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Abstract (Deutsch)

Fairness in Empfehlungssystemen ist ein Forschungsproblem, das in den letzten Jahren viel
Aufmerksamkeit erregt hat, insbesondere mit der weit verbreiteten Verwendung von
Recommender Systems, die auf Machine Learning basieren. Das Ziel, diese Systeme fair zu
halten, hat viele Strategien zur Milderung von Biases hervorgebracht, die zur Diskriminierung
von Personen auf Ebene von geschiitzten Merkmalen wie race oder gender fiihren. Diese
Masterarbeit untersucht, auf welche Art und Weise Begriffe wie ,,Fairness“, ,,Bias“ und
,Gender” derzeit in der Empfehlungssystemforschung definiert werden, welche Biases am
h&ufigsten behandelt werden und welche Arten von Strategien zur Bias-Minderung am meisten
verwendet werden. Diese systematische Kategorisierung wurde mittels einer deduktiven
qualitativen Inhaltsanalyse an einem Korpus bestehend aus 24 Forschungsarbeiten
durchgefuhrt, die sich explizit mit dem Problem der Fairness und Bias-Minderung in
Empfehlungssystemen befassen. Die Ergebnisse dieser Analyse zeigen, dass Fairness in
diesem Bereich tendenziell als benutzerseitige Gruppengerechtigkeit definiert wird und dass
die Geschlechtsvariable haufig undefiniert bleibt oder in einem bindren Kontext
operationalisiert wird. Daruber hinaus konnen die Arten von Bias, die am haufigsten behandelt
werden, der Kategorie des demographic bias zugeordnet werden und stammen tendenziell aus
der Modellbildungs-Pipeline. Strategien zur Bias-Minderung kommen am h&ufigsten wahrend
und nach der Verarbeitung durch das Modell zum Einsatz. Die Offenlegung dieser Tendenzen
der Definition, Instrumentalisierung und Quantifizierung sozialer bzw. sozial konstruierter
Konzepte tragt dazu bei, zu kontextualisieren, wie Wissen und Bedeutung im Bereich der

Empfehlungssystemforschung produziert werden.



Abstract (English)

Fairness in recommender systems is a research problem which has gained a lot of attention in
recent years, especially with the widespread use of machine learning based recommender
systems. The aim to keep these systems fair has yielded many strategies to mitigate biases
which result in discrimination of individuals who belong to protected attribute groups such as
race or gender. This master thesis explores how terms such as ‘fairness’, ‘bias’ and ‘gender’
are currently defined in recommender system research, which biases are most commonly
treated, as well as which types of bias mitigation strategies are used the most. The systematic
review was conducted via a deductive Qualitative Content Analysis on a corpus consisting of
24 research papers which explicitly deal with the problem of fairness and bias mitigation in
recommender systems. The results of this analysis show that fairness in this field is generally
defined as user-side group fairness and that gender is usually operationalized within a binary
context or not defined at all. Moreover, the types of biases which are most commonly treated
stem from the model building pipeline and can be more broadly categorized as demographic
bias, with in- and post-processing bias mitigation strategies being used the most. Revealing
these tendencies of definition, instrumentalization and quantification of social and socially
constructed concepts helps to contextualize how knowledge and meaning is produced in the

field of recommender system research.
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1. Introduction

1.1. Problem statement

The use of recommender systems is vast in our current digital landscape. By limiting options
to what is the most relevant according to a carefully chosen algorithm or machine learning
model (and an enormous amount of data), they help us choose which music to listen to, which
products to buy, which content to consume, which college majors to study, and which people
to hire for our company. Recommender systems also shape our culture and have a humongous
influence on media literacy. In 2015, Netflix reported that nearly 80% of the streamed hours
on their platform came from suggestions made by their recommender system (Gomez-Uribe &
Hunt, 2016). However, recent work found that these automated decision-making processes are
prone to a set of biases and concerns which are specific to recommender systems (Gossl, 2023).
Amazon’s hiring tool from which was fed data from the previous decade, including a
significantly higher rate of male candidates. The lack of diversity in the training data resulting
in the discrimination of female applicants (Gershgorn, 2018). Similarly, the COMPAS
program, which is currently still in use by several US-States, was found to deem Black!
candidates as having a higher re-offense risk than white candidates. The program inherited the
judge’s bias towards Black candidates, making it less likely for them to be bailed out, as well
as making bail more expensive (Flores et al., 2016). The rise of phenomena like these lead to
the development of Algorithm Fairness, a new research area dedicated towards developing
definitions and measures of fairness, as well as advancing bias mitigation strategies (Ashokan
& Haas, 2021). Furthermore, it lead to the founding of conferences such as the ACM

Conference on Fairness, Accountability, and Transparency (FAccT).

! This thesis engages in the practice of capitalizing the term ‘Black’ (as well as not capitalizing ‘white’) when
referring to a group’s or an individual’s racial/ethnic/cultural identity. Note that the concept of ‘race’ has
different meanings for different people, as well as historical implications, and it is not easily translated into other
languages. | am writing this thesis from my position as a white European person and aim to use the most
inclusive as well as culturally sensitive language to my current knowledge.

Furthermore, | am following Mike Laws reasoning behind this practice, which was described in the Columbia
Journalism Review style guide as follows: “we capitalize Black, and not white, when referring to groups in
racial, ethnic, or cultural terms. For many people, Black reflects a shared sense of identity and community.
White carries a different set of meanings; capitalizing the word in this context risks following the lead of white
supremacists.” Laws, M. (2020). Why we capitalize ‘Black’ (and not ‘white”’). Columbia Journal Review.
https://www.cjr.org/analysis/capital-b-black-styleguide.php



1.2. Research Questions and Related Work

| am currently in the midst of my bachelor program of Artificial Intelligence at the Johannes
Kepler University in Linz while also pursuing my master degree in Gender Studies at the
University of Vienna. Moreover, coming from a background of Theater-, Film-, and Media
Studies, I have found that there exists a very interesting intersection between those three fields
of research. The current ‘hype’ around Al, as well as discourse on the internet, has lead me to
pursue this intersection in order to understand Al not just from a technical perspective, but also
as a cultural phenomenon embedded within a biased society. My interest in recommender
systems as a type of machine learning algorithms is mainly attributed to the subject Learning
from User Generated Data, which is part of my Al curriculum, where | learned how to build
small recommender systems myself. My aim with this thesis is to help advance the ethical

implementation and use of machine learning based systems.

As this thesis is an instance of explorative work in the field of Algorithm Fairness, two research

questions will guide this analysis in place of a hypothesis:

RQ1: How are the concepts of fairness and gender currently defined in recommender system
research?
RQ2: Which biases are most commonly treated and which bias mitigation strategies are

currently the most common in the domain of recommender systems?

The first research question was chosen in alignment with my goal in the intersection of Gender
Studies and Artificial Intelligence, which is to understand what the current state of research
suggests about how to maintain fairness and what it is in the first place. In order to ascertain
what fairness is according to researchers in this field, the meanings of terms such as bias and
discrimination will be investigated as well, since they are inextricably linked with concepts of
fairness. Furthermore, the dimension of gender was chosen as one axis of identity among many
due to how prevalent the problem of the gender variable is in computer science. The second
research question has been chosen in order to ascertain which strategies are most commonly
deployed to combat acts of discrimination, which is most commonly traced back to bias in
recommender systems. To conclude, these questions aim to capture the following notion: how
researchers define fairness, bias, and gender, as well as how they define action, reflects the

priorities and discursive patterns embedded within this scientific community.



This thesis aims to advance knowledge in the field of Algorithm Fairness on a meta-level,
investigating and documenting how notions of fairness, discrimination, and gender are
represented and operationalized scientific discourse. Pinney et al. have already provided a
systematic review of the gender variable in Information Access Systems in Much Ado About
Gender (Pinney et al., 2023). The results and methods used in their article will be described in
more detail in one of the chapters in the Theoretical Background section of this thesis.
Furthermore, Scheuerman et al. have provided Guidelines for Gender Equity and Inclusivity in
the field of Human Computer Interaction (HCI), highlighting how the gender variable is
currently (mis)used (Scheuerman et al., 2020). Hamidi et al. have published crucial work on
how the construction of gender through Automated Gender Recognition (AGR) can be harmful
to vulnerable communities (Hamidi et al., 2018). Devinney et al. have investigated how the
gender is constructed in Natural Language Processing (NLP) research (Devinney et al., 2022).
My work aims to build upon existing research on the definition of gender in recommender
system research, as well as adding the dimensions of fairness, bias, and discrimination as the
objects of analysis, in order to sensitize researchers to these notions. It further aims to advance

the thoughtful and ethical use of these concepts in computer science.

1.3. Outline

The first main section of this thesis will lay the theoretical foundation to contextualize the later
analysis. First, key concepts from the domain of Critical Algorithm and Data Studies will be
introduced and exemplified with Safiya Noble’s book Algorithms of Oppression (Noble, 2018).
Next, multiple common fairness measures will be introduced, namely individual fairness,
statistical parity, equalized odds and equalized opportunity, disparate mistreatment and
disparate impact, calibration fairness, and counterfactual fairness. Additionally, the topic of
stakeholders will be discussed. This is followed by a further investigation into notions of
fairness with the help of works by Lauren Hoffmann and Os Keyes. In the section on bias
definitions, multiple relevant bias frameworks will be introduced, including the one created by
Nissenbaum and Friedman in Bias in Computer Systems (Friedman & Nissenbaum, 1996).
Additionally, ten biases explained in more detail according to their respective pipeline in the
recommender system building process: data generation, model building, and user interaction
and deployment. This is followed by an explanation of gender concepts in the context of
computer systems with the help of works by Judith Butler, Keyes et al., and Pinney et al. The

last section of the theory-chapter will be dedicated towards explaining bias mitigation strategies



and their respective pipelines. The methodological chapter of this thesis will be based upon
Mayring’s Qualitative Content Analysis, more specifically, a structuring or deductive content
analysis conducted on 24 research papers in the field of recommender system fairness
(Mayring, 2014). This chapter includes an explanation on how the research questions are linked
to the theoretical foundations of the previous chapter, and it describe the sampling process as
well as provide the codebook which was used for the analysis. The following chapter will then
present the results of the content analysis with respect to the dimensions of fairness,
discrimination, and gender, as well as bias and bias mitigation strategies in recommender
system research. These results will then be discussed in detail in the next chapter, which will
also provide thoughts on the fairness-accuracy trade-off. Lastly, in the conclusion of this thesis,
the research questions will be answered explicitly, as well as potential limits and prospects
based on the study conducted within this work. A table containing all categorizations will be

provided in the appendix for the sake of scientific transparency.



2. Theoretical Background
2.1. Critical Algorithm and Data Studies

Critical Algorithm and Data Studies is an interdisciplinary field of study which is concerned
with examining the cultural and ethical challenges that arise when working with algorithms
and data. Researchers in this field investigate issues such as transparency, accountability, and
explainability in technological systems. The structure of this section will be mainly based on
the reading list published by the Social Media Collective on the topic of Critical Algorithm
Studies (SMC). This collective is a social science and humanities research network, which is
part of the Microsoft Research labs in New York and New England. They provide resources
based on empirical and critical methods exploring the cultural and political dynamics

embedded in technologies, as well as their consequences.

This thesis aims to analyze research on recommender systems from a perspective of Critical
Algorithm and Data Studies. Raghuwanshi defines recommender systems (also synonymously
referred to as recommendation systems, platforms, or engines) as “software tools and
techniques that provide suggestions for items that are most likely of interest to a particular
user.” (Ricci et al., 2022, p. 1) The term ‘item’ denotes the object that is being recommended,
which can be anything from movies to news articles to other users. Ricci et al. further describe
that “RSs are primarily directed at individuals who lack sufficient personal experience or
competence to evaluate the potentially overwhelming number of items that a website may
offer* (ibid.) and that recommendations are often personalized to the point of being completely
different experiences for different users. Non-personalized recommendations are, they argue,
simpler to generate and typically include top-10-examples of items such as movies or books.
While being a useful tool in cases where not much information is available, the authors state
that non-personalized recommender systems “have not been the primary focus of the RS

research.” (ibid., p. 2)

Personalization, social sorting, and discrimination via computer systems in general has already
been discussed several decades ago by many theorists and researchers, such as Batya Friedman
and Helen Nissenbaum, authors of Bias in Computer Systems (Friedman & Nissenbaum, 1996).
Furthermore, one core concept in Critical Algorithm and Data studies expresses the idea that
algorithms are not objective entities and that they are inherently human in their design, as

Nissenbaum explained in How Computer Systems Embody Values (Nissenbaum, 2001).



Another position present in Critical Algorithm and Data Studies is the critical theory approach
which contextualizes algorithms and data collection within capitalism, bringing the aspect of
surveillance to the forefront. Newer viewpoints of this include the examination of the concept
of the “Web 2.0°, which describes the phenomenon of increasing collaboration and content-
creation on user-side. David Beer contested the idea that this increasing mode of collaboration
is a sign of ‘empowerment’ and ‘democratization’ in Power through the algorithm?
Participatory web cultures and the technological unconscious (Beer, 2009). The next section
is dedicated towards exemplifying some of these key concepts with Safiya Umoja Noble’s

book, Algorithms of Oppression. How Search Engines Reinforce Racism.

