absence in both categories (2 in-
stances in M articles, 0 in F articles), reflecting the model’s detection of only a very small
number of neutral cases. Because neutral sentiment was identified too rarely to allow ro-
bust analysis, it was excluded from further interpretation. These findings suggest no clear
evidence of sentiment bias between M and F articles, although this conclusion should be
considered considering the limited number of neutral classifications. The following ex-
amples illustrate how sentiment was expressed within these two categories.
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e Positive:

M: “He has also acted as a special representative in China for
the Institute of Civil Engineers, developing opportunities for
British businesses both in China and further afield. Since 2017,
Sir XX has chaired the Executive Group of the University's In-
stitute for High-Speed Rail and System Integration.”

F: “XX has become a passionate ambassador against knife
crime. 'I eat and sleep knife crime every day. Young people have
become desensitised towards knife crime and this needs to

change', she said.”
e Negative:

M: “Attack on Creative Expression in India’, Dr. XX, Associate
Professor in Information Technology Law, describes the jewel-
lery company’s advert, which ended up being pulled from cir-
culation, before proceeding to discuss and analyse the nation’s
response to the advert, as many deemed it controversial. Dr. XX
discusses the significance of cultural and religious influences of
the advert as well as the wider context of legal restraint on cre-
ative expression in India.”

F: “Women who had a final diagnosis of NSTEMI had a 41 per
cent greater chance of a misdiagnosis when compared with

men."

e Neutral:
M: “At XX, Professor XX is leading a five-year interdisciplinary
study into the impact of climate change on the Congo peat-

lands.”

F: “Professor XX, Vice-Chancellor, addressed the recent pay

award in an email to all staff.”

A limitation of the Facebook BART-Large-MNLI model in this study relates to the clas-
sification of neutral sentiment. While the model performed well in identifying positive
and negative sentiment, its performance for the neutral category was weaker, with an F1
score of 0.00. This result should, however, be interpreted cautiously, since the annotated
sample used for evaluation contained only a small number of neutral cases. In the context
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of university news, where language is often factual and non-evaluative, this may have re-
duced the model’s opportunity to demonstrate neutral classification more fully. As a re-
sult, the findings indicate that the model was effective for clearer sentiment polarity, but
that further validation on a more balanced sample would be needed to assess neutral sen-
timent more reliably.

4.7 Subijectivity in Annotation and Evaluation of DistilBERT and
BART-Large-MNLI

The annotation of subjectivity bias and sentiment in the UoL-NA dataset is inherently
subjective, as reflected by the relatively low agreement between annotators shown in
Chapter 3, Sections 3.5.2.2 and 3.5.3.1. This makes standard accuracy metrics difficult to
interpret, since the ground truth itself is not always consistent. To provide a clearer eval-
uation, a subset of the test set where all three annotators agreed on a single class label is
considered. These cases represent the highest level of certainty, where bias or sentiment
is least ambiguous.

For the subjectivity bias task, full agreement was achieved in 57 out of 110 cases (51.8%).
Within this subset, DistilBERT aligned with annotators in 41 cases, giving an agreement
rate of 71.9%. This indicates that when the class (i.e. bias or not bias) is clearly identifiable,
the model performs reasonably well. However, the fact that nearly half of the dataset lacks
consensus highlights the difficulty of the task and suggests that lower overall accuracy
may partly reflect annotation subjectivity rather than model weakness.

For sentiment analysis, only 21 out of 46 cases (45.7%) had full agreement. Of these,
Facebook BART-Large-MNLI matched annotator labels in 16 cases, corresponding to
76.2% agreement. As with bias detection, the model shows stronger performance on
clearer examples, while disagreement among annotators limits confidence in evaluating
more ambiguous cases.

Overall, both models demonstrate solid performance when assessed on high-confidence
annotations. While subjectivity in labelling restricts definitive conclusions, the results sug-
gest that the models are capable of capturing patterns that align well with human judge-

ment where consensus exists.

4.8 Discussion

4.8.1 Insights from LLMs Classification and Bias Annotation

As this component represented the initial phase of the research, zero-shot LLMs were
employed without domain-specific fine-tuning. This approach is well-justified by recent
studies showing that zero-shot models achieve strong performance across various NLP
tasks (Brown et al., 2020; Kojima et al., 2022; Wei et al., 2022), providing a valuable base-
line for assessment before committing to resource-intensive fine-tuning procedures.
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The experiments conducted in this study offer valuable insights into the comparative ef-
fectiveness of LLMs and human annotators in detecting bias within university news arti-
cles. LLMs such as GPT-3.5-turbo and Google Bard present a scalable and cost-efficient
solution for large-scale classification. However, their limited accuracy significantly hinders
their capacity to identify domain-specific biases, particularly those that are subtle and con-
text-dependent. In contrast, human annotators demonstrated a stronger ability to recog-
nise nuanced forms of bias, owing to their capacity for contextual interpretation and crit-
ical judgement attributes that current LLLMs lack. This distinction highlights a fundamen-
tal trade-off: while LLLMs offer scalability and affordability, they do so at the expense of
reliability, whereas human annotations, although more resource-intensive, provide richer

and more context-aware evaluations.

Nonetheless, the human annotation process is not without limitations. One of the main
challenges lies in achieving consistent agreement across annotators. Bias in academic con-
tent often manifests in subtle ways through representational imbalance, thematic framing,
or omission which can be open to interpretation. As a result, even among human anno-
tators, variation in judgement was evident. While the overall percentage agreement stood
at 52.3%, Cohen’s Kappa scores revealed inconsistencies, with some annotator pairs
showing only slight or even negative levels of agreement. These results suggest that an-
notators may have applied the guidelines differently or brought in subjective interpreta-
tions influenced by individual perspectives. Therefore, while human annotators outper-
form LLMs in understanding context and recognising implicit bias, their effectiveness is
constrained by challenges in inter-annotator reliability.

4.8.2 Implications of Bias Findings

The findings of this study reveal critical implications regarding gender bias in university
news articles, particularly in how different genders are represented and framed in institu-
tional media. Through a multi-level analysis incorporating gender representation, senti-
ment classification, and thematic focus, it becomes evident that structural imbalances exist
in the way academic achievements and personal narratives are distributed across genders.

The gender distribution analysis uncovered a notable disparity in representation: articles
with male-oriented (M) language accounted for 34% of the dataset, whereas female-ori-
ented (F) articles made up only 12%, and the remaining 52% were categorised as gender-
neutral. A Chi-square test confirmed that this distribution was statistically significant,
strongly indicating a systemic imbalance in the visibility of M versus I figures in institu-
tional reporting. This discrepancy reflects allocational bias, wherein M receive greater rep-
resentation and, by extension, more opportunities for recognition in university-affiliated
media.

Moreover, the content of these articles also demonstrated a pattern of representational
bias. M articles were more likely to emphasise career-related achievements, professional
roles, and institutional leadership, while I articles frequently included references to family
roles or community engagement. Although both male and female are described positively,
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the thematic framing differs in ways that subtly reinforce traditional gender norms posi-
tioning male as career-oriented leaders and female as family-oriented contributors. Such
differential framing not only reflects but may also reinforce societal stereotypes about
gender roles within academia.

4.9 Ethical Considerations

One of the ethical limitations of this study relates to the use of pre-trained NLP models,
including Facebook BART-Large-Mnli, DistilBERT, Google Bard, and GPT-3.5-turbo.
These models are trained on large-scale, general-purpose corpora that may already embed
various forms of social, cultural, or gender bias. As such, their application in a specialised
academic context introduces the risk that they may reproduce or even amplify existing
stereotypes, rather than identify them. Without any domain-specific fine-tuning or miti-
gation strategies, these models may inadvertently reflect the biases they are expected to
detect.

Furthermore, human annotation is itself not free from bias. While human annotators of-
ten perform better at identifying subtle, contextualised expressions of bias, their interpre-
tations can be highly subjective. In this study, disagreements among annotators reflected
in low inter-rater agreement and negative Cohen’s Kappa scores highlight the inconsist-
encies and personal biases that may influence how individuals classify content. The fram-
ing of academic achievements, gender roles, and sentiment can vary significantly depend-
ing on the annotator’s background, understanding, and implicit assumptions.

Lastly, the reliance on a single-institution dataset introduces a degree of contextual and
cultural specificity that may limit the generalisability of the findings. Bias patterns identi-
fied in this study could be shaped by institutional policies, communication strategies, or
even historical gender dynamics within that university. Therefore, care must be taken not
to overgeneralise the results without considering these contextual factors.

In summary, while computational methods offer valuable tools for large-scale bias detec-
tion, their use is accompanied by several ethical and practical limitations, including model
bias, annotator subjectivity, institutional framing, and dataset representativeness. Ac-
knowledging these constraints is essential to critically evaluating the findings and under-
standing the broader challenges of bias analysis in higher education media.

4.10 Conclusion

The main goal of this chapter was to investigate the presence and patterns of gender bias
in university news articles through NLP methods. This was achieved by analysing gender
representation, sentiment framing and thematic focus across a large corpus of academic
news content. The chapter presented a detailed comparison between automated bias clas-
sification using PLM, LLMs and human annotation via MTurk.
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The results demonstrated notable disparities in gender representation, with male-oriented
articles significantly outnumbering female-oriented ones. Furthermore, thematic analysis
revealed that male-focused articles were more likely to highlight professional achieve-
ments, while female-focused articles more frequently included references to family and
caregiving roles. These patterns illustrate both allocational and representational bias
within institutional media.

While LLMs offered a scalable approach to zero-shot bias classification, they struggled to
reliably detect nuanced or domain-specific bias, often producing inconsistent results. Hu-
man annotators performed better in identifying subtle forms of bias, but their reliability
was limited by subjectivity and low inter-rater agreement. Sentiment analysis using the
Facebook BART-Large-MNLI model showed strong performance in identifying positive
and negative sentiment, while neutral tones were less frequently detected, which may have
introduced some limitation in interpretation.

Overall, this chapter demonstrates the complexity of detecting bias in higher education
media and highlights the limitations of both automated and human annotation methods.
It underscores the need for refined tools and practices in evaluating institutional discourse
and provides a foundation for more equitable and transparent academic communication.
This chapter concludes the investigation of university news, while the following chapter
shifts focus to a different data and introduces an alternative analytical framework for ex-
amining bias within university reading lists.
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Chapter 5

5 Authorship Diversity and Bias in University Reading
Lists

5.1 Introduction

Reading lists play a central role in shaping students’ academic experiences and disciplinary
understanding. Often curated by module leaders, these lists act as gatekeepers to
knowledge, they not only direct students to essential readings, but also implicitly com-
municate which voices, perspectives, and epistemologies are valued within a field
(Schucan Bird and Pitman, 2020). In doing so, reading lists reflect broader institutional
priorities and ideological commitments, whether consciously or not. As students engage
with these texts, they are also being socialised into particular academic traditions and ways
of thinking. The composition of reading lists, therefore, is not neutral as it holds signifi-
cant pedagogical and political implications (Rodriguez, 2018).

Therefore, reading lists serve not only as pedagogical tools but also as a valuable textual
corpus for examining bias. Their curated content captures both the thematic priorities of
disciplines and the voices deemed authoritative within them. Analysing these lists through
NLP techniques allows to uncover recurring patterns, dominant narratives, and notable
absences, offering insight into how academic knowledge is framed and where subtle forms
of bias may shape students’ exposure to ideas. To date, little research has systematically
applied NLP methods to reading lists, making them a novel and underexplored data
source for bias detection in higher education. Parts of this chapter was published in (Bin
Shiha et al., 2022) and (Shiha et al., 2025b).

5.1.1 Background and Motivation

In recent years, there has been growing scrutiny of curricular materials within higher ed-
ucation, especially in relation to diversity, inclusion, and decolonisation. Campaigns such
as “Why is My Curriculum White?”’(National Union of Students 2019) and subsequent
movements in the UK and internationally have called attention to the ways in which uni-
versity curricula continue to centre predominantly Western, Eurocentric perspectives
whilst marginalising non-Western knowledge, histories and scholarly contributions.
Scholars such as Bhambra et al. (2018); Schucan Bird and Pitman (2020), have argued that
the process of decolonising the curriculum requires a critical reassessment not only of
what is taught, but also of who is being read. This involves recognising the historical
exclusions embedded in academic canons and reconsidering whose knowledge is legiti-
mised in educational spaces.
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Researchers have noted that reading lists not only shape what students read, but also who
is given authority and legitimacy as a knowledge producer within the academic space. In
particular, studies such as those by Schucan Bird and Pitman (2020) have shown that
reading lists in UK higher education are often dominated by white, male, Western authors,
with minimal inclusion of voices from marginalised or non-Western backgrounds. This
lack of representational diversity not only perpetuates intellectual exclusion but also limits
the scope of perspectives to which students are exposed.

Similarly, Ahmed, S. (2012) argues that the idea of diversity is often embraced rhetorically
within institutions, while the structures that shape inclusion such as reading lists, curricu-
lum design, and institutional culture continue to reproduce dominant norms. In this way,
reading lists can act as a form of academic gatekeeping, in which particular paradigms and
traditions are continuously privileged, while alternative knowledge systems remain mar-
ginalised or invisible. Such critiques have fuelled wider discussions around curriculum
reform, most notably within the broader discourse on decolonising higher education. This
movement has gained momentum through campaigns like “Why is My Curriculum
White?” and has been supported by a growing body of academic literature (Bhambra et
al., 2018), all of which call for a fundamental rethinking of how knowledge is selected,
structured, and delivered in university settings.

Building on this literature, it is evident that much of the existing research on bias in read-
ing lists has focused primarily on who is being read, that is, the demographic characteris-
tics of the authors included in course materials. While this line of inquiry is crucial in
revealing patterns of exclusion and lack of representation, it does not fully account for
the content of what is being read. That is, a reading list could, in theory, feature a more
diverse set of authors, yet still reproduce dominant epistemologies or frameworks that
marginalise alternative perspectives. Conversely, texts authored by individuals from dom-
inant demographic groups may still present critical or subaltern perspectives. As such,
focusing exclusively on authorship risks overlooking the more subtle ways in which ide-
ological framing, narrative tone, and thematic emphasis shape the intellectual environ-

ment of a2 module.

A necessary first step in examining curricular bias is identifying who is being read, a focus
that aligns with much of the existing literature on reading lists and representation
(Bhambra et al., 2018; Schucan Bird and Pitman, 2020). This chapter begins by following
that approach, offering an analysis of authorship across two sets of university reading lists,
with attention to gender, ethnicity, and geographic background. This mirrors the broader
critical agenda aimed at uncovering the structural exclusions embedded in higher educa-
tion and the dominance of white, Western, male voices in academic canons.

However, stopping at authorship alone risks simplifying a much more complex landscape.
While authors’ identities can reveal important power dynamics, they do not tell us every-
thing about the intellectual content students engage with. Therefore, this chapter goes a
step further by examining the thematic focus of selected readings. Through an analysis of
reading list summaries and abstracts, it explores whether institutional or cultural context
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influences not just who is cited, but also what kinds of ideas, topics, and narratives are
prioritised. This shift allows for a deeper interrogation of how knowledge is framed within
different academic environments, and how that framing may vary even when module
topics appear aligned.

5.1.2 Objectives of the Chapter

This chapter aims to quantitatively analyse the demographic profiles of reading list au-
thors to identify baseline patterns of representational bias. It will systematically extract
and categorise the gender and ethnicity of all authors across three reading lists, specifically
212 entries from AIMESRL, 73 entries from QSIERL and 679 entries from DSRL. The
chapter also seeks to assess topical diversity to determine whether institutional contexts
influence curricular content focus. To achieve this, it will apply transformer-based NLP
methods, including sentence embeddings with all-MinilLM-L.6-v2 (Reimers and Gurevych,
2019; Wang et al., 2020), semantic matching via cosine similarity, and BERTopic
(Grootendorst, 2022) topic modelling, alongside dimensionality reduction and clustering,
to identify and compare thematic patterns within 40 semantically matched reading pairs
from the University of Leeds and Imam Mohammad Ibn Saud Islamic University.
Through these tasks, the chapter will provide measurable insights into representational
bias and thematic variation, contributing directly to the overall research aim of under-
standing how institutional contexts shape reading list composition.

5.1.3 Contributions of The Chapter

This chapter presents the first comparative analysis of reading list demographics across
Western and Middle Eastern institutions, contributing three structured datasets totalling
964 demographically annotated entries. The AIMESRL and QSIERL datasets provide
unique insights into how Islamic Studies curricula differ between the UK and Saudi Ara-
bia, while the DSRL dataset establishes baseline representational patterns within interdis-
ciplinary Disability Studies modules.

The chapter introduces a replicable NLP pipeline combining sentence embeddings, se-
mantic matching and topic modelling to systematically detect bias in academic curricula.
This transformer-based approach uncovers latent thematic structures and representa-
tional patterns that surface-level title analysis cannot capture. Building on this methodo-
logical framework, the chapter challenges existing approaches to curriculum decolonisa-
tion by demonstrating that demographic diversity in authorship does not automatically
translate to epistemic diversity. Comparative entropy analysis reveals that Leeds exhibits
broader thematic range compared with Imam Mohammad ibn Saud Islamic University's
more concentrated focus, emphasising that institutional context shapes both who is read
and how knowledge is framed. This fulfils the methodological contribution outlined in
Chapter 1 Section 1.3.4.2, designing a replicable NLP pipeline to analyse demographic
and thematic diversity in university reading lists.
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5.2 Reading Lists Datasets

This section draws on three datasets developed to analyse representation in reading ma-
terials:

o AIMESRL: Contains 212 reading list entries extracted from undergraduate mod-
ules at the University of Leeds, focusing on Arabic and Islamic Studies materials.

e QSIERL: Includes 73 readings assigned in modules taught at Imam Mohammad
Ibn Saud Islamic University, representing Islamic educational contexts.

o DSRL: Comprises 679 items from eight undergraduate modules at the University
of Leeds, spanning disciplines including law, literature, sociology, and education.

This chapter focuses primarily on the AIMESRL and QSIERL datasets for comprehen-
sive cross-cultural comparison, while the DSRL dataset serves as a supplementary case
study to demonstrate representation bias patterns in authorship diversity. The detailed
methodology for data extraction, cleaning, standardisation, and demographic annotation
of these datasets is provided in Chapter 3 section 3.3.2.

5.3 Authorship Diversity Analysis

An examination of the gender and ethnicity of authors listed in university reading mate-
rials reveals clear patterns of demographic concentration and imbalance. Across all three
datasets, male authors dominate, though the ethnic composition varies significantly by
institution and subject domain.

5.3.1 AIMESRL

Analysis of the 212 items in the AIMESRL dataset shows a marked dominance of male
and Western authors. After excluding entries where demographic details could not be
reliably determined, the gender distribution reveals that 84.91% of identifiable authors
were male, and 15.09% were female. Ethnicity analysis similarly reveals a Western
tilt: 44.34% of authors were identified as North American, and 36.79% as European, with
only 11.32% categorised as Middle Eastern. Asian and African authors made
up 6.6% and 0.94% of the dataset respectively. These results reinforce prior research sug-
gesting that reading lists in UK higher education tend to centre white, Western, male
voices (Schucan Bird and Pitman, 2020).
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5.3.2 QSIERL

In contrast, the QSIERL dataset compiled from 73 readings across 27 modules reflects a
regional and linguistic orientation toward the Middle East. 87.14% of authors were iden-
tified as Middle Eastern, and 97.2% were male. Only 2.8% female were. A smaller pro-
portion of authors were classified as African 10% and Asian 2.86%. No authors were
identified as North American or European. This may be due in part to the dataset being
exclusively in Arabic, with many of the readings authored by scholars in Arabic-speaking

counttries.

5.3.3 Comparison: AIMESRL vs. QSIERL

A comparative analysis between AIMESRL and QSIERL highlights the contrast in rep-
resentation (see Figure 5.1). AIMESRL’s authorship is overwhelmingly Western, while
QSIERL features predominantly Middle Eastern authors. Despite being within the same
disciplinary domain, the two institutions curate readings that reflect their respective cul-
tural and institutional positions. The QSIERL dataset did not include any of the same
reading materials found in AIMESRL, underscoring the disconnect between Western and
Arab academic canons even when discussing similar topics. Notably, there is no overlap
between the two datasets: none of the reading materials assigned in QSIERL appear in
AIMESRL. Furthermore, 25 of QSIERL’s 73 readings are available in English, demon-
strating that a substantial portion of its Middle Eastern—authored scholarship is accessible
beyond Arabic-speaking contexts.

QSIERL: Ethnicity Distribution by Gender AIMESRL: Ethnicity Distribution by Gender
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Figure 5.1: AIMESRL and QSIERL ethnicity distribution by gender

5.4 Topic-Matched Subset and Text Summary Generation
(AIMESRL and QSIERL)

5.4.1 Topic-Matched Subset

To examine the thematic content of university reading materials beyond authorship, a
third dataset was constructed using a controlled sample of texts from
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the AIMESRL and QSIERL reading lists. This subset was designed to facilitate a com-
parative content analysis by focusing on readings that address similar topics across the
two institutions. The objective was to explore whether comparable module themes such
as Qur’anic interpretation or Islamic education are framed differently depending on insti-
tutional context.

The initial pool consisted of 211 reading list titles from AIMESRL and 71 titles from
QSIERL. From these, a balanced selection of 20 readings from each dataset was pro-
duced using semantic similarity techniques to identify the most thematically aligned titles.
This ensured that the comparison was not random but grounded in content-level equiva-

lence.

Each reading list title was first embedded into a fixed-dimensional vector space using a
pre-trained sentence embedding model. Specifically, the model used was “all-MinilLM-L6-
v2”, part of the “SentenceTransformers” framework (Reimers and Gurevych, 2019) and
based on the “Minil.LM” architecture developed by Wang et al. (2020). Sentence-BERT
models such as this are fine-tuned using contrastive and triplet loss on semantic similarity
tasks, enabling them to capture rich contextual and lexical features beyond word-level
matching.

Formally, let each reading list title be represented by a sentence ss, which is mapped to an
embedding vector V; € R%

384 for MiniLM). These embeddings are constructed such that semantically similar sen-

where dd is the dimension of the embedding (e.g. d =

b

tences occupy nearby positions in the vector space.

To compare two titles s; and s, with corresponding embeddings vy and v,, cosine
similarity was used:

; V1 * V2
cos _sim(vy,v,) = ———
[v1][v.]

This metric outputs a value between —1 and 1, where higher values indicate greater se-
mantic similarity. A similarity matrix was generated by computing cosine scores between
every possible title pair from AIMESRL and QSIERL. The top-scoring pairs were man-
ually reviewed to ensure topical relevance, resulting in a final set of 40 thematically
matched readings 20 from each institution. The use of only 40 readings was intentional
for this proof-of-concept study, prioritising methodological demonstration over statistical
generalisability. While this sample size limits robust institutional comparison, it provides
sufficient data to demonstrate how transformer-based methods can reveal thematic and
representational structures within academic curricula.

This embedding and matching process is visually summarised in Figure 5.2, which illus-

trates how each title is transformed into a dense vector and compared with titles from the
other dataset using cosine similarity.
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fixed-length vector
The Quran: representations
an introduc’tion _ [0.68, 0.42, _0.12, -.0.28]

Understanding the
Qur’an: themes and
style

[0.85,0.14, 0.90,.-0.33]

'qlum al-QgranI —— [0.41,-0.78, 0.56, ..0.04]
an introduction to

the sciences of the
Qur’an

Figure 5.2: Converting reading list titles into fixed-length vector representations using sentence embeddings

Each reading list title is encoded using a transformer-based model (e.g. MiniLM (Wang et
al., 2020)), producing a vector that represents its meaning. Cosine similarity is then used
to compare vectors and identify thematically aligned readings across AIMESRL and
QSIERL.

5.4.2 Text Summary Generation

To facilitate content-level analysis of the matched reading list items, it was necessary to
obtain a consistent textual representation of each reading’s core themes. While some texts
included abstracts or summaries in their original bibliographic sources, others particularly
older or less formally published works lacked any descriptive content. In many cases, the

available descriptions varied significantly in length, detail, and quality.

To address this, a LLM, specifically OpenAl’'s GPT-4.0, was used to either re-
trieve or generate a brief abstract or summary for each selected reading. Where a reliable
existing summary could be found online through web search (e.g. publisher websites,
Google Books, or academic repositories), that summary was used. In cases where no such
description was available or where existing text was too limited or inconsistent, GPT-4.0
was prompted to generate a short summary based on the title and any available contextual
clues (e.g. author name or field).

This approach provided a standardised form of representation across all 40 readings in
the topic-matched dataset, ensuring that each item could be analysed in a comparable way.
Using GPT-4.0 for summary generation allowed for greater consistency in both length
and style, reducing bias introduced by variable abstract formats and enabling a more co-
herent input for subsequent topic modelling.
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While Al-generated summaries are not perfect substitutes for reading full texts, they serve
as a practical and scalable approximation of thematic content particularly useful for com-

parative corpus analysis at scale.

It is important to note that no translation was required for the subset of 20 texts drawn
from QSIERL, as all selected materials were already available in both Arabic and English.
Therefore, the composition of the 40 texts was not influenced by translation constraints
in this case. However, some of the reading list summaries from both reading list QSIERL
and AIMESRL were difficult to obtain, and GPT-4.0 was used to construct summaties
for those texts. Specifically, ten of the QSIERL summaries and seven of the AIMESRL
summaries were generated using GPT-4.0 in cases where existing summaries were not
readily available.

The generation process utilised iterative refinement of standardised prompts, with the
primary instruction “Generate a concise academic-style summary (2-3 sentences) of this
reading based on its title and known academic context” supplemented by domain-specific
guidance emphasising historical and interpretive focus for classical texts. Model parame-
ters included a temperature setting of 0.2 to reduce output variability whilst maintaining
coherence, with 2 maximum constraint of 150 tokens to ensure concise, focused summar-
ies. All GPT-4.0 generated summaries underwent manual review, with revisions made
where necessary to ensure factual accuracy and thematic relevance following established

academic writing conventions.

To ensure the reliability and consistency of GPT-4.0 generated content, a validation
framework was implemented comprising four analytical dimensions, following recent
methodological advances in Al-generated content evaluation (Liu, Y. et al., 2023; Wang,
Z.P. etal., 2024).

1. Semantic Similarity Analysis

Cosine similarity analysis was employed to assess the semantic alignment between title
and summary embeddings, generated using the all-MinilLM-L6-v2 sentence-transformer
model. This approach demonstrated that the summaries consistently captured the the-
matic content of their corresponding titles, with a mean similarity score of 0.743, indicat-
ing strong overall alighment. The standard deviation (SD) of 0.111 suggested relatively
low variability across the dataset, while the observed similarity scores ranged from 0.494
(minimum alignment) to 0.904 (maximum alighment). Although cosine similarity has rec-
ognised limitations in certain contexts (Zhou et al., 2022; Steck et al., 2024), it remains a
widely adopted metric for validating semantic consistency in text embeddings, particularly
when applied to models such as sentence-transformers that normalise vector representa-
tions (Reimers and Gurevych, 2019).
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2. Term preservation analysis

Term preservation analysis examined the retention of key terms from titles to summatries,
revealing excellent content coverage. On average, 86.6% of substantive title terms defined
as words with at least four characters, excluding common function words such as articles,
prepositions, and conjunctions were present in the corresponding summaries. The SD of
0.286 reflected moderate variation in coverage across the dataset. This high rate of lexical
overlap demonstrates strong thematic continuity between source titles and generated ab-
stracts. In addition, the generated summaries exhibited consistent structural characteris-
tics, remaining within appropriate ranges for concise academic writing and demonstrating
suitable paragraph development. Cross-institutional comparisons further indicated mini-
mal variation, suggesting the absence of systematic generation bias across different insti-

tutional sources.

