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ABSTRACT

Gender bias is a pervasive issue that continues to influence
various aspects of society, including the outcomes of infor-
mation retrieval (IR) systems. As these systems become
increasingly integral to accessing and navigating the vast
amounts of information available today, the need to under-
stand and mitigate gender bias within them is paramount.
This monograph provides a comprehensive examination of
the origins, manifestations, and consequences of gender bias
in IR systems, as well as the current methodologies employed
to address these biases.

Theoretical frameworks surrounding gender and its repre-
sentation in artificial intelligence (AI) systems are explored,
particularly focusing on how traditional gender binaries are
perpetuated and reinforced through data and algorithmic
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processes. Metrics and methodologies used to identify and
measure gender bias within IR systems are then analyzed,
offering a detailed evaluation of existing approaches and
their limitations.

Subsequent sections address the sources of gender bias, in-
cluding biased input queries, retrieval methods, and gold
standard datasets. Various data-driven and method-level
debiasing strategies are presented, including techniques for
debiasing neural embeddings and algorithmic approaches
aimed at reducing bias in IR system outputs. The mono-
graph concludes with a discussion of the challenges and
limitations faced by current debiasing efforts and provides
insights into future research directions that could lead to
more equitable and inclusive IR systems.

This monograph serves as a valuable resource for researchers,
practitioners, and students in the fields of information re-
trieval, artificial intelligence, and data science, providing the
knowledge and tools needed to address gender bias and con-
tribute to the development of fair and unbiased information
systems.

Full text available at: http://dx.doi.org/10.1561/1500000103



1
Introduction

1.1 Information Retrieval (IR) Systems

Information Retrieval (IR) systems are fundamental to the digital era,
and crucial for navigating the vast data landscape of today’s world.
From simple web searches to sophisticated data analytics in corporate
environments, IR systems are integral to modern life and provide the
tools necessary for personal and professional decision-making. IR systems
do not just facilitate over 1.2 trillion searches per year on a platform
like Google (Internet Live Stats, 2024) but also significantly impact
various sectors such as:

• Healthcare. In healthcare, IR systems manage extensive patient
records and research databases, enabling medical professionals
to access vital information swiftly. For instance, databases like
PubMed offer access to medical research, facilitating better patient
care and fostering the rapid development of medical knowledge
(Medicine, 2024).

• Finance and Banking. Financial sectors utilize IR to ana-
lyze market trends and monitor transactions. Tools provided
by Bloomberg and Reuters help professionals sift through large

3
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4 Introduction

datasets to find critical information on market developments, eco-
nomic reports, and investment analytics, supporting quick and
informed financial decisions (Bloomberg, 2024; Reuters, 2024).

• Legal. IR systems such as LexisNexis and Westlaw are indis-
pensable in the legal arena. They allow legal professionals to
efficiently search through vast quantities of legal documents, case
law, and statutes, essential for case preparation, conducting due
diligence, and ensuring comprehensive legal research (LexisNexis,
2024; Westlaw, 2024).

• Academic Research. IR systems are also crucial in academia,
where platforms like Google Scholar and JSTOR enable researchers
to navigate through countless scholarly articles and publications.
This access supports various academic disciplines, enhancing re-
search capabilities and fostering educational advancement (Google,
2024; ITHAKA, 2024).

Such systems have deep impacts on different aspects of society. The
economic implications of IR systems are vast, influencing sectors from
e-commerce to online advertising. They drive consumer behavior, facili-
tate transactions, and are instrumental in strategic business decisions,
impacting billions in daily commerce. Technological advancements
in IR have paralleled the rapid evolution of computing power and data
science methodologies. Today’s IR systems employ sophisticated algo-
rithms and machine-learning techniques to improve accuracy and user
experience. Furthermore, IR systems profoundly shape societal inter-
actions and access to information, influencing education, politics, and
social dynamics. In education, IR systems provide students and aca-
demics access to a wide array of resources, transforming how knowledge
is acquired and shared. The availability of digital libraries and online
courses has democratized education, making learning more accessible
globally. Politically, IR systems play a critical role in shaping public
opinion and electoral outcomes by controlling the flow of news and
information. Their ability to highlight or suppress information can alter
perceptions and influence decisions on a large scale. Culturally, IR
systems facilitate the global exchange of ideas and values, promoting
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1.2. Biases and IR Systems 5

cross-cultural understanding and cooperation (Taksa and Flomenbaum,
2009). They have become platforms for cultural expression and identity
exploration, contributing to the global cultural mosaic.