2.1.1. Algorithms of Oppression

In 2018, Noble published her book and coined the term ‘technological redlining’, which aims
to describe the ways in which algorithmic decisions can ‘“reinforce oppressive social
relationships and enact new modes of racial profiling* (Noble, 2018, p. 1). Outraged by the
top-ranked results of a Google search for ‘black girls’ which immediately produced link to porn
websites, Noble investigates how a biased set of search algorithms privilege whiteness and
actively discriminate against Women of Color. The author uses textual and media analyses on
search engines as well as research on paid online advertising to expose the racist structure of
discoverability on the Internet. The choice of the term ‘redlining’ originates on the fact that
Black or Latinx individuals are more likely to pay higher interest rates or premiums if they live
in low-income neighborhoods. Similarly, Noble argues that discrimination based on race is
inscribed in computer code and decision-making tools such as search engines and
recommender systems. On this note, Noble believes that “artificial intelligence will become a
major human rights issue in the twenty-first century” (ibid.) and that neither data nor algorithms
are “benign, neutral or objective” (ibid.). In order to understand the issue of biased algorithms
from a cultural perspective, Noble highlights the racist tendencies of decision makers in Silicon
Valley, noting that in 2017, there was an ‘antidiversity’ manifesto published by former Google
engineer James Damore titled Google’s Ideological Echo Chamber, which argued that
gendered income disparities in tech workplaces can be partly explained by biological
differences (such as a higher tendency towards ‘neuroticism’ in women), that these differences
are to be expected, and that the result is not oppressive in nature (Damore, 2017). Although
Damore was fired by Google subsequently to the publication of the memo, many Google

employees have given Damore thanks privately after the fact (Friedersdorf, 2017). Noble
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suggests that events like these contest the paradigm of objectivity in technology, which has

been previously defined as a key concept of Critical Algorithm Studies. She highlights that

“some of the very people who are developing search algorithms and architecture are willing to promote sexist
and racist attitudes openly at work and beyond, while we are supposed to believe that these same employees
are developing ,neutral‘ or ,objective‘ decision-making tools.“ (Noble, 2018, p. 2)

Furthermore, Safiya Noble coins the term Black feminist technology studies (BFTS) and uses
it as her approach to Internet research, theorizing it “as an epistemological approach to
researching gendered and racialized identities in digital and analog media studies*, (Noble,
2018, p. 171) offering “a new lens for exploring power as mediated by intersectional identities*
(ibid.). She further explains that

,,BFTS is a way to bring more learning beyond the traditional discourse about technology consumption—
and lack thereof—among Black people. Future research using this framework can surface coun-
ternarratives about Black people and technology and can include how African American popular cultural
practices are influencing non—African American youth.[...] Discourses about African Americans and
women as technologically illiterate are nothing new, but dispelling the myth of Blacks / African
Americans as marginal to the broadest base of digital technology users can help us define new ways of
thinking about motivations in the next wave of technology innovation, design, and, quite possibly,
resistance.” (Noble, 2018)

In the context of this thesis, this approach is relevant because it exemplifies the phenomenon
of the paradigm of objectivity in technology and online platforms, while using an intersectional
lens to point out the gaps in that paradigm. While they have different purposes, search engines
and recommender systems have many traits in common. They are both examples of
Information Access Systems (IAS), (Pinney et al., 2023) and both can provide personalized
matches. For example, search results on platforms such as Google are personalized to a degree
of high variance between different users’ search results, despite a widespread cultural
expectation of objectivity of search results (Statt, 2018). Noble’s approach highlights how
seemingly ‘objective’ and ubiquitous algorithms, such as those employed by search algorithms,

result in an ideologically managed retrieval of content.

Terms such as ‘fairness’, ‘bias’ as well as ‘gender’ are variously defined throughout bias
mitigation literature. The following section aims to define these terms in order to analyze the
corpus in a comparative manner and outline possible problems that might occur in common

definitions (or lack of definition) of these terms.

2.2. Fairness Definitions
Several fairness measures in the context of recommender systems will be presented in this

chapter. Although initially, many more fairness measures were researched, the final selection
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of fairness measures is based on the most common metrics that appeared in the text corpus of
the content analysis. Furthermore, this section will not go into detail of how these fairness
measures are defined mathematically, as this master thesis focuses on fairness measures and

what issue they intend to solve.

2.2.1. Individual Fairness

What is considered to be ‘fair’ is, to this day, a widely debated concept, especially in machine
learning. Researchers have sought to make definitions of fairness operationalizable in order to
be able to evaluate them statistically within computer systems. For example, some definitions
of fairness used in machine learning, such as statistical parity, aim to treat a population
similarly to one of its protected subgroups. A protected subgroup is a subgroup of a population
whose protected or ‘sensitive’ attributes (gender, race, religion, socioeconomic status, etc.) are
protected against discrimination by law. A study by Nyarko et al. has shown that initially, many
people at first view the introduction of dimensions such as race or gender into machine learning
fairness measures as counterproductive and unethical. There exists a popular belief that
disregarding sensitive information about individuals in the process of seems more fair and that
“any contrary practice is assumed to be morally and politically untenable.” (Nyarko et al., 2021,
p. 1) However, simply leaving out protected attributes in machine learning in order to achieve
‘fairness through unawareness’ has been proven to be conceptually similar to the ‘color blind’
approach in antidiscrimination discourse. This approach allows for other attributes to manifest
which correlate with the by-passed protected attributes, ultimately resulting in inadvertent

discrimination (Apfelbaum et al., 2010, p. 907). Moreover, Nyarko et al. show that

“people are generally averse to the use of race and gender in algorithmic determinations of ,pretrial
risk‘—the risk that criminal defendants pose to the public if released while awaiting trial. We find,
however, that this preference for blinding shifts in response to a relatively mild intervention. In particular,
we show that support for the use of race and gender in algorithmic decision-making increases
substantially after respondents read a short passage about the possibility that blinding could lead to higher
detention rates for Black and female defendants, respectively“ (Nyarko et al., 2021, p. 1).

In some cases, the strict notion that sensitive attributes should not be part of the decision-
making process leads to a phenomenon Castelnovo et al. called suppression, which is the
practice of not only bypassing the explicit sensitive attribute, but all information correlating to
it. as well. The authors explain that “this approach has the main drawback in the potentially
huge loss of legitimate information that may reside in features correlated with the sensitive
attribute.” (Castelnovo et al., 2022, p. 5)

12



Although often times conflated, ‘fairness through blindness’ or ‘fairness through unawareness’
are slightly different concepts from individual fairness. Castelnovo et al. describes the nuances
of  different  fairness  metrics in A clarification of the  nuances
in the fairness metrics landscape (Castelnovo et al., 2022). In this article, the authors state that
individual fairness aims to treat similar individuals similarly and that this similarity between
individuals can be calculated with task-specific similarity metrics. They further explain that
domain experts are generally needed to figure out which feature is the most useful to conduct

the comparison on:

“the simple idea of using standard similarities, e.g. related to the euclidean distance on feature space,
does not take into account the trivial fact that some feature [sic!] are more important than other in
determining the relationship of an individual to specific target. Namely, for two applicants for a loan, the
difference in income is much more important than the difference in, say, age, or even profession. Thus,
judging what does it mean to be similar with respect to a specific task is not that simple* (Castelnovo et
al., 2022, p. 5)

In conclusion, individual fairness can be considered as a superset of both ‘fairness through
unawareness/blindness’ and ‘fairness through awareness’. Castelnovo et al. clarify that the
former latter usually involves the use of target and problem specific similarity metrics, whereas

the latter ,,is a simple recipe that does not depend on the actual scenario.” (ibid.)

2.2.2. Statistical Parity

The subchapters on statistical parity, equalized odds, and equalized opportunity are partially
based on the MIT online course on Exploring Fairness in Machine Learning for International
Development (MIT, 2020). Their content is based on works by (Hardt et al., 2016; Kilbertus et
al., 2017), (Wadsworth et al., 2018), (Pleiss et al., 2017), as well as (Verma & Rubin, 2018).

Statistical parity, otherwise known as demographic parity, states that the outcome (e. g. the
probability to be hired) is independent of the protected attribute (e. g. gender). Hoffmann
describes this process as potentially intervening “in positive (i.e., affirmative) ways*
(Hoffmann, 2019, p. 903) This concept of measurement, which is not specific to machine
learning and rather statistics in general, has been proven to be problematic in multiple ways.
First, statistical parity cannot account for members with multiple protected attributes (e. g. race
and gender) because equal probabilities across all attributes may not be imposable. Ensuring
fair treatment of one attribute might mean violating fairness in regards to another attribute or
multiple attributes (i. e. subgroup). Secondly, individual fairness may be at stake in order to

achieve group fairness. To achieve independence of the attribute, for example by making sure
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that members of all gender subgroups are hired at equal probability, the algorithm might choose
to drop qualified members in order to achieve statistical parity for unqualified members. This
is due to the fact that the ‘sweet spot’ of low false positives (unqualified members who are
hired) and low false negatives (qualified members who are not hired) is difficult to achieve
when statistical parity is the only fairness criterion to be considered. And third, Castelnovo et
al. mentions that statistical parity might not be the best fairness measure to use in contexts
where the differences in behavior between groups of different attributes are likely due to
systematic discrimination (Castelnovo et al., 2022, p. 7). They exemplify this with a theoretical
dataset which shows that women are more likely to pay back their bank loans than men. In this
case, there are two ways in which demographic parity can be used to ensure fairness. One idea
would be to remove all information which correlates to the gender variable, generally referred
to as “gender information” (Castelnovo et al., 2022, p. 7). This, however, would be another
instance of suppression, which has been explained in the previous chapter on individual
fairness. Another way would be to enforce demographic parity irrespective of all other
information. Castelnovo et al. argue that “if it is true that women repay their loans with higher
probability, is it really fair to have demographic parity between men and women?* (Castelnovo
etal., 2022, p. 7) and that the bank as a stakeholder has no incentive to grant loans equally to
groups with different probabilities of paying them back. Without going into detail about the
economic nuances embedded within Castelnovo et al.’s theoretical example, the main question
that needs to be highlighted is the question of why probabilities like these exist in the first place.
This aspect of tracing bias in datasets back to their most probable source needs to be considered

first and foremost when aiming for fair prediction.

2.2.3. Equalized Odds and Equalized Opportunity

The criterion of equalized odds is considered to be stricter than statistical parity. Instead of
trying to achieve the same average probability among all subgroups with protected attributes,
equalized odds aims to only enforce equality among individuals who achieve similar outcomes
(MIT, 2020). For example, the probability for a qualified member to be correctly hired (true
positive rate) and an unqualified member to be incorrectly hired (false positive rate) should be
the same amongst all gender subgroups. A less strict version of this is called equalized
opportunity, where only qualified members of each subgroup are treated with the same
probability to be hired, i. e. only those who are deemed ‘worthy of acceptance’ are subjected
to the fairness criterion. This means that unqualified members of a subgroup (e. g. men) would

not necessarily have the same probability of being denied a job than unqualified members of a
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subgroup with a protected attribute (e. g. women). Rejecting members across protected groups
‘fairly’ is therefore not an issue equalized opportunity is concerned with. This strategy is

generally deemed as less interventionalist and more achievable than equalized odds.

2.2.4. Disparate Mistreatment and Disparate Impact

Disparate Impact is a machine learning fairness measure which is rooted in U.S. law. This
concept, which was originally coined in the context of legal doctrine with the purpose of
encoding ‘unintentional bias’, was eventually translated into computing. In 1971, the case
Griggs v. Duke Power Co. yielded the question whether hiring decisions could be
discriminatory without intentionally or explicitly making race a deciding factor (Griggs v.
Duke Power Co., 1971). Prior to this case, disparate mistreatment was one of the main legal
doctrines to determine discrimination based on a protected attributes. Despite not qualifying
for direct discrimination, the business was eventually “forced to stop using intelligence test
scores and high school diplomas, qualifications largely correlated with race, to make hiring
decisions” (Feldman et al., 2015, p. 259). Since then, disparate impact has become the
predominant method to determine indirect and unintentional discrimination, although there is
no fixed mathematical formula for defining disparate impact legally (Watson v. Fort Worth
Bank & Trust, 1988). When it comes to evaluating fairness in recommender systems and
machine learning in general, formulas are necessary, and Feldman et al. introduced an ’80-
percent-rule’, a generalization which was advocated for by the Equal Employment Opportunity
Commission (EEOC) in 1978 (CFR, 1978). The authors furthermore note that “disparate
impact itself is not illegal; in hiring decisions, business necessity arguments can be made to
excuse disparate impact” (Feldman et al., 2015, p. 259). Zafar et al. further differentiate
between disparate mistreatment and disparate treatment, the latter corresponding to the “very
intuitive notion of fairness: two otherwise similar persons should not be treated differently
solely because of a difference in gender.” (Zafar et al., 2017, p. 1172) Disparate mistreatment
therefore might arise when a classifier yields different false positive rates or false negative
rates between different gender groups, whereas disparate treatment corresponds to different
decisions (e.g., hiring decisions) a classifier might make for groups of different genders, even
though all of their other (non-sensitive) attributes are the same. Lastly, disparate impact focuses
on the output of a decision making process and its consequences, as was exemplified with the

case of Griggs v. Duke Power Co.
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2.2.5. Calibration fairness

Another type of fairness measure deals with calibrating recommendations to individual user’s
preferences, such as movie genres, other types of item properties, or even other users,
depending on the stakeholders in the recommender system. Calibration fairness is a concept
which states that a user’s recommendations should be related to their interests, and their
interests are generally calculated based on their ratings. However, recommendation algorithms

are often prone to popularity bias, which is a type of bias which will be explained in the section

on Popularity bias. This means that there exists a tendency of recommender systems to
recommend popular items “while the majority of other items do not get the deserved attention”
(Abdollahpouri et al., 2019, p. 1) Abdollahpouri et al. describe the ethical implications of such

a tendency in The Unfairness of Popularity Bias in Recommendation as follows:

“long-tail recommendation can also be understood as a social good. A market that suffers from popularity
bias will lack opportunities to discover more obscure products and will be, by definition, dominated by
a few large brands or well-known artists [...] Such a market will be more homogeneous and offer fewer
opportunities for innovation and creativity.” (ibid.)

In summary, calibration fairness aims to minimize the disparity between how different users

are impacted by popularity bias.

2.2.6. Counterfactual Fairness

Finally, counterfactual fairness is another measure which is considered in cases where a
recommender system discriminates based on a protected attribute. In order for a
recommendation to be fair, it must be independent from this attribute. To achieve this fairness,
a scenario is simulated in which all attributes remain the same but the protected attribute(s)
is/are changed. Kusner et al. describe the notion behind this concept as follows: “Our definition
of counterfactual fairness captures the intuition that a decision is fair towards an individual if
it the same in (a) the actual world and (b) a counterfactual world where the individual belonged
to a different demographic group.” (Kusner et al., 2017, p. 1) The authors furthermore
recognize that modelling fairness this way does not fully capture the complexity of the problem
of discrimination, stating that “fairness should be regulated by explicitly modeling the causal
structure of the world. Criteria based purely on probabilistic independence cannot satisfy this

and are unable to address how unfairness is occurring in the task at hand.” (Kusner et al., 2017,

p. 9)

2.2.7. Stakeholders
When it comes to recommender system fairness, there are multiple stakeholders which can be

considered, such as users (the entity being recommended to), providers (the ‘producer’ of the
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object of recommendation, or in some cases, the recommended entity itself), and items (the
product being recommended) involved in recommendation. There are cases in which
recommendation must be done bilaterally, such as employment recommendation. In these
cases, since all parties must accept the transaction, recommender systems aim to make the most
useful recommendation for either side (Burke et al., 2018). Considering multiple stakeholders
(as opposed to favoring only users) is therefore one aim of fair recommendation. However, this
is not always a simple task. Boratto et al. discussed the problem of the definition of the

‘provider’ in recommender Systems:

“First, in many cases, there is no direct one-to-one mapping between an item and the individual who has
created or offered it (i.e., the provider). Realistic scenarios need to consider items created by more than
one provider cooperatively (e.g., a course with two instructors) and how the sensitive attributes are
associated to the involved providers. It can be even difficult to come up with a one-to-many mapping for
items offered by an entity not directly linked to individuals (e.g., a training com- pany providing an
online course)“ (Boratto et al., 2021, p. 426).