3. Readability assessment:

Readability was evaluated using the Flesch Reading Fase (FRE) test, a widely adopted
metric developed by Flesch (1948). The FRE score is calculated using the formula:

FRE = 206.835 — (1.015 X ASL) — (84.6 X ASW)

Where ASL is average sentence length (words per sentence) and ASW is average syllables
per word. Scores range from 0 to 100, with higher values indicating easier readability. For
example, scores between 60 and 70 correspond to "plain English" typical of everyday
newspaper articles, while scores below 30 are characteristic of very difficult texts com-
monly seen in academic or highly technical writing (Elmira, 2025).

In this study, FRE scores for the GPT-4.0 generated summaries averaged 12.9 (SD =
11.2), positioning them firmly in the “very difficult” category. This outcome reflects the
expected academic register of abstracts in Islamic Studies, with their technical vocabulary

and complex sentence structures.
4. Summary characteristics

An analysis of structural characteristics demonstrated that the generated summaries ex-
hibited strong consistency with the conventions of concise academic abstracts. The aver-
age summary length was 142.5 words (SD = 60.3), falling within the target range for ef-
fective academic summaries, which are typically expected to remain under 150-200 words
(Hartley, J., 2003). This consistency indicates that the model successfully produced ab-
stracts of an appropriate scope for scholarly communication. The generated summaries
averaged 5.3 sentences per summary (SD = 2.5), reflecting well-structured paragraph de-
velopment that balances conciseness with sufficient elaboration of key ideas. Cross-insti-
tutional comparisons revealed minimal variation in summary length, with Leeds summar-
ies averaging 130.0 words and Imam summaries averaging 155.7 words, indicating the
absence of systematic generation bias and demonstrating that the model produced con-
sistently structured summaries across different institutional contexts.

116



To illustrate the validation process, a representative example from the corpus demon-
strates the quality and consistency of the generated summaries. For instance, the title “Re-
ligious Policies of the Caliphs from Al-Mutawakkil to Al-Mugqtadir” was summarised as
follows: “Christopher Melchert's article examines the religious policies of the Abbasid
caliphs during this period through their judicial appointments. Melchert challenges the
notion that al-Mutawakkil fully reestablished traditionalism, noting that his judicial ap-
pointments suggest only limited support for that tendency. His successors al-Muntasir,
al-Musta‘In, and al-Mu'tazz did not pursue substantially different policies...” At 156
words, this summary cleatly preserves key historical details, maintains a scholarly analyti-
cal tone, and stays closely aligned with the original title, showing that the validation frame-
work effectively produces high-quality, consistent summaries.

Overall, these results show that the GPT-4.0—generated summaries were both accurate in
meaning and well-structured, following standard conventions for academic abstracts.

5.5 Topic Modelling and Semantic Matching

To examine the thematic structure of the matched summaries from AIMESRI. and
QSIERL, this study employed BERTopic (Grootendorst, 2022), a flexible topic model-
ling framework that integrates transformer-based sentence embeddings, dimensionality
reduction, density-based clustering, and keyword extraction. This method is particularly
well-suited for short documents such as summaries and abstracts, where traditional topic
modelling methods like LDA (Blei et al., 2003) often struggle with coherence.

The process begins by embedding each summary d; € D, where D is the corpus of doc-
ument summaries, into a high-dimensional vector space using the same pre-trained sen-
tence embedding model all-MiniLM-L6-v2 that was previously applied during the title
matching stage. This model, part of the “SentenceTransformers” framework (Reimers
and Gurevych, 2019), is based on the “MinilLM” architecture developed by Wang et al.
(2020). The model encodes each summary into a 384-dimensional vector that captures
rich semantic and contextual features, providing a consistent embedding approach across
both stages of analysis. This results in an embedding matrix:

E =[vy,Vy, ..., V], v; € R38

Where v; represents the embedding of summary d; in a 384-dimensional semantic space.
These embeddings form the input for the clustering process.

To reduce dimensionality while preserving both local and global structure, the embed-
dings were projected into a lower-dimensional space using Uniform Manifold Approxi-
mation and Projection (UMAP) (Mclnnes et al., 2018). Let Eypmap € R™*7 denote the
reduced matrix, where € {2,5} depending on the desired resolution or visualisation
setup. UMAP was used with its default parameters (n_neighbors=15, min_dist=0.1),
which balance local semantic fidelity with global separability.
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The resulting vectors were then clustered using Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise (HDBSCAN) (Campello et al., 2013), which identifies
dense regions in the data and assigns clusters without requiring a predefined number of
topics. Each cluster Ty represents a latent topic within the dataset, and all documents
assigned to a cluster are treated as belonging to the same thematic category. HDBSCAN
was applied using its default configuration, including a min_cluster_size of 10, which is
suitable for short-text datasets with modest sample sizes. These defaults were retained to
ensure consistency and reproducibility, avoiding the risk of overfitting through manual

tuning.

To extract interpretable labels for each topic, BERTopic applies class-based Term Fre-
quency Inverse Document Frequency (c-TF-IDF)(Sparck Jones, 1972). This technique
consolidates all documents within a topic into a single class and then calculates a modified

term weighting for each word t in topic k using the following formula:

fex N
c—TF—-IDF,, = =———=x lo (—)
bk Yerferk " 08 ng

Where:

e fi 1 is the frequency of term t in topic k,

® X fi is the total frequency of all terms in topic k,
e 1, is the number of topics in which term t appears,

e N is the total number of topics.

This weighting emphasises terms that are distinctive to a given topic while penalising
terms that are common across all clusters. The top-scoring keywords under this metric
form the basis of the topic labels. This behaviour is particularly valuable in thematic anal-
ysis, as it ensures that each topic is defined by terms that are distinctive rather than generic.
Words that frequently occur across all topics such as “Islam,” “book,” or “study” tend to
be less informative in distinguishing one cluster from another. By assigning higher weight
to words that are common within a single cluster but infrequent elsewhere, class-based
TF-IDF improves the semantic coherence and interpretability of the resulting topic labels,
making it easier to identify the unique conceptual focus of each group.

To assess the thematic diversity of the readings assigned by each institution, the distribu-
tion of documents across topics was analysed using Shannon entropy (Shannon, 1948),

calculated as:

n
H= — ZmIngpi
i=1
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Where:

e p; is the proportion of documents assigned to topic i,
e n is the total number of topics.

Higher entropy values indicate a more evenly distributed thematic spread, while lower
values suggest that documents are concentrated around fewer dominant topics.

The overall analytical pipeline is summarised visually in Figure 5.3, which illustrates the
step-by-step process applied in this study.

Reading Lists

}

Sentence Embeddings

!

Semantic Matching

}

Topic Subset Selection

}

Text Summarisation

}

Sentence Embeddings

Topic Modelling

!

Entropy Analysis

Figure 5.3: Workflow for transformer-based thematic and demographic reading list analysis
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5.5.1 BERTopic Implementation and Parameter Configuration

5.5.1.1 Preprocessing Pipeline

Prior to topic modelling, all summary texts underwent systematic preprocessing to ensure
consistency and remove noise. The preprocessing pipeline comprised five sequential

stages:

1. Case normalisation: All text was converted to lowercase to ensure consistent
token matching across the corpus.

2. Character filtering: Non-alphabetic characters were removed using the regular
expression 1'[“a-zA-Z\s]', retaining only letters and whitespace to eliminate po-
tential noise from punctuation and special characters.

3. Stop word removal: A comprehensive stop word list combining NLTK English
stop words and scikit-learn's ENGLISH_STOP_WORDS was applied to elimi-
nate common function words that might obscure meaningful semantic distinc-
tions.

4. Tokenisation: Texts were split using whitespace-based tokenisation for pro-
cessing efficiency whilst maintaining semantic integrity.

5. Text reconstruction: Cleaned tokens were rejoined with single spaces to create
the final processed summaries suitable for embedding generation.

This preprocessing approach prioritised simplicity and reproducibility whilst maintaining
the semantic content necessary for meaningful clustering analysis.

5.5.1.2 Model Configuration and Parameter Selection

BERTopic was implemented using carefully selected components optimised for short ac-
ademic texts. The configuration employed:

e Sentence embeddings: The all-MinilLM-L6-v2 model, producing 384-dimen-
sional dense vector representations specifically designed for semantic similarity
tasks.

e Dimensionality reduction: UMAP with default parameters including n_neigh-
bors=15 (balancing local and global structure preservation), min_dist=0.1 (allow-
ing moderate compression whilst maintaining cluster separation), and metric='co-
sine' (appropriate for high-dimensional text embeddings).

e Clustering algorithm: HDBSCAN with default configuration, including
min_cluster_size=10 (though effectively reduced due to the modest corpus size)
and min_samples=None (automatically determined based on min_cluster_size).

o Topic representation: c-TF-IDF with default n-gram range (1,1) to highlight
distinctive terms within each identified cluster.

The decision to employ default parameters was based on BERTopic's established perfor-
mance on similar short-text academic corpora and the exploratory nature of this proof-

120



of-concept study. Previous research has demonstrated the effectiveness of BERTopic's
default configuration on academic texts, including studies on NLP abstracts (Samsir et al.,
2023) and scientific article analysis (Chagnon et al., 2024). Whilst parameter optimisation
might yield marginal improvements, the default configuration provided stable and inter-
pretable results suitable for methodological demonstration.

5.6 Topic-Matched Subset and Topic Analysis Results

5.6.1 Topic-Matched Subset

Following the semantic similarity process, a final set of 40 thematically aligned readings
was identified 20 from AIMESRL and 20 from QSIERL. This matching was conducted
using transformer-based sentence embeddings and cosine similarity, ensuring that the se-
lection reflects strong content-level equivalence rather than superficial lexical overlap.
Some examples from the top-matched pairs illustrate the thematic coherence achieved
through this process:

e “The Qur'an: An Introduction” (AIMESRL) and “Introduction to the Study of
the Qur'an” (QSIERL), both introductory texts aimed at familiarising students
with the structure, themes, and interpretive traditions of the Qur'an.

e “Understanding the Qut'an: Themes and Style” and “The Meanings of the
Qur'an”, which offer literary and thematic explorations of Qut'anic content.

e “Ulum al-Qut’an: An Introduction to the Sciences of the Qur'an” and “The Pet-
fect Guide to the Sciences of the Qut'an”, both presenting foundational concepts
in Qut'anic sciences.

e “Mu‘awiya Ibn Abi Sufyan: From Arabia to Empire” and “Muhatrar al-Wajiz —
Tafsir Ibn “Atiyyah”, pairing a historical-political biography with a classical tafsir
that engages similar periods and figures.

The cosine similarity scores for these matches ranged from 0.96 down to 0.58, with man-
ual inspection confirming that the top pairs displayed high topical alighment in Qut’anic
studies, Islamic historiography, and interpretive methodology. These aligned pairs form a
content-rich basis for cross-institutional comparison and subsequent analysis.

To facilitate this comparison, a brief summary was generated for each of the 40 matched
readings. These summaries were either retrieved from reliable bibliographic soutces or
generated using GPT-4.0, ensuring consistent and thematically representative abstracts
across the dataset. Although the final set includes only 40 readings, this constrained sam-
ple size was a deliberate design choice to prioritise semantic alighment and interpretive
depth across institutions. The study functions as a proof-of-concept, not a generalisable
statistical analysis.
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5.6.2 Topic Analysis

To explore the thematic structure of the 40 matched readings, topic modelling was applied
using the BERTopic framework. The model used all-Minil.LM-1.6-v2 from the sentence-
transformers library as its embedding model, which was passed to BERTopic via the em-
bedding model argument during initialisation. Dimensionality reduction was handled
by UMAP, and clustering was performed using HDBSCAN, the default unsupervised
density-based algorithm integrated into BERTopic.

BERTopic successfully identified two distinct clusters:

e Topic 0: Qur'anic Tafsir and Interpretive Methodologies: This was the larg-
est cluster, containing 24 documents. It was defined by keywords such as “quran,”
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“quranic,” “tafsir,” “ibn,” “work,” and “islamic”. Representative documents in
this cluster included classical exegesis works such as “Jami‘ al-Bayan ‘an Ta wil
Ay al-Qur’an”, commonly known as Tafsir al-Tabati.

e Topic 1: Early Islamic History: The second cluster contained 16 documents,
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with top terms like “islamic,” “historical,” “early,” “history,” and “sources”. Rep-
resentative readings here included texts like “Roger Mervyn Savory’s Introduction
to Islamic Civilisation”, which survey foundational historical developments in the

Muslim world.

To assess the breadth of thematic coverage within the reading lists of the two institutions,
Shannon entropy was calculated based on the distribution of topics identified through
BERTopic. Shannon entropy is a measure of diversity that increases when topics are more
evenly represented and decreases when a small number of topics dominate the dataset. It
provides a quantitative lens through which to evaluate the extent to which each institu-
tion's readings are topically balanced or concentrated.

The results reveal a clear disparity in topical diversity between the two institutions. The
reading list from Leeds yielded a Shannon entropy score of 0.791, indicating a moderately
diverse topic distribution. This suggests that the selected texts are spread relatively evenly
across different thematic clusters, allowing for broader topical exposure in the curriculum.
The University of Leeds appears to exhibit greater thematic diversity, with readings span-
ning Qur'anic exegesis as well as historiography, ethics, and reformist thought, suggesting

a more interdisciplinary approach to Islamic Studies.

In contrast, the reading list from Imam showed a significantly lower entropy score of
0.330, reflecting a more concentrated topical focus. This means that a majority of Imam's
texts fall into a limited number of topics, suggesting a narrower thematic range with
greater emphasis on classical tafsir and Qur'anic sciences. Such a distribution could imply
a more specialised or traditional curricular emphasis, potentially at the expense of expos-
ing students to a wider array of subjects or interpretive frameworks. This concentration
reflects a pedagogical focus grounded in traditional scholarly frameworks.
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These findings offer an important empirical dimension to the discussion of curricular
representation. They suggest that students at Leeds may encounter a more varied set of
discourses within Islamic and Middle Eastern studies, whereas students at Imam may en-
gage more deeply with a smaller number of themes. This disparity in topical diversity
raises further questions about educational scope, institutional priorities, and potential gaps
in scholarly exposure.

However, whilst these entropy values suggest potential differences in thematic breadth
between the two institutions, the small sample size limits the statistical significance of this
comparison. These preliminary findings are consistent with different pedagogical orien-
tations, yet the use of entropy as an analytic tool demonstrates a potentially scalable
method for evaluating thematic distribution, though validation with larger datasets would

be needed to confirm its effectiveness for curriculum auditing.

5.6.3 Clustering Stability and Validation

To address concerns regarding the reliability and robustness of the topic modelling ap-
proach, a comprehensive validation framework was implemented comprising multiple

complementary analyses.

5.6.3.1 Bootstrap Stability Analysis

Clustering stability was assessed through bootstrap resampling to evaluate the consistency
of topic assignments across different data samples. The validation protocol involved 50
bootstrap iterations using 80% random sampling without replacement, with each boot-
strap sample independently processed through the complete BERTopic pipeline. Stability
was measured using the Adjusted Rand Index (ARI) calculated for overlapping docu-
ments between bootstrap iterations, alongside assessment of topic count variability
through standard deviation across iterations.

Results indicated moderate clustering stability (ARI: 0.485), which, whilst below the
threshold typically considered indicative of high stability (>0.5), represents reasonable
consistency for exploratory analysis of a small, specialised corpus. The topic count re-
mained remarkably stable (1.4 = 0.9), suggesting robust identification of the underlying
thematic structure despite the modest sample size.

5.6.3.2 Parameter Sensitivity Analysis

Robustness was further evaluated through systematic parameter sensitivity analysis, fo-
cusing on the key clustering parameter min_cluster_size, which determines the minimum
number of documents required to form a cluster in HDBSCAN. This parameter directly
influences the trade-off between cluster granularity and noise detection, with smaller val-
ues typically producing more fine-grained topics and larger values creating broader, more
inclusive clusters (Campello et al., 2013).
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Testing was conducted using min_cluster_size values of 3, 5, 8, 10, and 15. Across all
parameter settings, the model consistently identified two primary topics, with zero docu-
ments assigned to noise categories. Topic size distributions remained stable across param-
eter variations, with the larger cluster consistently containing 60-65% of documents and
the smaller cluster 35-40%, suggesting robust thematic partitioning regardless of cluster-
ing sensitivity.

The absence of noise assignments is particularly noteworthy, as HDBSCAN typically la-
bels marginal or ambiguous documents as outliers under more heterogeneous conditions
(Mclnnes et al., 2017). This pattern suggests that the corpus exhibits substantial internal
thematic coherence, with clear semantic boundaries between the identified clusters. The
consistency across parameter settings indicates that the observed two-topic structure re-
flects genuine thematic distinctions rather than artifacts of parameterisation.

However, this robustness should be interpreted within the context of the corpus charac-
teristics. The specialised, domain-focused nature of the Islamic Studies texts may contrib-
ute to the observed stability, as documents share common terminological and conceptual
frameworks. In larger, more heterogeneous datasets, parameter choice typically exerts
stronger influence on cluster structure (Hahsler et al., 2019), and the present findings may
not generalise beyond similarly focused academic corpora.

5.6.3.3 Topic Coherence Evaluation

Topic quality was assessed through coherence analysis, which evaluates whether topic-
defining words co-occur within the original summaries. Following established approaches
for coherence measurement in topic modelling (Réder et al., 2015), a pairwise co-occur-
rence measure was employed, calculating the proportion of word pairs from each topic's
top 10 terms that appeared together within individual summaries. Coherence scores were
subsequently averaged across all word pairs within each topic.

This approach was selected over traditional coherence metrics such as UMass or CV co-
herence due to the short and domain-specific nature of the corpus. Conventional refer-
ence corpora (e.g., Wikipedia) may provide misleading baselines for specialised academic
content, as external corpora often lack the specific terminology and conceptual frame-
works present in Islamic Studies literature (Newman et al., 2010; Lau et al., 2014). The
internal coherence approach ensures that evaluation reflects the actual co-occurrence pat-

terns within the target domain rather than general language usage.

The analysis yielded exceptionally high coherence scores: an overall average of 0.989, with
Topic 0 achieving perfect coherence (1.000) and Topic 1 scoring 0.978. These values in-
dicate that topic-defining words consistently co-occur within documents, supporting the
interpretability and validity of the identified thematic clusters. The near-perfect coherence
likely reflects the specialised, tightly focused nature of the corpus, where domain-specific
terminology is deployed consistently across texts. For context, coherence scores above
0.7 are typically considered indicative of well-formed topics in academic literature (Mimno
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et al., 2011), making these results exceptionally robust for the specialised corpus under

examination.

5.6.3.4 Embedding Quality and Cluster Separation

Finally, the quality of the underlying semantic representations was examined through em-
bedding-based evaluation. Two complementary measures were employed: silhouette anal-
ysis, which compares intra-cluster cohesion against inter-cluster separation, and centroid
distance analysis, which quantifies the Euclidean separation between topic centres in em-
bedding space. Together, these metrics provide a balance between local (document-level)
and global (topic-level) perspectives on cluster quality.

The silhouette score of 0.137, while below the conventional >0.3 threshold associated
with well-separated clusters, should be interpreted in context. Low silhouette scores are
expected in domains where topics overlap semantically, as is often the case in Islamic
Studies curricula where thematic boundaries are fluid rather than rigid. Importantly, the
high centroid distance (0.814) indicates that the two topics are nonetheless well differen-
tiated at the global level. Taken together, these results suggest that while the thematic
distinctions are subtle at the document level, they nonetheless correspond to genuine and
interpretable orientations at the corpus level.

5.6.3.5 Topic Distribution by Authors

An analysis of author demographics across the reading lists of both Imam Mohammad
ibn Saud Islamic University and the University of Leeds reveal a predominant represen-
tation of male authors, particularly those of Middle Eastern origin. This pattern aligns
with historical trends in Islamic scholarship, where male scholars have traditionally held
prominent roles in the interpretation and transmission of religious texts (Mernissi, 1991;
Alwani, 2013; Ahmed, L., 2021). Studies have highlighted that while women have con-
tributed significantly to Islamic scholarship, their roles have often been underrepresented
in mainstream academic discourse (Mernissi, 1991; Alwani, 2013; al-Nadwi, 2021).
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Figure 5.4: Author demographics across topic clusters: gender and ethnicity representation.

The ethnic composition of authors also varies between the two institutions. Imam Uni-
versity's reading list predominantly features Middle Eastern scholars, reflecting its focus
on traditional Islamic sciences and its geographical and cultural context. In contrast, the
University of Leeds showcases a more diverse range of authors, including those from
Western backgrounds, indicative of its broader academic approach to Islamic and Middle
Eastern studies.

Figure 5.4 offers a visual summary of how author backgrounds are distributed across the
identified thematic clusters. While it is important to avoid assuming that authors of a
particular gender or ethnic background necessarily share uniform perspectives or produce
homogenous content, the distribution patterns observed here suggest that certain topics
may be more commonly associated with particular demographic groups. For example,
texts authored by Middle Eastern males are predominantly concentrated in Topic 0, which
is primarily focused on Qur’anic sciences and tafsir. In contrast, Topic 1, encompassing
themes such as historiography, gender, ethics, and reform, includes a more varied set of
authors, including female scholars and those from diverse ethnic and geographic back-

grounds.

These findings echo concerns raised in prior research about the demographic imbalances
in academic reading lists, particularly within UK higher education. Previous studies have
found that white, Eurocentric/Western, and male authors tend to dominate the pre-
scribed literature in British universities, contributing to the underrepresentation of alter-
native voices and perspectives (Phull et al., 2019; Schucan Bird and Pitman, 2020). Alt-
hough demographic identity should not be equated with intellectual stance, the alignhment
of certain themes with particular author profiles may reflect deeper institutional and dis-
ciplinary structures that shape knowledge production and curricular design. In this con-
text, demographic analysis not only reveals representational disparities but also offers a
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lens through which to critically examine the thematic contours of what is taught, and
whose voices are made central within academic knowledge frameworks.

5.6.3.6 Topical Focus Across Institutions

While there is some overlap in topical content between the two universities, the distribu-
tion of materials shows that each institution places greater emphasis on different thematic
clusters. Topic modelling of the reading lists further underscores these distinctions (see
Figure 5.5).

Topic
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Figure 5.5: Topic distribution by university reading lists

At Imam Mohammad Ibn Saud Islamic University, the materials are heavily concentrated
in Topic 0, which encompasses Qur’anic sciences and tafsir. This concentration reflects a
curriculum deeply embedded in classical Islamic scholarship. The study of tafsir (exegesis
of the Qur'an) has long been regarded as a foundational pillar of the Islamic intellectual
tradition. It is not only one of the earliest disciplines developed by Muslim scholars but
also one that continues to shape the interpretation of religious doctrine, law, and ethics
(McAuliffe, 1991; El-Mesawi, 2005; Gorke and Pink, 2014). Qut’anic sciences (‘Ulum al-
Qur’an), which include disciplines such as the collection of the Qut’an, reasons for reve-
lation (asbab al-nuzul), abrogation (naskh), and modes of recitation (qira’at), form the
methodological and epistemological basis through which Islamic texts are understood and
applied (Wansbrough and Rippin, 1977; Von Denffer, 1983; Abdul-Rahim, 2011; Taftahi
and Nazari, 2017).

Conversely, the reading list from the University of Leeds demonstrates broader thematic
coverage across several distinct clusters. According to the topic modelling analysis, the
materials are distributed primarily within Topic 1, which encompasses a diverse range of
areas including Islamic historiography, gender and ethics, political reform, modern intel-
lectual thought, and comparative theology. Specific readings explore the historical evolu-
tion of Islamic legal systems, critical approaches to hadith, Islam and feminism, Muslim
responses to modernity, and the intellectual contributions of reformist and contemporary

127



thinkers. This indicates a curriculum designed to provide students with thematic variety
and interdisciplinary engagement, reflecting the pluralism of scholarly voices and ap-
proaches within the field of Islamic and Middle Eastern studies.

While the titles selected for both institutions were semantically aligned at the surface level
through title matching, the topic modelling of their summaries reveals significant differ-
ences in the underlying content. This divergence in topic distribution despite the presence
of title-level similarity highlights the limitations of assuming equivalence based on super-
ficial semantic overlap. The University of Leeds curriculum, with its broader thematic
range, appears to prioritise coverage across multiple domains, exposing students to varied
methodological frameworks and critical lenses. By contrast, the more concentrated topical
structure at Imam Mohammad Ibn Saud Islamic University, focused primarily on tafsir
and Qur’anic sciences, suggests a curriculum centred on the in-depth study of founda-
tional Islamic texts and classical epistemologies.

These differences in content coverage underscore the varying pedagogical priorities of the
two institutions. Importantly, they also offer a valuable entry point into investigating how
curricular design can reflect or perpetuate epistemic bias. Analysing not only who is in-
cluded on reading lists, but also what topics are addressed and how, contributes to the
broader project of decolonising the curriculum. This approach foregrounds the structural
dynamics through which certain kinds of knowledge “textual, historical, reformist, or oth-
erwise” are privileged, shaping students’ exposure to the intellectual diversity within Is-
lamic studies.

5.7 Discussion

The findings presented in this chapter offer critical insights into how knowledge is framed
within university curricula through the composition of reading lists. While both institu-
tions examined operate within the broad disciplinary umbrella of Islamic and Middle East-
ern Studies, the analysis demonstrates that the content and structure of their reading lists
reflect markedly different epistemological orientations.

Topic modelling and entropy analysis suggest that students are not merely being exposed
to different authors, but also to fundamentally different thematic priorities. Imam’s read-
ing list is deeply rooted in classical Islamic sciences, particularly Qur’anic tafsir and inter-
pretive methodologies, revealing a concentrated and traditional scholarly focus. In con-
trast, the Leeds curriculum presents a more thematically diverse range of readings, cover-
ing historiography, gender, ethics, reform, and modern intellectual thought. While both
institutions share some overlap in core topics especially those that fall within Topic 0 the
breadth of coverage at Leeds and the depth of focus at Imam suggest different pedagog-
ical orientations one emphasising thematic variety, the other prioritising continuity within
core disciplinary traditions.

Importantly, these content patterns intersect with, but do not always mirror, authorial
demographics. The University of Leeds includes a more diverse set of authors in terms
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of ethnicity and gender, whereas Imam’s readings are almost entirely written by Middle
Eastern male scholars. Yet, the analysis cautions against assuming that a more demo-
graphically diverse authorship automatically results in epistemic diversity. Prior studies
(e.g. Phull et al. (2019); Schucan Bird and Pitman (2020); Bin Shiha et al. (2022)) have
shown that curricula in Western universities often remain shaped by dominant Eurocen-
tric frameworks even when featuring authors from underrepresented backgrounds. Con-
versely, scholars from traditionally dominant groups may still present critical or subaltern
perspectives. This complexity reinforces the need to move beyond surface-level inclusion
toward a deeper interrogation of the ideas, narratives, and paradigms being conveyed.

The findings also speak directly to the broader discourse on curriculum decolonisation.
Students across many UK institutions have called for more inclusive, reflective curricula
that challenge hegemonic narratives and represent a plurality of worldviews (Charles,
2019). The evidence here supports the notion that decolonising the curriculum is not
simply a matter of diversifying authorship, but of critically examining how knowledge is
organised, legitimised, and communicated. What is taught, its themes, language, and in-
terpretive frameworks is as important as who is being read.

In sum, this study underscores that reading lists are not neutral repositories of infor-
mation; they are curated expressions of institutional priorities and academic worldviews.
They frame the scope of what students learn, the perspectives they encounter, and the
voices that are normalised or marginalised within their academic formation. Understand-
ing both the demographic composition and thematic structure of reading materials thus
offers a richer, more nuanced picture of curricular representation one that is essential for
any meaningful movement toward more inclusive and critically engaged education.

5.8 Limitations

While this study provides valuable insights into the thematic and demographic structures
of university reading lists, several limitations should be acknowledged. First, the analysis
was based primarily on summaries and abstracts rather than the full content of the texts.
Although summaries offer a useful approximation of a work’s focus, they may not capture
the full depth, nuance, or argumentative complexity of the original material. As such,
conclusions drawn from topic modelling should be interpreted as indicative rather than

definitive representations of textual content.