1.2 Biases and IR Systems

Information Retrieval (IR) systems, while immensely beneficial, are not
immune to the influence of biases that can skew results and perpetuate
societal inequalities. These biases arise from various sources including
data, algorithm design, and human factors involved in the development
and maintenance of such systems. Biases in IR systems can have pro-
found implications across multiple sectors by reinforcing stereotypes and
exacerbating social prejudices. Below, we explore several high-profile
examples that illustrate the detrimental effects of these biases.

• Employment and Job Recommendation Systems One no-
table example involves gender bias in job recommendation algo-
rithms. Studies have shown that certain algorithms tend to favor
male candidates over equally qualified female candidates. This
reflects and perpetuates existing gender disparities in job mar-
kets. For instance, a research conducted by Amazon had to scrap
their AI recruiting tool because it showed bias against women.
The system learned to penalize resumes that included the word
“women’s,” as in “women’s chess club captain,” and it downgraded
graduates of two all-women’s colleges (Dastin, 2018).

• Credit and Loan Approvals Biases in IR systems also affect
financial decisions like credit scoring and loan approvals. An in-
vestigation into Apple Card’s algorithm revealed it offered higher
credit limits to men than to women under similar financial cir-
cumstances. This incident sparked a broader discussion about
the transparency and fairness of algorithms in financial services
(Nicas, 2019).

• Healthcare Diagnostics In healthcare, biases in IR systems
can lead to life-threatening consequences. Research has indicated
that certain diagnostic algorithms prioritize the care of white

Full text available at: http://dx.doi.org/10.1561/1500000103



6 Introduction

patients over equally sick patients from minority groups due to
biases in the training data. For example, a widely used healthcare
algorithm was found to be less likely to refer Black patients than
white patients for higher-quality care, even when they were equally
ill (Obermeyer et al., 2019).

• Law Enforcement and Judicial Systems In law enforcement,
predictive policing systems have come under scrutiny for perpet-
uating racial biases. These systems often target minority-heavy
areas more aggressively, leading to a disproportionate number of
arrests and convictions in these communities. Similarly, algorithms
used to predict future criminal behavior for parole decisions have
been criticized for being biased against people of color (Angwin
et al., 2016).

Tackling biases in IR systems is not only a technological imperative
but also a moral obligation. Given the critical role that these systems
play in shaping perceptions and decision-making processes in society,
ensuring fairness, equity, and justice in digital interactions becomes
paramount.

Several studies have explored bias in practical, applied industry con-
texts, highlighting both challenges and potential solutions. For instance,
in Bogen and Rieke (2018), the authors provide recommendations to
increase transparency and oversight in hiring technologies to reduce the
potential harm these tools can cause. They advocate for independent
audits by vendors and employers and suggest that regulators update
laws to address the capabilities and risks of modern hiring technolo-
gies. The report emphasizes that without intentional intervention, these
technologies could reinforce existing inequalities. Nevertheless, it argues
that predictive tools also present opportunities to improve diversity if
they are actively designed to address historical inequities. This balance
between innovation and accountability is crucial as these technologies
increasingly influence employment opportunities.

In the realm of recommendation systems, the authors in Wu et al.
(2021) introduce FairRec, a model designed to reduce bias in news
recommendations while maintaining performance levels. Traditional rec-
ommendation systems often amplify biases by capturing patterns linked
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1.2. Biases and IR Systems 7

to sensitive attributes like gender. FairRec mitigates this by decompos-
ing user interests into two components: a bias-aware embedding that
captures attribute-specific biases and a bias-free embedding focused on
neutral interests. The model employs adversarial learning to minimize
bias in the bias-free embedding and uses orthogonality regularization
to keep the two embeddings distinct. Only the bias-free embedding is
used in the final ranking, ensuring recommendations are independent
of sensitive attributes.

Lastly, the authors in Binns et al. (2018) explored perceptions of jus-
tice in algorithmic decision-making. Through lab and online experiments,
the study explored how various explanation styles—such as case-based,
demographic, input influence, and sensitivity—affect people’s sense of
fairness, dignity, and accountability in scenarios like loan approvals and
insurance pricing. Results indicate that people’s perceptions of justice
are shaped by their understanding of the decision-making process and
whether they view the factors considered as appropriate. However, re-
peated exposure to a single explanation style led participants to focus
more on scenario details than on specific explanation types. This study
highlights the complexities involved in designing explanations that foster
a sense of fairness and accountability in algorithmic systems, emphasiz-
ing that no single explanation style fits all needs and that users may
be reluctant to assign justice or moral responsibility to machine-based
decisions.