The second problem further investigates the difficulty of mapping protected attributes to

multiple, potentially undefinable providers:

»second, the fact that an item might have more than one provider behind it poses the problem of how to
model the representation of a providers’ sensitive attribute, when considering that item (e.g., how each
gender is represented in a given item), based on the individuals associated to it. Linking a unique variable,
either binary or multi-class, discrete or continuous, to a sensitive attribute of a provider and claim fairness
on such a variable is often impractical. More sophisticated solutions should be considered* (ibid.).

Gomez et al. suggest that providers are historically underrepresented as valuable stakeholders
in the task of fair reccommendation. They make the following argument in the case of teachers
on Massive Online Open Courses (MOOQOC) platforms:

,»Indeed, when their courses are recommended by an algorithm, they receive a certain exposure in the
final ranking. Under- or over-exposing, certain providers might generate or exacerbate disparities and
affect the opportunities that are given to teachers to offer their services. When these disparities are
associated with sensitive attributes, a recommender system unfairly discriminates teachers (provider
unfairness)* (Gémez, Shui Zhang, et al., 2022, p. 435)
2.3. Investigating Notions of Fairness
These statistical measures have long been examined under their logical as well as practical
flaws. Especially in recent years, with more and more cases of discrimination caused by
‘flawed algorithms’ popping up in media, there have been various researchers, such as Anna
Lauren Hoffmann and Os Keyes, who spoke out about the danger of perpetuating inherently
violent systems by merely treating its symptoms through fairness measures and bias mitigation

in machine learning.
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2.3.1. Where Fairness Fails

In her paper Where Fairness Fails, Anna Lauren Hoffmann contests three common principles
in the antidiscrimination discourse surrounding fairness in computer systems (Hoffmann,
2019). She highlights three main problems regarding mainstream antidiscrimination discourse.
First, Hoffmann points out that the discourse focuses mainly on discreet ‘bad actors’ who are
‘at fault’ instead of putting the emphasis on a broad systemic hierarchy. Fairness and
antidiscrimination are therefore talked about in narrow cause-and-effect terms. Citing Alan
David Freeman, Hoffmann points out two problems with this model: First, this model strips
discrimination from its broader cultural context, positing discrimination ,,not as a social
phenomenon, but merely as the misguided conduct of particular actors* (Freeman, 1978, p.
1054). Discrimination is therefore rendered detached from society as a whole and moreso
,,considered an individual and personal trait* (Gotanda, 1991, p. 44). Secondly, the model aims
to neutralize ,,inappropriate conduct on the part of individual perpetrators* (Freeman, 1978, p.
1053) instead of eliminating all contributing factors which have lead to this act of

discrimination.

Hoffmann furthermore relates this to discrimination caused by algorithms such as
recommender systems: Instead of combatting the issue on a systemic level and admitting to
,.the structuring role of technology,* (Hoffmann, 2019, p. 8f.) individual human designers are
deemed to be at fault for a system's shortcomings. However, even taking away the intentionality
of individual people often merely shifts the blame from ‘bad actors’ to ‘bad algorithms’ or ‘bad
data’:

“It still permits ignorance of the ways humans and technology co-conspire to not just passively reproduce
but actively uphold and reproduce discriminatory social structures, especially in the case of negative
externalities ‘learned’ by, for example, machine learning systems based on subsequent user interaction
[...].%“ (Hoffmann, 2019, p. 904f.)

Due to the ‘structural turn’ in antidiscrimination scholarship (Bagenstos, 2006), there has been
improvement in terms of moving away from this ‘bad actor’ model. However, Hoffmann states

that the ‘unconscious bias‘ has been deemed in technology to be completely untangible,

,,aS opposed to something that is variously, but systematically cultivated and maintained. The idea that
our biases are somehow apart from us yet can infect our decision-making converts them into something
akin to what Freeman (1978) sarcastically called our ‘ancestral demons’ — that is, a possession or invasion
for which we are not at fault but which we should nonetheless seek to purge. In this space, unconscious
bias training programs pick up where technical fixes leave off: rather than take responsibility for the
ways we are daily and actively complicit in reifying culturally-situated violences, we externalize bias
and — after a few all-day seminars — count our demons exorcized.* (Hoffmann, 2019, p. 905)
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The second problem Hoffmann highlights in antidiscrimination discourse is its tendency
towards single-axis thinking which centers disadvantage. The first problem which Hoffmann
describes in this regard is that discrimination is not mitigated in an intersectional manner
(Crenshaw, 1989). Crenshaw was one of the first who described the concept of oppression on
multiple axes as something that does not merely stack up but is rather an interlocking of
discriminatory processes. A single-axis thinking therefore “explicitly produces vulnerabilities
for those who, like Black women, are multiply-oppressed.“ (Hoffmann, 2019, p. 906)
Furthermore, a single-axis thinking which explicitly centers disadvantage fails to address, for
example, whiteness and maleness and norms in general treats those concepts as given instead
of something that is socially constructed. Hoffmann further elaborates the problem with this

tendency:

»Instead of treating as morally abhorrent those structural processes that unjustly advantage certain
groups, the focus on disadvantage forces us into a kind of benevolent—or, worse, patronizing—stance
that flattens our understanding of those already relegated to the ,basement‘ of the social hierarchy”
(Hoffmann, 2019, p. 906).

To this day, data science relating to machine learning fails to address social hierarches in a way
that is both intersectional as well as aware of the tendency towards deeming only disadvantaged
individuals as ‘marked’ due to their race or gender. Hoffmann mentions an article by Michael
Kearns et al. regarding fairness ‘gerrymandering’ (Kearns et al., 2017) which highlights the
tendency of machine learning to exclusively focus on protected attributes. Kearns et al. oppose
this with a set of methods which identify multiple combinations of protected attributes.

Hoffmann counters this approach as follows:

“But this move, while an improvement, still falls short as an ,intersectional‘ approach. Intersectionality

is not a matter of randomly combining infinite variables to see what ,disadvantages* fall out; rather, it is

about mapping the production and contingency of social categories. (Hoffmann, 2019, p. 906)
Hoffmann further states that even works by researchers which successfully incorporate “the
social contingency of difference with which intersectionality is concerned” (Hoffmann, 2019,
p. 906), fail to truly address the social justice issues regarding the institutions which employ
facial recognition in the first place, as well as the social hierarchy in which these technologies
are embedded. She adds that increasing demographic representation in datasets does not
address these issues either. Furthermore, approaches in data science which aim to address the
tendency of focusing on disadvantage alone has often times shown to be “painfully neutral”
(Hoffmann, 2019, p. 907) i.e. by using terms such as ‘non-discrimination’ and defining it
simplistically through “rough parity in false negative and false positive rates across protected

groups.” (Hoffmann, 2019, p. 907) Hoffmann states that approaches like these unfortunately
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ignore the real-world consequences of misclassification, since some groups may have more
resources to contest unfair decisions than others. In summary, Hoffmann states that instead of
“grappling with the processes that generate patterns of advantage and disadvantage within and
across groups, both disadvantage-focused and ‘non-discrimination’ approaches limit us to

solutions that are, at best, reactive and superficial.« (Hoffmann, 2019, p. 907)

Lastly, Hoffmann contests the tendency of antidiscrimination discourse to focus on a limited
set of goods, rights, opportunities, and resources. This framework relates to technology in that
discrimination is thought of in terms of content moderation, hiring and surveillance, consumer
protection as well as finance and market manipulation. However, Hoffmann states that “[s]ocial
attitudes, for example, play a significant role in shaping persons’ well-being in ways that are
relevant to the realization of justice, but addressing them is not wholly reducible to matters of
redistribution. (Hoffmann, 2019, p. 908) She adds that issues of distribution are also more
simple to solve than issues that relate to social attitudes: ,,Money lost can be replaced and rights
violated can be restored, but corporate apologies, subtle tweaks to a system, or even financial
compensation ring hollow in the face of attacks on one’s dignity.* (Hoffmann, 2019, p. 908)
Finally, Hoffmann concludes that ,,data and algorithms do not merely shape distributive
outcomes, but they are also intimately bound up in the production of particular kinds of

meaning, reinforcing certain discursive frames over others [...].“ (Hoffmann, 2019, p. 909)

In her conclusion, Hoffmann suggests three steps to tackle these issues (Hoffmann, 2019, p.
910f.). First, in order to overcome these problems on a systematic level, increased attention is
needed in the area of algorithmically mediated systems and how they create social orders
through their logics of optimization and reduction. Liberal antidiscrimination discourse, argues
Hoffmann, tends towards providing ‘quick fixes’ as well as not understanding how the logics
of disadvantage and advantage work. Secondly, a broader understanding is needed when it
comes to how our current social hierarchy and the technologies embedded within produce
advantage in a systematic and normative way. Only addressing relative disadvantage fails to
address the full context which makes discrimination is possible. And last, Hoffmann states that
there needs to be more attention towards the fact that algorithms actively mediate and
normalize discourses as well as social conditions. After all, these conditions are what makes
the specific distribution of goods and resources possible in the first place. By delving into this

topic of antidiscrimination discourse, Hoffmann has shown
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“how an uncritical mirroring of the limits of liberal antidiscrimination discourses risks undermining
efforts to move beyond talk of ‘bad data’ and ‘bad algorithms’ and towards an intersectional commitment
to upending the processes by which institutions, norms, systems generate unjust social hierarchies.
(Hoffmann, 2019, p. 911)
2.3.2. Terms of Inclusion
In Terms of inclusion. Data, discourse, violence,, Hoffmann also contests the idea that
discrimination can be simply mitigated through inclusive methods (Hoffmann, 2021).
Hoffmann investigates the discourse surrounding inclusive solutions as a method to combat
discrimination and argues that it is not only ineffective but also harbors harmful potential due
to its tendency towards evading accountability. Posing as a ‘quick fix’, inclusive solutions
generally don’t involve empowering individuals to make their own decisions with respect to
their safety and visibility. Hoffmann exemplifies this with Tinder’s approach to solve its trans-
exclusive algorithm by simply adding an option to identify as trans publicly on the platform
with an update of the app in 2016. This step towards inclusivity, based on the very system
which includes trans people in the first place, simultaneously marks the discrimination problem
as solved while also excluding an entire community of trans individuals who don’t wish to be
visibly marked as trans, who are concerned about their safety on the platform, or whose identity
cannot be easily categorized, etc. In summary, Hoffmann states that inclusive methods are often
used as an effective emotional appeal but fundamentally change nothing about the system
which excludes and discriminates against specific groups of people: “Though purporting to
address harms inflicted by data science and technology, inclusion perversely reifies the power
advantaged or dominant groups have to recognize and ‘bestow humanity’ upon the
subjugated.” (Hoffmann, 2021, p. 3551)

Hoffmann’s text furthermore mentions different concepts of violence such as administrative
violence, discursive violence, and data violence, as well as coining the term ‘datafication’. In
the next few paragraphs | will shortly summarize those terms in order to be able to identify

them later in the corpus analysis.

2.3.3. Data Violence, Discursive Violence, and Datafication

Administrative violence, originally coined by Dean Spade, aims to describe how administrative
systems such as laws and policies facilitate state violence by defining individuals in terms of
categories (Spade, 2015, pp. 20-21). Hoffmann extends the term of administrative violence to
focus primarily on “processes of classifying, sorting, bounding, labeling, and optimizing

enabled by data technologies, both state-run and privately controlled,” (Hoffmann, 2021, p.

21



3541) arguing that this extension is necessary due to the indistinguishability between the
private sector and state data collection. Hoffmann furthermore describes data violence as an
instance of ‘informational power’ which was coined by Sandra Braman, (Braman, 2009) and
it is defined as “power that underwrites and manipulates the informational bases of other forms
of power, such as instrumental, and symbolic power” (Hoffmann, 2021, p. 3541) Instances of
informational power have been well documented throughout history. Hoffmann recounts
several historical examples of informational power through the instrumentalization of
population data, for example, the expatriation of Native Americans as well as the delocation of
Japanese-Americans into internment camps. As technology advances, more and more systems
have been developed which are based on surveillance and sorting. Simone Browne has
exemplified in Dark Matters. On the Surveillance of Blackness how data-based digital
surveillance systems are built on White Supremacy and actively harm Black communities
(Browne, 2015). Hoffmann concludes that, in a landscape of predominantly algorithmically

processed data, data violence becomes an even more complicated issue.

Discursive violence is another term coined by Hoffmann, which mediates the concept that
violence can be discharged materially as well as discursively by perpetuating specific norms
and ways of being, creating the condition which makes othering possible. Datafication
describes a process similar to the ways in which militarization operates, which is via material
as well as discursive processes. Hoffmann refers to the works of Cynthia Enloe on
militarization and gender, which describes how militarization happens not merely on a level
with configures bodies materially, but also through discursive transformation (Enloe, 2000).
Hoffmann states that it is exactly this discursive process which seems harmless in comparison,
however, this is a fallacy: “This discursive transformation is hardly innocuous; rather, it
undermines our ability to neatly distinguish between violent and non-violent conditions, as the

latter is often contingent on the former in insidious ways” (Hoffmann, 2021, p. 3543).