Second, the use of LLM-generated summaries helped standardise and complete the da-
taset, particularly in cases where official abstracts were unavailable. However, these Al-
generated summaries may lack the stylistic distinctiveness, rhetorical emphasis, and disci-
plinary tone of the original authors. While they contributed to a more uniform input for
topic modelling, they inevitably introduced a degree of abstraction from the authentic
voices and intentions of the texts.

Third, the sample size for content analysis was relatively small, comprising 40 matched
texts across two institutions. While these were carefully selected to ensure balance and
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thematic relevance, the limited scale restricts the breadth of the conclusions. Additionally,
the study focused on reading lists from only two academic departments Islamic Studies
which, although meaningful for a comparative case study, do not capture the full diversity
of curricular design across the broader spectrum of higher education. As a result, the
findings should be understood as specific to the institutional and disciplinary contexts
examined here, rather than generalised across all academic programmes.

Finally, several methodological limitations merit consideration. The clustering approach
identifies nuanced rather than stark thematic distinctions, with validation metrics reflect-
ing subtle but genuine differences in curricular emphasis between institutional contexts.
The moderate clustering stability (ARI: 0.485) and silhouette scores (0.137), whilst below
conventional thresholds, are appropriate for exploratory analysis of specialised academic
corpora where thematic boundaries are inherently less distinct than in heterogeneous text
collections.

The reliance on default BERTopic parameters, whilst ensuring reproducibility and avoid-
ing overfitting, may not represent optimal configurations for this specific corpus. How-
ever, parameter sensitivity analysis demonstrated consistent topic identification across dif-
ferent settings, suggesting that the core findings are robust to methodological variations
within reasonable bounds.

5.9 DSRL: Interdisciplinary Author Diversity Analysis

The third dataset in this study, consisting of 679 author entries from DSRL modules at
The University of Leeds. As discussed in Chapter 3, section 3.3.2.4, the DSRL dataset was
treated differently due to its reliance on edited volumes. Chapter authors were used for
demographic coding and multi-author works were retained as single entries. The dataset
was structured to capture title, chapter title, author information and demographic labels,
with ethnicity coded using broad regional categories: North American, European, Aus-
tralian, Asian, African and South American.

This data reveals a relatively balanced gender distribution among identifiable authors,
alongside substantial gaps in ethnicity data (see Figure 5.6). Approximately 34.5% of au-
thors were female, 32.5% male, and 0.3% non-binary, while 32.7% had unspecified gender
suggesting that where gender could be determined, representation was broadly compara-
ble across male and female authors. The ethnicity breakdown, however, is far more lim-
ited: 81.1% of authors had unclear ethnicity, with only 10.9% identified as North Ameri-
can and 6.3% as European. Other categories (Australian, African, Asian, South American)
represented less than 1% each. Among identifiable authors, the underrepresentation of
authors from BAME backgrounds is notable: African and Asian authors collectively made
up only 1% of the dataset, compared to 17.2% for North American and European authors
combined.

Figure 5.6 illustrates the ethnicity distribution by gender among this identifiable subset
around 128 authors, 18.9% of the total. Among identifiable authors, North American and
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European scholars collectively dominated at 17.2%, while African and Asian authors
combined represented less than 1%. It is important to acknowledge that the high propor-
tion which is 81.1% of unidentifiable authors is a significant methodological limitation
the true ethnicity distribution across the full DSRL dataset cannot be determined with
confidence. This gap likely reflects the challenges of inferring demographic information
from publicly available sources alone, particularly for authors who maintain a limited
online presence or whose names do not clearly indicate geographic or ethnic origin. As a
result, the findings presented here should be interpreted as indicative of patterns among
identifiable authors only, rather than as a definitive representation of the full dataset.

DSRL: Ethnicity Distribution by Gender
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Figure 5.6: DSRL ethnicity distribution by gender

The interdisciplinary nature of disability studies spanning modules from disability law and
inclusive education to medical and humanities presents opportunities to engage with di-
verse global perspectives on disability. However, the data suggests this breadth across
legal, educational, medical and cultural frameworks has not translated into demographic
diversity among cited authors, particularly given the limited ethnic diversity identified
even within the 18.9% of authors where classification was possible. Modules such as dis-
ability rights and the international policy context and inclusion would benefit from incot-
porating voices from the global south and diverse ethnic backgrounds, where experiences
of disability intersect with different cultural and socioeconomic contexts. These patterns
suggest that even fields explicitly committed to challenging exclusion require ongoing at-
tention to ensure their reading lists reflect the diverse perspectives central to their foun-
dational values.
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5.10 Conclusion

This chapter has explored how university reading lists can reveal patterns of representa-
tion and topical emphasis, offering insight into the ways knowledge is framed within aca-
demic institutions. By combining topic modelling with demographic analysis, the study
identified evidence of bias in both authorship and content. Male authors, particularly
those of Middle Eastern background, dominated the reading list from Imam Mohammad
Ibn Saud Islamic University, with a strong focus on classical Islamic sciences. The Uni-
versity of Leeds, while still male-dominated, exhibited greater authorial diversity and a
broader thematic range, particularly in areas related to historiography, ethics, and reform-
ist discourse. Although some overlap existed between the two institutions, particularly
around Qur’anic studies, the differences in topical distribution and demographic align-
ment suggest divergent epistemological orientations. Methodologically, the study demon-
strates how natural language processing specifically topic modelling can support critical
curriculum auditing by revealing latent patterns in textual data. This approach provides a
scalable and interpretable means of analysing not only what is being taught but how
knowledge is structured across institutions. Importantly, it shows that surface-level simi-
larities, such as shared titles, do not necessarily equate to shared content or perspectives.
Reading lists, often overlooked as mere administrative tools, thus emerge here as both a
valuable data source and a lens into the epistemic values of academic departments. They
reflect broader institutional priorities, disciplinary traditions, and the politics of inclusion
and exclusion. As such, they are a powerful site for both analysis and intervention in
ongoing efforts to build more inclusive, reflexive, and critically engaged curricula.

Overall, this work lays the groundwork for more sophisticated bias detection systems
capable of operating in sensitive and high-stakes domains such as education. It empha-
sises the value of combining automated approaches with expert human insight and con-
tributes both a practical methodology and a valuable resource to support future research
in NLP, fairness, and inclusive education. While the analytical method demonstrated here
shows promise, its adaptability to other disciplines remain to be confirmed through fur-
ther empirical research, and no general claims are made beyond the Islamic Studies con-
text. This chapter concludes the investigation of university reading lists, while the follow-
ing chapter turns to a different dataset and introduces a new analytical framework for
examining bias within higher education learning resources.
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Chapter 6

6 Fine-Tuned LLM for Bias Analysis in Online Higher Ed-
ucation Learning Resources in Humanities

6.1 Introduction

Part of the research conducted and discussed in this chapter has been published in the
following work (Shiha et al., 2025a).

6.1.1 Background and Motivation

While higher education learning resources are often perceived as objective or neutral, re-
search increasingly challenges this assumption, revealing that they may contain subtle yet
influential forms of bias. Rathbun and Turner (2012) argue that academic development
practices and resources are shaped by underlying structures of power and authority, cast-
ing doubt on the feasibility of true neutrality in educational content. Similarly, Bhopal et
al. (2018) highlight how institutional practices within higher education can marginalise
ethnic minority students and staff, with academic materials contributing to these systemic
inequalities. Mahmud and Gagnon (2023) further demonstrate that racial disparities in
educational outcomes in the UK are partly reinforced by biased curricula, suggesting that
the content of university-level texts plays a role in shaping exclusionary academic cultures.

Despite growing interest in the application of Al and NLP for bias detection, most exist-
ing studies have focused on public discourse such as media and social networks where
bias tends to be more explicit and easier to identify. Comparatively little attention has
been paid to academic materials, where bias is often embedded in complex linguistic and
contextual cues, making it less perceptible to traditional detection techniques. This over-
sight represents a significant gap in current research, especially given the formative influ-

ence of educational texts on learners’ perspectives.

Addressing this gap, this chapter investigates the application of LLMs, to detect both
explicit and implicit biases within online higher educational content. It places particular
emphasis on identifying bias related to ethnicity and gender, drawing on a curated dataset
of academic texts.
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6.1.2  Objectives of the Chapter

This chapter aims to achieve the following specific objectives:

To fine-tune a GPT-40-mini model for domain-specific automated bias detection in
OER-H. Moreover, to analyse model performance across different bias categories, iden-
tifying specific strengths and limitations in detecting explicit versus implicit bias forms
within academic discourse.

To evaluate the fine-tuned model’s performance against established baselines, including
zero-shot LLMs demonstrating measurable improvements in bias detection capabilities.

To assess cross-domain generalisability by applying the humanities-trained model to UoL-
DSPDS-LT, identifying transferability patterns and domain-specific bias characteristics.

6.1.3 Contributions of The Chapter

This chapter makes contributions to the field of automated bias detection in educational
contexts, addressing the contributions outlined in Chapter 1. The chapter fulfils the LLM
bias investigation goals (Section 1.3.3.2) by fine-tuning a domain-specific bias detection
model tailored to Humanities disciplines. Additionally, it provides empirical evidence of
model performance across academic disciplines by conducting a cross-domain transfer
experiment: applying the humanities-trained model to STEM content to evaluate its ca-
pacity to detect bias across distinct disciplinary contexts. This cross-domain transferability
analysis reveals important domain-specific bias patterns and limitations that have not been
previously examined in the literature. This addresses the contribution outlined in Chapter
1, Section 1.3.3.3.

6.2 Dataset Collection and Annotation Process

The primary dataset in this investigation is OER-H, which includes text segments ex-
tracted from resources focusing on Humanities disciplines. Each segment ranges from
150-250 words and was obtained through keyword searches targeting gender and ethnic
bias terminology (e.g., ‘gender roles’, ‘racial discrimination’, ‘colonial narratives’). The da-
taset underwent comprehensive annotation. Each text segment was classified into one of
three bias classes (‘Bias’, ‘Not Bias’, ‘Potential Bias’) with mandatory justifications explain-
ing the classification decision (i.e., rationale for bias or non-bias determination). Addition-
ally, text segments classified as ‘Bias’ or ‘Potential Bias” were further categorised into one
or more specific bias categories: representation bias, stereotype bias, and linguistic bias.
The annotation process also required identification of specific keywords or phrases con-
tributing to the bias classification, which encompassed both overtly biased language (e.g.,
‘black reputation’, ‘yellow coward’ (Stony Brook University, no date)) and more subtle
terms that may initiate bias through implication or context. Following annotation and data
balancing to address class imbalance, the final dataset consisted of 108 instances with
equal representation across all three bias classes (36 instances each). For all the data col-
lection and annotation details see Chapter 3 section 3.3.3 and 3.6. The examples below
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present annotated entries from the dataset, illustrating the structure and key components
of the annotations.

Text Segment 1:

e Text Segment:
“The controlling majority of the Federal Government,
under various pretences and disguises, has so adminis-
tered the same as to exclude the citizens of the South-
ern States... [text continues]”
e Bias Class: Bias
e Bias Category: Representation
e Bias Keywords/Phrases:
o “odious and unconstitutional restrictions”
o “destroying the institutions of Texas and her
sister slaveholding States”
o “infamous combinations of incendiaties and
outlaws”
o “imbecility of the Federal Government”
e Justification:
This text reflects strong regional and political bias, por-
traying Northern States and the Federal Government
negatively. The use of highly charged and inflamma-
tory language presents a one-sided Southern perspec-
tive typical of secessionist rhetoric.
e Confidence Score: 100

Text Segment 2:

e Text Segment:
“Essay ask each student to write a two page essay that
answers the lessons guiding question...”

e Bias Class: Not Bias

e Bias Category: —

e Bias Keywords/Phrases: —

¢ Justification:
This is an instructional prompt with no biased lan-
guage, providing an open-ended academic task.

e Confidence Score: 100
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Text Segment 3:

e Text Segment:
“...from the 1860s through the 1870s the American
frontier was filled with Indian wars and skirmishes...
force the Indians to give up their lands...”
e Bias Class: Potential Bias
e Bias Category: Linguistic, Representation
e Bias Keywords/Phrases:
o “Indian wars and skirmishes”
o “Indian uprisings”
o “force the Indians to give up their lands”
e Justification:
The terminology frames Native American resistance in
a way that downplays the violence and coercion in-
volved in land dispossession, reflecting a biased histor-
ical narrative.

e Confidence Score: 100

A secondary domain transfer validation dataset is UoL-DSPDS-LT. This dataset serves
to test cross-domain model performance, examining whether bias detection methods de-
veloped on humanities materials can effectively generalise to technical disciplines tradi-
tionally assumed to maintain objectivity. This dataset has not undergone any annotation
process and was gathered solely to evaluate model performance across different academic
domains. For detailed data collection see Chapter 3 Sections 3.3.3.

6.3 Data Augmentation

To address the relatively small size of OER-H (i.e., 108 entries, 34,248 words after balancing
the annotated data), we employed contextual data augmentation, generating additional ex-
amples for each bias category to enrich the training data. This approach allowed the model
to encounter a broader spectrum of biased and unbiased scenatios, ultimately improving its
ability to generalise across diverse educational content.

OpenAl’s GPT-40 was used to create new educational text segments designed to reflect
each of the bias classes: ‘Bias’, ‘Not Bias’, and ‘Potential Bias’. These additional examples
were generated with a token length limit of 200 tokens per entry.

The model was given access to some of the original annotated data to learn its structure
and produce examples that align with the existing dataset, which focuses on a range of
Humanities disciplines. The goal was to maintain the balance of the dataset even after aug-
mentation by ensuring that newly generated examples accurately reflected the bias classes
and categories assigned to the original data. The augmentation prompt used was:
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“Generate an educational text segment suitable for higher educa-
tion, focusing on themes of historical events, societal issues, or
autobiographical narratives. The content should reflect complex
topics such as social movements, inequality, or personal accounts
of historical experiences. Ensure the segment contains the bias
category and should be classified as bias class. The content
should provoke critical thought, be representative of higher edu-
cation discourse, and align with the themes found in history, so-
cial sciences, and humanities education.

For each generated example, you must also provide additional
metadata, including:

Justification — Provide an explanation of why the text was clas-
sified as either ‘Bias’, ‘Potential Bias’ or ‘Not Bias’. The justifica-
tion should clearly explain the reasoning behind the classification,
citing specific elements of language, representation, or stereotype
that influenced the decision.

Bias Keywords or Phrases — Identify words or phrases that
contribute to the bias (for ‘Bias’ and ‘Potential Bias” examples).

Bias Category - for ‘Bias’ and ‘Potential Bias’ examples further
categories them with one or more of the following:

Stereotype Bias: Generalising roles, attributes, or behaviours to a
specific gender, ethnic group, or social class.

Representation Bias: Under-representation or limited portrayals
of certain genders, ethnicities, or social groups, leading to exclu-
sion or marginalisation.

Linguistic Bias: Use of language that favours or promotes one
group over others, or a tone that reflects implicit bias.

Confidence Score (0-100%) — Measure how confident you are
in the accuracy and correctness of the classification details pro-
vided (Bias Class, Bias Category, Bias Keywords, and Justifica-
tion). If the classification is straightforward and aligns strongly
with clear indicators (e.g;, an obvious stereotype or a fully neutral
statement), confidence should be high (90-100%). If there is
some ambiguity in classification (e.g., overlapping bias categories,
subtle wording, or room for debate), confidence should be mod-
erate (70-85%). If the classification required significant interpre-
tation or could reasonably be disputed, confidence should be
lower (=50%)”.

The alignment between the generated examples and OER-H dataset demonstrates con-
sistency in bias classification across key themes, including historical narratives, gender roles,
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civil rights, literature, and immigrant integration. The generated examples successfully cap-
ture the complexity of higher educational discourse, preserving the depth needed for de-
tecting subtle biases in educational materials.

One notable area of alignment is the representation of Western intellectual dominance. The
generated example states that “the greatest philosophers and scientists have primarily
emerged from Western traditions, showcasing the intellectual superiority of these cultures”,
reinforcing a Burocentric bias. This aligns with the original dataset’s framing of Malcolm
X’s legacy as “often interpreted through a Western-centric lens”, illustrating how historical
narratives can marginalise non-Western intellectual traditions.

Similarly, gender stereotyping appears in both datasets. The generated text claims that
“women have always been more suited for caregiving roles, which is why they excel in nurs-
ing and teaching”, reinforcing traditional gender roles. The corresponding original text dis-
cusses how “women’s push for broader roles outside their homes faced societal resistance”,
reflecting historical biases that restricted their professional opportunities.

The framing of civil rights movements is another point of alignment. The generated exam-
ple states that “the struggle for civil rights was a commendable effort, but at times, it pushed
too aggressively, leading to unnecessary disruptions”. A similar concern appears in the orig-
inal dataset: “if King admits that breaking laws in order to protest is necessary, does that
justify all forms of civil disobediencer” Both examples reflect bias in language and tone,
framing activism as potentially excessive.

The underrepresentation of women in literature is also evident. The generated claim that
“literature has historically been dominated by male writers because their works hold higher
intellectual and philosophical value” aligns with the original dataset’s discussion of “why
women's contributions to literature were historically overlooked”. Both texts highlight bias
in representation within academic discourse.

Finally, bias in discussions of immigrant integration appears in the generated statement:
“hardworking individuals tend to integrate well, whereas those who fail to adopt local cus-
toms often struggle to succeed”. The original dataset presents a related framing, discussing
“assimilation patterns of immigrant communities and their economic success”. Both sug-
gest that immigrant success is often measured by conformity to dominant cultural norms.

These examples demonstrate strong contextual alignment between the generated and orig-
inal datasets, preserving thematic integrity while expanding coverage. This ensures that the
dataset effectively captures bias in higher education texts while maintaining consistency in
classification. A total of 75 additional examples were incorporated into the dataset, with 25
examples per bias class. While this does not represent a significant increase in dataset size,
the primary objective was to expand the dataset without overshadowing the original entries.
The new examples were carefully designed based on patterns observed in the original data,
ensuring alignment with existing classifications. Since the original dataset had already been
annotated by human experts, these additions aimed to preserve its integrity while improving
the model’s exposure to diverse instances of bias. As a result, the dataset (i.e., OER-H) now
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consists of 183 entries, striking a balance between augmentation and maintaining the origi-
nal data distribution.

To ensure data integrity and prevent leakage, all augmented examples were exclusively
placed in the training set, while the test set contained only original human-annotated seg-
ments. This separation guarantees that no synthetic data influenced model evaluation, main-
taining the independence required for valid performance assessment. The train/test split
was carefully audited to confirm no overlap or similarity between augmented training ex-
amples and original test examples.

6.4 Fine-Tuning Setup

The fine-tuning process for bias detection was conducted using GPT-40 mini*’. This model
was selected due to its efficient performance on smaller datasets, making it well-suited for
OER-H dataset. Although there is limited research directly comparing GPT-40 mini to larger
models, existing evidence suggests that smaller models can achieve competitive perfor-
mance without requiring extensive fine-tuning. This characteristic makes them more sam-
ple-efficient and reduces the risk of overfitting, whereas larger models often rely on large
quantities of training data to generalise effectively (Eldan and Li, 2023; de Carvalho et al.,
2024). Additionally, its lighter computational footprint allows for faster training and fine-
tuning, making it a practical choice for iterative experimentation and evaluation.

6.4.1 Dataset Conversion to Chat Form

OER-H dataset was converted into a chat format to align with the requirements for fine-
tuning GPT-40 mini model. Each text segment was structured as a ‘user’ message, while the
corresponding bias classification, bias category, bias keywords, justification, and confidence
score were formatted as the ‘assistant’ message. This design enabled the model to learn
from a simulated conversational task, mirroring real-time bias detection.

To guide the model’s responses, a system message provided context and instructions, en-
suring a consistent and structured approach to classification:

“You are a bias-detection expert reviewing higher educational

materials. Your task is to analyse the given text and determine:

1. Bias Decision: Classify the text as one of the following:
Bias: The text contains elements of stereotyping, misrepresenta-
tion, or biased language.

Not Bias: The text is neutral, with no discernible bias.

O https://platform.openai.com/docs/models/gpt-4o0-mini
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Potential Bias: The bias is less explicit but may be inferred de-
pending on context or reader perception.
2. If biased, categorise it under one or more of the following
categories:
Stereotype: Generalising roles, attributes, or behaviours to a spe-
cific group.
Representation: Under-representation or limited portrayals of
certain groups, leading to exclusion or marginalisation.
Linguistic: Use of language that favours or promotes one group
over others.
3. Highlight specific biased words or phrases found in the text.
4. Provide a clear explanation supporting your classification.
5. Confidence Score (0-100%): Indicate how confident you are
in the accuracy of the classification, based on how well the bias
decision, category, keywords, and justification align with the text
segment. Higher confidence (90-100%) should be assigned to
cases with clear classification and unambiguous indicators, while
lower confidence (=50%) should be used when classification de-
tails are more subjective or open to interpretation”.

Each classification followed a structured JSON format to ensure standardised outputs for
model training, Below is an example of a text segment converted into the chat format for
model training:

User Input (Text Segment):

“I think they should be called mathematicians, not computers. I be-
lieve this because I have many black women in my college who are
just as smart as white women and black or white men”.

Assistant Response (GPT-40-mini classification output):

Bias class: Bias,

Bias category: Stereotype, Representation,

Bias keywords: “just as smart as white women and black or
white men”, “should be called mathematicians, not computers”,
Justification: The statement ust as smart as white women and
black or white men’ reinforces stereotypes by implying that intel-
ligence in black women needs to be compared to that of white
women or men, positioning white individuals as the default
standard for intelligence. Additionally, the phrase ‘they should be
called mathematicians, not computers’ could be interpreted as

undervaluing the historical contributions of black women who
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worked as ‘human computers’ in scientific fields without fully ac-
knowledging their achievements.,
Confidence score: 66.67%

6.4.2 Training Parameters and Costs

Fine-tuning was conducted using GPT-40 mini, with multiple runs performed to optimise
model performance. The cost of fine-tuning GPT-40 mini is $3 (£2.37) per 1 million
tokens, and the total cost across all fine-tuning runs amounted to $0.74 (£0.58). Inference
costs for GPT-40-mini were negligible, totalling less than $0.01 (</£0.01) for both input
and output tokens combined.

The model was fine-tuned using the OpenAl API with the following hyperparameters:
learning rate multiplier of 2.0, batch size of 1, and 3 training epochs. These parameters were
selected based on OpenAD’s recommendations for small datasets to prevent overfitting
while ensuring adequate learning,

6.5 Baseline Models

To provide a comprehensive evaluation of model performance, several baseline models
were employed for comparison:

e Zero-Shot GPT-40 mini baseline: The base (non-fine-tuned) GPT-40-mini
model was evaluated using zero-shot prompting to directly assess the impact of

fine-tuning.

e Zero-Shot Claude-4 baselines: Two state-of-the-art zero-shot LLMs (Claude-
4**s Sonnet and Opus) were prompted to classify the test set without any fine-

tuning, using the same structured output as the fine-tuned model.

For these baselines, the prompt utilised is precisely the same as that used for the fine-tuned
GPT-40 mini model.

This prompt instructs the model to act as a bias-detection expert and to analyse each text
segment, classifying it as ‘Bias’, ‘Not Bias’, or ‘Potential Bias’. Where bias is detected, the
model must further indicate one or more relevant bias categories ‘Stereotype’, ‘Representa-
tion’, or ‘Linguistic’ and provide a justification. By employing an identical prompt structure
across all LLM-based approaches, direct and fair comparison is ensured.

N https://platform.openai.com/docs/guides/fine-tuning

Zhttps://docs.anthropic.com/en/docs/about-claude/models/overview
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The zero-shot LLMs selects the most appropriate label for each text segment by estimating
the likelihood of each possible class, given the input and the prompt. Formally, the model’s
prediction ¥ is given by:

y = ar max P ~|~x, prompt
y gye Bias, Not~Bias, Potential~Bias LLM (y | P p )

In this formulation, the model evaluates the probability Pyjy(y~|~x, prompt)for each
possible class y , conditioned on the input text x and the prompt. The predicted label ¥ is
the one with the highest probability. This framework encapsulates the decision-making pro-
cess of zero-shot LILMs, whereby the final output is determined by whichever class the
model deems most probable in light of both the input and the explicit task instructions.

6.6 Results and Analysis

The fine-tuned GPT-40 mini model was trained and evaluated on a dataset of 183 text
segments, divided into a training set (80%, 146 entries) and a test set (20%, 37 entries). The
data were balanced across the three bias classes (Bias, Not Bias, and Potential Bias). Perfor-
mance was evaluated along two dimensions: bias class prediction and bias category identi-
fication. The model classified each text segment as ‘Bias’, ‘Potential Bias’, or ‘Not Bias’ and,
where relevant, assigned one or more bias categories (‘Stereotype’, ‘Representation’ and
‘Linguistic’). Three accuracy metrics were reported (see Table 6.1). Strict accuracy requires
that the model correctly predicts both the bias class and all associated bias categories for a
prediction to be counted as correct. For example, if the ground truth is ‘Bias’ with catego-
ries ‘Stereotype’ and ‘Representation’ and the model predicts ‘Bias’ with only ‘Stereotype’,
the prediction is considered incorrect under strict accuracy, as not all categories are correctly
identified. Relaxed accuracy requires that the model correctly predicts the bias class and at
least one of the associated bias categories for a prediction to be counted as correct. In the
same example, predicting ‘Bias’ with only ‘Stereotype’ would be considered correct under
relaxed accuracy. Class accuracy measures the proportion of correct predictions for the bias
class alone, regardless of category assignment. This less stringent metric reflects whether
the model correctly identified the overall class as ‘Bias’, ‘Potential Bias’, or ‘Not Bias’. More-
over, all precision, recall, and Fl-score metrics reported use the relaxed accuracy definition.
To contextualise the fine-tuned model’s performance, a series of baseline models were also
evaluated using the same test set: Zero-Shot LLMs Baselines (GPT-40 mini, Claude-4’s Son-
net and Opus).
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Model/Baseline Strict Relaxed Class Relaxed Relaxed Relaxed

Accuracy Accuracy Accuracy Preci- Recall F1-
sion Score

Fine-Tuned GPT- | 56.76% 81.1% 81.1% 85.2% 81.6% 81.2%
40 mini

Zero-Shot GPT- | 43.24% 67.6% 67.6% 73.0% 68.6% 66.6%
40 mini

Zero-Shot Claude | 37.84% 66.7% 72.2% 74.0% 73.9% 71.5%
4 Opus

Zero-Shot Claude | 43.24% 64.9% 70.3% 74.6% 71.4% 68.6%
4 Sonnet

Table 6.1: Performance Comparison of Fine-Tuned and Baseline Models on Bias Detection

The fine-tuned GPT-40 mini achieved the highest performance across all metrics, with a
relaxed accuracy and class accuracy of 81.1%, strict precision of 85.2%, strict recall of
81.6%, and a strict F1-score of 81.2%. This demonstrates that fine-tuning not only im-
proved the model’s ability to correctly identify bias but also enhanced its balance between
precision and recall. The zero-shot GPT-40 mini baseline performed notably lower, with
a strict accuracy of 67.6% and Fl-score of 66.6%, highlighting the benefit of fine-tuning
even when starting with a strong model. Among the other zero-shot models, Claude 4
Opus achieved a slightly higher class accuracy (72.2%) and F1-score (71.5%) compared
to Claude 4 Sonnet (70.3% and 68.6%, respectively).

Across the model outputs, Linguistics emerged as the most frequently identified bias cat-
egory overall, making it the most consistently predicted category across the fine-tuned
and zero-shot systems. This pattern is especially visible in the fine-tuned GPT-40 mini,
Claude 4 Opus, and Claude 4 Sonnet outputs, whereas zero-shot GPT-40 mini showed a
slightly stronger tendency to predict Stereotyping. When considered alongside the strict
accuracy results, this suggests that the models were generally better at recognising certain
category signals particularly linguistic bias than at recovering the complete set of anno-
tated categories for each instance. This is consistent with the lower strict accuracy scores
for the zero-shot models, where predictions often appear to capture only part of the full
bias label set. The fine-tuned GPT-40 mini nevertheless achieved the highest strict accu-
racy at 56.76%, compared with all the for zero-shot baselines, indicating that fine-tuning
improved the model’s ability to predict the full bias structure more reliably. The section
0.6.2 below provides a more detailed breakdown of bias-category predictions for each
model.