In addition, the importance of addressing biases in IR systems has
been significantly recognized by the research community, prompting a
vigorous response aimed at understanding and mitigating these biases.
This response has been multi-faceted, focusing on various aspects of bias
in IR systems—from identifying the sources of biases and understanding
how they are injected into the systems, to exploring ways in which
these biases are amplified and spread through societal interactions.
Researchers have investigated the mechanisms through which biases
are introduced into IR systems. This often originates from the data
used to train algorithms, where historical inequalities or skewed data
representation lead to biased decision-making processes (Barocas and
Selbst, 2016; Mehrabi et al., 2021). Studies have shown how machine
learning algorithms can inadvertently learn and perpetuate these biases
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if not properly checked (Zhao et al., 2017). Moreover, the research
focuses on how once biases are injected, they can be intensified by the
algorithms through their iterative nature. For example, feedback loops
where biased outputs are used as new training data can further en-
trench and exacerbate these biases (Baeza-Yates, 2018). Understanding
these dynamics is crucial for developing effective mitigation strategies
(Friedman and Nissenbaum, 1996).

A significant portion of recent research has been devoted to devel-
oping methodologies to prevent the spread of biases. These include
algorithmic fairness approaches, bias audits, and the use of fairness-
enhancing interventions in the algorithmic design (Chouldechova, 2017;
Holstein et al., 2019). Researchers are exploring both technical solutions,
such as the redesign of algorithms, and policy-based approaches, such
as regulatory frameworks and transparency guidelines (Barocas et al.,
2020; Binns, 2018).

1.3 Section Breakdown

This work aims to contribute significantly to this ongoing discourse by
providing a comprehensive overview of how biases in IR systems can
be understood and addressed. Each section is dedicated to exploring a
different aspect of bias in IR, from theoretical underpinnings to practical
applications and case studies, thus offering a holistic view of current
strategies and future directions in bias mitigation. The monograph is
structured to provide a holistic approach to understanding and mitigat-
ing gender bias in Information Retrieval (IR) systems. It is composed of
a series of sections that progressively investigate various dimensions of
gender bias, ranging from theoretical frameworks to practical debiasing
methods.

Section 2: Framing Sex, Gender, and Gender Diversity

Having outlined the biases present in information retrieval (IR) systems,
we take the first step toward addressing these issues by looking at how
AI systems interpret concepts like sex and gender. This next section
explores how these interpretations can often reinforce social biases,
helping us build a clear foundation for understanding gender bias in IR.
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1.3. Section Breakdown 9

Section 3: Gendered Information Retrieval Systems: Metrics and
Measurements

Metrics and measurements used to identify and quantify gender biases
in IR systems are outlined in this section. The section discusses various
approaches to assess how these systems handle fairness in algorithmic
processing and result ranking.

Section 4: Understanding the Sources of Gender Bias in IR Systems

This section explores the origins of gender biases in IR systems. It
analyzes how biases are integrated into algorithms through data train-
ing processes and the design of algorithms themselves. The section
discusses both inadvertent and systematic insertion of biases during the
development phases of IR systems.

Section 5: Data-driven Debiasing Methods

Focusing on practical approaches, this section introduces methods for
data-driven bias mitigation. It covers techniques such as data augmen-
tation, modification of training datasets, and algorithmic adjustments
aimed at reducing the gender bias inherent in IR systems.

Section 6: Debiasing of Neural Embeddings

Specific techniques for debiasing neural network embeddings are cov-
ered. This section offers the details and the technical aspects of neural
networks that process, providing insights into how these can be adjusted
to mitigate biases.

Section 7: Method-Level Debiasing

This section extends the discussion on bias mitigation by focusing on
specific methodologies that can be applied at different levels of IR
system development. It includes case studies and examples where these
methods have been successfully implemented.

Full text available at: http://dx.doi.org/10.1561/1500000103



10 Introduction

Section 8: Challenges, Limitations, and Future Directions

The concluding section discusses the ongoing challenges in fully address-
ing gender bias in IR systems, the limitations of current approaches,
and the potential future research directions that could lead to more
comprehensive solutions.

The structure of this monograph is designed to equip researchers, prac-
titioners, and students with a thorough understanding of the complex
nature of gender biases in IR systems and provides a detailed guide on
existing strategies to address these biases. Each section builds on the
previous one, ensuring a comprehensive learning path for the reader.
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