2.3.4. Counting the Countless

Another problem which needs to be addressed is the logics upon which data science is built.
Os Keyes currently researches at the University of Washington’s Department of Human
Centred Design & Engineering and published an article called Counting the Countless. Why
data science is a profound threat for queer people in Real Life Magazine in 2019. In this article,

Keyes addresses the question whether achieving ‘fairness’ in data science is even possible.
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First, they suggest a definition of the term ‘data science’: “The quantitative analysis of large
amounts of data for the purpose of decision-making. ” (Keyes, 2019) Keyes suggests that data
science, however, is inherently based on reduction and generalization, is fundamentally
incompatible with the lived reality of trans lives as well as marginalized individuals in general.
Since trans existences are built around “fluidity, contextuality, and autonomy”, (Keyes, 2019)
attempting to capture data around them is always going to run into two problems: quantitative
analysis and the vastness of data. Quantitative analysis is inherently about standardizing and
normalizing information. If a survey involves a free-text box as an attempt to be inclusive and
counter a binary concept of gender, the person evaluating the data is going to have to make
decisions regarding the categorization of gender identities. Keyes exemplifies these series of

decisions and their effect as follows:

“You’re going to have to determine that ,bigender® and ,nonbinary‘ should be in the same bucket (or
shouldn’t). You’re going to have to work out whether you treat trans women and trans men separately,
whether you clump them with ,women‘ and ,men‘ respectively, what values mean ,trans woman¢ in the
first place — you are going to lose definition. You are going to have to make judgment calls on where
the similarities are and what is (and is not) equivalent. You have to, because quantitative methods work
on the assumption that you’ll have neatly distinguishable buckets of values.* (Keyes, 2019)

Quantitative analysis therefore inherently diminishes queer identities by forcing categories
onto them, rendering ‘inclusive approaches’ not just useless, but rather dangerously misleading

as well as destructive in terms of keeping definition intact.

Furthermore, data science systems rely on the vastness of data across time, space, and subjects.
Their aim is to capture as much of the world as possible for the purpose of decision making.
Keyes argues that this process is fundamentally inhumane because it is built to remove
inconsistencies and leaves no space for context-specific or non-fixed data by omitting,
forcefully categorizing, or ‘fixing’ it. This is where Keyes modifies their opening data science
definition into one that is aware of these effects: “The inhumane reduction of humanity down
to what can be counted. “ (Keyes, 2019) Keyes connects this process of inhumane reduction
with Anna Lauren Hoffmann’s term ‘data violence’ which has been described in the previous

chapter on Data violence, Discursive violence and Datafication.

Lastly, Keyes points out that reform-based solutions to navigate exclusion and reduction
through data science have shown to be more harmful than subversive. Keyes uses the example
of facial recognition, which has proven to be biased against dark-skinned women in particular

(Buolamwini & Gebru, 2018). Reform via inclusion, Keyes argues, is thereby not a valid
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approach to combat data violence in a system that is inherently controlling and dangerous to
marginalized individuals. However, inclusion is generally deemed as the only logical answer
to discriminatory systems. In summary: “data science is fundamentally premised on taking a
reductive view of humanity and using that view to control and standardize the paths our lives
can take, and it responds to critique only by expanding the degree to which it surveils us. [...]
All reform-based approaches do is make violent systems more efficiently violent, under the
guise of ethics and inclusion. (Keyes, 2019) Keyes therefore calls upon a radical data science
which is decidedly “not controlling, eliminationist, assimilatory. A data science premised

on enabling autonomous control of data, on enabling plural ways of being.* (Keyes, 2019)

2.4. Frameworks of Bias

Bias and fairness are closely connected terms, as bias describes the the action which is to be
considered unfair (Cambridge, 2024). In the context of machine learning algorithms such as
recommender systems, bias is often talked about as having one or multiple origins. In A Survey
on Bias and Fairness in Machine Learning, Mehrabi et al. explore bias and fairness in various
real-world applications. The authors differentiate between bias in data and bias in algorithms

as follows:

,,In the cases where the underlying training data contains biases, the algorithms trained on them will learn
these biases and reflect them into their predictions. As a result, existing biases in data can affect the algorithms
using the data, producing biased outcomes. Algorithms can even amplify and perpetuate existing biases in
the data. In addition, algorithms themselves can display biased behavior due to certain design choices, even
if the data itself is not biased. The outcomes of these biased algorithms can then be fed into real-world systems

and affect users’ decisions, which will result in more biased data for training future algorithms* (Mehrabi et
al., 2021, p. 3).

It is to be noted, however, that bias can often be traced back to multiple origins, and that the
origin of bias can be misattributed. For example, Sara Hooker writes in Moving beyond
,algorithmic bias is a data problem “ about how datasets are often times deemed to be at fault
for bias, as opposed to the machine learning model itself (Hooker, 2021). This will be discussed

more in-depth in the section on algorithmic bias.

Batya Friedman and Helen Nissenbaum pioneered the subject of Bias in Computer Systems,

which was published in 1996. They define bias as follows:

,,We use the term bias to refer to computer systems that systematically and unfairly discriminate against
certain individuals or groups of individuals in favor of others. A system discriminates unfairly if it denies
an opportunity or a good or if it assigns an undesirable outcome to an individual or group of individuals
on grounds that are unreasonable or inappropriate* (Friedman & Nissenbaum, 1996, p. 332).
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As previously described in the paragraph about Anna Hoffmann’s definition of fairness, this
definition of bias has since been contested due to its centering of disadvantage as well as the
focus on the distribution of resources (in this case: opportunities and goods). However, despite
this arguably outdated framing, Friedmann and Nissenbaum’s article still holds value, amongst
other aspects, in terms of the categorization of bias into different types. Friedman and

Nissenbaum further distinguish between three types of bias in computer systems:

2.4.1 Preexisting bias

Preexisting bias is defined as having its “roots in social institutions, practices, and attitudes.”
(Friedman & Nissenbaum, 1996, p. 334) This definition of bias includes every biased notion
that was present before the creation of the computer system, and it might emerge through
explicit effort or unconsciously. More specifically, Friedman and Nissenbaum claim that there
is a difference between individual and societal preexisting bias: individual bias originates from
an individuals such as a client who “embeds personal racial biases into the specifications for
loan approval software” (Friedman & Nissenbaum, 1996, p. 334) whereas societal preexisting
bias originates from society, ergo from industry or institutions such as legal systems. The
accompanying example used here is “gender biases present in the larger society that lead to the
development of educational software that overall appeals more to boys than girls* (Friedman
& Nissenbaum, 1996, p. 334). It is worth mentioning here that the distinguishing of the
individual and the societal is a difficult (and perhaps impossible) task, and it runs the risk of
perpetuating the notion that there exist individual biases which have no connection to a societal
context, as well as the idea that some biases can be individually mitigated because they aren’t

rooted in societal structures, as Hoffmann has described in Where Fairness Fails.

2.4.2. Technical bias

This bias arises from how technical structures are inherently built. The authors distinguish
different categories, such as computer tools, algorithms which have been decontextualized,
random number generation as well as the formalization of human constructs. Computer tools
include circumstances such as the ordering of items on a screen, which might have to be split
into multiple pages, and where the initial page is always given more attention than the other
pages. The authors exemplify this as follows: “in a database for matching organ donors with
potential transplant recipients certain individuals retrieved and displayed on initial screens are
favored systematically for a match over individuals displayed on later screens.« (Friedman &
Nissenbaum, 1996, p. 334) Another type of technical bias is what Friedman and Nissenbaum

call decontextualized algorithms. This type of bias originates in the inability of an algorithm to
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make fair decisions due to the necessity of having to rank items in a specific order (such as
numerically, alphabetically, etc.) Furthermore, the authors argue that random number
generations, being pseudorandom, can also lead to bias. However, their example covers only
an edge case in which the randomness is more akin to a weighted coin flip: “an imperfection
in a random-number generator used to select recipients for a scarce drug leads systematically
to favoring individuals toward the end of the database[...].” (Friedman & Nissenbaum, 1996,
p. 334) Finally, the authors describe ‘Formalization of Human Constructs’ as the category of
bias in which data is simplified in order to be processed in an easier way, arguing that it happens
“when we quantify the qualitative, discretize the continuous, or formalize the nonformal [...].“
(Friedman & Nissenbaum, 1996, p. 334) This concept is similar to what Hoffmann described
as datafication, however, in this case, the discursive aspect is not highlighted as much as the
misuse of technical tools such as quantification and discretization for the purpose of turning
humane interpretations of information into processable data. Additionally, as previously
illustrated, Os Keyes argues that it is this ‘Formalization’ aspect which is the inhumane

reduction humanity, the fundament on which data science is built upon.

2.4.3. Emergent bias

The third and last category of bias described by Friedman and Nissenbaum is emergent bias,
which arises in the process of using the computer system, for example, through user interfaces,
since these “by design seek to reflect the capacities, character, and habits of prospective users.*
(Friedman & Nissenbaum, 1996, p. 335) This type of bias has its roots in changing societal
values, norms and knowledge. More specifically, ‘New Societal Knowledge’ is a subcategory
of emergent bias, where new information cannot be integrated into an already existing system,
rendering it biased. This is distinguished from a ‘Mismatch between Users and System Design’,
where the userbase which the system was intended for differs from the actual userbase using
the system. This is further categorized into a mismatch due to expertise, where the userbase is
assumed to have a different knowledge base than they actually do, and a mismatch due to
different values, where a technical design has embedded values which do not represent the

values of the actual userbase.

Although worth mentioning, Friedman and Nissenbaum’s framework does not suffice for this
thesis’ in-depth research paper analysis because of two main reasons: Firstly, the research
corpus comprises of papers published in the years 2017-2023. Most of these papers do not
frame the biases they aim to mitigate in the terms that Friedman and Nissenbaum introduced
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in1996. It might be more accurate to think of current bias frameworks as a mix or combination
of the three main categories which were previously introduced. Some of the biases treated also
were not an issue during the time Friedman and Nissenbaum’s paper was published and only
became possible with modern model building practices. Secondly, Friedman and Nissenbaum’s
framework does not transfer easily to the domain of recommender systems. | have therefore
chosen a bias framework which encompasses three stages of the recommender system building
process. It contains biases which emerge during data generation phase, during the model
building period, and lastly, during the deployment and user interaction phase. This
categorization was based on the pipeline categorization done by Ashokan and Haas and was
done to make the categorization of research papers more efficient and domain-specific
(Ashokan & Haas, 2021). All of the following biases were featured in their paper, except for
filter bubbles, which is an additional bias/phenomenon which was added to the category of user

interaction and deployment biases.

2.4.4. Data Generation Bias

i. Historical Bias

Ashokan and Haas define this bias as follows: “Bias in data generation process due to the
already existing bias from socio-technical issues.* (Ashokan & Haas, 2021, p. 4) This arguably
broad definition aims to comprise all biases which stem from systemic societal power
structures. It might be worth arguing that technically, there does not exist any bias that is
untethered from societal structures, making all bias ‘historical’. But in the context of this
research analysis, there are papers which aim to mitigate the type of bias which is already
present in the structure of the data used for the recommender system. Whether or not a paper
aims to mitigate historical bias is also an issue of framing by the authors of a research paper.
Generally, research papers claiming to “mitigate fairness concerns that go beyond individual
users and items towards more systemic biases in recommendation” (Wu et al., 2022, p. 1) fall

into this category.

In 2021, Suresh and Guttag published a paper on the contextualization of harm caused my
Machine Learning models, titled A Framework for Understanding Sources of Harm throughout
the Machine Learning Life Cycle. The authors of this paper define historical bias in

differentiation to biases which occur during sampling, stating that:

,,Historical bias arises even if data is perfectly measured and sampled, if the world as it is or was leads
to a model that produces harmful outcomes. Such a system, even if it reflects the world accurately, can
still inflict harm on a population. Considerations of historical bias often involve evaluating the
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rep4r)esentational harm (such as reinforcing a stereotype) to a particular group.“ (Suresh & Guttag, 2021,
p.

The term ‘representational harm’ is referring to the type of harm caused “(when certain people
or groups are stigmatized or stereotyped, (Suresh & Guttag, 2021, p. 2) differentiating it from
allocative harm, which happens “when opportunities or resources are withheld from certain
people or groups®, (ibid.) stating that allocative harm is “typically the type of harm that we
think and hear about, typically the type of harm that we think and hear about, because it can be
measured and is more commonly recognized as harmful.* (ibid.) Allocative harm has also been
previously mentioned in the context of Hoffmann’s critique of the framing of discrimination in
contemporary discourse, where the focus lies on a matter of distribution of resources as
opposed to a systematic change of social attitudes. Suresh and Guttag however, explain in the
context of their framework that even if harm is not as obvious as with allocative harm,
representational harm still exists. Their focus lies on these two main types of harm in order to

make the extent of harm caused by historical bias clear.

To understand historical bias fully, it is necessary to address the debate which its definition is
embedded in. In the introduction of their paper, the authors reference the debate whether biased
machine learning is purely based on biased data. They address a social media post by Turing
Award winning computer scientist and machine learning expert Yann André LeCun, who

posted on X (formerly known as Twitter) in 2020:

“ML systems are biased when data is biased. This face upsampling system makes everyone look white
because the network was pretrained on FlickFaceHQ, which mainly contains white people pics. Train
the *exact* same system on a dataset from Senegal, and everyone will look African.« (LeCun, 2020)

Suresh and Guttag counter this argument, stating that, while biased data does exist, the harm
caused by machine learning systems cannot be solely attributed to flawed data distributions

and labelling, since

“[t]his process is long and complex, grounded in historical context and driven by human choices and
norms. Understanding the implications of each stage in the data generation process can reveal more direct
and meaningful ways to prevent or address harmful downstream consequences that overly broad terms
like ‘biased data‘ can mask.” (Suresh & Guttag, 2021, p. 1)

The authors prove this by counterexample. When data is sparse and underrepresents a protected
grpup, simply getting ‘more data’ from the same underlying biased distribution will not result
in a less biased machine learning model. Sometimes, getting more data is useful: more medical

data on female heart attack patients can result in a more consistent prediction model. Acquiring
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more data when the data is based on human assessment (labeling) of quality in order to
determine whether an applicant for a job is qualified for hiring might not be as useful. In the
author’s hypothetical example, the model output was still biased against women, since “using
human assessment of quality as a label to estimate true qualification allowed the model to
discriminate by gender, and collecting more labelled data from the same distribution did not
help.« (ibid.)

ii. Representation Bias

Suresh and Guttag define representation bas as follows: “Representation bias occurs when the
development sample underrepresents some part of the population, and subsequently fails to
generalize well for a subset of the use population.” (Suresh & Guttag, 2021, p. 4)
Representational bias may arise in three distinct ways. Firstly, the target population (users of
an app, for example) defined may not match the use population. This can, for example, mean
that data describing specific attributes of one city may not be representative for another city.
Furthermore, the target population may contain under-represented groups, which may lead to
a model being less robust to that specific subgroup. The authors exemplify this with a target
user base of ages 18-40, where 5% of those users are pregnant. The model is less likely to learn
about these 5%, making the model less robust for the pregnant use population, even if target
and use population are exactly the same. And lastly, the sampling method used to sample from
the target population could be limited or uneven. For example, this can happen when medical
data is only available for a subgroup of the target population, such as patients whose medical
condition is deemed as ‘serious enough’ to require further screening. This may result in a
skewed representation of the target population. The authors add that “[i]n statistics, this is

typically referred to as sampling bias.« (Suresh & Guttag, 2021, p. 5)

Suresh and Guttag exemplify representation bias by explaining that ImageNet, a visual
database often used for object recognition software, which have been hand-annotated in order
for the model to be able to train and recognize the objects in a given image. The authors state
that “ImageNet does not evenly sample from this target population® (ibid.) and that
approximately 45% of the images in ImageNet were taken in the United States, and the
majority of the remaining images are from North America or Western Europe. Only 1% and
2.1% of the images come from China and India, respectively.« (ibid.) This leads to a skewed
representation of the target population, as has been shown by (Shankar et al., 2017) and to a

significantly worse performance when it comes to “classifying images containing certain
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objects or people (such as ,bridegroom*) when the images come from under-sampled countries
such as Pakistan or India.“ (Suresh & Guttag, 2021, p. 5)

iii. Simpson's Paradox

Ashokan and Haas define the Simpson’s Paradox as ,,[b]ias from the difference in behavior of
population sub-groups when aggregated and taken individually.* (Ashokan & Haas, 2021, p.
4) In summary, if a population shows certain statistical trends in terms of features, it doesn’t
necessarily mean that its sub-populations exhibit similar trends. In fact, they may show
opposite trends than those of the overall population. The same may also be true in the other
direction: just because the sub-groups of a population all individually exhibit similar trends,

doesn’t mean that the population as a whole exhibits those tendencies.