6.6.1 Analysis of Bias Classes

Table 6.2 presents the per-class performance of the fine-tuned GPT-40 mini model along-
side the zero-shot models bias detection across the categories ‘Bias’, ‘Not Bias’, and ‘Po-
tential Bias’. Perfect precision/recall scores should be interpreted cautiously given the
small test set size (37 examples).
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The results highlight that all four models perform best at identifying explicit ‘Bias’ cases,
with high precision and recall scores (ranging from 0.91 to 0.96 F1 for this class). This
indicates strong confidence in predicting explicit bias when it is present, with very few
false positives or negatives. For the ‘Not Bias’ class, the fine-tuned model demonstrates
strong recall (1.00) and improved precision (0.67) compared to its zero-shot counterpart
(0.52). The zero-shot models show lower precision for this class (0.52-0.59), reflecting
that some biased texts are incorrectly labelled as neutral.

The most challenging class for all models is ‘Potential Bias’. This category shows the low-
est recall and Fl-scores, with the zero-shot GPT-40 mini particularly struggling (0.31 re-
call, 0.42 F1). Fine-tuning provides substantial improvement here, boosting recall from
0.31 to 0.62 and F1 from 0.42 to 0.73. However, even the fine-tuned model finds this
category challenging, indicating the inherent difficulty of distinguishing between ambigu-
ous, implied, or less explicit forms of bias and truly neutral content. Consistent with pre-
vious findings, ‘Potential Bias’ is most frequently misclassified as ‘Not Bias’, demonstrat-
ing that even advanced LLMs often overlook nuanced or implicit bias in academic texts.
The comparison between fine-tuned and zero-shot GPT-40 mini clearly demonstrates
that fine-tuning helps models better recognise subtle bias indicators that would otherwise
be missed. The fine-tuned GPT-40 mini significantly outperforms its zero-shot counter-
part, demonstrating clear benefits from fine-tuning. Compared to the zero-shot GPT-40
mini baseline, fine-tuning improved F1-scores across all classes, particulatly for ‘Potential
Bias” and ‘Not Bias’. All models face difficulty with subtle, ambiguous cases, but fine-
tuning provides substantial improvements in handling nuanced bias detection.

Model Class Precision Recall Fl-score
Bias 1 0.83 0.91
Fine-Tuned GPT-40 mini | Not Bias 0.67 1 0.80
Potential Bias 0.88 0.62 0.73
Bias 1 0.83 0.91
Zero-Shot GPT-40 mini | Not Bias 0.52 0.92 0.67
Potential Bias 0.67 0.31 0.42
Bias 0.92 1 0.96
Zero-Shot Claude 4 Opus | Not Bias 0.59 0.83 0.69
Potential Bias 0.71 0.38 0.50
Bias 1 0.83 0.91
Zero-Shot Claude 4 Sonnet | Not Bias 0.57 1 0.73
Potential Bias 0.67 0.31 0.42

Table 6.2: Per-Class precision, recall, and Fl-score for fine-tuned and zero-Shot LLMs on bias classification
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Figure 6. 1: Confusion matrices for bias class predictions for the fine-tuned GPT-40 mini and zeto-shot LLM base-

lines (GPT-40 mini, Claude 4 Sonnet and Claude 4 Opus)

Figure 6.1 highlights clear differences across the four models. Both Claude models per-
form well on ‘Bias’ and ‘Not Bias’ but struggle with ‘Potential Bias’, often defaulting to
‘Not Bias’, with Sonnet showing the most conservative behaviour. The zero-shot GPT-
40 mini is more balanced but still shows confusion in the ‘Potential Bias’ category. In
contrast, the fine-tuned GPT-40 mini achieves the most consistent performance, main-
taining strong results across all classes and showing the greatest improvement in handling
‘Potential Bias’, despite some remaining bias towards ‘Not Bias’.

Focusing on the fine-tuned GPT-40 mini model, the confusion matrix reveals a clear and
consistent asymmetry: errors are far more likely to occur when ‘Bias’ or ‘Potential Bias’
content is predicted as ‘Not Bias’ than the reverse. In contrast, cases where ‘Not Bias’
content is incorrectly classified as ‘Bias’ are not evident in this sample, indicating that the
model does not tend to over-predict bias. This suggests that the model is conservative in
assigning bias, favouring false negatives over false positives. While this reduces the risk of
over-labelling content as biased, it also means that more subtle or context-dependent

forms of bias may be overlooked.

This tendency is most evident in borderline and context-dependent cases. For example,
in a historical narrative describing a legal dispute, the repeated reference to an individual
as “the Indian” was annotated as ‘Bias’. The annotators explicitly highlighted the
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persistent emphasis on ethnicity, the use of evaluative language such as “wicked”, and the
implication that the individual was “not being able to pay for it” as reinforcing negative,
stereotypical associations. From this perspective, the bias is not just in the label itself, but
in how ethnicity is foregrounded and linked to moral judgement and financial irresponsi-
bility.

The model, however, classified the same text as ‘Not Bias’ with full confidence, interpret-
ing it as a factual recounting of events. This divergence is not simply an error but reflects
a deeper disagreement about what constitutes bias in historical writing. The annotators
adopt a framing-sensitive approach, treating repeated ethnic labelling and negative con-
notations as evidence of bias, even within a historical context. The model, by contrast,
appears to prioritise narrative intent and surface factuality, discounting the implicit fram-

ing effects.

Unlike more ambiguous cases, this example is less about annotation inconsistency and
more about a clear difference in evaluative criteria. The annotators are aligned and confi-
dent in identifying bias, suggesting a stable ground truth within that interpretive frame-
work. The model’s failure here therefore points to a specific limitation; it underweights
how repeated descriptors and connotative language can encode bias, particularly in his-
torical texts where such patterns are more subtle and normalised. The fact that both sides
express high confidence further reinforces that confidence is not a reliable indicator of
correctness in such cases, but rather of internal consistency within differing interpretive
approaches.

A similar pattern emerges in several ‘Potential Bias’ cases that are ultimately classified as
‘Not Bias’, particularly where the content is educational or analytical. For example, in a
classroom prompt analysing Brown’s slave narrative, students are asked to consider ele-
ments such as the auctioneer’s claim that a slave “has got religion” and the portrayal of
slaveholders’ religious behaviour. This was labelled as ‘Potential Bias’ by some annotators,
who argued that phrases like “has got religion” and references to slaveholders’ “enthusi-
asm for prayer” could reflect historically loaded or biased representations. However, an-
other annotator explicitly judged the same text as neutral, emphasising that it simply en-
courages critical engagement with the material and does not promote a particular view-
point.

The model classified this example as ‘Not Bias’, interpreting it as an instructional prompt
designed to develop analytical thinking rather than to express bias. In this case, the disa-
greement is not primarily between the model and annotators, but among the annotators
themselves. One interpretation focuses on the presence of historically charged language,
while another focuses on the pedagogical function of the text. This makes the classifica-
tion inherently unstable: the same phrases can be seen either as reproducing bias or as
objects of critical analysis.

Unlike clearer bias cases, this example highlights the core difficulty of the ‘Potential Bias’
category namely, that it often depends on whether emphasis is placed on content or intent.
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The model consistently defaults to interpreting such material as neutral when it is framed
as educational, whereas some annotators remain sensitive to the possibility that even an-
alytical use of language may carry implicit bias. As a result, this type of misclassification is
better understood as a reflection of genuine subjectivity rather than a straightforward
model failure. Notably, the model’s lower confidence in this case (66.67%), compared to
the previous high-confidence disagreement, suggests that confidence may serve as a useful
indicator of ambiguity, signalling cases where the model is less certain and human review
may be more appropriate.

Another example appears in a discussion of Malcolm X, where annotators consistently
identified ‘Potential Bias’, pointing to phrases such as “complicated by his departure”,
“controversial exit” and “notoriety” as introducing subtle negative framing. The annota-
tors argued that this language shapes the reader’s perception by implying ambiguity, con-
flict, or inconsistency in his legacy, potentially downplaying the clarity and evolution of
his later views. The model, however, classified this as ‘Not Bias’, interpreting the text as

a neutral educational summary.

In this case, the disagreement is less about subjectivity and more about a specific limitation
in the model’s sensitivity to connotation and tone. While the content is informational, the
framing carries evaluative weight that the model fails to capture. Unlike more ambiguous
examples, all annotators converge on the presence of bias, suggesting a more stable
ground truth. This highlights an important distinction: not all disagreements reflect inher-
ent ambiguity some point to systematic blind spots, in this case the model’s tendency to
overlook how word choice subtly shapes interpretation.

Notably, the model’s confidence here is relatively low (66.67%), which contrasts with
eatlier high-confidence misclassifications and suggests that it does register some uncer-
tainty in these framing-heavy cases. This reinforces the idea that lower confidence partic-
ularly in ‘Not Bias’ predictions can serve as a useful indicator for cases where implicit bias
may be present but not fully recognised.

Taken together, these examples show that misclassifications are not random but follow a
consistent pattern: the model tends to under-detect bias where it is implicit, context-de-
pendent, or conveyed through framing rather than explicit language. In practice, this
means that both ‘Bias’ and ‘Potential Bias’ cases are sometimes resolved as ‘Not Bias’ re-
inforcing a decision boundary that favours surface neutrality unless bias is cleatly stated.

The examples also demonstrate that not all errors are of the same nature. Some reflect a
divergence in evaluative criteria between annotators and the model particularly around
how historical language and depersonalisation should be interpreted. Others point more
clearly to model limitations, specifically its reduced sensitivity to connotation and subtle
linguistic framing. In contrast, some cases reveal genuine disagreement even among an-
notators, highlighting that certain instances are inherently subjective rather than incor-
rectly labelled.
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This distinction is important when considering annotation quality. In some cases, partic-
ularly those involving educational content, annotations may appear ovetrly sensitive, treat-
ing the discussion of bias as evidence of bias itself. In others, the annotations capture
nuances such as tone, emphasis and implied perspective that the model systematically
overlooks. As a result, disagreement should not be interpreted uniformly as error, but
rather as a mix of subjectivity, annotation judgement and model blind spots.

Confidence scores further reinforce this interpretation. At a general level, they do not
reliably distinguish between correct and incorrect predictions, as both high and low con-
fidence outputs appear across cases. High-confidence disagreements, such as the histori-
cal narrative example, demonstrate that confidence reflects internal consistency rather
than correctness.

However, when examined at the case level, confidence becomes more informative. Lower
5 ol

confidence in ‘Not Bias’ predictions such as in the Malcolm X and slave narrative exam-

ples often coincides with instances where the model is uncertain but defaults to neutrality.

In contrast to earlier high-confidence errors, this suggests that confidence can act as a

practical indicator of ambiguity, helping to identify cases where implicit bias may have

been partially detected but not fully acted upon.

Overall, the confusion matrix is most useful not as a measure of aggregate performance,
but as a diagnostic tool for understanding failure modes. The dominant issue is systematic
under-recognition of bias in ambiguous contexts, shaped both by the model’s reliance on
explicit signals and by the inherent subjectivity of the ‘Potential Bias’ class.

6.6.2 Analysis of Bias Categories

6.6.2.1 GPT-40 mini.

A confusion matrix (see Figure 6.2) was generated to analyse the model’s ability to classify
bias into the correct categories. Each row shows the true bias category for each annotated
example, whilst each column shows the predicted category assigned by the GPT-40 mini
model. The value in each cell represents how often a true bias category was predicted as
that particular category. Because some examples contain multiple bias categories, the to-
tals in the matrix may exceed the number of examples in the dataset. Although an instance
is considered correct if the model’s predicted categories include at least one true category,
the confusion matrix provides a clear visualisation of where the model most frequently
confuses or overlaps bias types.

The findings revealed notable trends in the model’s predictions. One of the most signifi-
cant observations was that ‘Linguistic’ emerged as the most frequently predicted category.
However, it also exhibited the highest number of false positives, as it was often incorrectly
assigned to instances of ‘Stereotype’ and ‘Representation’. This suggests that the model
tends to overgeneralise linguistic elements of bias, even in cases where the bias is more
structural or representational. Additionally, ‘Stereotype’ and ‘Representation’ were
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frequently confused with each other, with many texts that should have been classified
under ‘Representation’ being misidentified as either ‘Linguistic’ or ‘Stereotype’. This
points to a potential overlap in the linguistic features used to distinguish these categories,
making it difficult for the model to differentiate between explicit stereotyping and subtler
forms of representational bias.

Confusion Matrix for Bias Categories
(Fine-tuned GPT-40 Mini)
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Figure 6.2: Fine-tuned GPT-40 mini confusion matrix for bias category predictions

Another notable issue was the underprediction of multi-category biases. In cases where
the ground truth assigned multiple bias categories, the model often predicted only one.
This suggests that the model struggles with multi-label classification, possibly due to an
inability to capture the nuanced ways in which different types of bias can coexist within a
single text segment. For instance, in one misclassified entry, the ground truth labelled a
passage as containing both ‘Representation’ and ‘Linguistic’ bias, but the model only pre-
dicted ‘Representation’. This pattern indicates that the model is more adept at identifying
one dominant bias type rather than recognising instances where multiple biases intersect.
The underlying issue appears to stem from overlapping linguistic markers, which may be
causing the model to gravitate toward a single, more prominent category instead of cap-
turing the full scope of bias present in the text.

Several cases exemplify this challenge, where the ground truth assigned multiple bias cat-
egories, but the model either predicted only one or an incorrect combination. This is
particularly concerning in cases where the model failed to recognise representation bias,
despite identifying stereotype. For example, in one instance, the text segment stated:
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“The most stable and successful governments throughout his-
tory have been led by strong, decisive male leaders, while women

have traditionally focused on family and caregiving”.

The ground truth classification assigned both ‘Stereotype’ and ‘Representation’ as the bias
categories, as the passage not only reinforces gender stereotypes but also implicitly frames
leadership as an inherently male domain, thereby marginalising the role of women in gov-
ernance. The model prediction, however, only identified ‘Stereotype’, missing the broader
representational aspect of the bias. While the model correctly flagged the stereotype that
men are more suited to leadership, it failed to capture the systemic implication that women
are inherently unsuited for such roles. This oversight indicates that the model is better at
detecting overt stereotyping but less proficient at identifying structural and representa-
tional biases, which are often more implicit and embedded in the framing of statements.

Another recurring misclassification involved the overgeneralisation of ‘Linguistic’ as a
category. The model frequently misclassified texts that should have been categorised un-
der ‘Representation’ or ‘Stereotype’ as belonging to ‘Linguistic’, likely due to framing
choices or the use of emotionally charged language. One such example is the statement:

“The rapid development of Western economies can be at-
tributed to their superior innovation and work ethic, which con-
trasts with the slower economic progress seen in other regions”.

The ground truth classification assigned both ‘Representation’ and ‘Stereotype’, as the
passage suggests that Western success is due to inherent superiority rather than historical,
economic, or political factors, reinforcing a bias in how economic progress is framed.
However, the model classified it as ‘Stereotype’ and ‘Linguistic’, misidentifying the repre-
sentational bias as a matter of tonal framing rather than a systemic portrayal of Western
superiority. This misclassification suggests that the model struggles to distinguish between
biases that stem from portrayals of group superiority (Representation Bias) and biases that
rely on explicit stereotypes (Stereotype Bias). The phrase “superior innovation and work
ethic” may have also triggered the ‘Linguistic’ classification due to its evaluative tone,
reinforcing the model’s tendency to rely on word-level cues rather than deeper contextual

meaning.

Another common challenge the model faced was the ambiguity in distinguishing between
‘Representation’ and ‘Stereotype’. Biases embedded within historical or cultural narratives
were often misclassified between these two categories, suggesting that the model lacks the
ability to differentiate between broad societal portrayals and explicit stereotyping. This
pattern can be observed in the following example:

“Crime rates tend to be higher in urban areas due to cultural dif-
ferences and lack of traditional family structures”.
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The ground truth classification assigned both ‘Stereotype’ and ‘Linguistic’, as the passage
implies a stereotypical association between crime and cultural differences, reinforcing a
negative framing of certain social groups. Additionally, the phraseology introduces an im-
plicit negative tone, influencing how the information is perceived. However, the model
predicted ‘Stereotype’ and ‘Representation’, incorrectly identifying ‘Representation’ in-
stead of ‘Linguistic’. This misclassification reveals two important trends.

Firstly, the model appears to be better at recognising explicit stereotypes it correctly iden-
tified that the passage reinforces a generalisation about crime and cultural differences.
However, it struggled to detect biases hidden in linguistic framing and tonal shifts, leading
to the misclassification of ‘Linguistic’ as ‘Representation’. This suggests that the model
relies more on the subject matter and explicit content rather than recognising how the
tone or word choice influences bias perception.

Secondly, the misclassification of ‘Linguistic’ as ‘Representation’ suggests that the model
may conflate portrayals of social groups with language-based bias markers. While ‘Repre-
sentation’ typically refers to how groups are depicted in media, discourse, or historical
narratives, the model’s classification indicates that it often assigns this category to state-
ments that negatively frame certain communities, even when the bias is more about tone
and language than group depiction. This implies that the model requires further refine-
ment in distinguishing between content-driven bias (Representation) and linguistic fram-
ing bias (Linguistic).

In conclusion, the model demonstrates strong performance in detecting bias and effec-
tively categorises many instances with high accuracy. It performs particularly well in iden-
tifying explicit biases and consistently recognises key bias patterns across different texts.
While some challenges remain in distinguishing between ‘Representation’, ‘Stereotyping’,
and ‘Linguistic’, the model still provides valuable and insightful classifications. Its ability
to capture bias in a wide range of contexts highlights its effectiveness as a tool for bias
detection, offering a solid foundation for further refinement and application in higher
educational texts within the humanities.

6.6.2.2 Zero-Shot GPT-40 mini.

The model shows reasonable capability in detecting explicit ‘Stereotype’ when bias indi-
cators are overtly present in the text, such as direct gender role assignments or ethnic
generalisations. However, it struggles considerably with ‘Representation’ bias, often failing
to recognise when groups are marginalised through omission or limited portrayal rather
than explicit negative characterisation. The most striking limitation of the zero-shot model
is its difficulty with ‘Linguistic’ detection. Unlike the fine-tuned version, which tends to
over-predict this category, the zero-shot model rarely identifies subtle linguistic bias mark-
ers. This suggests that recognising implicit tonal bias requires the nuanced pattern recog-
nition that emerges through fine-tuning on domain-specific examples (see Figure 6.3).
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Figure 6.3: Zero-shot GPT-40 mini confusion matrix for bias category predictions

6.6.2.3 Zero-Shot Claude Models.

As with the fine-tuned model, Figure 6.4 presents the multi-label confusion matrix for
zero-shot predictions. The main trends are consistent: ‘Linguistic’ is the most frequently
predicted category and is also most prone to false positives, often being incorrectly as-
signed to examples that should be ‘Stereotype’ or ‘Representation’. This pattern suggests
that the zero-shot Claude models, like the fine-tuned GPT-40 mini, tend to overgeneralise
linguistic markers of bias, sometimes conflating word choice or tone with deeper struc-
tural or representational bias. The confusion between ‘Stereotype’ and ‘Representation’
remains pronounced. For instance, the models often mislabel examples that involve mar-
ginalisation of groups ‘Representation’ as simple ‘Stereotype’, indicating difficulty in dis-
tinguishing between overt stereotypes and more implicit forms of exclusion or omission.
Furthermore, multi-category biases are frequently under predicted: when the ground truth
includes both ‘Representation’ and ‘Linguistic’, the zero-shot models typically predict just
one category. Overall, while the zero-shot models are effective at detecting explicit bias,
they share similar limitations to the fine-tuned model in handling subtle or intersecting
bias categories. This demonstrates the need for further prompt engineering or model re-
finement to improve nuanced, multi-label bias detection in educational texts.
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Figure 6.4: Zero-Shot LLM baselines Claude-4’s Sonnet and Opus confusion matrix for bias category predictions

6.7 Subijectivity in Annotation and Fine-tuned GPT-40 mini Valida-
tion

The annotation of bias in the OER-H dataset is highly subjective, as reflected by low
agreement among annotators discussed in Chapter 3 section 3.6.2. To provide a clearer
evaluation, a subset of the test set where all three annotators agreed on a single class la-
bel is considered. These cases represent the highest level of certainty, where bias is least
ambiguous. Out of 37 test cases, only 8 achieved full consensus, highlighting the diffi-
culty of establishing a clear ground truth.

On this high-confidence subset, the fine-tuned GPT-4.0-mini model agreed with anno-
tators in 2 cases, corresponding to 25% agreement. While this appears low, it is im-
portant to note that the majority of the dataset is inherently ambiguous, limiting the reli-
ability of standard accuracy metrics. The model’s correct predictions in these clear cases
suggest it can capture some patterns of bias, but overall evaluation is constrained by the
subjectivity of the annotations.

6.8 Cross-Domain Validation

To assess model generalisability, the fine-tuned GPT-40 mini and zero-shot GPT-40
mini were each applied to UoL-DSPDS-LT dataset. This unannotated dataset was chosen
to examine whether bias detection methods developed on OER-H could identify bias
within technical disciplines traditionally regarded as more objective.

6.8.1 Zero-Shot and Fine-Tuned GPT-40 mini Performance on STEM Content

Both models exhibited very low rates of bias detection in the dataset. The fine-tuned
GPT-40 mini classified 221 out of 223 segments (99.1%) as Not Bias, flagged one seg-
ment (0.4%) as biased, and marked one as Unknown. The presence of an “‘Unknown’ label
is a noteworthy behaviour, as the model had access to a Potential Bias class that would
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typically be used in cases of uncertainty. This may indicate model hesitation when en-

countering a borderline case, reflecting a conservative bias-flagging strategy.

The zero-shot GPT-40 mini showed slightly greater sensitivity, identifying one ‘Bias’ in-
stance (0.4%) and three ‘Potential Bias’ instances (1.3%), with the remaining 219 seg-
ments (98.2%) classified as neutral.

The single bias instance identified by both models involved a lecture segment discussing
data visualisation scales, where the lecturer asked whether “people from India are quite
short” based on a misleading graph scale. Both models correctly recognised this as repre-
sentational bias namely, an ethnic generalisation even though it was embedded in critique
of the data presentation.

The text segment:

“The information says the people from India are quite short, and
is that true actually? Because the scale is starting from five feet
and it’s only this bit there, so definitely they are not this short
compared to this one from Latvia. We need to be careful of what
we want to say from our graphs, and it has to be accurate. It’s
giving us the idea that they are really short in India, but they are
not actually, it's just the scale that we are using that’s making this
look like that.”

The zero-shot model flagged three additional segments as ‘Potential Bias’ that the fine-
tuned model classified as neutral:

¢ Medical Categorisation:

“Sometimes the data has missing data... there are some cancer
diseases that are specifically for men and others that are more
common in women. So, if you try to combine... there will be
missing fields for females who wouldn’t get the prostate cancer

for instance and vice versa...”

This was flagged as reinforcing binary gender assumptions in medical data, potentially
excluding non-binary or intersex identities.

e Gender Binary Assumptions (Imputation):
“One student in the last run suggested why don’t we get the

mean of the females and the mean of the males and impute them.
If the missing age record is for a female, then we impute it with
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the mean age of females and if it is for male, then we impute it
with the mean of the male.”

This was identified as perpetuating binary gender categorisation in data imputation strat-
egies.

e Educational Value Discourse:

“This is my favourite actually. It's saying that there is no value in
doing college education. It's correct, it’s starting from the right
point... but it’s just showing one side of the story... You are
trying to say that it’s not worth it doing higher education...”

The zero-shot model flagged this for one-sided framing of educational value, which may
implicitly dismiss alternative perspectives.

The very low bias detection rates (between 0.4 % and 1.8 % across models) suggest that
STEM academic content may indeed contain substantially less explicit bias than humani-
ties materials, which is consistent with traditional assumptions of objectivity within STEM
disciplines. STEM subjects often rely on quantitative methods, standardised technical ter-
minology, and empirical or procedural objectivity, which may reduce (but not eliminate)
opportunities for explicit social or representational bias to appear in discourse
(Chatlesworth and Banaji, 2019).

Nevertheless, the detection of at least one clear bias instance and the additional bordetline
cases identified by the zero-shot model shows that bias can still emerge in technical teach-
ing materials, particularly through representational and categorical framing. The fine-
tuned model’s use of an Unknown label, rather than ’Potential Bias’, might indicate reluc-
tance to over-predict bias outside its training domain, highlighting a limitation in cross-
domain sensitivity. In contrast, the zero-shot model’s willingness to use Potential
Bias’ suggests better adaptability to ambiguous cases.

6.9 Limitations

This chapter acknowledges several important limitations that should be considered when
interpreting the findings.

6.9.1 LLM-Only Approaches and Nuanced Bias Detection

The most important limitation concerns the marked constraints of LLM-only approaches
in handling nuanced and context-dependent bias. Despite recent advances in automatic
bias detection using LLLMs, this study demonstrates that such approaches still face some
challenges. The fine-tuned GPT-40 mini model consistently struggled to distinguish be-
tween bias categories, frequently confusing ‘Stereotype’, ‘Representation’ and ‘Linguistic’
bias. The confusion matrices revealed that the model overgeneralised ‘Linguistic’ bias,
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misclassifying instances that should have been identified as other categories, suggesting
overlapping linguistic features that the model cannot adequately differentiate.

More critically, the model failed to identify instances involving multiple or overlapping
bias categories. When ground truth assigned multiple bias categories to a single segment,
the model typically predicted only one, missing the intersectional nature of bias. This lim-
itation is particularly problematic since educational bias frequently manifests through mul-
tiple, simultaneous mechanisms. For instance, a passage may employ stereotypical lan-
guage whilst also marginalising groups through limited representation and framing issues
through biased linguistic choices, yet the model identifies only the most dominant pattern.

The ‘Potential Bias’ class presented the most pronounced challenges. Even the fine-tuned
model achieved only 0.62 recall for this class, missing nearly two-fifths of instances. This
category, designed to capture ambiguity and subjectivity where bias depends heavily on
context and interpretation, consistently achieved lower recall and F1 scores across all
models. The frequent misclassification of ‘Potential Bias” as ‘Not Bias’ is particularly con-
cerning for educational applications, where overlooking subtle bias could allow problem-
atic content to remain undetected.

The complexity of educational texts in humanities further compounds these difficulties.
These domains are characterised by contested narratives, multiple viewpoints, and fre-
quent interpretive disagreement. Statements on topics such as gender representation, co-
lonial histories, and national identity may be perceived differently depending on context,
reader background, and cultural perspective. This inherent interpretive variability presents
fundamental challenges for both human annotators and automated systems, highlighting
the need for approaches that can support more context-sensitive, interpretable, and ro-
bust bias detection rather than relying solely on LLLLM classification.

6.9.2 Dataset Size Limitation

The OER-H dataset's small scale presents additional challenges. With only 183 entries
total (108 original, 75 synthetic) and a test set of just 37 examples, performance metrics
must be interpreted cautiously. The limited size raises concerns about generalisability, and
the dataset's focus on humanities disciplines constrains applicability to specific academic

contexts.

The use of synthetic data augmentation for training, whilst methodologically sound in
preventing data leakage by keeping augmented examples separate from the test set, means
the model was exposed to GPT-40-generated patterns during learning. These augmented
examples, though designed to align with original data patterns, may not fully capture au-
thentic educational materials’ nuanced complexity and could have introduced artificial
patterns that influenced the model’s learning behaviour.
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6.10 Conclusion

This chapter demonstrated that fine-tuned GPT-40 mini achieves 81.1% accuracy in de-
tecting bias within OER-H, substantially outperforming zero-shot baselines. The model
performs well on explicit bias detection but struggles with nuanced ‘Potential Bias’ cate-
gories and over-predicts ‘Linguistic’ bias markers.