Xu et al. exemplify the Simpson’s Paradox in the context of recommender systems with a
simple toy dataset. In this example, a group of 100 users have been categorized into two
subgroups in terms of a protective trait (gender, age, race, etc.) (Xu et al., 2023, p. 236). There
are also two items which can be interacted with and potentially rated with ‘like’ or ‘dislike’.
50/80 users from group A liked item 1 and 20/30 liked item 2. From group B, 10/20 users liked
item 1 and 39/70 users liked item 2. Overall, item 1 seems to be the favorable item since 60/100
users liked it, as opposed to 58/100 likes for item 2. This means that item 2 will be
recommended to each of the user groups, since it seems to be an overall favorite. However, as

has been shown, both user groups A and B individually actually prefer item 1 to item 2.

Although the Simpson’s paradox is a matter of statistical bias and can therefore arise in a
variety of domains, it is a crucial bias to consider when it comes to recommender systems and
the potential harms they exhibit, especially when groups of users are categorized into groups

according to a protected trait.

2.4.5. Model Building Bias

iv. Popularity Bias

This bias occurs due to over-exposure of popular items (Ashokan & Haas, 2021, p. 4). This
problem is related to the ‘long-tail / short-tail’ problem in machine learning, which has been
summarized by Musto et al. in Fairness and Popularity Bias in Recommender Systems. an
Empirical Evaluation (Musto et al., 2021). The long-tail phenomenon, which is based on Zipf’s

law, refers to a specific way in which data is distributed and observed. Zipf’s law is found in
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many distributions such as wealth of a population or word frequency in a language. It states
that the second most ‘popular’ (e.g. frequent) item in a data corpus is half as popular as the
most popular item. The third most popular item is about a third as popular as the first item, and
such, the popularity lessens exponentially for each consecutive item. Consequently, there exists
an imaginary threshold which separates the very small amount of relatively popular items (the
‘short tail’ of the distribution) from the very large amount of relatively unpopular items (the
‘long tail” of the distribution). This is relevant for recommender systems, since items in the
‘short tail” are more likely to be recommended, resulting in what Fleder and Hosanagar coined
as the Blockbuster effect (Fleder & Hosanagar, 2009). In offline evaluations of recommender
systems, this effect often aids as a baseline for accuracy, but it nonetheless limits the fairness
of recommendations, since ‘long tail’ items are being systematically under-recommended.
Musto et al. state that it is important for a good recommender system to achieve balance
between items of varying degrees of popularity (Musto et al., 2021, p. 2f.).

v. Algorithmic Bias

Ashokan and Haas simply describe this bias as the type of “[b]ias that gets added purely by the
algorithm when the input data is unbiased.“ (Ashokan & Haas, 2021, p. 4) It is therefore
explicitly distinguished from historical bias and other data sampling biases, since this definition
implies that there is no bias occurring in the sampling process, resulting in an unbiased
distribution of the data.

The task of finding out where the bias in a biased recommender system comes from is itself a
difficult problem. Generally, stating that unbiased data exists is part of a debate that is active
to this day, as has been described previously in the chapters summarizing Anne Hoffmann’s

perspective on ‘fairness’ discourse as well as Os Keyes’ definition of data science.

However, the claim that model bias is purely a data problem and that algorithms themselves
are impartial is just as much as a questionable statement as the previous one. Sara Hooker

addressed the question in her article Moving beyond ,algorithmic bias is a data problem *:

,,A surprisingly sticky belief is that a machine learning model merely reflects existing algorithmic bias
in the dataset and does not itself contribute to harm. Why, despite clear evidence to the contrary, does
the myth of the impartial model still hold allure for so many within our research community? Algorithms
are not impartial, and some design choices are better than others. Recognizing how model design impacts
harm opens up new mitigation techniques that are less burdensome than comprehensive data collection.“
(Hooker, 2021, p. 1)
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Hooker disagrees with the notion of impartial algorithms, stating that “some design choices are
better than others.« (ibid.) Furthermore, she says that “[a] model can fulfill an objective in
many ways, while still violating the spirit of said objective.“ (ibid.) She also explains that a
more nuanced understanding of the contributing factors to algorithmic bias is crucial since it

dictates the place where harm mitigation takes place. She adds that

,.[1]f algorithmic bias is merely a data problem, the often-touted solution is to de-bias the data pipeline.
However, data ,fixes‘ such as re-sampling or re-weighting the training distribution are costly and hinge
on (1) knowing a priori what sensitive features are responsible for the undesirable bias and (2) having
comprehensive labels for protected attributes and all proxy variables.* (ibid.)

Hooker states that satisfying both aspects in the real word is, more often than not, infeasible.
The aforementioned a priori brings about many difficult problems because, among other
things, agreeing on a standard taxonomy is a hard problem, since “categories attributed to race
or gender are frequently encoded in inconsistent ways across datasets.* (ibid.) and therefore,
protected attributes may be “perceived as intrusive leading to noisy or incomplete labels.*
(ibid.)

The problem of long-tail and short-tail distribution is also taken up in Hookers article. Hooker
explains the relationship between this distribution phenomenon and algorithmic bias as

follows:

“A key reason why model design choices amplify algorithmic bias is because notions of fairness often
coincide with how underrepresented protected features are treated by the model. [...] algorithmic bias a
model learns can be attributed to the relative over-and-under representation of a protected attribute within
a dataset category. Most real-world data naturally have a skewed distribution [...], with a small number
of well-represented features and a ‘long-tail’ of features that are relatively underrepresented. The skew
in feature frequency leads to disparate error rates on the underrepresented attribute. This prompts fairness
concerns when the underrepresented attribute is a protected attribute but more broadly relates to the
brittleness of deep neural network performance in data-limited regimes. Understanding which model
design choices disproportionately amplify error rates on protected underrepresented features is a crucial
first step in helping curb algorithmic harm.* (Hooker, 2021, p. 1f.)

In summary, Hooker concludes that the discussion around algorithmic bias and whether or not
it is purely a data problem might be related to the broader social phenomenon of diffusion of
responsibility. She defines the term as a “socio-psychological phenomenon where an individual
abstains from taking action due to the belief that someone else is responsible for intervening.«
(Hooker, 2021, p. 3) She connects this term with a common practice in computer science, since
this type of diffusion defines what is ‘out of scope’ and what isn’t, and that many problems are

delegated until labeled as ‘somebody else’s problem’.
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vi. Demographic Bias

According to Ashokan and Haas, demographic bias is defined as “[b]ias that occurs from users
of different demographic groups (age and gender) being treated differently.« (Ashokan & Haas,
2021, p. 4) The problem with the definition of demographic bias as a separate form of bias is
that one could argue that all bias is demographic if it affects users belonging to a protected
group. For example, Drozdowski et al., have defined general bias in algorithms as follows:
“an algorithm is considered to be biased if significant differences in its operation can be
observed for different demographic groups of individuals (e.g., females or dark-skinned
people), thereby privileging and disadvantaging certain groups of individuals.” (Drozdowski
etal., 2020, p. 89) which implies that bias in algorithms always comes with an effect on certain

demographic groups.

The reason why demographic bias is still considered a separate category from representation
bias is because the definitions some papers use to define the type of bias that is treated with
their proposed bias mitigation strategy mediate different areas of focus. Ekstrand et al., for
example, argue that the attention towards mitigating demographic bias is important in order to
cater to different needs a demographic might have. However, as has been argued in the case of
representation and popularity bias, the needs of the largest subgroup will usually prevail.

Ekstrand et al. explain that,

“[i]f other subgroups have different needs, their satisfaction will carry less weight in the final analysis.
This can lead to a misguided perception of the performance of the system and, more importantly, make
it more difficult to identify how to better serve specific demographic groups.” (Ekstrand et al., 2018, p.
2)

2.4.6. Deployment and User Interaction Bias

vii. Social Bias

Ashokan and Haas describe this bias as the type of ,,[b]ias that occurs from other people
influencing ones judgment* (Ashokan & Haas, 2021, p. 4). Baeza-Yates exemplifies this via
collaborative ratings, where a user comes across an item which they do not like, but which has
already been rated by other users with a high score. This increases the user’s probability to rate
this item with a high score as well, since this new information may lead them into thinking that
their judgement is “too harsh.” (Baeza-Yates, 2018, p. 60) This bias is also often times referred
to as the ‘herding effect’ or as social conformity. Social bias also occurs when users are
influenced by popular users. Olteanu et al. have explored this bias, stating that “[s]ocial

platforms are not closed systems. They are open to external influences that affect the makeup
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of the user populations enticed to each platform, as well as their interests and activities.
(Olteanu, p. 15, Social Data: Biases, Methodological Pitfalls, and Ethical Boundaries) Wang
& Wang also mention the inherent paradox in social bias as well as the discrepancy between

the perceived value of an item based on collective ratings and an item’s intrinsic value:

“Qur society is increasingly relying on digitalized, aggregated opinions of individuals to make decisions
(e.g., product recommendation based on collective ratings). One key requirement of harnessing this
,wisdom of crowd" is the independency of individuals' opinions; yet, in real settings, collective opinions
are rarely simple aggregations of independent minds.« (Wang & Wang, 2014, p. 1)

viil. Interaction Bias

This bias is created due to interaction differences between users and a recommender system.
Baeza-Yates explains that user interaction is highly idiosyncratic and can differ on many levels,

such as eagerness to click or moving where the user looks:

“Mouse movement is a partial proxy for gaze attention and thus a computatio ally inexpensive
replacement for eye tracking. Some of us may not notice the scrolling bar, others prefer to read in detail,
and yet others prefer just skim. In addition to the bias introduced by interaction designers, users have
their own self-selection bias.” (Baeza-Yates, 2018, p. 60)

This self-selection bias is a cultural and cognitive bias related to how users choose answers
aligned with their already existing beliefs when it comes to queries in web search engines.
Baeza-Yates furthermore mentions the complexity of interaction bias when it comes to
developers isolating them and separating them from different cultural and cognitive biases,
stating that “biases cascade and depend on one another, implying that Web developers are

always seeing their combined effects.“ (ibid.)

iX. Ranking Bias

Ashokan and Haas describe this bias as “[b]ias that occurs from top-ranked results being more
clicked upon.* (Ashokan & Haas, 2021, p. 4) Mehrabi et al. attribute ranking bias to being a
type of user-interaction bias, since the popularity of higher-ranked result is “not because of the
nature of the result but due to the biased interaction and placement of results by these
algorithms* (Mehrabi et al., 2021, p. 4). Similarly, Baeza-Yates explains that the top-ranked
result in a search engine which lists content in relevant order from top to bottom will always
attract more clicks than others, not just because it is more relevant, but also because it is ranked
in one of the first positions. The author suggests that “[t]o avoid ranking bias, Web developers
need to de-bias click distribution so they can use click data to improve and evaluate ranking

algorithms. Otherwise, the popular pages become even more popular.* (Baeza-Yates, 2018, p.
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59) Ranking bias is often used interchangeably with the term ‘position bias’, which is also
sometimes described as a type of bias where higher ranked items on a list are favored over
lower ranked items (Azzopardi, 2021, p. 31). Baeza-Yates further notes that cultural factors
need to be considered as well when it comes to position bias, such as reading from left to right
and top to bottom in western cultures (Baeza-Yates, 2018, p. 59). Position bias poses a
significant problem for recommender systems such as search engines. Forbes reported that less
than 6% of website clicks happen on the second page of a search engine (Shelton, 2017). A

2023 study found that only second-page clicks on Google only happens in 0,63% (Dean, 2023).

iv. Filter Bubbles

This chapter explains the concept of filter bubbles on internet platforms and their connection
to recommender systems. The term ‘filter bubble’ was coined by author and activist Eli Pariser
in 2011 in The Filter Bubble. What the Internet is Hiding from You (Pariser, 2011b). In a Q&A
with the author, Pariser argues that the filter bubble is an effect of the attention economics on

the Internet, which inevitably leads to intellectual and social fragmentation and isolation:

“Were [sic!] used to thinking of the Internet like an enormous library, with services like Google providing
a universal map. But thats [sic!] no longer really the case. Sites from Google and Facebook to Yahoo
News and the New York Times are now increasingly personalized based on your web history, they filter
information to show you the stuff they think you want to see. That can be very different from what
everyone else sees or from what we need to see. Your filter bubble is this unique, personal universe of
information created just for you by this array of personalizing filters. Its invisible and its becoming more
and more difficult to escape* (Pariser, 2011a).

Baeza-Yates discussed the topic of filter bubbles in Bias on the Web as an example of second-
order bias, which is the type of bias that is created through a cycle of user interaction and
platforms responding to input. The author states that personalization algorithms such as filter
bubbles create a bias that does not affect content on the internet itself but rather which type of
content the user is exposed to (Baeza-Yates, 2018, p. 56). Baeza-Yates explains how the main
issue seems to not lie in personalized algorithms per se, but rather in how user interaction data

is used:

,IT a personalization algorithm uses only our interaction data, we see only what we want to see, thus
biasing the content to our own selection biases, keeping us in a closed world, closed off to new items we
might actually like. This issue must be counteracted through collaborative filtering or task
contextualization, as well as through diversity, novelty, serendipity, and even, if requested, giving us the
other side. This has a positive effect on online privacy because, by incorporating such techniques, less
personal information is required (Baeza-Yates, 2018, p. 60f.).