Cross-domain validation revealed minimal bias detection in technical disciplines (0.4-
1.8%), with both models identifying only one common biased segment involving ethnic
generalisation. This suggests either genuine objectivity in technical content or limited
cross-domain generalisability.

Key contributions include a comprehensive annotation framework achieving 81.43% in-
ter-annotator agreement and demonstration that modest data augmentation enhances pet-
formance on small, specialised datasets. Areas for development include expanding dataset
coverage, improving multi-label classification, and refining bias category distinctions.

The findings suggest Al-based bias detection offers promising support for developing
more inclusive educational content when implemented with appropriate human oversight.
The following chapter continues this line of investigation, utilising the same datasets and
models while introducing a hybrid RAG approach to enhance analytical depth and con-
textual understanding,.
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Chapter 7

7 Hybrid RAG and Fine-Tuned LLM for Bias Detection in
Online Higher Education Learning Resources in Hu-
manities

7.1 Introduction

Recent advances in LLMs have significantly improved the automatic detection of bias in
educational texts (Fan, Z. et al., 2024; Lin et al., 2024; Weissburg et al., 2024; Ahmed, I.
et al., 2025; Albuquerque et al., 2025). Nevertheless, as demonstrated in the preceding
chapter, LLM-only approaches still display marked limitations, particularly in handling
nuanced and context-dependent cases of bias. The fine-tuned GPT-40 mini model on
OER-H dataset, for instance, frequently confuses between bias categories and often fails
to identify instances involving multiple or overlapping bias categories (see Chapter 6 sec-
tion 6.6.2). These limitations are especially pronounced in the case of the ‘Potential Bias’
bias class, which is intended to capture ambiguity and subjectivity, but which consistently

achieves lower recall and F1 scores across models.

The complexity of educational texts in humanities further complicates reliable bias detec-
tion. These domains are characterised by contested narratives, multiple viewpoints, and
frequent interpretive disagreement (McCullagh, 2000; Bhat et al., 2023; Kropman et al.,
2023; Rist, 2023). Statements on topics such as gender representation, colonial histories,
and national identity may be perceived differently depending on context and background
knowledge, leading to inherent challenges for both human annotators and automated sys-
tems. As such, there is a clear need for approaches that can support more context-sensi-
tive, interpretable, and robust bias detection.

One promising direction, supported by recent work in NLP, is the use of RAG (Lewis,
P. et al,, 2020). This technique supplements the predictive power of LLLMs with annotated
examples from an external corpus, allowing each decision to be informed by relevant,
domain-specific precedents. Retrieval-based methods have been shown to improve both
performance and interpretability, particularly on complex or ambiguous tasks where a
single model’s pre-trained knowledge may not suffice (Zhao, S. et al., 2024; Li et al., 2025;
Ren et al., 2025).

This chapter presents a hybrid bias detection system that integrates a fine-tuned GPT-40
mini with a RAG component. The hybrid architecture addresses the shortcomings of
LLM-only systems by exposing the model to a diverse range of annotated precedents at

inference time, promoting more balanced and transparent predictions.
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7.1.1  Objectives of the Chapter

The objective of this chapter is to design and implement a hybrid bias detection sys-
tem that integrates a fine-tuned GPT-40 mini model with a RAG component, specifically
tailored for detecting bias in higher educational Humanities materials within the OER-H
dataset.

7.1.2 Contributions of The Chapter

This chapter aims to address the third research contribution outlined in Chapter 1, Section
1.3.3.4, designing a hybrid framework that integrates a fine-tuned LLM model with RAG

for bias detection.

7.2 RAG Corpus Details

The retrieval corpus consists of 220 annotated educational text segments. Importantly,
these specific data entries were excluded from the fine-tuning and testing of the GPT-40
mini model introduced in the previous chapter to maintain a strict separation between the
data used for fine-tuning and the retrieval corpus. The corpus is composed of:

e 182 examples originate from the same source dataset (i.e., OER Commons®) in-
troduced in Chapter 3. However, 150 entries were annotated using GPT-40 and
kept distinct from OER-H. The remaining 32 entries were drawn from the subset
re-annotated by human annotators on the Prolific platform. Crucially, these 32
human-annotated entries were excluded from OER-H (More information about
the data and the annotation framework can be found in Chapter 3 Sections 3.3.3

and 3.0.).

¢ 38 newly augmented domain-specific entries generated using GPT-40 through the
data augmentation methodology detailed in Chapter 6 Section 6.3. This process
involved prompting GPT-40 to create new, realistic text segments that align with
both the topical scope and annotation framework of the primary dataset. The
augmentation strategy was designed to enhance the retrieval corpus by expanding
its topical coverage and contextual diversity, thereby improving the system's abil-
ity to retrieve relevant examples across a broader range of educational content
scenarios. To prevent data leakage, these augmented entries were derived exclu-
sively from the 213 RAG corpus entries in the previous point and were verified
to have no overlap or similarity with the data used for fine-tuning or testing GPT-
40 mini. Each entry is labelled with bias class, bias category (when relevant), key-
words, and a justification, following the same annotation schema described in
Chapter 3 section 3.0.

B https://oercommons.org/
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7.3 RAG Baseline

Prior to implementing the hybrid approach, an experimental baseline was established us-
ing retrieval alone, without involving the generative model. Under this experimental base-
line, classification is performed using a nearest-neighbour majority vote procedure (Cover
and Hart, 1967). The majority vote classification procedure for the RAG baseline can be
described as follows:

Given a test input X, the system retrieves the K most similar annotated examples from the
corpus, denoted as [y1,¥2,¥3,--., k], each associated with a class label c(y;). The pre-
dicted class €(x) for the input x is then determined by selecting the most frequently oc-
curring class label among these retrieved neighbours:

k
¢(x) = arg rgggz I(c(y) = )

where:

e C is the set of possible bias class labels (Bias, Potential Bias, Not Bias).

e I(.)is the indicator function, defined as:

1(z) = 1if zis true; otherwise 0

Thus, the input is classified into the category most commonly represented among the
nearest neighbours.

Under this retrieval-only framework, each input sentence is first encoded as a dense vector
representation using the pre-trained sentence transformer model ‘all-mpnet-base-v2’
(Reimers and Gurevych, 2019; Song et al., 2020). Cosine similarity between the input em-
bedding and the precomputed embeddings of all retrieval entries is computed using the
formulation previously presented in Chapter 5.

The top-£#£ most similar annotated entries are identified based on their similarity scores.
The value of £ was determined through experimentation with multiple settings (e.g., £ =
3, 5, and higher), with £ = 3 yielding the most reliable results. Increasing £ beyond this
point introduced less relevant entries and reduced retrieval precision. Accordingly, £ = 3
was consistently adopted. The predicted class for each input text is determined by select-
ing the most frequent bias class among these k retrieved neighbours. This simple, inter-
pretable approach establishes a clear baseline for assessing how effectively retrieval alone
can handle the classification task without the involvement of any generative components.
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7.4 Hybrid RAG and Fine-Tuned LLM Architecture

The hybrid bias detection system integrates the fine-tuned GPT-40-mini with a RAG
module, forming a unified pipeline for classifying bias in educational texts. This architec-
ture is designed to address the limitations observed in LLLM-only approaches, specifically
by enabling each prediction to be informed by relevant, domain-specific precedents. At a
high level, the system comprises two main components:

1. Fine-Tuned LLM Model: The GPT-40 mini model introduced in the previous
chapter, which is fine-tuned on OER-H. At inference time, the model receives
user input and generates structured outputs, including bias class, bias category,
relevant bias keywords, a justification of the bias decision and a confidence score.
Model outputs are parsed using a repair function to ensure consistency and ro-
bustness.

2. Retrieval Module: The RAG module serves as the retrieval component of the
system, responsible for providing the fine-tuned GPT-40 mini model with rele-
vant, contextually grounded examples at inference time. When a user provides an
input excerpt, it is first encoded into a vector representation using a sentence
transformer, after which the retrieval module selects the k—3 most similar anno-
tated examples from the RAG corpus based on cosine similarity. The top-k most
similar annotated entries are identified based on their similarity scores. The value
of k was determined through experimentation with multiple settings (e.g., k = 3,
5, and higher), with k = 3 yielding the most reliable results. Increasing k beyond
this point introduced less relevant entries and reduced retrieval precision. Accord-
ingly, k = 3 was consistently adopted for both the evaluation process and the end-
user RAG system. These retrieved examples are incorporated into the model
prompt in a structured format that mirrors the annotation schema, supplying the
model with explicit precedents to guide its prediction. This process improves the
consistency, interpretability, and domain coverage of the model’s bias classifica-
tions while allowing the retrieval corpus to be updated independently of the
model’s parameters, thereby keeping the system adaptable over time.

3. Post-processing and Validation of Model Outputs: To ensure the reliability
and interpretability of model outputs, a post-processing and validation mecha-
nism was implemented within the application pipeline. After the model generated
a response in JSON format, the output was parsed into a structured Python dic-
tionary and subjected to a series of preprocessing steps. These steps included tex-
tual normalisation, where both the input text and extracted keywords were cleaned
by removing punctuation and converting to lowercase, and structural standardi-
sation, ensuring consistency in fields such as classification labels and categories.
A key component of this process involved filtering the model’s extracted key-
wortds. Only bias keywords or phrases that could be directly matched to the orig-
inal input text were retained, thereby preventing the inclusion of unsupported or
hallucinated evidence. Additionally, when the model classified a text as ‘Not Bias’,
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any associated keywords were removed to maintain internal consistency. Follow-
ing preprocessing, a validation step was applied to enforce a minimum evidentiary
standard. Specifically, any output labelled as ‘Bias’ or ‘Potential Bias’ was required
to include at least one supporting keyword or phrase. Outputs that failed to meet
this requirement were treated as invalid. In such cases, the system automatically
reissued the model request, up to a maximum of three attempts, with an aug-
mented instruction emphasising the need for explicit evidence. This post-pro-
cessing and validation mechanism functioned as a quality control layer, improving
the consistency, transparency, and trustworthiness of the model’s classifications
before they were stored and used within the application.

A schematic of this architecture is presented in Figure 7.1, illustrating the complete data

flow from user input through retrieval, prompt augmentation and final output validation.
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Figure 7.1: Architectural overview of the hybrid bias detection system integrating RAG and fine-tuned GPT-40 mini
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Based on Figure 7.1 the hybrid architecture combines a RAG component with a fine-
tuned GPT-40 mini model to detect bias in higher education content. When a user pro-
vides an input excerpt, it is first encoded into a dense vector representation using a sen-
tence transformer. The retrieval module then performs a cosine-similarity search against
the RAG corpus and selects the £ (i.e., k=3) most relevant annotated examples. These
retrieved examples containing bias classes, categories, keywords, and justifications are in-
serted into the model prompt in a structured format, giving the fine-tuned model explicit,
contextually grounded precedents to consider.

Crucially, while the retrieved examples influence the model’s reasoning by providing ad-
ditional context, the final prediction is always determined solely by the fine-tuned GPT-
40 mini model. After inference, a validation and parsing step ensures that the output
conforms to the required schema, correcting any inconsistencies when necessary.

To illustrate the operation of the hybrid system, consider the following representative
input from the educational materials corpus:

“Throughout history, most significant political achievements
have been made by men, while women have largely remained in
domestic roles.”

Upon receiving this input, the retrieval module encodes the text and identifies the top k
most similar annotated examples (i.e., k=3) from the RAG corpus. These retrieved exam-
ples, along with their associated bias class, category, keywords, and justifications, are ap-
pended to the model prompt as in-context references. Examples from the RAG corpus:

o Example 1:

Text Segment: “Historically, men have held most leadership
roles, while women focused on homemaking”

Bias Class: Bias

Bias Category: Stereotype

Bias Keywords: men, leadership, women, homemaking
Justification: The text assigns traditional roles by gender, rein-

forcing stereotypes.

e Example 2:

Text Segment: “The most influential philosophers have been
male.”

Bias Class: Bias
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Bias Category: Representation
Bias Keywords: philosophers, male, influential
Justification: The example highlights the underrepresentation

of women in philosophy, focusing only on male figures.

o Example 3:

Text Segment: “Men built the modern world, according to the
text.”

Bias Class: Bias

Bias Category: Stereotype

Bias Keywords: men, modern wotld, built

Justification: The statement reinforces the notion that societal

progress is primarily attributable to men.

These retrieved examples, including their full annotations, are then incorporated as in-
context references within the prompt presented to the fine-tuned GPT-40 mini model.
The prompt is constructed as follows:

[Instruction]: You are an expert bias detector. Here is the edu-
cational text to analyse:

[Input]: Throughout history, most significant political achieve-
ments have been made by men, while women have largely re-
mained in domestic roles.

[Instruction]: Here are similar, annotated examples:
[Retrieved Example 1]: ...

[Retrieved Example 2]: ...

[Retrieved Example 3]: ...

[Instruction]: Using the above, classify the input as Bias, Not
Bias, or Potential Bias...etc. Please output your answer in the fol-
lowing format:

- Bias Class: ...

- Bias Category: ...

- Bias Keywords: ...

- Justification: ...
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The fine-tuned GPT-40 mini model uses the input and the retrieved examples to gener-
ate:

Bias Class: Bias

Bias Category: Stercotype

Bias Keywords: men, political achievements, women, domes-

tic roles

Justification: The text attributes political achievements exclu-

sively to men and portrays women in domestic roles, reflecting

gender stereotypes.

7.4.1 Decision Logic and Fallback Mechanisms

A central consideration in hybrid bias detection systems is how to determine whether to
trust the fine-tuned GPT-40 mini’s own prediction or to defer to annotations from closely
related, previously labelled examples provided by RAG. In this work, a similarity weighted
voting framework was implemented to address this challenge.

Under this approach, the system compares each input to the set of retrieved examples
from the RAG corpus, using cosine similarity to identify the most relevant precedent. If
the similarity between the input and its closest retrieved example exceeds a specified
threshold (e.g., 0.7), the annotation associated with this precedent is adopted as the sys-
tem’s prediction. It is important to note that, within the hybrid system, ‘adoption’ does
not mean copying the annotation labels verbatim from the corpus. Rather, as illustrated
in the example above, the fine-tuned GPT-40 mini model is explicitly guided by the re-
trieved precedent from RAG during prediction, generating its own structured output in-
formed by the combined context. In cases where the similarity falls below the threshold,
the output produced by the fine-tuned GPT-40 mini model alone is used.

This threshold-based approach operates on the principle that similarity scores above 0.7
typically indicate either paraphrased content or semantically equivalent cases, justifying
direct annotation inheritance. The high threshold ensures that only genuinely analogous
examples trigger precedent adoption, whilst preserving the language model's reasoning
capabilities for novel, ambiguous, or contextually distinct instances. This dual-pathway
mechanism maintains system robustness by leveraging exact matches when available,
whilst ensuring that the fine-tuned model handles cases requiring interpretative reasoning
or encountering previously unseen patterns.
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7.5 Hybrid Approach Results

Table 7.1 presents a summary of the three bias detection pipelines evaluated in this study:
the RAG-only baseline, the fine-tuned GPT-40 mini baseline, and the proposed hybrid
approach. The performance was assessed using two metrics: relaxed accuracy and macro-
F1. Relaxed accuracy as explained in the previous chapter requires that a prediction be
considered correct only if both the bias class (Bias, Not Bias, Potential Bias) and at least
one of the true bias categories (Stereotype, Representation, Linguistic) are predicted cot-
rectly. Macro-F1 was selected over standard accuracy because it provides a class-balanced
measure of model performance, giving equal weight to each class regardless of frequency.
Unlike accuracy, which may appear high even when a model performs poortly on certain
classes, Macro-F1 reflects how well the model performs across all classes by averaging
their individual scores:

F1,

-

1

M —Fl=—
acro C 1
i=

Where C is the number of classes and F1; is the score for class i. This averaging ensures
that underperformance in a single class meaningfully lowers the overall score.

Macro-F1 highlights weaknesses in harder to predict classes, rather than allowing majority
or easy classes to dominate the evaluation. This was particularly important for our study,
as the previous experiment results showed that the fine-tuned GPT-40 mini model fre-
quently misclassified or failed to identify instances of the ‘Potential Bias’ bias class; a class
designed to capture ambiguous or subjective cases. Consequently, macro-F1 offers a fairer
and more diagnostic evaluation metric for bias detection, revealing systematic weaknesses
that plain accuracy would obscure (Opitz, 2022; Takahashi et al., 2022; Opitz, 2024).
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Embedding Override Rule Relaxed | Macro-F1
model (di- Accuracy
mension)
All-mpnet- Top 3 nearest neighbours
Baseline - RAG base-v2 (768) | by cosine similarity; pre- 62% 60%
(Song et al., dicted label is determined
2020) by majority vote
Baseline - - 81% 81%
- fine-tuned GPT-40
mini
All-mpnet- For each input, retrieve 3
base-v2 (768) | most similar RAG exam- 78% 78%
Hybrid Approach (Song et al., ples; the fine-tuned GPT-
2020) 40 mini predicts class us-
ing both input and RAG
context

Table 7.1:Architectural overview and performance of baselines and hybrid models

For the RAG baseline, the predicted class was determined by majority vote among the
top three most similar annotated examples, as measured by cosine similarity in the em-
bedding space. The hybrid approach incorporated RAG, in which the k-nearest annotated
examples were appended to the input prompt for the fine-tuned GPT-40 mini model; the
model then produced the final prediction based on both the input and the retrieved con-
text. While the fine-tuned GPT-40 mini achieved a slightly higher overall accuracy of 81%
compared to the hybrid approach's 78%, a comprehensive evaluation requires further
analysis of performance across individual bias classes and categories to determine the

most appropriate approach for bias detection applications.

Moreover, the strict accuracy introduced in Chapter 6 was applied here, whereby a pre-
diction is only considered correct if both the bias class and all associated bias categories
are accurately identified. Under this criterion, the hybrid approach achieved a strict accu-
racy of 56.8%, which is marginally higher than the fine-tuned GPT-40 mini model alone
(56.76%). While the improvement is slight, it indicates that incorporating retrieval pro-
vides a small but measurable gain in exact category prediction.

7.5.1 Hybrid Approach Bias Class Prediction

To further evaluate the hybrid system performance, a confusion matrix was constructed
for the bias classes: Bias, Not Bias, and Potential Bias (see Figure 7.2).
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Confusion Matrix For Bias Classes (Hybrid approach)
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Figure 7.2: Hybrid approach confusion matrix for bias classes

This matrix indicates that the system performs strongly in identifying ‘Not Bias’ instances,
with all twelve true negatives correctly classified and no instances of ‘Not Bias’ being
confused for either ‘Bias’ or ‘Potential Bias’. For the ‘Bias’ class, the majority of cases were
correctly identified, with a small number misclassified as ‘Not Bias’ and several more la-
belled as ‘Potential Bias’. This suggests that while the model is generally reliable in detect-
ing explicit bias, there remains some tendency to conflate explicit and potential bias, re-
flecting the inherent subjectivity and ambiguity in borderline cases.

For ‘Potential Bias’, performance is more mixed: while 9 out of 13 cases were correctly
identified, 4 were misclassified as ‘Not Bias’. Notably, there were no cases where ‘Potential
Bias’ was misclassified as explicit ‘Bias’, implying that the model is relatively conservative
in assigning the explicit bias label.

Overall, the confusion matrix highlights two key trends: (1) the system is most precise in
identifying text with no bias, and (2) ambiguity primarily arises between the explicit ‘Bias’
and ‘Potential Bias’ classes, as expected given the nuanced and context-dependent nature
of these categories.

A comparison with the fine-tuned LLM-only approach (i.e., fine-tuned GPT-40-mini)
highlights several targeted improvements. Most notably, the hybrid system fully eliminates
false positives in the Not Bias’ class, correctly classifying all neutral instances and ad-
dressing the precision limitation observed in the fine-tuned LLM-only results (0.67 preci-
sion for this class; see Chapter 6, Table 6.3). For explicit ‘Bias’, performance is broadly
comparable, though the hybrid model continues to occasionally reclassify clear bias as
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‘Potential Bias’, reflecting its cautious treatment of borderline cases rather than a strict
accuracy gain. Performance on ‘Potential Bias’ shows a moderate improvement, with the
hybrid system correctly identifying a majority of these cases an enhancement over the
fine-tuned LILM-only F1-score of 0.73 though several remain misclassified as ‘Not Bias’.

Both approaches show a conservative pattern overall, with neither misclassifying ‘Poten-
tial Bias’ as explicit ‘Bias’, suggesting consistent reluctance to escalate from implied to
overt bias class. While the hybrid approach reduces false positives and slightly improves
coverage of nuanced bias, the persistent confusion between ‘Bias’ and ‘Potential Bias’
suggests that separating the two is still a challenge

7.5.2 Hybrid Approach Bias Category Analysis

Based on the confusion matrix (see Figure 7.3) analysis, the hybrid model demonstrates
moderate success in distinguishing between different types of bias, though with notable
variations in performance across categories. ‘Representation’ bias achieves the highest
number of correct classifications, followed by ‘Linguistics’ bias, while ‘Stereotype’ bias
shows the most challenging performance with fewer correct identifications. The hybrid
approach showed a tendency to misclassify other bias types as ‘Representation’ bias, with
6 instances of ‘Linguistics’ bias and 4 instances of ‘Stereotype’ bias being incorrectly pre-
dicted as ‘Representation’. This pattern suggests that ‘Representation’ bias markers may
be more prominent in the model's decision-making process or that this category serves as
a default classification. These misclassification patterns indicate that while the hybrid ap-
proach can identify bias presence, fine-grained categorisation remains challenging due to
inherent semantic overlap between bias types as explained before in Chapter 3 section
3.2.4.
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Figure 7.3: Hybrid approach confusion matrix for bias categories
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When compared to the fine-tuned LLLM-only approach (fine-tuned GPT-40 mini), the
hybrid system demonstrates a different error distribution pattern. Whilst the fine-tuned
LLM-only model exhibited a tendency to overpredict ‘Linguistic’ bias, frequently misclas-
sifying ‘Stereotype’ and ‘Representation’ instances as ‘Linguistic’, the hybrid approach
shows a shift towards overpredicting ‘Representation’ bias. This suggests that the hybrid
methodology may place greater emphasis on structural and representational elements ra-
ther than purely linguistic markers. The hybrid approach achieves relatively consistent
performance across bias categories, with correct identifications distributed as 8, 12, and 7
for ‘Linguistic’, ‘Representation’ and ‘Stereotype’ respectively, avoiding the pronounced
bias towards a single category that characterised the fine-tuned LLM-only predictions.

The hybrid approach partially addresses the fine-tuned LLM-only system's overprediction
of ‘Linguistic’ bias through integration of multiple analytical components, resulting in
more distributed predictions across categories. However, the shift from overpredicting
‘Linguistic’ to ‘Representation’ bias indicates that whilst the hybrid system redistributes
classification errors, categorical preference persists rather than being eliminated entirely.

While the fine-tuned LLM-only approach (fine-tuned GPT-40 mini) achieved a slightly
higher overall accuracy of 81% compared to the hybrid approach's 78%, this difference
should be considered alongside other performance factors. The hybrid approach demon-
strates more balanced performance across bias classes and categories, which may be ben-
eficial for applications requiring consistent classification across different bias types. How-
ever, the choice between approaches depends on whether overall accuracy or distribu-
tional balance is prioritised, as each system presents distinct trade-offs in bias detection
within academic texts.

7.6 Hybrid Approach Variations

To comprehensively evaluate the contribution of RAG to bias detection, several hybrid
system variants were implemented, each representing a distinct approach to combining
fine-tuned GPT-40-mini with RAG-derived precedents. Below is a summary of the main
experimental pipelines, their underlying decision logic, and the resulting classification pet-

formance.

Each variant was developed to probe specific aspects of hybrid decision-making, from
confidence-based overrides to in-context reasoning, with the goal of determining the op-
timal balance between leveraging annotated precedents and retaining the generative flex-
ibility of the language model. The following section describes each hybrid configuration
in detail, elucidating both their operational mechanisms and the reasoning underpinning
their design. Table 7.2 below shows a summary hybrid approach variations.
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Hybrid V2: Fine-Tuned GPT-40-mini + RAG (Confidence-Based)

* Retrieval Method: Dense vector embeddings (all-mpnet-base-v2) with co-
sine similarity.

e Thresholds & Logic:

- Fine-tuned GPT-40-mini confidence > 80%, use GPT-40-mini prediction

- Fine-tuned GPT-40-mini confidence 60%—80%, use GPT-40-mini, cross-check

with RAG

- Fine-tuned GPT-40-mini confidence < 60%: override with RAG

* Fallback/Override Logic: If fine-tuned GPT-40-mini confidence < 60%,
prediction is refined/overridden using retrieved example from RAG Corpus

* Accuracy: 62%

¢ Macro-F1: 60%

Hybrid V3: Fine-Tuned GPT-4-mini + RAG (FAISS, Similarity-Based)

* Retrieval Method: FAISS with dense vector embeddings (all-mpnet-base-v2)

* Thresholds & Logic:

- Fine-tuned GPT-40-mini confidence > 0.50: use GPT-40-mini predictions

- Fine-tuned GPT-40-mini confidence = 0.50 and similarity = 0.25, use RAG an-
notation

* Fallback/Override Logic: If confidence < 0.50 and similarity = 0.25, use

RAG annotation; else, use fine-tuned GPT-40-mini prediction
e Accuracy: 65%
*  Macro-F1: 48%

Hybrid V4: Fine-Tuned GPT-40-mini + RAG (Prompt-Informed)

* Retrieval Method: Dense vector embeddings (all-mpnet-base-v2) with co-
sine similarity

¢ Thresholds & Logic: Always append top-k (i.e., K= 3) retrieved annotated
examples from RAG corpus as in-context for fine-tuned GPT-4o0-mini pre-
diction

* Fallback/Override Logic: No fallback/override; output is always from fine-
tuned GPT-40-mini, informed by RAG context

¢ Accuracy: 59%

*  Macro-F1: 44%

Table 7.2: Hybrid bias detection system vatiants and performance

7.6.1 Hybrid V2: Fine-Tuned GPT-40-mini + RAG (Confidence-Based)

This variant employs a confidence-weighted strategy in which each prediction from the
fine-tuned GPT-40 mini model is accompanied by a confidence score. As detailed in the
previous chapter, this confidence score is calibrated based on the degree of agreement
among human annotators during model training, making it a more reliable indicator of
predictive certainty than naive probability estimates though it is not entirely immune to
errof.
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For each input, if the model’s confidence exceeds 80%, the system directly accepts the
fine-tuned GPT-40 mini’s structured prediction. When the confidence falls within the
intermediate range (60-80%), the system still presents the model’s output but also re-
trieves the most relevant annotated example using dense vector embeddings generated by
the all-mpnet-base-v2 sentence transformer model, with cosine similarity used to measure
semantic closeness between the input text and RAG corpus entries, and substitutes the
retrieved annotation for the final output. If the confidence is below 60%, the system relies
exclusively on the RAG annotation, fully overriding the model output with the label, cat-
egory, keywords, and justification from the closest precedent. Importantly, when the sys-
tem presents a classification derived from a retrieved example whether in the intermediate
or low-confidence scenario this is clearly indicated to the user. In such cases, the interface
not only shows that the output is informed by precedent but also displays the full text of
the RAG example from which the annotation is derived. This approach ensures that users
can trace the source of the prediction and understand its context, thereby enhancing trans-
parency and interpretability.

The motivation for this design is to harness the strengths of the model when it is highly
confident, while increasing reliability in ambiguous or low-confidence situations by defer-
ring to previously validated human annotations. However, the rigid adoption of RAG
annotations even in the intermediate confidence range can introduce abrupt transitions
and potential inconsistencies in the user experience. As reflected in the results, this ap-
proach achieved an accuracy of 62% and a macro-F1 of 60% but ultimately did not pro-
vide the most balanced or interpretable solution for the hybrid bias detection task.

7.6.2 Hybrid V3: Fine-Tuned GPT-40-mini + RAG (Similarity-Based, FAISS)

In this variant, a similarity-based decision framework is implemented using dense vector
retrieval via FAISS (i.e., Facebook Al Similarity Search). For each input, both the user-
provided text and the entries in the RAG corpus are encoded as high-dimensional em-
beddings using the all-mpnet-base-v2 sentence transformer model. FAISS enables effi-
cient nearest-neighbour search across the corpus, allowing the system to quickly identify
the most similar annotated examples. Cosine similarity is then computed between the
input embedding and the top retrieved examples to rank them by semantic closeness.

The system then applies the following decision rule: if the model’s confidence is less than
or equal to 0.50 and the cosine similarity with the closest retrieved example is greater than
or equal to 0.25, the annotation comprising class, category, keywords, and justification
from this precedent is adopted as the final output. Otherwise, the structured prediction
generated by the fine-tuned GPT-40 mini model is used.

The reasoning behind this approach is that, even in situations where the model is uncer-
tain, a sufficiently high similarity to a well-annotated precedent provides a robust basis for
transferring the RAG annotation. The use of FAISS is beneficial for ensuring scalability
and rapid retrieval, particularly as the size of the annotated corpus grows. Several
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variations of this decision rule were explored, adjusting both the confidence and similarity
thresholds to optimise performance. However, only the best-performing configuration is
reported in the summary above.

To maintain transparency, whenever a RAG-based classification is used, the system clearly
indicates this to the user, presenting the full text of the precedent from the RAG corpus
alongside its annotation. This allows users to see exactly how and why a particular decision
was reached, enhancing interpretability and user trust.

Despite these strengths, Hybrid V3 is not without limitations. The relatively low similarity
threshold can, at times, result in overrides by precedents that are not truly analogous to
the input, increasing the risk of misclassification. Additionally, as with the previous vari-
ant, model confidence is not always a perfect proxy for true uncertainty. This approach
achieved an accuracy of 65% and a macro-F1 of 48%. While the results demonstrate the
feasibility of similarity-based overrides, the limitations noted above led to the selection of
an alternative configuration as the final hybrid solution.

7.6.3 Hybrid V4: Fine-Tuned GPT-40-mini + RAG (Prompt-Informed)

In Hybrid V4, the system uses a prompt-informed strategy, in which the fine-tuned GPT-
40 mini model is provided with explicit contextual support from the RAG corpus for
every prediction. For each input, the top £ (i.e., k= 3) most similar annotated examples
are retrieved using dense vector embeddings (all-mpnet-base-v2 sentence transformer)
with cosine similarity for ranking. These examples, including their full annotations, are
added directly to the prompt given to fine-tuned GPT-40 mini before it generates a pre-
diction.

Crucially, this approach does not employ any fallback or override logic: the output is al-
ways produced by the fine-tuned GPT-40 mini model itself. However, both the model
and the user are presented with the same three RAG examples. The fine-tuned GPT-40
mini uses these as in-context references to inform its own prediction, and the user sees
both the model’s structured output (bias class, bias category, bias keywords, and justifica-
tion) and the full retrieved examples as additional context. In other words, the final output
combines the model’s generated prediction with the three retrieved RAG examples, so
that users can easily see what prior cases may have influenced the model’s decision.

This design aims to enhance transparency and support user trust by making the entire
reasoning process more explicit. However, this variant achieved an accuracy of 59% and
a macro-F1 of 44%, which is lower than the other hybrid approaches. This suggests that
while providing explicit context can improve interpretability, it does not necessarily lead
to higher predictive performance. The model may not always effectively integrate the re-
trieved examples into its reasoning, or it may revert to generic responses when the exam-
ples are not sufficiently relevant. As a result, this prompt-informed hybrid was not chosen
as the final solution.
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7.6.4 Limitations and Considerations in Hybrid Variations System Perfor-
mance

It is important to acknowledge that while the alternative hybrid approaches did not ulti-
mately achieve the highest overall accuracy, their absolute performance should not be
viewed in isolation. Several external factors may have influenced the results observed in
these experiments. Most notably, the size and diversity of the RAG corpus play a signifi-
cant role in determining the effectiveness of retrieval-augmented strategies. A relatively
limited or unbalanced set of annotated examples may constrain the system’s ability to find
highly relevant precedents for new inputs, particularly in the case of subtle or less fre-
quently represented bias categories.

Furthermore, the quality and consistency of the annotated corpus itself, the distribution
of classes, and the selection of similarity thresholds all impact how well the hybrid deci-
sion logic can leverage prior examples. Expanding and continuously updating the RAG
corpus with greater coverage across domains, bias types, and linguistic variation could be
expected to improve the reliability and utility of these hybrid approaches.

Finally, user-centred considerations such as transparency, interpretability, and the ability
to surface relevant precedents remain important strengths of the RAG-based methods,
even where raw accuracy may not match that of the most selective or finely tuned vari-

ants.

7.7 Limitations and Ethical Considerations

A number of technical, methodological, and data-related limitations should be acknowl-
edged. The RAG corpus, though carefully assembled and partially augmented, is relatively
small and heavily influenced by Western educational contexts. As a result, both the re-
trieval and classification processes may miss or misinterpret bias patterns prevalent in
other cultural, temporal, or disciplinary settings. Reliance on LLM-generated annotations,
while practical for scaling, raises concerns about annotation consistency and the possible
perpetuation of subtle biases.

Methodologically, the use of strict accuracy as a primary metric may underestimate system
performance in cases where multiple plausible bias categories exist. The relatively small
and imbalanced test set further limits statistical generalisability. On the technical side, the
current use of cosine similarity in retrieval, fixed decision thresholds, and static prompt
construction may not capture the full complexity of contextual bias detection, particularly
for nuanced, intersectional, or indirect forms of bias.

Deploying automated bias detection systems in educational settings has significant ethical
implications. There is a risk of over-reliance on automated outputs, potentially leading to
inappropriate content flagging or insufficient recognition of subtle, context-dependent
bias. Algorithmic biases present in both the training data and the RAG corpus could in-
advertently perpetuate or amplify existing inequalities in curriculum curation and content
review. The system’s design prioritises interpretability by surfacing retrieved precedents
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and model justifications, but the complexity of its decision logic may still limit user un-
derstanding.

Cultural sensitivity is particularly important, given that the model and corpus are primarily
trained on Western sources. Classifications and thresholds deemed appropriate in one
context may not translate elsewhere. For this reason, system predictions should always be
viewed as decision support for educators, not as substitutes for critical human judgement.

7.8 Conclusion

This chapter has examined the design, implementation, and evaluation of a hybrid bias
detection system for educational materials, integrating a fine-tuned GPT-40 mini with
RAG. The results demonstrate that the hybrid approach offers clear benefits in interpret-
ability and prediction balance, particularly when compared to standalone language models
that may overfit to particular bias categories. By leveraging contextually relevant prece-
dents from a curated corpus, the hybrid system provides more transparent and context-
aware justifications for its predictions.

However, the findings also highlight persistent challenges. The most notable difficulties
relate to the subjectivity of bias annotation especially in differentiating between explicit
and potential bias and the boundaries created by a limited and culturally specific RAG
corpus. The analysis further reveals the critical importance of context in educational texts,
and the need for systems that can flexibly accommodate ambiguity and multiple perspec-
tives.

Taken together, the work presented in this chapter demonstrates the value and complexity
of hybrid approaches for bias detection in academic settings. The hybrid system advances
both the technical and ethical dimensions of automated content analysis, emphasising the
necessity of transparency, interpretability, and critical human oversight in supporting eq-
uitable educational practice. Building on these findings, the following chapter applies the
insights and outcomes of this research to the design and test of a web-based application
for bias detection in educational content.
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Chapter 8

8 Design, Prototyping and Testing of a Web Application
for Bias Detection in Online Higher Education Learning
Resources

8.1 Introduction

The creation of bias detection applications within higher educational contexts remains a
challenging yet necessary extension of theoretical research (Chinta et al., 2024). While
extensive studies have demonstrated the prevalence of bias within educational learning
materials (Lange and Kelley, 1971; Sadker, D. and Zittleman, 2007; Blumberg, 2008;
Bachore and Semela, 2022; Hu, X. and Hancock, 2024), practical tools that allow educa-
tors and researchers to identify and mitigate such biases are scarce (Holmes et al., 2019).
As part of this research project, a web-based application was designed, prototyped and
tested to operationalise the hybrid experiment introduced in the previous chapter. This
application provides an accessible solution for detecting and annotating bias, powered by
a hybrid system trained on the OER-H dataset.

Building upon the OER-H data collection, annotation methodology (see Chapter 3 sec-
tion 3.6), LLM model fine-tuning (see Chapter 6 section 6.4) and the hybrid approach (see
Chapter 7 section 7.4), this chapter details the practical design of those methods through
the prototype of a web application for real-world bias detection in higher education learn-
ing materials. This chapter outlines the design requirements, key architectural decisions,
system components, model integration process and testing outcomes involved in creating
the bias detection web application.

8.1.1 Objectives of the Chapter

The primary objective of this chapter is to build a web application to bridge the gap be-
tween advanced Al and NLP methodologies and practical usability for end-users within
academic environments. The need for applied Al systems that can address fairness and
bias detection in educational resources has been highlighted by recent studies (Holstein
et al., 2019; Mehrabi et al., 2021), demonstrating the growing demand for interpretable,
actionable Al tools.

8.1.2 Contributions of The Chapter

This chapter aims to fulfil the fourth research contribution outlined in Chapter 1, Section
1.3.4.4, developing a web application prototype for bias detection within higher education

content.
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8.2 System Requirements

System creation was guided by the specific requirements identified in earlier stages of this

research, particularly the classification of bias into clearly defined classes and the catego-

risation of bias types.

8.2.1

Functional Requirements

The primary functional requirements were defined as follows:

8.2.2

Bias class detection: The system must classify input excerpts accurately into one
of three classes: ‘Bias’, ‘Not Bias’ or ‘Potential Bias’. This structure mirrors the
classification schema developed during the earlier data annotation outlined in
Chapter 3 section 3.0.

Bias category identification: For text classified as Bias or Potential Bias, the
system must further categorise the detected bias into one of three specific catego-
ries: ‘Stereotype’, ‘Representation’ or ‘Linguistic’. This categorisation provides us-
ers with detailed insights into the type of bias present, thereby enhancing the in-
terpretability of the system outputs.

Bias keywords/phrase extraction: Where bias is detected, the system must also
printout the specific words or phrases within the input text that contributed to
the classification, which may not necessarily be explicitly biased words but could
still play a role in shaping the biased interpretation.

Bias decision justification: In order to support explainability and user trust, the
system must generate an explanation for each classification decision.

User feedback collection: The system must enable users to respond to each
classification result by selecting either agree ‘Yes’ or disagree ‘No’. This feedback
mechanism supports human-in-the-loop learning and is designed to inform future
iterations of model refinement. Collecting the binary agreement data aligns with
user-centred Al development principles and has been shown to improve robust-
ness and accountability in deployed systems (Amershi et al., 2019).

Non-Functional Requirements

The non-functional requirements defined for the system included:

Privacy and data security: User-submitted texts and feedback are stored to support
system evaluation and research. Users are explicitly informed, prior to using the
tool, that their input will be retained. All data is transmitted over encrypted chan-
nels using Transport Layer Security (TLS), to ensure secure communication be-
tween the Chrome extension app and the backend service. No personally identi-
fiable information is collected, and all stored content is used solely for research
purposes, in accordance with ethical guidelines for Al in education (Williamson
and Eynon, 2020).
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e Responsiveness: To ensure practical usability, the system must deliver classifica-
tion results within a maximum of five seconds per excerpt.

e User guidance: The app must include a clear, accessible interface with basic usage
instructions and an example input of different bias scenarios. This improves usa-
bility by supporting first-time users and reducing barriers to adoption in non-
technical academic settings.

e Browser-based accessibility: Given the widespread usage of Chrome among aca-
demic institutions (StatCounter, 2023), the system was created as a Chrome ex-
tension to facilitate immediate and easy user adoption without additional software
installations.

8.3 System Architecture

The bias detection system is structured as a client—server architecture, in which the
Chrome extension operates as the client and communicates with a backend service im-
plemented using FastAPI (Ramirez, 2018). This architectural separation supports inde-
pendent development and maintenance of the user interface and server-side logic. All
communication is conducted over encrypted channels using TLS. The design facilitates
scalability, integration with external services, and future system extension. The main com-
ponents include the Chrome extension (frontend), the FastAPI backend, the fine-tuned
GPT-40 mini accessed via the OpenAl API, RAG, and a storage layer for storing user
inputs and feedback (see Figure 8.1).

O, O 7
@ User Input @ Display Results + User Feedback

o

O The British Empire played a crucial role in bringing
civilisation to its colonies in Africa and Asia.

RAG Examples: ...

Bias Class: Bias

Justification: The phrase "bringing civilisation" suggests a
@ Eurocentric view of history where European powers are seen as the
0 Backend standard bearers of civilisation, potentially devaluing the existing
cultures and civilisations of the African and Asian colonies....
* Bias Categories:
. . > | e Stereotype, Representation
API (Fine-Tuned GPT-40 mini) + RAG Bias Keywords/Phrases:
* . Bringing civilisation
@ Do you agree with the response?
O Response Processing . vesV /No X
5
@ Data Storage | I O Feedback Update

Figure 8.1: System architecture for the web application for bias detection in online higher educational learning materi-

als
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8.3.1 Frontend: Chrome Extension

The Chrome extension provides a browser-based interface through which users can
submit text for analysis. It allows users to:

e View an introductory screen with usage instructions and example inputs.

e Enter input text for analysis.

e Submit the text to the backend for processing.

e View the classification results, including the bias class (Bias, Not Bias, or Poten-
tial Bias), bias category (if applicable), justification and extracted biased key-
words or phrases.

e Provide feedback on the classification output by selecting “Yes” (agree) or “No”

(disagree).
8.3.2 Backend API: FastAPI

The backend service is built using FastAPI (Ramirez, 2018), which handles the client re-
quests. It performs the following tasks:

e Receives and validates user-submitted text.

e TForwards the input for classification.

e Invokes the RAG, if required.

e Returns the structured output to the frontend.

e Logs the input, prediction results, and any user feedback.

The API is designed to support low-latency responses through asynchronous request han-
dling and can be extended or modified independently of the frontend component, ensut-
ing modularity and scalability.

8.3.3 Inference Pipeline with OpenAl API and RAG

8.3.3.1 Interaction with the Fine-Tuned Model

The central component of the pipeline is a fine-tuned GPT-40 mini model, accessed
through the OpenAl API. For each input sentence requiring classification, the system
performs the following:

e Prompt Construction:
A structured prompt is generated, containing:

o The input sentence to be analysed for bias.

o The £ most similar annotated examples (typically, k=3), drawn from re-
trieval corpus (i.e., RAG corpus), each with its bias class, category, key-
words and justification.

o Explicit instructions directing the model to output its answer in a struc-
tured JSON format containing:
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= A bias class (Bias, Potential Bias, or Not Bias).

* One or more bias categories (where applicable).

» Associated bias keywords (where applicable).

= A concise justification.

= A confidence score representing the model’s self-assessed cer-

tainty.

Model Response and Output Handling

The model's output is expected as a JSON string. To ensure robustness, all out-

puts are passed through a dedicated repair-and-parse function, which corrects

common formatting errors (e.g., mismatched quotes, trailing commas, or partial

outputs), guaranteeing reliable downstream parsing and evaluation.

8.3.3.2 The Role of RAG: How the Hybrid System Works

The final bias prediction for each sentence is always produced by the fine-tuned model.

However, this prediction is explicitly informed by the context of retrieved annotated ex-

amples provided as part of the prompt. The model thus synthesises information from

both the new input and relevant precedents, using the latter as a form of concrete evidence

to guide its decision.

To illustrate, suppose the input sentence is:

“This text explores whether certain groups possess inherent qualities

that justify their societal roles.”

The system embeds this input and retrieves the three most similar examples from

RAG corpus; let’s assume that all three were previously labelled as Bias due to ste-

reotyping language. The resulting prompt shown to the model appears as follows:

System instruction: “You are an expert bias detector...” (Full
prompt can be found in Chapter 6 section 6.4)

Input educational text: This text explores whether certain

groups possess inherent qualities that justify their societal roles.
Similar annotated examples retrieved:

1. [Example text 1] 70% similarity
o Label: Bias
o Category: Stereotyping and Representation
o Justification: [text]
2. [Example text 2] 60% similarity
o Label: Bias
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o Category: Language and Tone
o Justification: [text]
3. [Example text 3] 45% similarity
o Label: Potential Bias
o Category: Stereotyping and Representation
o Justification: [text]

Model task instruction: Using the above, classify the input as
Bias, Not Bias, or Potential Bias.

Provide category, keywords, and a brief justification.

Respond in this JSON format: ["result":..., "category":..., "key-

words":..., "justification":...]

The model then generates its prediction, e.g., ‘Bias’ with ‘Stereotype’ and ‘Representa-
tion’ as category and an explanatory justification, having considered both the input and
the retrieved examples.

Thus, the RAG retrieval process does not itself make the classification but provides con-
text and evidence that inform the fine-tuned model’s final decision. This approach allows
the system to combine the strengths of precedent-based reasoning (as in case-based legal
or educational decisions) with the adaptive generalisation of an LLM.

The final classifications are presented alongside relevant examples retrieved from the
RAG corpus, each showing a similarity percentage to provide users with greater transpar-
ency into the decision-making process. These RAG-derived examples include only the
essential classification elements: a brief text excerpt to illustrate the type of content re-
trieved, the bias class, bias category, and justification. Bias keywords are intentionally ex-
cluded to optimise space usage within the Chrome extension interface whilst maintaining
clarity and usability.

8.3.4 Response Processing

Once the final classification is obtained the backend prepares a structured response. This
response includes:

e The bias class (Bias, Not Bias or Potential Bias).

e The bias category (if applicable).

e Ajustification explaining the classification.

e Extracted biased phrases within the submitted text.

e Model confidence score.

e Any retrieved example from RAG corpus used in the decision.

This output is formatted as a structured JSON object to ensure consistency and compat-
ibility with the frontend. It serves as the basis for both display and storage operations.
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Processing also includes any necessary sanitisation or formatting (e.g., sentence trunca-
tion, token de-highlighting) to prepare the output for user-facing display.

8.3.5 Data Storage

Following response processing, the structured classification data along with the original
input and any retrieved content is stored in Amazon Web Services (AWS) DynamoDB*,
a fully managed NoSQL database service. The storage layer records:

e  Submitted user text.

e C(lassification decision and explanation.

e Retrieved content (if applicable).

e Model confidence score.

e Timestamp and internal versioning metadata.

This stored information supports future system evaluation, bias case analysis, and poten-
tial model retraining.

8.3.6 Content Display (Frontend Rendering)

Once the response is received by the Chrome extension, it is parsed and rendered for user
interaction. The frontend displays:

e The bias classification prediction.
e Retrieved examples (if included).
e The feedback buttons ‘Yes’ or ‘No’.

The display layout is designed to be visually clear and non-intrusive, using accessible col-
our coding and icons where necessary. The results are presented in a collapsible interface
that integrates seamlessly with the uset's browsing environment.

8.3.7 Feedback Update

Finally, the system enables users to provide feedback on the classification. This occurs via
an embedded response form that allows users to select if they agree or disagree with the
system’s prediction.

This feedback is sent to the backend and linked with the original classification and
timestamp. It is stored alongside the classification data and is intended to support ongoing
system refinement and evaluation. The feedback mechanism is optional.

% https://aws.amazon.com/dynamodb/
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8.4 Frontend Implementation

The frontend component of the system was implemented as a Chrome browser extension
to ensure accessibility and ease of use within users’ existing web-based reading environ-
ments. This section describes the user interface design decisions and the visual presenta-
tion of the classification outputs.

8.4.1 User Interface (UI) Design Decisions

The interface was designed to be accessible, and minimally disruptive to the user’s brows-
ing experience. As shown in Figure 8.2, 8.3, 8.4, 8.5 and 8.6 the extension provides a clear
and focused input area where users can manually enter a text for analysis. Above the input
field, the interface presents a disclaimer and short description of the system’s purpose,
scope, and domain coverage. This includes a note that the system was trained on materials
from the humanities subjects, with a particular emphasis on detecting gender and ethnic
bias in these materials.
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Figure 8. 2: Bias detection application interface with user instructions and general and domain-specific examples of

gender and ethnic bias in higher education — Snippet 1
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Figure 8. 3: Bias detection application interface with user instructions and general and domain-specific examples of

gender and ethnic bias in higher education — Snippet 2
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Figure 8. 4: Bias detection application interface with user instructions and general and domain-specific examples of

gender and ethnic bias in higher education — Snippet 3
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Figure 8. 5:Bias detection application interface with user instructions and general and domain-specific examples of

gender and ethnic bias in higher education — Snippet 4
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Figure 8. 6: Bias detection application interface with user instructions and general and domain-specific examples of

gender and ethnic bias in higher education — Snippet 5
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Expandable sections titled “Instructions for Users”, “General Bias in Higher Education”,
and “Bias in Humanities” are included to provide optional guidance and context of gen-
der and ethnic bias in both general and domine specific subjects. These elements were
designed to support first-time users and ensure that the tool’s function and limitations are
clearly communicated.

The Ul is intentionally simple, with a single button ‘Analyse’ to submit the input for clas-
sification. Upon processing, the results are displayed directly below the input area in the
same panel.

After submitting a text for analysis, the user is presented with a structured classification
result within the extension interface (see Figure 8.7). The output includes the bias classi-
fication prediction, the retrieved examples (if included) from the RAG corpus along with
their similarity percentages for added transparency. At the bottom of the result panel, the
system presents a binary feedback prompt: “Do you agree with the response?”, with ‘Yes’
and ‘No’ options.
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Figure 8. 7: Classification results screen showing bias prediction, retrieved RAG examples and user feedback options
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8.4.2 Interface Display of System Classifications: Examples Across Different
Bias

To illustrate the practical functionality of the deployed bias detection system, this section
presents examples that been tested to show how classification results are displayed within
the Chrome extension interface. The following examples demonstrate the system's ability
to detect different types of bias across various academic text, showcasing both the tech-
nical capabilities and user-facing interpretability features of the application.

8.4.2.1 Not Bias Classification Example

The system demonstrated effective classification capabilities when processing a critical
statement about American federal government actions during the Reconstruction era
(1865-1877): “The federal government only acted on civil rights when it was politically
convenient, but out of any genuine concern for justice.” This text evaluates federal policy
during the post-Civil War period when the government was tasked with rebuilding the
South and establishing civil rights for formerly enslaved people. The fine-tuned model
classified this as ‘Not Bias’ with a confidence score of 57.6%, generating a justification
that the text presents “a critical view of the federal government's actions during the pe-
riod” but constitutes “valid political consideration rather than using language that is inap-
propriate or discriminatory.”

The RAG component retrieved three supporting examples with similarity scores ranging
from 51% to 57%, all classified as ‘Not Bias’. These examples included historical analyses
such as: “But white conservatives chafed at the influx of black residents and the estab-
lishment of biracial politics” and “The federal government responded to southern para-
military tactics by passing the Enforcement Acts between 1870 and 1871.” The con-
sistency across all three RAG examples reinforced the model's classification decision.

The system’s performance illustrates how the RAG enhancement functions as a validation
mechanism, where retrieved examples with moderate similarity scores collectively influ-
enced the final output. Despite the relatively modest similarity percentages, the unani-
mous ‘Not Bias’ classification across all retrieved examples provided sufficient precedent
for the system to maintain its initial assessment. This demonstrates the model’s ability to
distinguish between critical commentary and biased language through pattern matching
with similar textual contexts, showcasing the effectiveness of combining fine-tuned clas-
sification with retrieval-based validation.

8.4.2.2 Potential Bias Classification Example

The application shows capability in identifying subtle bias through its ‘Potential Bias’ clas-
sification. When analysing the text “Lincoln may have appointed Davis a general, but let’s
not pretend his promotion wasn’t influenced by politics more than merit,” concerning
Civil War-era military appointments, the system identified potential bias with a confidence
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score of 56.3%. The classification included both ‘Linguistic’ and ‘Representation’ bias
categories, with highlighted bias keywords including “let’s not pretend” and “merit”.

The justification explained that the text “reveals a tone of scepticism regarding Davis’s
promotion, suggesting that it may have been influenced more by political factors than
merit. This could be interpreted as implying that Davis did not truly earn his position,
casting doubt on his abilities or military achievements”. The RAG enhancement retrieved
three similar examples, all dealing with historical military appointments and political in-
fluence. These retrieved examples demonstrated patterns of language that question indi-
vidual merit based on political considerations, providing contextual support for the po-
tential bias classification.

The first retrieved example (similarity: 66.3%) stated: “It is important to understand, how-
ever, that the same historically creative tensions that marked events such as the Freedom
Rides played an important role in the March's organisation, program, and imp...”. This
example was originally classified as ‘Not Bias’ but demonstrated how historical analysis
can navigate complex political motivations without casting aspersions on individual merit.
The second retrieved example (similarity: 54.8%) discussed “The first part of this lesson
focuses on the Freedom Riders. It demonstrates the critical role of activists in pushing
the Kennedy Administration to face the contradiction between its ideals and the...” which
was also classified as ‘Not Bias’ and showed balanced analysis of political pressure and
decision-making. The third example (similarity: 51.0%) analysed “JFK, Freedom Riders,
and the Civil Rights Movement...” and was classified as ‘Not Bias’, providing historical
context about political appointments during periods of social change.

Notably, all three retrieved examples were classified as ‘Not Bias’, yet the model success-
tully identified the input text as ‘Potential Bias’. This demonstrates the system’s sophisti-
cated understanding of context whilst the retrieved examples use neutral language to dis-
cuss political factors in decision making the text employs more sceptical and dismissive
language (‘let’s not pretend’) that crosses into potential bias territory by directly question-
ing merit rather than simply analysing political factors. The RAG enhancement thus ena-
bled the system to make nuanced distinctions between legitimate historical analysis and
language that potentially undermines individual achievements through political consider-
ations.

8.4.2.3 Clear Bias Classification Example

When processing text containing explicit bias, the system provides comprehensive analy-
sis with multiple supporting elements. For the input “The so-called ‘moral leadership’ of
women was just a clever excuse to keep them locked in the home and out of real power”,
the system identified ‘Bias’ with a confidence score of 61.2%. The bias categorises in-
cluded both ‘Stereotype’ and ‘Linguistics’, highlighting key bias phrases such as “moral

leadership”, “clever excuse”, “real power”, “keep them locked in the home” and “out of
real power”.
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The justification explained that the text “contains a biased statement that portrays wom-
en's aspirations for leadership and equality as mere manipulation or an excuse rather than
a valid desire for societal change. The term ‘clever excuse’ dismisses the genuine goals of
these women, introducing a negative tone that undermines their efforts. This framing
reflects bias against acknowledging or valuing women's leadership and introduces tradi-
tional gender roles”.

The retrieved RAG examples were relevant historical texts dealing with women’s suffrage
and gender roles. Each retrieved example was classified as ‘Bias” under similar bias cate-
gories, with justifications explaining how dismissive language towards women’s political
participation reinforces harmful stereotypes. One retrieved example discussed women’s
grassroots organisations and was classified as bias due to “persuasive or biased terms”,
whilst another analysed nineteenth-century attitudes towards women’s education, high-
lighting how historical accounts can perpetuate gender stereotypes.

8.5 Backend Implementation

The backend of the bias detection application is developed using FastAPI, a high-perfor-
mance, asynchronous web framework in Python well-suited for building robust APIs. It
serves as the central processing component of the system, responsible for coordinating
communication between the frontend and various backend services. These include inter-
facing with the fine-tuned GPT-40 mini model via the OpenAl API, executing retrieval
operations from RAG corpus, and managing the secure storage of classification results
and user feedback in AWS DynamoDB the cloud-hosted database. This section details
the design of the backend architecture, with particular focus on its API endpoints, request
handling and security mechanisms, and the integration of the RAG corpus.