The question of how collaborative filtering affects the filter bubble phenomenon has been

explored in a study by Nguyen et al., where the filter bubble has been defined as “a self-
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reinforcing pattern of narrowing exposure that reduces user creativity, learning, and
connection.” (Nguyen et al., 2014, p. 677) More specifically, the authors explored whether
recommender systems expose users to narrower content over a specific time period, and also
how the experience of users who regularly take recommendations differs from those who do

not.

The study was conducted with a two-group design on a dataset from a movie recommender
system called MovieLens. The results suggested that the group which did not follow
recommendations actually had less content diversity over time than the group who did (Nguyen
et al., 2014, p. 683). This, at a first glance, suggests that collaborative filtering based
recommendation actually lessens the filter bubble effect. However, it is worth mentioning that
the study was limited in terms of time since only data form a time span of 21 months was
collected. Potential changes in behavior of content recommendation after this time period is
not included in the study, and the authors state that “[e]ventually the content diversity of the
Following Group may become less than that of the Ignoring Group. However, this is an issue
for future work. (ibid.) Furthermore, the study concluded that at the end of the observed time

periods, “the content diversity of both groups is reduced.* (ibid.)

Due to the limitations of the study conducted by Nguyen et al., it is not sufficient to make
conclusive statements about the effect of all recommender systems on filter bubbles. The main
observation that needs to be pointed out, however, is that, although “taking recommendations
[based on collaborative filtering] lessened the risk of a filter bubble*, (Nguyen et al., 2014, p.
685) content diversity seemed to still decrease for both user groups. This suggests that the ways
in which filter bubbles form is more complex than simply ‘following recommendations’, and
instead, is a process which comes with consuming content on Internet platforms due to a

multitude of cognitive and socio-economic factors. Nguyen et al. conclude:

“This begs the question - is there a ,natural* narrowing effect over time, at least in the domain of movies?
After all, we form habits based on what we’ve watched recently, and as we watch more, we solidify our
preferences. In the movie domain, we face the additional possibility that the best movies are relatively
diverse in content, but limited in number; once we get through those, we turn to newer movies closer to
our comfort zone. If this is true — if there is a natural tendency to narrow our consumption of movies (or
other media) over time — then collaborative filtering-based recommenders appear to help mitigate the
tendency, and thus may play a broadening role.* (ibid.)

The naturalization of the filter bubble effect in this quote is not to be disregarded. It is worth
highlighting that it is exactly this naturalization of cognitive biases which have been criticized

by Os Keyes and Hoffmann in previous chapters. It is not by chance that Pariser explicitly
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doubles-down on the deliberateness of the filter bubble effect being an effect of an Internet

economics based on advertisement:

“The rush to build the filter bubble is absolutely driven by commercial interests. Its becoming clearer
and clearer that if you want to have lots of people use your website, you need to provide them with
personally relevant information, and if you want to make the most money on ads, you need to provide
them with relevant ads. This has triggered a personal information gold rush, in which the major
companies Google, Facebook, Microsoft, Yahoo, and the like are competing to create the most
comprehensive portrait of each of us to drive personalized products. Theres [sic!] also a whole behavior
market opening up in which every action you take online every mouse click, every form entry can be
sold as a commaodity.« (Pariser, 2011a)

2.5. Gender Definitions and Operationalization

2.5.1. Gender Trouble and Bodies That Matter

Judith Butler, who is currently a researcher at the University of California, Berkeley, has had
a massive influence on the research field of critical theory as well as gender and sexuality
studies. Gender Trouble and Bodies That Matter count as some of their most influential work.

The following section aims to shortly summarize the key concepts of these books.

Butler argues that gender does not exist as a natural, objective reality: ,,Gender reality is
performative which means, quite simply, that it is real only to the extent that it is performed*

(Butler, 1990, p. 278) Gender is therefore not tied to 'material facts' or physical bodies:

,,Because there is neither an 'essence’ that gender expresses or externalizes nor an objective ideal to which
gender aspires; because gender is not a fact, the various acts of gender creates the idea of gender, and
without those acts, there would be no gender at all. Gender is, thus, a construction that regularly conceals
its genesis (Butler, 1990, p. 273)

Gender is thereby retroactively produced by performative acts, which constitutes the agent as
the object (as opposed to the subject) of said acts (Butler, 1990, p. 270). Moreover, Butler
argues that they understand those constituting acts ,,not only as constituting the identity of the
actor, but as constituting that identity as a compelling illusion, an object of belief (Butler,
1990, p. 271).

Butler also contests the common feminist distinction between the historical category of gender
and the biological category of bodily sex. They argue that sex is also affected by the
performative acts which constitute gender and social conventions. Sex is thereby not ,,a bodily
given on which the construct of gender is artificially imposed, but... a cultural norm which
governs the materialization of bodies* (Butler, 1993, p. 2f.) Sex, according to Butler, ,,is an

ideal construct which is forcibly materialized through time. It is not a simple fact or static
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condition of a body, but a process whereby regulatory norms materialize 'sex' and achieve this

materialization through a forcible reiteration of those norms* (Butler, 1993, p. 2).

In conclusion, Butler applies the postmodern idea of reality being constituted through language
on gender as well as on sex. They state that ,.there is no reference to a pure body which is not

at the same time a further formation of that body* (Butler, 1993, p. 10).

2.5.2. You Keep Using That Word

In You Keep Using That Word: Ways of Thinking about Gender in Computing Research, Os
Keyes et al. present a list of prompts which aim to sensitize researchers to the complexity of
gender by integrating the concept of gender multiplicity as a toolkit (Keyes et al., 2021). The
authors argue that gender is a cultural concept which consists of multiple dimensions and that
it needs to be considered which dimensions are more important than others given the specific
task. Common pitfalls for researchers are clumping together different aspects of gender and to
disregard power relations altogether. They state that “[a] more nuanced (and we would argue,
better) approach is for researchers to decompose their use of ‘gender’ and seek out ways of
measuring the multiple concepts relevant to their research that underlie the term.” (Keyes et
al., 2021, p. 6) They exemplify this by suggesting to use a questionnaire which aims to not just
get information about gender identity, but also: perceived gender, perceived level of
conformity, internal model of gender, and measure of gender expression.Through this in-depth

questionnaire, different relevant combinations of gender may arise:

“the experiences of those who do not fit such a frame; whose masculinity does not fit their society; whose
femininity fits their society but not their community; who are not congruent with gendered expectations,
expectations far more complex than can be summarised in a single, categorical variable” (ibid.)

Capturing these experiences is significant, since it is exactly those individuals who do not fit
into the status quo which are “in many respects, those who most torque with and are unequal
under gendered power—and so those whose experiences must be made most visible in efforts
to identify or address that inequality.” (ibid.) In this context, Keyes et al. follow Butler’s
approach that the regulation of gender as a binary and normative structure involves the
institution of a heterosexuality which is both compulsory and naturalized and further state that
research tends to produce a view of gender as homogenous across time and cultures, and that
variations are treated as “second-order phenomena” (Keyes et al., 2021, p. 8), even in cases
where cultural differences are being acknowledged. They mention that existing gender studies
and sociology research show that, even when surveys intend to be inclusive, it is often

fundamentally still aligned with western understandings of gender, which leads to the
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alienation of Indigenous respondents (Bauer et al., 2017). Keyes et al. furthermore argue that
it is necessary for researchers to acknowledge that concepts of gender change, not just on a
large-scale cultural level, but on an individual level as well. This includes not just real-life
changes in terms of physical spaces and communities, but also internet platforms (Keyes et al.,
2021, p. 8).

The authors also mention a tool at the intersection of Artifical Intelligence and gender: gender
prediction. Keyes et al. explain that algorithms which aim to predict the gender of a person are
generally based on gender as a binary variable as well, treating gender as a generic, static
variable used for measurement, “rather than something constructed in ways that fundamentally
implicate power” (Keyes et al., 2021, p. 11). This constrains research as well as substantial
harm, since research plays a significant role in the production of meaning and could therefore
limits the legitimization of “different ways of being and different possible futures and futures”
(ibid.).

To conclude, the authors summarize different research questions with the aim to sensitize
researchers to the concept of gender. These questions prompt the researchers to define gender
themselves as well as ask their participants how they define gender, define the role which
gender plays in the research, who and what is left out, and how they are accountable for their
work (Keyes et al., 2021, p. 14). They furthermore call for an inquiry into aspects of gender
identity which may have been neglected, such as masculinity and cisgenderism.

To further convey what makes gender inclusivity and multiplicity in research important, the
authors appeal to a less simplistic view on ignorance in research. They state that ignorance
should be understood as more than merely an absence of knowledge, but rather “a more
complex view understands ignorance as constituting not simply ‘what we do not know’ but as
an active, socially shaped and cultivated phenomenon” (Keyes et al., 2021, p. 9). In the context
of gender, this means that a simplistic view on gender does not simply fail to generate
knowledge about gender roles in a certain environment, but rather that “the burden will
disproportionately fall on those populations whose identities and experiences are not easily
captured” (ibid.) by those who do not fit said gender roles, or whose experiences are, for
example, “not easily captured by a model which assumes masculinity and manhood to be one
and the same.” (ibid.) Lastly, Keyes et al. highlight the role which the production of knowledge
plays, and that there do exist purposeful practices of ignorance which seek “to remain outside

externally imposed frames of knowledge* (Keyes et al., 2021, p. 10). However, there is a
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difference between ignorance as an act of resistance and ignorance which is systematically
formed in order to oppress minorities. In this context, they quote Star and Bowker on the topic
of silence: “Not all silences are benign, nor are all malevolent. Those implemented in the
service of erasure are immoral; those created or held for the purpose of reflection, rest and re-
thinking are not” (Star & Bowker, 2007, p. 279).

2.5.3. Much Ado About Gender

Pinney et al. have published their research article Much Ado About Gender in 2023,
investigating how gender is used as a variable in scientific literature in the field of Information
Access System research, which includes search engines and recommender systems among
other information retrieval systems. Being topically and methodologically similar to this thesis,
the article by Pinney et al. poses a significant instance of related work. The authors conducted
an inductive content analysis on a corpus of research literature, investigating when gender is
an inappropriate or harmful variable to use in research (and when it is not), how gender should
be defined and used in cases where it is appropriate, as well as which methods are useful for

obtaining gender data and which one’s aren’t (Pinney et al., 2023, p. 269).

First, they exemplify good and bad uses of the gender variable in Information Access System
research. As a negative instance of the gender variable use, Pinney et al. mention the
advertisement strategy employed by the companies KFC and Baidu in Beijing, China in 2016
(Etherington, 2016). This strategy involved inferring variables such as gender, age and ‘beauty’
from customers in order to personalize menus for them. Pinney et al. state that it is unclear how
these variables are relevant in terms of food choice, however, they state that “what we do know
is that the system presents a new avenue for massive collection of facial images and purchasing
patterns, which could be used by Baidu to monetize other aspects of social and economic life
in China.” (Pinney et al., 2023, p. 270) An example for a positive instance of the gender variable
was found in an audit conducted by Spotify in 2020 (Epps-Darling et al., 2020). They
investigated how female artists, which are systematically underrepresented in the music
industry, were represented and made visible on the platform. Furthermore, they found that the
platform’s discovery tools nudge users to listen to more female artists than they would
‘organically’ (without recommendations). In this instance, the research goal was to audit a
system for the purposes of fairness, which was found to be more a compatible goal when it
comes to an ethical use of the gender variable. The gender variable (as well as other

demographic data) is, however, used in IAS for a variety of purposes. They explain that data
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brokers often times collect and sell gender data to companies. There exists gender data
embedded within movies, which is commonly represented using a gender affinity axes, which
expresses whether a movie is ‘geared towards’ men or women. Furthermore, recent work aims
to understand how IAS may treat some users unfairly based on their gender, differentiating
between whether they are treated differently “as producers of the information being retrieved

[...], or as the subjects of that information [...].” (Pinney et al., 2023, p. 270)

In their article, Pinney et al. further differentiate different definitions of gender and how they
are commonly used in IAS research literature. The authors differentiate between gender

identity and gender expression, and break these notions down further as follows:

“Gender identity typically refers to one’s own internal understanding of gender and self-identification.
Gender expression refers to how one presents one’s own gender and wants to be seen by the world. These
both can fit into binary notions of gender, but can also be expansive and encompass a constellation of
different identifications and notions of what self-expression can entail. More- over, gender expression
can be broken up both internally (how one is expressing one’s gender and feels about it to themselves)
and how others perceive that individual’s gender (perceived gender expression).« (Pinney et al., 2023, p.
270f.)

For the purposes of their article, Pinney et al. “focus on discussing gender, given that
technological artifacts and systems typically discuss social constructions of gender as datafied
by informational systems.” (Pinney et al., 2023, p. 271) 271 They furthermore do not
distinguish between gender identity and gender identity due to the many sources from which
the gender variable stems from in the literature they analyze. They also note that these

categories are used interchangeably in these contexts, anyway.

Similarly, the gender term used in this thesis’ content analysis will be used without
distinguishing between gender expression and gender identity, and there will be no further
distinction between sex and gender, which has been previously discussed in the subchapter on
Judith Butler’s gender definition. The reasoning behind this is also similar: the gender data
used in the text corpus is obtained in many different ways, and furthermore, this paper will
mainly examine whether the gender category is defined in a binary structure, and whether there

exists an effort to implement a more inclusive gender variable in the future.

Pinney et al. collected papers from 2017-2021 using the ACM Digital Library search and
created a codebook based on their research questions (Pinney et al., 2023, p. 271). The
categories in the codebook captured whether there is a gender variable present, the primary

referent of the gender variable (who is the gender variable being attributed to?), which and how
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many values could be attributed to the gender category, as well as whether the gender value is
self-determined, or whether it is inferred by a third party. They furthermore captured whether
the paper is about fairness or bias and what the general goal of the paper is. Lastly, they made
a note on whether an author (group) acknowledged that gender was non-binary while still

operationalizing it in a binary manner (Pinney et al., 2023, p. 272).

Several results were noteworthy: First, they found that most of the literature they reviewed
relied on a binary notion of gender and that none of the papers “successfully affirmed or
accounted for non-binary gender identities.” (Pinney et al., 2023, p. 275) Secondly, there was
a visible increase in awareness of the issue of gender fairness in this research community. More
effort was found in papers with the goal of auditing system behavior, whereas papers with the
goal of gender personalization or gender prediction failed “to properly analyze the implications
of their findings or model behavior in reference to gender bias and fairness.” (Pinney et al.,
2023, p. 275) The authors suggest that “it may be the case that these two types of goals are
antagonistic or fundamentally at odds with fairness and ethics,” (ibid.) referencing work by
Scheuerman et al. as well as Keyes (Scheuerman et al., 2019) (Keyes, 2018). Third, Pinney et
al. found that the gender variable was most frequently used as input in the context of a user
study or survey. They found this to be an encouraging result since there seems to be an effort
to study how differently gendered users respond to a system, however, they found it worrying
how frequently “systems attempt to personalize results based on gender. This itself makes
major assumptions about what individuals may prefer, based on a gender variable, rather than
on user preferences” (Pinney et al., 2023, p. 275). Lastly, the study showed that gender self-
identification was the most frequent mode of determination, which they have found to be the
most ethical way of obtaining gender data, since third-party annotators may act on and
perpetuate gender stereotypes and misgender individuals. Nonetheless, self-identification does
not guarantee the absence of misgendering, since data collected with solely binary options will

inevitably misgender individuals anyway.

In conclusion, the authors of Much Ado About Gender recommend using an inclusive concept
of gender, urging researchers to document their gender label collection with precision, and to
consider more gender diversity in their data samples. They also recommend using the gender
variable in computer science research to audit system for fairness. This, however, has its

exceptions, since
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“work that aims to improve fairness but only does so within a binary gender construct, for example, may
reinforce discrimination against non-binary people. Moreover, audits of system behavior that infers
gender on individuals may reproduce harm by guaranteeing that a system works only for individuals who
conform to stereotypical gender presentations or expressions.” (Pinney et al., 2023, p. 276)

Furthermore, the usage of gender variables for purposes of personalization and prediction are
not recommended. This is due to the fact that gender personalization, even in the context of
cold-start scenarios where little to no user data is available, can lead to a system learning
stereotypes from gender stereotype assumptions as opposed to organic user interaction data,
further enforcing said stereotypes even if they do not accurately model user behavior (Pinney
et al., 2023, p. 276). Gender prediction has previously been criticized by Os Keyes in The
Misgendering Machines: Trans/HCI Implications of Automatic Gender Recognition and
Pinney et al. agree on the notion that gender ‘recognition’ or prediction models (whether it be
visual, textual, or other types of recognition) are inherently based on perpetuating harmful
stereotypes and determining gender “based on data instances which bear no relationship to
gender, and will most likely misrepresent individuals who are transgender or gender non-
conforming” (Pinney et al., 2023, p. 275). On this note, Pinney et al. urge scientists to consider
the “danger in collecting demographic information in and of itself” (Pinney et al., 2023, p. 277)
, making a similar case for the dangers of datafication as has been made previously by Keyes,

Hoffmann, and others.

2.6. Bias Mitigation Strategies

There exist various categories of bias mitigation strategies in recommender systems. This thesis
will follow the convention of categorizing these strategies according to different machine
learning pipelines: pre-, in-, and post-processing methods. Three papers out of the corpus have

been chosen to briefly explain each one of those methods.

2.6.1. Pre-processing
Nandy et al. claims that “[p]re-processing modifies training data to reduce potential sources of
bias, often by removing features that are correlated with protected attributes* (Nandy et al.,

2022, p. 715). Earlier sections on statistical parity and equalized odds and equalized

opportunity have already discussed why the removal of those features may lead to suppression
and why, in some cases, this might be problematic. This does not mean, however, that all pre-
processing techniques aim to suppress sensitive data. Mehrabi et al. state more generally that
“[p]re-processing techniques try to transform the data so the underlying discrimination is

removed [...]. If the algorithm is allowed to modify the training data, then pre-processing can
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be used“ (Mehrabi et al., 2021, p. 14). According to Caton & Haas, pre-processing techniques

are mainly occupied with altering distributions tied to protected attributes:

“Pre-processing approaches recognize that often an issue is the data itself, and the distributions of specific
sensitive or protected variables are biased, discriminatory, and/or imbalanced. Thus, pre-processing
approaches tend to alter the sample distributions of protected variables, or more generally perform
specific transformations on the data with the aim to remove discrimination from the training data [...].
The main idea here is to train a model on a ,repaired‘ data set. Pre-processing is argued as the most
flexible part of the data science pipeline, as it makes no assumptions with respect to the choice of
subsequently applied modeling technique [...].” (Caton & Haas, 2023, p. 5)

One famous example of bias in data comes from the field of Natural Language Processing. In
order to read, retrieve, or generate text, NLP models often rely on accurate word representations
which have meanings assigned to them, features attributed to them, as well as relationships
with each other. These word embeddings are, however, far from being unbiased, as has been
discussed by Buonocore in Man is to Doctor as Woman is to Nurse: the Gender Bias of Word
Embeddings, in which he exemplified gendered bias via a mathematical equation as an analogy
to the word representations of ‘man’, ‘woman’, ‘doctor’, and ‘nurse’: “doctor — man + woman
= nurse” (Buonocore, 2019). Wang et al. have argued that in cases like word embeddings,
adding a de-biasing step prior to the model training might be the best first step towards fair

recommendation (Wang et al., 2023, p. 7) .

2.6.2. In-processing

Nandy et al. states that “[i]n-processing (also known as training-time) mitigation methods
modify the model training objective to incorporate fairness, often by adding constraints or
regularization penalties® (Nandy et al., 2022, p. 715). Mehrabi et al. add onto this definition
stating that they furthermore ,,try to modify and change state-of-the-art learning algorithms to
remove discrimination during the model training process* (Mehrabi et al., 2021, p. 14) and that
this can be done whenever the strategy has access to the learning procedure of a machine
learning itself, “either by incorporating changes into the objective function or imposing a
constraint®. [ibid.] The dominant idea behind in-processing strategies according to Caton &

Haas is that they

“recognize that modeling techniques often become biased by dominant features, other distributional
effects, or try to find a balance between multiple model objectives, for example having a model which is
both accurate and fair. In-processing approaches tackle this by often incorporating one or more fairness
metrics into the model optimization functions in a bid to converge towards a model parameterization that
maximizes performance and fairness.* (Caton & Haas, 2023, p. 5)
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2.6.3. Post-processing

Post-processing techniques are described by Nandy et al. as methods which “transform model
scores to ensure fairness according to a provided definition. Post-processing methods learn
(protected-attribute-specific) transformations of model scores to achieve fairness objectives
[...].” (Nandy et al., 2022, p. 715) Mehrabi et al. furthermore state that this strategy allows for
fairness to be upheld even in cases where the strategy cannot access the training data or the

model itself:

“If the algorithm can only treat the learned model as a black box without any ability to modify the training
data or learning algorithm, then only post-processing can be used in which the labels assigned by the
black-box model initially get reassigned based on a function during the post-processing phase [...].
(Mehrabi et al., 2021)

Caton & Haas explain that post-processing techniques are based on the idea that it is the output,
specifically, which is behaving unfairly with respect to a specific protected variable: “Thus,
post-processing approaches tend to apply transformations to model output to improve
prediction fairness.« (Caton & Haas, 2023, p. 5) Similarly to pre-processing, the fact that only
the predictions are needed in order to apply post-processing bias mitigation strategies allows
for more flexibility. This makes it advantageous “for black-box scenarios where the entire ML

pipeline is not exposed.* (ibid.)

Lastly, Mehrabi et al. state that choosing the most beneficial bias mitigation strategy can be
difficult. However, due to their flexibility, both pre- and post-methods can leverage open
source machine learning libraries, since the model itself does not need to be changed.

Nonetheless, these methods can come with another set of problems:

“modification of the data and/or model output may have legal implications [..] and can mean models are
less interpretable [...], which may be at odds with current data protection legislation with respect to
explainability. Only in-processing approaches can optimize notions of fairness during model training.
Yet, this requires the optimization function to be either accessible, replaceable, and/or modifiable, which
may not always be the case.“ (Mehrabi et al., 2021, p. 5)
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3. Methods

The method of choice for this research paper analysis was Philipp Mayring’s systematic content
analysis. The content of this chapter is mainly based on the book Qualitative content analysis:
theoretical foundation, basic procedures and software solution, which was published by
Mayring in 2014 (Mayring, 2014).

3.1. Historical Context and Epistemological Consequences

Qualitative content analysis is a mixed-method approach, which needs to be contextualized in
the scientific discourse regarding qualitative and quantitative approaches to research. Mayring
describes the debate between these two paradigms as a “Science war” (Mayring, 2014, p. 6),
explaining that qualitative methods have been mobilized by recent scientific developments
which formulated the quantitative method of Randomized Controlled Trials as ,,the only valid
scientific procedure.” (ibid.) This prompted Norman Denzin to publish the qualitative
manifesto A call to arms in 2010, which Mayring described as radically constructivist. Mayring
states that “[i]f not coming from a position of radical constructivism (treating different
positions as equivalent subjective constructions), this situation is extremely unsatisfying for

experienced researchers and newcomers.* (Mayring, 2014, p. 7)

The methodologist argues that there exist convergences in the strict contraposition of the
hermeneutical position, which is a constructivist theory which “tries to understand the meaning
of the text as interaction between the preconceptions of the reader and the intentions of the text
producer (ibid.), and the positivistic position, which “tries to measure, to record and to
quantify overt aspects of the text* (Mayring, 2014, p. 8) while also claiming objectivity in the
results of the analysis. The convergence of these two seemingly contrary belief systems is

explained by Mayring as follows:

“The social constructivist theory formulates the possibility of an agreement between different individual
meaning constructions and allows by that the concept of a socially shared quasi-objective reality. Modern
hermeneutical approaches try to formulate rules of interpretation. By this, the analysis gains objectivity.
On the other hand, positivistic positions had been refined to post-positivism or critical rationalism [...].
Here, only an approximation to reality, accompanied by critical efforts of researchers to falsify
hypotheses, is held to be possible, representing again the notion of an agreement process in talking about
reality instead of a naive copy of reality.* (ibid.)

Additionally, Mayring attributes the reconciliation of these positions to the differentiation of
the research process into different phases. Research can be split into the context of discovery,

in which a researcher defines a research question and develops hypotheses, and a context of
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justification, in which said hypotheses are tested (Hoyningen-Huene, 1987). These two phases
have been later extended by a third period “of deriving praxis consequences from the research
results (context of application)“ (Mayring, 2014, p. 8). According to Mayring, social science
research ought to follow the paradigm of critical theory in the context of discovery as well as
application, whereas a moderate constructivist or post-positivist position should be applied to
the context of justification in order “to guarantee scientific rigor.« (ibid.) Mayring argues that
this mixed-method approach has thereby not lead to the development of a new methodology
per se, but is rather an application of multiple perspectives onto different parts of the research
process, “mainly following a pragmatic theory of science (the methodology is adequate if it

leads to the solution of the research question).* (ibid.)

3.2. Research process

Qualitative Content Analysis owes its methodological basis to Quantitative Content Analysis.
As a mixed-method approach, its aim is to categorize passages of text into categories in a
qualitative-interpretative manner by following quantitative rules of content analysis. In
summary, Qualitative Content Analysis uses qualitative methods by interpreting text and
assigning it into categories, as well as quantitative methods by analyzing the frequencies of

said categories in a text corpus.

The next view sections will describe the research process inspired by Mayring’s basic research

steps and how they were applied in the context of this thesis (Mayring, 2014, p. 10f.).

The first step of research is meant to manifest questions relating to a topic, making the praxis
of the research relevant, potentially leading to hypotheses. It is also used to formulate and
explicate the researcher’s standpoint. While quantitative methodology requires the formulation
of hypotheses in a deductive manner, for qualitative works of research such as explorative
studies (which formulates new categories out of existing material through inductive category
development (Mayring, 2014, p. 12)) this requirement is usually softened since the initial
formulation of hypotheses is not always possible. However, the inherent structure of
researcher-subject-interaction behind qualitative processes generally implies that a standpoint
has been formulated on behalf of the researcher, which Mayring also includes as being a form
of hypothesis (Mayring, 2014, p. 10).
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In the context of this thesis, research questions were formulated based on my background as a
student of the Artificial Intelligence Bachelor program of the Johannes Kepler University in
Linz, as well as through the first sighting of the material corpus. Skimming and accumulating
research literature on the topic of fairness measures and bias mitigation in recommender
systems was the first iteration which lead to the formulation of the following research

questions:

RQ1: How are the concepts of fairness and gender currently defined in recommender system
research?
RQ2: Which biases are most commonly treated and which bias mitigation strategies are

currently the most common in the domain of recommender systems?

Iterative reformulation of research questions within the process of this qualitative content
analysis was necessary in order to make the results of the analysis concrete and relevant to the

research praxis.

3.2.1. Linking Research Questions to Theory

Next, a theoretical approach to answering the previously formulated research questions is
applied. State of the art knowledge is needed to frame research questions and results within an
existing scientific field. Mayring states that “every research process is influenced by (hidden
or formulated) preconceptions and only by linking research to theory a scientific progress is
possible.” (Mayring, 2014, p. 11) The author states that this is especially relevant for the
interpretation of results. Mayring summarizes that this research step includes the “the
formulation of preconceptions in advance and the stepwise modification of those

preconceptions in confrontation with the material* (ibid.).

In the context of this thesis, the theoretical background is based on the field of Critical
Algorithm and Data studies, as it involves exploring technological systems such as
recommender systems from a humanities background. Fundamentally, this work is based on
works directly related to the intersection between Gender Studies and Information Technology.
Literature has been extracted from my subjects in Gender Studies (MA) as well as Artificial
Intelligence (Bsc), and by using both the ACM Digital Library and the u:search platform
provided by the University of Vienna.
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Fairness and bias in recommender systems have been mainly studied from a perspective of bias
mitigation, however, not many prior works of research have dealt with a meta-analysis studying
explicitly the definition of fairness used by these research papers in the first place. Questioning
and analyzing the definition of such a fundamental concept as fairness and bias is essential to

maintain the integrity of research dedicated to the dismantling of oppressive structures.

3.2.2. Definition of the Sample and Sampling Strategy

The sample of a study is the empirical basis of a research project. Sampling can be done through
a variety of sampling strategies. Mayring notes that, most importantly, it is necessary for a
researcher to avoid convenient or “ad-hoc-samples” (Mayring, 2014, p. 12) and that sampling

size and sampling strategy must be justified and described accordingly.