8.5.1 API Endpoints

The backend exposes a set of Hypertext Transfer Protocol Secure (HTTPS) endpoints
that facilitate communication between the Chrome extension frontend and the model-
serving logic. The primary endpoints include:

e /classify: Accepts a POST request containing the input text. It returns a struc-
tured JSON response including the predicted bias class, justification, confidence
score, bias category and extracted bias phrases (if applicable). Any retrieved con-
tent (i.e., RAG corpus examples) used during inference.

e /feedback: Accepts user feedback submitted from the frontend, including their
feedback of agreement or disagreement. This endpoint also receives the associated
input text and classification output at the time the feedback was given. All of this
information is stored together in the database, enabling alignment between user
responses and specific system decisions for future evaluation and model improve-

ment.

These endpoints are documented internally using FastAPI's automatic schema generation,
allowing for easier testing and potential extension in future iterations.
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8.5.2 Request Handling and Security

All client-server interactions are secured using TLS-encrypted HTTPS communication to
ensure data confidentiality in transit. Each incoming request is validated to ensure proper
format and completeness before further processing. Sensitive actions such as database
writes are protected with API key-based authentication to prevent unauthorised access,
particularly in hosted or production environments.

Input text is pre-processed to remove empty or malformed inputs. Exception handling is
implemented to gracefully manage timeouts, API failures, or retrieval errors, ensuring a
robust user experience and reducing the likelihood of interface crashes.

8.5.3 Retrieval from RAG Corpus

For inputs where the model's confidence is below or equal to a predefined threshold
(70%), the backend invokes a retrieval module that searches a static corpus of annotated
bias examples using dense vector embeddings generated by the all-mpnet-base-v2 sen-
tence transformer model. The corpus is stored in a lightweight local index, and retrieval
is based on cosine similarity between the vectorised input and stored excerpts. The top K
(.e., K=3) most similar annotated examples are retrieved and included directly in the
prompt provided to the fine-tuned GPT-40 mini model. The model uses these retrieved
examples as in-context references to inform its classification decision. This retrieval pro-
cess is integrated into the main classification logic and is automatically triggered based on
the confidence score returned by the fine-tuned GPT-40 mini model.

8.5.4 Feedback Mechanism

The system includes a feedback mechanism that is designed to serves a dual purpose: it
encourages user engagement with the bias detection process, and it supports the long-
term improvement of the system through user-informed evaluation and potential retrain-

mng.

After submitting a text excerpt for analysis and receiving the classification output, users
are prompted with a simple binary question: “Do you agree with the response?”. They
may respond by selecting either Yes or No. The feedback is transmitted to the backend
along with the original input text and the corresponding classification output. This infor-
mation is stored in AWS DynamoDB. Each feedback entry is timestamped and stored as
a unique record, enabling longitudinal tracking of user agreement trends and identification
of recurring disagreement patterns. The database structure is designed to associate feed-
back not just with the user interaction, but with the exact decision made by the system at
that point in time.

8.6 Application Evaluation — Pilot Study and Testing

This section presents the evaluation of the web-based bias detection application practi-
cality and functionality. While previous chapters have addressed the underlying model’s
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performance using annotated datasets and comparative baselines, the present evaluation
seeks to move beyond algorithmic accuracy to examine the operational effectiveness of
the system as an accessible educational tool. This evaluation encompasses both internal
testing conducted by our research team to assess system functionality and reliability, as
well as a pilot study with users to evaluate the system's usability and practical application
in educational contexts. The pilot study is placed before internal testing because it pro-
vides initial user feedback that informs the more detailed internal evaluation.

8.6.1 Pilot Study

8.6.1.1 Participants

The usability pilot study involved two participants, both of whom are postgraduate stu-
dents in computer science and are familiar with higher education academic materials and

research workflows.

e Participant 1: A graduate student currently employed as a software developer in
a medical research context. This participant holds a master’s degree in advanced
computer science (artificial intelligence) and regularly engages with technical and
academic texts as part of their professional responsibilities.

e Participant 2: A PhD student specialising in computational linguistics, with ex-
perience as a university lecturer. This participant holds a master’s degree in ad-
vanced computer science (data analytics) and possesses practical teaching experi-
ence as well as extensive knowledge of ML frameworks, scholarly publication in
Al, and NLP techniques.

Both participants were selected on the basis of their background in academic research and
their familiarity with evaluating educational content and web-based applications. Their
selection was facilitated through existing academic and professional networks.

8.6.1.2 Tasks

A pilot study was conducted to evaluate the usability and effectiveness of the bias detec-
tion application. The study utilised a set of carefully curated text examples drawn from
higher educational materials in Humanities disciplines, designed to represent varying de-
grees and types of bias. These examples were human-annotated to establish ground truth
classifications. Eight test examples were organised into four categories: Bias Cases (Ex-
amples A1-A2), Potential Bias Cases (Examples B1-B2), Not Bias Cases (Examples C1-
C2), and Complex/Ambiguous Cases (Examples D1-D2). The final two examples (D1
and D2) were deliberately included as they had demonstrated lower inter-annotator agree-
ment during the human annotation process, reflecting genuine ambiguity in bias detection
tasks. Participant 1 evaluating examples A1, B1, C1, and D1, whilst Participant 2 assessed
examples A2, B2, C2, and D2.
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8.6.1.3 Data Collection

During the pilot sessions the data was collected through a set of structured questions
including:

o What aspects of the interface or workflow were clear or confusing?

o Did you find the bias classification and justifications understandable and
useful?

o Would you consider using this tool in your academic or professional
work?

o How easy was it to use the application as an extension?

o Did you encounter any technical issues or unexpected behaviour?

The evaluation relies on qualitative user feedback, a well-established approach in applied
NLP research for assessing automated text analysis tools (Crowston et al., 2012; Leeson
et al., 2019; Abram et al., 2020). These insights help refine the tool and support its use in
academic workflows.

8.6.1.4 Pilot Study Outcomes and User Insights

1. User Experience

Both participants found the interface and instructions to be clear, indicating success-
ful initial user engagement with the application. The process of inputting text for anal-
ysis was deemed intuitive by both participants, suggesting the interface design effec-
tively supports user workflow. Moreover, participants found the feedback mechanism
very easy to use, indicating successful implementation of user interaction features.

2. Classification Results

Participants generally found the bias classifications comprehensible and useful. However,
an interesting phenomenon emerged regarding the justification outputs that warrants
methodological discussion. Occasionally, explanations included prefatory labels such as
‘Al’ and ‘Annotators’ before providing the actual reasoning for the bias classification. For
instance, outputs would display: “Annotators: no bias language is used and people an-
swering these questions...etc” or “Al: This text is biased as it perpetuates a Eurocentric
view of the development of modern democracy...etc”. Whilst participants noted this oc-
curred infrequently, it provides valuable insight into how models internalise training data
formatting.

This phenomenon can be traced directly to the data annotation methodology detailed in
Chapter 3. All data used for fine-tuning were annotated by human annotators, who built
upon initial Al-generated annotations as a starting point. In cases where human annota-
tors agreed with the AT’s initial classification but provided different explanatory reasoning,
both the original Al justification and the human annotator’s explanation were retained in

the training data. This approach was intentionally designed to preserve diverse reasoning
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styles and expose the fine-tuned model to multiple explanation frameworks. Additionally,
retaining both sets of explanations allowed us to examine how different human annota-
tors were perceiving bias compared to the Al system, revealing fascinating differences in
reasoning patterns that provided valuable insights into the human annotation process,
and the varied cognitive approaches humans employ when identifying and justifying bias
classifications.

The observation that the model occasionally learned these labels (‘AL and ‘“Annotators:’)
as formulaic prefixes represents a noteworthy finding about how models process mixed
training data sources. Rather than understanding these labels as metadata indicators dis-
tinguishing the source of different reasoning approaches, the model appears to have in-
ternalised them as part of the explanatory structure itself. This suggests an interesting
tension between preserving methodological transparency in training data and ensuring
clean model outputs.

This finding contributes to our understanding of fine-tuning methodologies in several
ways. Firstly, it demonstrates that whilst incorporating both AI and human reasoning pat-
terns successfully enhanced the model's explanatory capabilities, training data formatting
can inadvertently influence output structure. Secondly, it highlights the importance of
considering how metadata and source indicators in training data may be interpreted by
models during the learning process. These insights have implications for future work in
human-AlI collaborative annotation and suggest that careful consideration of data format-
ting protocols is essential when developing explanation-generating systems.

The identification of this pattern also enabled the development of targeted post-pro-
cessing refinements to ensure consistent user experience, demonstrating the value of com-

prehensive evaluation methodologies in surfacing such phenomena.
3. Comments and Technical Issues

Participants provided positive feedback regarding the overall clarity of the interface, with
one noting: “The interface and instructions were clear.”” However, technical inconsisten-
cies were highlighted, particularly regarding incomplete outputs where “sometimes the
output isn’t complete (missing bias keyword or bias category).”

A notable pattern emerged where participants encountered incomplete outputs during
initial analysis attempts. Both participants discovered that clicking ‘analyse again resolved
this issue, producing complete outputs whilst maintaining consistency with the previous
bias classification decision. This suggests a technical reliability issue that does not affect
the core analytical functionality but impacts user experience.

4. Professional Application Consideration
When asked whether they would consider using this tool in their academic or professional

work, participants responded positively with “Yes/Maybe’ suggesting the application
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demonstrates sufficient utility and reliability for professional contexts, pending resolution
of the identified technical issues.

The pilot study results indicate that whilst the application successfully delivers its core
functionality with an intuitive interface, minor technical refinements are needed to ensure
consistent output completion and clearer justification formatting.

8.6.1.5 Pilot Study Discussion and Limitations

The pilot study results demonstrate that the bias detection application successfully
achieves its primary objective of providing accessible and interpretable bias analysis for
educational content. Both participants found the interface intuitive and the classification
results generally understandable, indicating effective user experience design. The technical
issue of incomplete outputs, whilst concerning, appears to be a display formatting prob-
lem rather than a fundamental analytical flaw, as re-running analyses consistently pro-
duced complete results without altering the bias classification. This suggests the core ma-
chine learning model functions reliably whilst the user interface requires minor refine-
ments.

The appearance of ‘Al and ‘Annotators:” prefixes in justifications reveals an interesting
artefact of the training methodology, illustrating how the model learned formatting pat-
terns from the dual-annotation training data where both Al-generated and human expla-
nations were preserved. Whilst this created occasional confusion, it also demonstrates the
model's ability to incorporate diverse reasoning approaches, potentially enriching the ex-
planatory content when properly formatted.

However, several limitations must be acknowledged. The pilot study involved only two
participants, which severely limits the generalisability of findings. This sample size is in-
sufficient to identify patterns across different user demographics, educational back-
grounds, or technical proficiencies that might significantly impact user experience and
application effectiveness. Participants may not adequately represent the diverse user base
expected to engage with the application, including educators from various disciplines,
students at different academic levels, and professionals with varying degrees of bias aware-
ness and technical expertise. Cultural and linguistic diversity considerations were not ad-
dressed in this limited sample.

Furthermore, no formal accessibility testing was conducted beyond basic observational
notes. The application's usability for users with disabilities, varying technical capabilities,
or different learning preferences remains unexplored, potentially excluding significant
portions of the intended user base. The model's core evaluation continues to rely on the
original human-annotated dataset rather than live, user-generated content, meaning the
system's performance on real-world educational materials remains largely untested. The
pilot examples, whilst carefully curated, represent a narrow range of bias types and aca-
demic disciplines, and the incomplete output problem requires more systematic
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investigation to understand its frequency, triggers, and potential impact on user trust and
adoption.

8.6.2 Internal Testing and System Validation

8.6.2.1 Technical Implementation and Testing

The bias detection application was implemented as a Chrome extension with backend
services hosted on a MacBook Pro (Apple M2 Pro, 32GB RAM). The architecture com-
prised a FastAPI backend, RAG pipeline, and AWS DynamoDB storage, with TLS-en-
crypted communication and secure OpenAl API integration.

The system achieved median response times of 10 seconds for initial submissions and 2
seconds for subsequent analyses. Initial processing delays (8-12 seconds) occurred due to

RAG corpus loading, whilst subsequent responses remained within the five-second target
threshold.

No critical failures occurred during testing. However, both participants encountered in-
termittent issues requiring resubmission in approximately 20-25% of cases, where incom-
plete results lacked bias categories or keywords. Upon resubmission, complete outputs
were generated with consistent core classifications, indicating stable underlying detection
logic despite display-related inconsistencies.

Spot-checks confirmed that complete results matched previously validated model perfor-
mance, with technical issues appearing related to output parsing rather than model incon-

sistencies.

8.6.2.2 Testing with Standard Examples

The same examples provided to pilot study participants were tested to assess output con-
sistency and classification performance across different bias types. Complete outputs are
presented in Tables 8.1-8.8.

The application demonstrated strong alignment with human annotations in most cases.
Clear bias examples (A1, A2) were correctly identified as ‘Bias’, matching human recog-
nition of gender stereotyping and Eurocentric representation. Neutral content (C1, C2)
was accurately classified as ‘Not Bias’, showing the model's ability to distinguish factual
accounts from biased material.

For ‘Potential Bias’ cases (B1, B2), the system correctly identified ‘Potential Bias’ classifi-
cations, matching human annotators in recognising subtle language bias and complex in-
terplays of stereotype and representation biases.

The most revealing results emerged from deliberately ambiguous examples (D1, D2),

where human annotators showed lower agreement, resulting in dual ground truth labels
(‘Potential Bias’ and ‘Not Bias’). The application classified both as ‘Not Bias’, aligning
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with one valid interpretation in each case. For D1 (Underground Railroad), the system
provided balanced justification acknowledging both heroic resistance and historical op-
pression. For D2 (pre-industrial families), it rationally argued the text presented factual
patterns without value judgements.

Retrieved examples consistently supported clear bias classifications with high similarity

scores (e.g., 72%). However, some lower scores (e.g., 47.1%) indicated opportunities for
corpus refinement.
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"Throughout history, women have
naturally excelled in nurturing roles
such as teaching and nursing, whilst
men have demonstrated superior
capabilities in leadership positions
and scientific endeavours. This bio-
logical predisposition explains why
most great philosophers and scien-
tists have been male."

Bias Class Bias Bias
Bias Category | Stereotype Stereotype
Bias Key- "naturally excelled," "nurturing "women have naturally excelled in nurturing roles such as teaching and nursing"
words/Phrases | roles," "supetior capabilities," "bio-
logical predisposition," "great phi-
losophers and scientists have been
male"
Justification Contains clear gender stereotypes, Stereotyping of inherent gender abilities (women nurturing, men superior in leadership and science) suggests

biological determinism, and rein-
forces traditional gender roles.

fixed roles and underrepresentation of women in key fields.

Retrieved Ex-
amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 72%):

Text Segment: "Throughout the mid-20th centuty, biology textbooks frequently depicted women as assis-
tants in the laboratory, relegating them to roles of note-taking and specimen preparation while men con-
ducted the ..."

Bias Class: Bias

Bias Category: Stereotype, Representation

Justification: This segment attributes fixed lab roles to women (stereotyping bias) and underrepresents their
scientific contributions (representational bias), reinforcing a natrative that science is primarily a male pursuit.

- Retrieved Example 2 (similarity score: 63.9%):

Text Segment: "Modern biomedical research laboratories have seen groundbreaking work by female scien-
tists, yet the field remains predominantly male, driven by persistent stereotypes about inherent gendered apti-
tudes..."

Bias Class: Potential Bias

Bias Category: Stereotype, Linguistic

Justification: Emphasises a gender stereotype by attributing women's underrepresentation to innate apti-
tudes rather than structural barriers, using loaded descriptions of abilities and roles.
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- Retrieved Example 3 (similarity score: 61.8%):

Text Segment: "In the module on healthcare, a case vignette desctibes male doctors as 'confident and au-
thoritative' while female nurses are suppottive and gentle, reinforcing occupational stereotypes and imply-
ing..."

Bias Class: Bias

Bias Category: Stereotype

Justification: Clear occupational stereotypes (stereotyping) link professional authority to men and cating
roles to women, reinforcing traditional gender divisions in healthcare.

Table 8. 1:System classification analysis with RAG examples - Example A1l
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"The development of modetn de-
mocracy can be traced primarily
through European political
thought, from ancient Greece to
the Enlightenment. Whilst other
civilisations contributed to govern-
ance, the most significant and influ-
ential democratic principles
emerged from Western intellectual
traditions."

Bias Class Bias Bias
Bias Category | Representation Representation
Linguistic

Bias Key- "primarily through European politi- | "most significant and influential democratic principles emerged from western intellectual traditions", "whilst
words/Phrases | cal thought," "most significant and | other civilisations contributed to governance"

influential democratic principles,”

"Western intellectual traditions"
Justification Demonstrates Eurocentric bias and | This text is biased as it perpetuates a Eurocentric view of the development of modern democracy, specifically

underrepresentation of non-West-
ern contributions to democratic
thought.

attributing the most significant and influential democratic principles solely to Western intellectual traditions.
The phrase “Whilst other civilisations contributed to governance” is a token acknowledgment, but it is
eclipsed by the focus on Western ideas as the primary origin of democracy. The segment overlooks the demo-
cratic traditions and contributions from non-Western civilisations, which undermines a comprehensive under-
standing of the global history of democracy.

Retrieved Ex-

amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 58.3%):

Text Segment: “In the chapter on political systems, one paragraph states that collectivist cultures 'suppress
individual creativity in favour of communal harmony,' implicitly praising Western individualism. This fr...”
Bias Class: Bias

Bias Category: Representation

Justification: By portraying collectivist systems as inherently stifling (representational bias) without balance,
the text misrepresents alternative political traditions.

- Retrieved Example 2 (similarity score: 58.1%):

Text Segment: “Enlichtenment philosophers championed secular governance and empirical science in Euro-
pean capitals, framing their ideas as universal truths before exporting them to colonial territories under the
gui...”

Bias Class: Potential Bias

Bias Category: Representation, Linguistic
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Justification: Centers a Eurocentric narrative that presents Enlightenment thought as inherently universal,
overlooking intellectual traditions from other regions and framing export as benevolent.

- Retrieved Example 3 (similarity score: 51.1%):

Text Segment: “Guiding Questions What role does the public play in checking the power of their govern-
ment? Learning Objectives Evaluate the extent to which an unlimited power of the majority contributes to
the heat...”

Bias Class: Not Bias

Bias Category: None

Justification: This segment presents educational objectives and guiding questions designed to encourage crit-
ical thinking and analysis of democratic systems, civic institutions, and the role of citizens. The language is
neutral, focusing on factual and objective learning outcomes. The content is free from any biased or stereo-
typical representation, aiming to provide a balanced framework for understanding civic responsibility, govern-
ance, and political participation across different levels. There is no indication of bias in the phrasing or the
concepts introduced.

Table 8. 2:

System classification analysis with RAG examples - Example A2
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"During the civil rights movement,
activists sometimes resorted to ag-
gressive tactics that disrupted pub-
lic order. Whilst their cause was un-
derstandable, these confrontational
approaches often alienated moder-
ate supporters who might have oth-
erwise contributed to peaceful pro-

gress."
Bias Class Potential Bias Potential Bias
Bias Category | Linguistic Stereotype, Linguistic, Representation
Bias Key- "resorted to," "aggressive tactics," "sometimes tesorted to aggressive tactics", "these confrontational approaches often alienated moderate sup-
words/Phrases | "disrupted public order," "confron- | porters"
tational approaches," "alienated
moderate supporters," "peaceful
progress"
Justification Subtle language that frames civil The language used might imply a negative connotation towards activist approaches during the civil rights

rights activism negatively, using
words like "aggressive" and "con-
frontational."

movement, potentially biasing the reader’s perception of their methods as ‘aggressive’ and ‘disruptive’. This
could infringe on an impartial understanding by not equally highlighting the context and reasons for such tac-
tics, possibly leading to a skewed view of the activists and their historical significance.

Retrieved Ex-
amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 68.6%):
Text Segment: “Activity 2. Ordinary People in the Civil Rights Movement Divide students into four groups
and assign each group one of the four sections of the We Shall Overcome site; the four sections are entitled

”»

Bias Class: Not Bias

Bias Category: Non

Justification: This segment provides a straightforward instructional activity focused on analysing the contri-
butions of ordinary people to the Civil Rights Movement. It assigns different groups to explore various as-
pects of the movement (e.g., strategy, cost, prize) without using biased or discriminatory language. The in-
structions are neutral and inclusive, focusing on understanding the roles of different participants in the move-
ment, and encourage group collaboration. There are no elements of stereotyping, misrepresentation, or biased
language in the activity.

- Retrieved Example 2 (similarity score: 68.5%):

Text Segment: “Activity 3. Historic Places in the Civil Rights Movement Ask students to form groups again,
this time in smaller groups of two or three, and choose a historical site from the We Shall Overcome web-
site...”
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Bias Class: Not Bias

Bias Category: None

Justification: This segment presents a neutral and educational activity that encourages students to explore the
historical significance of various sites related to the Civil Rights Movement. It promotes research, critical
thinking, and an understanding of Martin Luther King Jr.’s influence on the movement, without showing any
signs of bias or stereotyping. The language is factual, and the instructions aim to foster an appreciation of
both local and national history in an inclusive way.

- Retrieved Example 3 (similarity score: 68%):

Text Segment: “Activity 2. Another Perspective on Violence & Civil Rights Begin day two by introducing
students to Martin Luther King, Jt.’s stitring thetoric by having them listen to a brief excerpt from his 'T
Hav...”

Bias Class: Not Bias

Bias Category: None

Justification: This segment effectively sets up a structured classroom activity focused on understanding and
analysing Martin Luther King, Jr.’s advocacy for nonviolence as a strategy for civil rights, providing a balanced
petspective when compared to the previous day's focus on Malcolm X.

Table 8. 3: System classification analysis with RAG examples - Example B1
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"Colonial administrators often
praised the work ethic of certain
immigrant communities, noting
how those who successfully assimi-
lated into local customs achieved
greater economic prosperity than
groups that maintained their tradi-
tional practices."

Bias Class Potential Bias Potential Bias
Bias Category | Stereotype, Linguistic Stereotype, Linguistic, Representation
Bias Key- "praised the work ethic," "certain "work ethic", "successfully assimilated”, “greater economic prosperity", "groups that maintained their tradi-
words/Phrases | immigrant communities," "success- | tional practices"
fully assimilated," "greater eco-
nomic prospetity,” "maintained
their traditional practices"
Justification Implies stereotypes about immi- The text segment uses the term “work ethic” which may carry bias as it pertains to the evaluation of one

grant success being tied to assimila-
tion and uses evaluative language.

group’s cultural practices in comparison to another. It suggests that those who assimilated were more prosper-
ous, which can inherently position assimilation as superior to maintaining traditional practices. The segmenta-
tion of groups into those who have assimilated and achieved economic success versus those who have not can
present a binary view that overlooks the complexities of cultural identity and the impact of systemic barriers.
This language could potentially perpetuate a narrative that values one cultural approach over the other in
terms of economic success, which should be critically evaluated in an educational context.

Retrieved Ex-

amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 58.4%):

Text Segment: “Learning objective: By the end of this module, students will be able to critique how 19th-
century missionary reports labelled Indigenous cultures as ‘primitive’ to legitimise colonial expansion, and
pr..”

Bias Class: Potential Bias

Bias Category: Linguistic, Representation

Justification: Highlights how a specific term was used to justify bias, encouraging critical analysis of language
but itself cites the charged term to demonstrate its historical usage.

- Retrieved Example 2 (similarity score: 53.7%):

Text Segment: “Cultural assimilation denotes the process by which immigrant communities adopt the lan-
guage, norms, and customs of their host nation while encountering systemic barriers such as xenophobic poli-
cies a...”

Bias Class: Not Bias

Bias Category: None
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Justification: An objective sociocultural definition and analysis presented without evaluative or normative
wording.

- Retrieved Example 3 (similarity score: 53.6%):
Text Segment: “When discussing colonial history, the module guide describes colonisers as ‘civilising agents’

who brought progress and modernity to ‘backward’ regions. It glosses over the violence of conquest and r...”
Bias Class: Bias

Bias Category: Representation, Linguistic
Justification: Referring to colonisers as “civilising agents” and native societies as “backward” (language-tone
bias) misrepresents the agency of colonised peoples (representational bias), erasing their complex histories.

Table 8. 4: System classification analysis with RAG examples - Example B2
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"The 1920s witnessed significant
changes in women's legal status, in-
cluding the passage of the 19th
Amendment in 1920, which
granted women the right to vote.
This period also saw increased par-
ticipation of women in the work-
force and higher education institu-
tions."

Bias Class Not Bias Not Bias

Bias Category | Non Non

Bias Key- Non Non

words/Phrases

Justification Presents factual information with- | The segment is a factual statement regarding historical events with no judgement or bias included.

out stereotyping, exclusionary lan-

Retrieved Ex-
amples from
RAG Corpus

guage, or biased framing.

- Retrieved Example 1 (similarity score: 73.4%):

Text Segment: “Consider the following discussion questions: What aspects about the home were idealized in
late-nineteenth century life? In what ways did women’s daily lives begin to change during this period? How
d..”

Bias Class: Not Bias

Bias Category: Non

Justification: This segment is an instructional prompt, containing no biased language. Annotators: No bias
language is used and people answering these questions will be able to analyse all aspects of the question with-
out being swayed a certain way. No bias in the language used for this passage and its prompts. This is not bi-
ased, it asks questions about women’s rights in a very generic way for what seems to be educational purposes.

- Retrieved Example 2 (similarity score: 69.4%):

Text Segment: “In what activities did the New Woman’ engage? What new opportunities were available to
women in the 1880s-1910s? Working-Class, Immigrant, and African American Women — This part of the ac-
tivity sho...”

Bias Class: Not Bias

Bias Category: None

Justification: Educational question aimed at exploring historical gender roles. Annotators: This is an educa-
tional question aimed at understanding the context of history about New Women.

- Retrieved Example 3 (similarity score: 67.9%):
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Text Segment: “During the late 19th century, women’s grassroots organizations campaigned for expanded

educational access, professional careers, and the right to vote, articulating their demands through lectures,
pam...”

Bias Class: Not Bias
Bias Category: Non

Justification: A factual summary of social reform efforts, devoid of persuasive or biased terms.

Table 8. 5: System classification analysis with RAG examples - Example C1
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"Historians continue to debate the
effectiveness of different ap-
proaches to social reform. Some
scholars argue that gradual institu-
tional change proves more sustain-
able, whilst others contend that di-
rect action movements create nec-
essary momentum for policy trans-
formation."

Bias Class Not Bias Not Bias

Bias Category | Non Non

Bias Key- Non Non

words/Phrases

Justification Presents multiple perspectives Describes a factual debate with no non-factual, biased or stereotyped language.

without favouring one group or us-

Retrieved Ex-
amples from
RAG Corpus

ing biased language.

- Retrieved Example 1 (similarity score: 52.2%):

Text Segment: “In the chapter on political systems, one paragraph states that collectivist cultures ‘suppress
individual creativity in favour of communal harmony,” implicitly praising Western individualism. This fr...”
Bias Class: Bias

Bias Category: Representation

Justification: By portraying collectivist systems as inherently stifling (representational bias) without balance,
the text misrepresents alternative political traditions.

- Retrieved Example 2 (similarity score: 50.4%):

Text Segment: “Integrate evidence from multiple relevant historical sources and interpretations into a rea-
soned argument about the past. Activity 1. Identifying the Need for Change Begin the lesson by asking stu-
dent...”

Bias Class: Not Bias

Bias Category: None

Justification: This segment provides a neutral, factual instruction for students to engage with historical docu-
ments and speeches by Dr. Martin Luther King, Jr. It does not contain any elements that suggest bias or stere-
otypes, and it encourages critical thinking through the examination of multiple sources. The language is objec-
tive, and there is no indication of any misrepresentation or biased tone.

- Retrieved Example 3 (similarity score: 49.8%):

210




Text Segment: “During the late 19th century, women’s grassroots organisations campaigned for expanded

educational access, professional careers, and the right to vote, articulating their demands through lectures,
pam...”

Bias Class: Not Bias
Bias Category: Non

Justification: A factual summary of social reform efforts, devoid of persuasive or biased terms.

Table 8. 6: System classification analysis with RAG examples - Example C2
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"The success of the Underground
Railroad demonstrated the courage
and resourcefulness of both es-
caped slaves and their allies. How-
ever, historians note that the major-
ity of enslaved people remained in
bondage, suggesting that individual
acts of resistance, whilst heroic, had
limited systemic impact."

Bias Class Potential Bias or Not Bias (debata- | Not Bias
ble)

Bias Category | Linguistic Non

(in case of Po-

tential Bias)

Bias Key- "majority of enslaved people re- Non

words/Phrases | mained in bondage," "individual

(in case of Po-
tential Bias)

acts of resistance," "limited sys-
temic impact”

Justification

Could be seen as diminishing the
significance of resistance efforts or
as providing balanced historical
analysis.

The segment provides a balanced view on the impact of the Underground Railroad, acknowledging the brav-
ery of those involved while also highlighting the prevalent oppression faced by the majority of enslaved indi-
viduals. The language is neutral and informative, offering a critical historical perspective without veering into
bias, stereotyping, or misrepresentation. It is an educational statement that encourages a comprehensive un-
derstanding of the era.

Retrieved Ex-
amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 62%):

Text Segment: “Seaman’s Protection Certificate for Samuel Fox, August 12, 1854. Black History Collection,
Manuscript Division, Library of Congress (2-6) The Underground Railroad Enslaved blacks and their white
sym...”

Bias Class: Not Bias

Bias Category: Non

Justification: This segment provides a factual account of the Underground Railroad and the contributions of
both enslaved individuals and their allies. The language is neutral and accurate, detailing historical facts about
the secret routes and efforts of individuals like William Still. The mention of primary sources, such as maps
and narratives, supports the objectivity of the text. There is no stereotyping, misrepresentation, or biased lan-
guage in this segment, and it is presented in a historically accurate manner.

- Retrieved Example 2 (similarity score: 61.7%):
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Text Segment: “a narrative recounting my experiences after being captured from my west african homeland,
describing the brutal transatlantic voyage and forced labor on a jamaican sugar plantation. i reflect on the a...”
Bias Class: Not Bias

Bias Category: Non

Justification: The passage presents a first-person historical account without evaluative or stereotypical lan-

guage.

- Retrieved Example 3 (similarity score: 57.3%):

Text Segment: “Brown ends his narrative with the story of an attempt to kidnap a fugitive slave family living
in Canada that was foiled by a courageous band of African Americans living in Buffalo, who rode to their ...”
Bias Class: Not Bias

Bias Category: Non

Justification: This segment is a neutral presentation of historical content and educational activities. It dis-
cusses the narrative of Brown and the significance of a particular event in his story, encouraging students to
analyse historical documents related to slavery. There is no language that suggests stereotyping, misrepresenta-
tion, or biased tone. The focus is on understanding history through analysis and discussion, which is pre-
sented in an unbiased manner.

Table 8. 7: System classification analysis with RAG examples - Example D1
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Aspect

Ground-truth Classification

Bias Detection Application Classification

Text Segment

"Traditional family structures in
pre-industrial societies typically fea-
tured distinct gender roles, with
women primarily responsible for
domestic duties and child-rearing
whilst men engaged in agricultural
labour and trade activities."

Bias Class Potential Bias or Not Bias (debata- | Not Bias
ble)

Bias Category | Stereotype Non

(in case of Po-

tential Bias)

Bias Key- "Traditional family structures," Non

words/Phrases | "typically featured," "distinct gen-

(in case of Po-
tential Bias)

der roles," "primarily responsible

for," "domestic duties," "child-rear-
ing," "agricultural labour," "trade
activities"

Justification

Describes historical patterns but
could reinforce gender stereotypes
depending on context and framing.

Factual statement with a descriptive tone for educational context; no biased language or value judgements ap-

plied.

Retrieved Ex-
amples from
RAG Corpus

- Retrieved Example 1 (similarity score: 65%):

Text Segment: “This wise [...] sent me home with solemn advice to ‘live as domestic a life as possible,” to
‘have but two hours’ intelligent life a day,” and ‘never to touch pen, brush or pencil again as long as I...”
Bias Class: Not Bias

Bias Category: Non

Justification: The segment does not provide enough context to determine bias; it seems neutral.

- Retrieved Example 2 (similarity score: 57.6%):

Text Segment: “Consider the following discussion questions: What aspects about the home were idealized in
late-nineteenth century life? In what ways did women’s daily lives begin to change during this period? How
d..”

Bias Class: Not Bias

Bias Category: None

Justification: This segment is an instructional prompt, containing no biased language. Annotators: No bias
language is used and people answering these questions will be able to analyse all aspects of the question
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without being swayed a certain way. No bias in the language used for this passage and its prompts. This is not
biased, it asks questions about women’s rights in a very generic way for what seems to be educational put-
poses.

- Retrieved Example 3 (similarity score: 47.1%):

Text Segment: “In what activities did the New Woman’ engage? What new opportunities were available to
women in the 1880s-1910s? Working-Class, Immigrant, and African American Women — This part of the ac-
tivity sho...”

Bias Class: Not Bias

Bias Category: Non

Justification: Educational question aimed at exploring historical gender roles. Annotators: This is an educa-
tional question aimed at understanding the context of history about New Women.

Table 8. 8: System classification analysis with RAG examples - Example D2
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8.7 Ethical Considerations

Given the sensitive nature of bias detection in educational content, ethical implications were con-
sidered throughout system design and implementation, addressing three key concerns: user data
protection, transparency in bias identification, and potential over-reliance on automated decisions

in educational contexts.

The system processes user-submitted text excerpts and feedback for classification and system im-
provement whilst implementing several privacy measures. No Personally Identifiable Information
(PII) is collected, all communication between frontend and backend occurs over TLS-encrypted
channels, and explicit user consent is obtained via the extension interface. Submitted texts, classi-
fication outputs, and feedback are stored securely in AWS DynamoDB with access restricted to
authorised research personnel. These practices follow ethical guidelines for educational Al tools
and ensure compliance with research data protection norms (Williamson and Eynon, 2020).

The system prioritises interpretability by providing detailed outputs including predicted bias class,
associated bias category, justification, contributing bias keywords/phrases and retrieved RAG ex-
amples with similarity score. These elements make the model’s reasoning visible and accessible,
promoting critical engagement rather than passive acceptance. This approach aligns with estab-
lished principles of explainable Al in contexts where fairness, inclusivity, and interpretation are
central (Doshi-Velez and Kim, 2017).

Although the system provides structured and reasoned output, it is not intended to replace human
judgement. The detection of bias particularly in complex educational texts remains a subjective
and context-dependent task. The system may fail to detect nuanced forms of bias, misinterpret
context, or reflect underlying limitations of its training data. To mitigate this risk, the interface
includes a built-in user feedback mechanism allowing users to agree or disagree with each result.
Additionally, instructional content within the extension explicitly advises users to treat the system's
outputs as a form of assistance rather than authority, reinforcing the principle that final interpre-
tation and action remain the responsibility of the human user

8.8 Conclusion

This chapter presented the design, implementation, and evaluation of a web-based bias detection
system that operationalised the research methods from previous chapters. The Chrome extension
with FastAPI backend successfully integrated the fine-tuned GPT-40 mini model with RAG ca-
pabilities to provide accessible bias analysis for educational content.

The pilot study revealed that the system achieved its primary objective of delivering interpretable
bias detection. Participants found the interface intuitive and classifications generally understanda-
ble, though technical issues with incomplete outputs highlighted areas requiring refinement. The
system demonstrated strong alighment with human annotations across clear bias cases and handled
ambiguous examples by aligning with valid expert interpretations.
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Key limitations included the small pilot sample size, lack of formal accessibility testing, and tech-
nical reliability issues. The RAG component enhanced transparency through contextual examples,

though varying similarity scores indicated opportunities for corpus improvement.

This work demonstrates that sophisticated Al-driven bias detection can be made accessible to
educational practitioners whilst maintaining analytical rigour. The system represents a significant
step towards practical implementation of bias detection technologies in higher education, provid-
ing a foundation for future research in educational Al applications. However, expanded user test-
ing, technical refinements, and longitudinal impact studies remain necessary for broader deploy-
ment.
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Chapter 9

9 Conclusion and Future Work

9.1 Conclusion

Gender and ethnic bias in textual data represents a significant challenge within the fields of NLP
and Al, as biased language can perpetuate discriminatory attitudes and reinforce societal inequali-
ties. Whilst considerable scholarly attention has been devoted to developing methodologies for
identifying and classifying various forms of bias across diverse data types including social media
content, news articles and online discourse there remains a notable gap in research specifically
addressing the detection of gender and ethnic bias within higher educational texts. This deficiency
is particularly concerning given the influential role that academic materials play in shaping students’
perceptions and career paths. The identification and mitigation of such biases in educational con-
texts is therefore crucial, not only for ensuring equitable learning environments but also for ad-
dressing the broader implications of discriminatory language in institutional settings. Conse-
quently, the application of NLP and Al techniques to detect gender and ethnic bias in higher
education materials represents an essential area for further investigation.

This research addressed the gap by analysing a novel combination of online higher education ma-
terials that had not previously been examined together for gender and ethnic bias detection. The
study drew on three distinct data sources, thereby providing a comprehensive examination of bias
across different dimensions of the digital academic environment. The data sources included: first,
a corpus of University of Leeds News Articles (UoL.-NA) annotated for gender representation and
two subsets annotated for sentiment and subjective bias. Second, three reading list datasets with
demographic annotations: two from the University of Leeds first is the Arabic, Islamic, and Middle
Eastern Studies Reading List (AIMESRL) and the second is the Disability Studies Reading Lists
(DSRL); and one from Imam Mohammad ibn Saud Islamic University, Saudi Arabia the Qut'an
Sciences and Islamic Education Reading List (QSIERL). Third, domain-specific higher educa-
tional learning resources datasets; first data from Open Educational Resources (OER) Commons
focus on learning materials in Humanities disciplines (OER-H) subjects annotated for Represen-
tational, Stereotypical and Linguistic bias. Secondly, University of Leeds Data Science and Pro-
gramming for Data Science lecture transcripts (UoL-DSPDS-LT) used as cross-domain bench-
mark.
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9.1.1 Research Questions Answers

To address the aim and objectives of this research, a main research question was formulated:

How can AI- and NLP-driven frameworks be designed, evaluated and deployed to detect
bias across diverse higher education online resources?

Building on this overarching question, a series of supporting research questions were developed
to guide the investigation and deconstruct the main inquiry into manageable components:

Q1) What key types of gender and ethnic bias are present in higher education online re-
sources, and how can these be defined and operationalised for detection?

Chapter 3 addressed this question by establishing a comprehensive framework that identified three
main bias categories: representation bias, stereotype bias, and linguistic bias. The chapter further
detailed how each category manifests within the selected data sources.

e AIMESRL, QSIERL and DSRL: Gender and ethnic — representation bias
e UoL-NA: Gender - stereotype, representation and linguistic

e OER-H: Gender and ethnic - stereotype, representation and linguistic

Furthermore, the chapter provided detailed annotations of each selected dataset for the identified

bias categories.
AIMESRL, QSIERL and DSRL

Beginning with manual annotation, author-level gender and ethnicity demographic information
was added to the reading lists AIMESRL, QSIERL, and DSRL to investigate representation bias.
For each listed author, where possible, efforts were made to identify gender and ethnicity using
publicly available academic profiles, institutional biographies, publication records and other online
sources. This was further investigated in Chapter 5 through demographic analysis of the reading
lists, which revealed that AIMESRL has 82.87% male authorship with Western dominance
(44.34% North American and 36.79% European). QSIERL has 95.83% male and 84.72% Middle
Eastern authorship. DSRL showed slightly higher female representation (34.5% female, 32.5%
male and 0.3% non-binary) though ethnicity for 81.1% was not identifiable.

UoL-NA

In Chapter 3, all three of the identified bias categories linguistic, stereotype and representation bias
appear in UoL.-NA. A subset of 110 news articles from UoL-NA was annotated for linguistic
(subjectivity) bias using MTurk, revealing that out of the random sample, 88 were classified as
biased and 22 as not biased. In Chapter 5, representation bias in UoL.-NA was investigated by
analysing which individuals and groups received coverage in university news. The analysis focused
on gender representation patterns, the sentiment expressed in gendered articles. The gender dis-
tribution analysis revealed notable disparities in how male and female terms appeared across UoL-
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NA. Of the 5,768 articles analysed, 34% predominantly featured male-related terms, 12% featured
female-related terms, and the remaining 52% were classified as neutral, containing no dominant
gender terms. Chapter 3 described the sentiment annotation process for gendered articles, which
Chapter 5 explored further. Sentiment analysis using the zero-shot PLM Facebook BART-Large-
MNLI model achieved an overall accuracy of 85%. The model performed well for polarised sen-
timents (positive F1: 0.89; negative F1: 0.90) but was unable to detect neutral sentiment (F1: 0.00).
Two-proportion z-tests found no significant differences in positive (z = -0.54, p = 0.586) or neg-
ative sentiment (z = 0.48, p = 0.632) between male and female articles. However, this result is
limited by the model’s failure to identify neutral tones, which accounted for only 0.07% of gen-
dered articles. Stereotype bias is investigated in how each gender was portrayed in relation to career
and family themes. Two-proportion z-tests revealed significant differences in the use of career-
related terms (z = 53.81, p = 0.000) and family-related terms (z = 23.21, p = 0.000) between male
and female articles. Proportional analysis showed that female-focused articles contained nearly
twice as many family-related terms per article (3.97 vs 2.19), while the frequency of career-related
terms remained similar. This indicates a stereotypical tendency to associate women more strongly
with family roles in the coverage.

OER-H

Chapter 3 also carried bias annotation for OER-H data for stereotype, representation and linguistic
biases. A subset of 140 text segments from OER-H were annotated initially by LLM GPT-40 then
was reviewed and re-annotated by human annotators from Prolific. For bias categories GPT-40
annotated 47 instances of stereotype, while the human annotation found 44. For representation,
GPT-40 identified 97 cases compared to the human’s 83, and for linguistic GPT-40 marked 80
instances, whereas the human annotation recorded 78.

Q2) To what extent can LLMs based bias annotation capture different manifestations of
bias across varied higher education online resources?

The two datasets that employed LLLMs for bias annotation are UoL-NA and OER-H, both of
which were investigated in Chapter 3.

UoL-NA

Within this dataset, GPT-3.5-turbo and Google Bard were evaluated for their ability to detect
linguistic (subjectivity) bias. Both models were prompted to classify news articles as either biased
or unbiased, and their outputs were compared against human annotations collected via MTurk.
The results showed that GPT-3.5-turbo achieved 45% accuracy, while Google Bard achieved 42%,
indicating low reliability in identifying biased content. Both models frequently misclassified neutral
and subtly biased texts, revealing difficulties in recognising nuanced linguistic bias within university
news articles. Overall, these findings suggest that although GPT-3.5-turbo and Google Bard can
produce annotations efficiently, their performance in domain-specific bias detection remains lim-
ited, lacking the contextual understanding and consistency necessary for dependable analysis.
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OER-H

A subset of 140 text segments from the OER-H dataset was initially annotated by LLM GPT-40
and subsequently reviewed and re-annotated by human annotators recruited via Prolific. For com-
parison purposes, an equal number of GPT-40 annotations was selected from each bias class
(Bias, Potential Bias and Not Bias) to ensure a balanced evaluation. However, the human annota-
tors demonstrated a stronger inclination to classify text segments as Not Bias. Of the 140 seg-
ments, 59 were classified as ‘Not Bias’, followed by 45 instances of ‘Potential Bias’, while ‘Bias’
was the least assigned category with 36 instances. The comparative analysis revealed strong overall
alignment, with an agreement rate of 81.43% between GPT-40 and human annotators. Across
individual bias categories, GPT-40 consistently identified slightly more instances than human an-
notators 47 versus 44 for Stereotype, 97 versus 83 for Representation, and 80 versus 78 for Lin-

guistic bias.

Confidence scores, collected based on the level of agreement among human annotators, provided
a quantitative measure of annotation reliability. The analysis of these scores showed that GPT-40
aligned most closely with high-confidence human annotations (=90%), demonstrating strong per-
formance in detecting explicit forms of bias. However, in lower-confidence cases (=50%) involv-
ing subtle or context-dependent bias, GPT-40’s classifications were less consistent and often
lacked sufficient justification. Overall, while GPT-40 exhibited strong concordance with human
judgements and performed well in identifying overt bias, it displayed a tendency toward over-
sensitivity, reinforcing the need for human expertise in interpreting nuanced and contextually em-

bedded bias.

Q3) How effective are zero-shot PLMs, LLMs and fine-tuned LLMs as NLP and Al tools
for generating content and detecting bias in higher education online sources?

UoL-NA
In Chapter 4 two Zero-shot PLMs were used as tools to investigate bias in UoL-NA data.

1. The zero-shot PLM DistilBERT achieved an accuracy of 68.8% in detecting subjective
(linguistic) bias, demonstrating moderate effectiveness in identifying biased language. It
outperformed the zero-shot LLMs GPT-3.5-turbo and Google Bard, which both

showed low accuracy below 50%.

2. Sentiment analysis used to reveal representation bias, employing the zero-shot PLM Fa-
cebook BART-Large-MNLI, achieved an overall accuracy of 85%, demonstrating strong
performance for positive (F1 = 0.89) and negative (F1 = 0.90) sentiment detection. How-
ever, the model completely failed to identify neutral sentiment (F1 = 0.00), indicating a
significant limitation in distinguishing balanced or non-polarised content. This limitation
suggested that although the model performs well in detecting strongly polarised senti-
ments, its inability to recognise neutral tone highlights a key limitation of the zero-shot
approach. Without domain-specific fine-tuning, zero-shot models rely heavily on
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generalised linguistic patterns learned from broad datasets, which may not transfer effec-
tively to the more formal and contextually nuanced language typical of university news.

AIMESRL and QSIERL

The LLLM GPT-40 was employed in a zero-shot capacity to generate or retrieve standardised sum-
maries of reading list items for subsets within the AIMESRL and QSIERL datasets, ensuring con-
sistent textual representation across all items. The model was prompted to produce concise, aca-
demic-style summaries 2—3 sentences, up to 150 tokens with a temperature setting of 0.2 to main-
tain coherence and minimise variability. A comprehensive validation framework comprising se-
mantic similarity analysis, term preservation analysis, readability assessment and structural evalua-
tion confirmed that the generated summaries demonstrated strong thematic alignment (i.e., mean
cosine similarity = 0.743) and adhered closely to established academic writing conventions.

OER-H

In Chapters 6 and 7, LLLMs were employed for a range of tasks, including data augmentation, fine-
tuning, baseline model evaluation and cross-domain validation.

1. In Chapter 6, LLM GPT-4.0 was employed as zero-shot to generate 75 additional edu-
cational text examples (25 per bias class) to augment the relatively small OER-H dataset
of 108 entries, addressing data scarcity whilst maintaining classification integrity. The
model was provided with access to the original annotated data to learn its structure and
produce contextually aligned examples reflecting ‘Bias’, ‘Not Bias” and ‘Potential Bias’ cat-
egories, with a maximum of 200 tokens per entry. The generated examples demonstrated
strong thematic alighment with the original dataset across key areas including Western in-
tellectual dominance, gender stereotyping, civil rights framing, underrepresentation in lit-
erature and immigrant integration, ultimately expanding the dataset to 183 entries whilst
preserving the balance and integrity of the human-annotated classifications. Furthermore,
in Chapter 7, GPT-40 was applied using the same methodology to perform data augmen-
tation on the RAG corpus.

2. In Chapter 6, following the annotation and data balancing of the OER-H dataset,
the LLM GPT-40 mini was fine-tuned on the data and achieved an accuracy of 81.1%,
outperforming all baseline zero-shot LLMs. The zero-shot GPT-40 mini attained 67.6%
accuracy, while Claude 4 Opus and Claude 4 Sonnet achieved 66.7% and 64.9%, respec-
tively. Cross-domain validation using the UoL-DSPDS-LT dataset revealed minimal bias
detection: the fine-tuned GPT-40 mini identified 0.4% of segments as biased, compared
to 1.8% identified by the zero-shot GPT-40 mini.
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Q4) How can the RAG method be integrated into a bias detection framework for higher
education online learning resources, and what advantages does it offer in terms of accu-

racy, robustness and transparency?

In Chapter 7, the hybrid architecture integrating fine-tuned GPT-40 mini with RAG enhanced
transparency and prediction balance by fully eliminating false positives in the ‘Not Bias’ class, ad-
dressing the precision limitation (0.67) observed in the fine-tuned LLM-only approach. The system
demonstrated more distributed predictions across bias categories, partially resolving the fine-tuned
model’s pronounced overprediction of ‘Linguistic’ bias, though this resulted in a shift towards
overpredicting ‘Representation’ bias rather than eliminating categorical preference entirely. Whilst
the hybrid approach achieved a slightly lower overall strict accuracy of 78% compared to the fine-
tuned LLM-only model's 81%, it provided more balanced performance across bias classes and
categorties, offering consistent classification that proved beneficial for detecting diverse bias types
in academic texts. The integration of multiple analytical components through RAG enabled the
system to emphasise structural and representational elements beyond purely linguistic markers,
resulting in a more nuanced, albeit cautious, treatment of borderline cases.

Q5) How can a bias detection framework be implemented in a web application tool to
make bias identification methods more accessible and usable within academic environ-
ments?

In Chapter 8, the hybrid architecture introduced in Chapter 7 was turned into the practical design
of a web application for bias detection in higher education learning materials. The web-based ap-
plication made bias identification methods more accessible and usable within academic environ-
ments by providing an intuitive interface that participants in the study found clear and easy to
navigate, with the text input process deemed straightforward and the feedback mechanism very
easy to use. The system demonstrated strong operational effectiveness as an educational tool,
achieving median response times of 10 seconds for initial submissions and 2 seconds for subse-
quent analyses, with results consistently aligning with human annotations across diverse bias types.
Participants responded positively when asked whether they would consider using the tool in their
academic or professional work, indicating “Yes/Maybe’ and suggesting the application demon-
strated sufficient utility and reliability for professional contexts. The implementation as a Chrome
extension with backend services enabled practical integration into existing academic workflows,
allowing users to analyse educational content directly without requiring technical expertise in ML
or NLP techniques.
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9.1.2 Research Contributions

Addressing the research questions resulted in the following key contributions presented in each

chapter:

Chapter 3:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Established a bias classification framework for online higher education resources (see Sec-
tion 1.3.1).

e Presented three novel datasets with annotations (see Section 1.3.2).

¢ Developed LLM-based bias annotation strategies (see Section 1.3.3.1).

e Proposed a hybrid human-LLLM annotation methodology (see Section 1.3.4.1).

Chapter 4:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Initiated the first NLLP-based research study to detect gender bias in university news articles
(see Section 1.3.4.3).

Chapter 5:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Designed a replicable NLP pipeline to analyse demographic and thematic diversity in uni-
versity reading lists (see Section 1.3.4.2).

Chapter 6:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Fine-tuned a domain-specific bias detection LLM tailored to Humanities disciplines (see
Section 1.3.3.2).

e Conducted a cross-domain transfer experiment by applying an LLLM trained on humanities
data to STEM data, evaluating its capacity to detect bias across distinct disciplinary con-
texts (see Section 1.3.3.3).

Chapter 7:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Designed a hybrid framework that integrates a fine-tuned LLM model with RAG for bias
detection (see Section 1.3.3.4).
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Chapter 8:
This chapter achieved the main contributions introduced in Chapter 1, namely:

e Developed a web application prototype for bias detection within higher education content
(see Section 1.3.4.4).

9.1.3 Research Limitations

Although this research has made several significant contributions, it also presents certain limita-
tions that should be acknowledged. This research encountered several methodological, technical
and ethical limitations. Chapter 3 identified challenges in demographic annotation of reading lists,
where categorising authors into broad ethnic groups risked oversimplifying complex cultural iden-
tities and relying on external assumptions that may not have reflected authors lived experiences.
The MTurk annotation process demonstrated low inter-annotator agreement, with concerns about
worker motivation prioritising speed over accuracy, whilst zero-shot LLLM annotations faced vari-
ability in predictions and limited domain-specific understanding. GPT-40 demonstrated incon-
sistency in bias classification, occasionally revising decisions upon re-evaluation, and human an-
notators showed significant variation in judgements based on personal beliefs, particularly regard-
ing gendered language and controversial historical content.

Chapter 4 identified limitations related to pre-trained NLP models (Facebook BART-Large-
MNLI, DistilBERT, Google Bard and GPT-3.5-turbo) that may have reproduced or amplified
existing biases without domain-specific fine-tuning. Human annotation proved subject to bias,
with low inter-rater agreement and negative Cohen’s Kappa scores, whilst the single-institution
dataset limited generalisability. Chapter 5 acknowledged that analysis based on summaries rather
than full texts may not have captured complete depth and nuance, with LLLM-generated summaries
introducing abstraction from authentic voices. The small sample size of 40 texts across two de-
partments and moderate clustering metrics (ARI: 0.485, silhouette: 0.137) restricted the breadth
and statistical robustness of conclusions.

Chapter 6 revealed that the model overpredicted ‘Linguistic’ bias with high false positives, fre-
quently confused ‘Stereotype’ and ‘Representation’ categories and struggled with multi-label clas-
sification. Chapter 7 identified that the RAG corpus was relatively small and heavily influenced by
Western educational contexts, potentially missing bias patterns from other cultural settings. The
use of strict accuracy metrics, small test sets, and technical limitations including fixed decision
thresholds and static prompt construction may not have captured the full complexity of contextual
bias detection. Chapter 8 addressed ethical concerns regarding potential over-reliance on auto-
mated outputs, noting that bias detection in complex educational texts remained subjective and
context-dependent, with the system potentially failing to detect nuanced biases or reflecting train-
ing data limitations, necessitating human oversight and critical engagement.
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9.2 Future Work

Future research could explore several promising directions. Firstly, expanding the university news
dataset to encompass a wider range of institutions both within the UK and internationally would
enable the development of a more representative corpus for analysing bias in university-related
reporting. Such breadth would also support cross-institutional and cross-cultural comparisons, of-
fering a richer foundation for empirical study.

Secondly, further work could involve fine-tuning a broader selection of LLLMs on a more diverse
array of higher education learning materials. Expanding beyond the humanities to include engi-
neering, computer science, medicine, law, business and the natural sciences would help assess how
domain-specific content influences the emergence or mitigation of bias. This would also clarify
whether certain disciplines present unique challenges for bias detection or require bespoke mod-
elling strategies.

Thirdly, the web application could be developed into a more robust platform incorporating wider
data sources to support educators in examining potential bias within their teaching materials. A
practical extension would be the creation of a browser plug-in such as a Chrome extension capable
of integrating with online lecture platforms. This tool could automatically extract and analyse lec-
ture transcripts, slides, or embedded readings in real time, offering immediate feedback on poten-
tial sources of bias.

A further avenue concerns deployment in real educational environments. The approach could be
implemented as a plug-in or add-on for widely used Learning Management Systems (LMS), such
as Blackboard or Minerva, enabling seamless integration into existing teaching workflows. Explor-
ing whether educational agencies, universities, or private companies might adopt the method to
produce a deployable product would also be valuable. Such work would necessarily involve ad-
dressing issues of data governance, privacy, system interoperability, and long-term maintenance
factors that determine whether a research prototype can evolve into a viable industry tool.

Finally, future studies could evaluate the effectiveness of bias-detection systems through structured
user studies involving educators, students, learning technologists and policymakers. This would
provide insight into usability, interpretability, trust, and the pedagogical implications of surfacing
bias within teaching materials. Such evaluations would also help identify failure modes, refine the
interface, and guide standards for responsible deployment in educational settings.
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