In order to answer the previously formulated research questions, a corpus of recommender
system research papers on the topic of bias mitigation had to be found. The choice of platforms
for the the sampling for this study has been chosen according to diversity in results (as in: how
much do the results overlap with previously tested platforms?) as well as accessibility (are the
research papers readily downloadable in a readable format, i.e. as a PDF-document?) The final
extraction of the material corpus has been done in September of 2023 on the Association for
Computing Machinery Digital Library platform. A trial of several online platforms for research
papers has been conducted prior to this extraction, and the ACM Digital Library resulted in by
far more results than: the Digital Library of the Institute of Electrical and Electronics Engineers
(IEEE), Google Scholar, arXiv, Semantic Scholar, SpringerLink, ScienceDirect,
MicrosoftAcademic, DataBase systems and Logic Programming (DBLP), and JSTOR.
Websites which publish papers on the topic but were mainly dedicated towards conferences
(such as the Conference on Neural Information Processing Systems (NeurlPS), the
International Conference on Machine Learning (ICML), or the Association for Computational
Linguistics (ACL)) were not of interest as they had limited resources compared to the

previously mentioned search engines.

The ACM Digital Library is a research networking platform and literature database containing
a variety of full-text publications on the topic of computing and information technology. At the
time of writing, the ACM full-text collection holds over 724,061 records and the extension to

the ACM Guide to Computing Literature yields 3,624,095 records. The extraction was done by
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extending the search to the ACM Guide to Computing Literature in order to obtain as many

relevant results as possible.

I. Site-specific Filtering Criteria

In order to make the study feasible within the framework of a master thesis, filtering and
expansion criteria had to be formulated in the case that the corpus was too small or too big.
The main site-specific filtering option used on the ACM Digital Library was related to the
accessibility of the document, which meant that only papers which were downloadable in PDF-
format were considered as viable options. Furthermore, the option to only include research
articles was used and other types of texts, such as short papers or abstracts, were excluded via
site-specific filtering options. This was because research papers are more likely to explore the

topic with sufficient depth.

ii. Keywords

The following keywords were used to yield results relevant to the research questions:

e ‘“recommender”
e “bias”

e “mitigation”

e ‘“gender”

e ““fairness”

Only papers which include all five keywords at any point in their content were considered.
Singular terms were used in order to achieve the broadest possible range of results and in order
to not miss any relevant items. The search for these keywords in the ACM Digital Library

yielded 80 results in total.

iii. Further Filtering of the Corpus

During the initial sighting of these research papers, only those with more than ten (> 10) pages
were considered as suitable options since shorter papers are less likely to have an in-depth
examination of the topic. This excluded 12 more research papers, which left 68 documents in

total.
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In this iteration, papers were further excluded based on the content of their abstract. This step
was necessary as the filtering via keywords did not guarantee that the papers in the search result
were relevant with respect to the research questions. Reasons for filtering out papers from the

corpus based on the abstract included:

e Paper’s main subject of interest is not directly related to recommender systems.
e Paper examines topic of interest on a meta-level instead of directly mitigating bias with
mitigation strategies and testing fairness with fairness measures.
o In this case, the research paper was considered as a candidate for the theory
corpus. An example for this is the paper Much Ado About Gender by Pinney et
al. which examines gender definitions in 1AS research papers.

e Paper is a duplicate of another paper.

Lastly, if the corpus included multiple papers by the same author or group of authors, the older
document was excluded from the corpus. The reasoning behind this choice is that it is more
likely for research papers to have similar definitions on fairness, bias and gender when written

by the same author or group of authors.
After these filtering methods have been applied, the final corpus consisted of 24 papers.

Mayring states that Qualitative Content Analysis entails inductively developing categories out
of the material or deductively formulating categories according to a knowledge base. For this
study, a deductive structure was chosen because there already exists a lot of literature in this
field containing structural suggestions regarding fairness metrics, gender categories, and bias

mitigation pipelines. This process of categorization will be described in the following section.

3.2.3. Deductive Category Assignment

In Qualitative Content Analysis, Mayring describes three types of category assessment.
Inductive category formation follows a logic of summarizing text into inductively created
categories, which are summarized from the material itself (Mayring, 2014, p. 79). Explicational
content analysis aims to do the reverse by enriching parts of text with the aid of additional
material explaining them (Mayring, 2014, p. 88). Lastly, deductive (or structuring) category
assignment is what Mayring describes as the “most central” (Mayring, 2014, p. 95) type of
qualitative content analysis. The goal of this analysis is to extract a certain structure from a

given material. For this, categories must be prepared in advance, based on theoretical
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knowledge. Text components are then “addressed by the categories are then extracted from the
material systematically.“ (ibid.) Mayring argues that the following points are especially

important:

“The fundamental structuring dimensions must be exactly determined. They must derive from the
issue/statement of the problem concerned, and must be theoretically based. These structuring dimensions
are then, as a rule, further subdivided, being resolved or split up into individual features or values.
Subsequently, the dimensions and values are brought together to form a category system.* (ibid.)

The type of category assignment chosen for this study was the deductive category assignment.
This is because “deductive category assignment is the adequate procedure if there is relevant
previous research (Mayring, 2014, p. 97) and Critical Algorithm and Data Studies, specifically
in the field of recommender systems, is already an established scientific field. This procedure
is defined as a deductive process since the category system is established before the corpus has
been sighted or coded. This category system is then revised in later steps. Further rephrasing
or adding of categories can happen based on theoretical considerations, however, “categories
are not developped out of the text material like in inductive category formation.« (ibid.) The
iterative revision of the corpus used by this study has, for example, lead to some categories

being omitted or merged, which will be discussed at the end of this chapter.

Without further ado, the three stages of categorization are defined as:

1. Definition of categories: the precise determination of which category a specific piece of

text belongs to.

Mayring bases this process on general psychology and its theories of categorization (Mayring,
2014, p. 37). In this field of study, the processes of learning, memory, and a person’s mental
representation of the world are analyzed. Mayring states that “[c]oncepts are mental
representations of classes of things® (ibid.) and categories are those classes which help
conceptualize the world. He further explains that the most precise approach towards
categorization would be one that ideally uses three main theories of categorization according
to George L. Murphy’s The Big Book of Concepts: (Murphy, 2002)

e The definitional theory states that classification of objects should be based on a set of
sufficient conditions for belonging to a specific category.
e The prototype theory states that for every category there exists a typical example

which illustrates the category. Similar objects can then be categorized in the same class.
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This approach, however, has its limitations since some exemplars of a certain categories
may be less typical than others, which makes delineation difficult.

The decision bound theory states that “categories are defined by their differences to
neighbor categories* (Mayring, 2014, p. 38). According to this logic, an object can be
categorized when it doesn’t fulfil the conditions of a different, albeit similar, category.
The limitation of this approach is that the aspect of mental representation of an object

is undefined.

2. Anchoring examples: Specific passages in text aiding as typical examples to illustrate the

category this piece of text belongs to. This part of Mayring’s procedure directly implements

the prototype theory.

3. Coding rules: In order to make assignment to categories unambiguous, coding rules aid in

the delineation between categories. Similarly, this approach leans on Murphy’s definition of

the decision bound theory.

The following segment will now present the category system as well as describe its definitions

and coding rules in detail.

3.3. Codebook

Fairness measure used

Purpose of category: This category aims to specify which type of fairness measure was

used in the paper, or which fairness measure is proposed as a solution by the paper. The
focus lies on the fairness measure which is actually used and presented in the paper, as
opposed to a fairness measure which might be merely mentioned in the ‘discussion’ or
‘future work’ part of the paper. This is to reduce complexity in the coding process as
well as to stay focused on fairness measures which are addressed in sufficient depth.

Further specifications:

o Wherever possible, the differentiation between °‘singular attributes only’
(marked as ‘singular’) and ‘combinations of attributes possible’ (marked as
‘multiple’) has further been applied in order to assess where the tendency lies
when it comes to the option of including intersectional identities in a paper’s

study on fairness measures.
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o Wherever this information is available, an additional specification ‘U’, ‘P’, or
‘I’ is added to differentiate between user-, provider-, or item-side fairness, or a

combination of those.

0. undefined

Description: The fairness measure was not sufficiently described in the paper or its
definition was omitted entirely.
Example: The paper’s purpose is to introduce a set of biases and bias mitigation

strategies and doesn’t mention any specific fairness measure(s).

1. Individual fairness

Description: Individual fairness is the opposite of group fairness and generally defined
via a similarity metric. It is seemingly independent of protected attributes. The use of
this metric may or may not be due to a ‘fairness through unawareness’ approach, or due
to the aim of maintaining fairness on an individual level via a problem-specific
similarity metric (fairness through awareness).

Coding rules:

o Inorder to be a part of this category, a paper must not use any form of protected
attribute for their fairness measure, as well as no placeholder attributes such as
‘advantaged’ vs. ‘disadvantaged’ groups.

o Additionally, any fairness measure based on group splitting, even if that split
not based on an attribute protected under law (for example, a random group
attribute may be hair color) will not be considered for this category.

Example: The fairness measure proposed by this paper is a new type of individual
fairness, where no specific attributes are mentioned: “To address this issue, in this
paper, first, we define a new notion of individual fairness from the perspective of items,
namely (o, B)-fairness” (Wang & Wang, 2022, p. 1)

2. Group fairness

Description: The paper’s study explicitly mentions protected attributes such as gender,
race, age, or other attributes which are considered as a protected attribute. Alternatively,

the paper mentions placeholder-terms such as ‘protected attribute’ or ‘sensitive
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attribute’. Alternatively, the paper mentions any type of group-split in order to assess
the fairness of the recommender system.

Coding rule: As previously mentioned, protected attributes are well-defined attributes
under law. However, the attributes ‘disadvantaged’ or ‘advantaged’ groups will also be
counted as protected attributes. This is due to the fact that many papers in this context
use the differentiation of ‘advantaged vs. disadvantaged groups’ or ‘majority vs.
minority groups’ as placeholders for actual protected attributes. Those cases will not be
further distinguished from another as it does not matter for the purposes of this study.
Examples:

o In Comprehensive Fair Meta-learned Recommender System, the term ‘sensitive
attributes’ is specifically mentioned in the Discussion-part of the paper: “In the
future, we would like to design fairness metrics for multi-class sensitive
attributes and explore the fairness issues within the combination of multiple
sensitive attributes.” (Wei & He, 2022, p. 1997)

o In Measuring and Mitigating Item Under-Recommendation Bias in
Personalized Ranking Systems, a framework was proposed which aims to
achieve fairness across both individual and group fairness, calling it ‘subgroup
fairness’. Since a group split (as well as the use of protected attributes) is still

involved, this fairness measure will be categorized as a group fairness measure:

“Individual Fairness requires that systems should give similar predictions to individual
users and content generators with similar characteristics, regardless of their differences in
protected sensitive attributes, such as gender, ethnicity, and popularity [...]. Group Fairness
concept focuses on the potential biases against sensitive groups or communities and
emphasizes that all groups should be treated equally [...]. Subgroup Fairness combines the
features of both fairness concepts above and measures whether a fairness constraint holds
over a large set of subgroups [...].“ (Zhu et al., 2020, p. 237)

3. Agnostic / multiple

Description: The fairness measure is explicitly described as flexible or agnostic,
meaning that both individual and group fairness achieved in this context. Some
researchers might choose this method in order to show how a new model of a
recommender system can be proven to make decisions fairly based on multiple fairness
measures. Alternatively, this paper provides an introduction into a multitude of fairness

measures, without focus on either one of them.
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e Coding rule: This category is similar to the “‘undefined’ category, since some papers are
ambiguous when it comes to their choice of fairness measure. However, the main
difference lies in whether the paper does not mention a specific fairness measure
because its focus lies on a different type of method, such as bias mitigation (‘undefined’
fairness measure), or whether it mentions and perhaps describes multiple fairness
measures or groups of fairness measures in a non-hierarchical fashion
(‘flexible/agnostic’ fairness measure). The latter is especially obvious in papers which
use both individual and group fairness measures.

e Examples:

o The paper does not specify specific fairness measures and instead uses broad
terms such as ‘individual’ and/or ‘group fairness’ which implies the possibility
of multiple fairness measures which measure fairness based on user attributes,
for example: “Additionally, we devise the group fairness and individual fairness
criteria with regard to recommendation performance and explanation diversity.*
(Fuetal., 2020, p. 70)

o The paper uses a cluster or a family of fairness measures, such as: ,We
formalize and compare a family of JME-fairness measures that deal with
different types of systemic biases in content exposure from recommender
systems.* (Wu et al., 2022, p. 704)

e Subcategories:

PA. Statistical Parity

o Description: The fairness measure is (at least in part) based on statistical (or
demographic) parity, which states that the probability output of the
recommender system is independent of the protected attribute.

o Example: The paper states explicitly that it uses (some form of)
statistical/demographic parity, for example: “our analysis of long-term
dynamics of fairness interventions in connection recommender systems begins
by assuming demographic parity of exposure as fairness measure.” (Akpinar et
al., 2022, p. 23)

OD. Equalized Odds
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Description: The fairness measure is (at least in part) based on equalized odds,
which states that equality must be achieved among only between individuals
whose outcomes are similar (i.e. who have the same probability to be hired, or
not hired).

Example: The paper states explicitly that it uses (some form of) equalized odds
as a fairness measure, for example: “We propose scalable methods for achieving
equality of opportunity and equalized odds in rankings in the presence of
position bias, which commonly plagues data generated from recommender
systems.* (Nandy et al., 2022, p. 1)

OP. Equalized Opportunity

©)

o

Description: The fairness measure is (at least in part) based on equalized
opportunity, which states that only qualified members of each subgroup are
treated with the same probability for a positive outcome (i.e. the probability to
be hired).

Example: See example for category ‘OD. Equalized Odds’ which includes both

metrics.

DI. Disparate Impact

©)

o

Description: The fairness measure is (at least in part) based on disparate impact,
or disparate (mis)treatment, which states the probability of an outcome should
not be different when it comes to the protected attribute of the user, and that
features correlating with the protected attributes must also be taken into account,
since they might unintentionally lead to a disparity of outcomes.

Example: The paper states explicitly that it uses (some form of) disparate impact
as a fairness measure, for example: “With the pair-wise approach we employed
in this work and the (un)fairness metric we will present, female providers
receive 2.9% of the total item relevance (and 2.8% of exposure), being affected
by the disparate impact.*“ (Boratto et al., 2021, p. 424)

CF. Counterfactual Fairness
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o

Description: The fairness measure is (at least in part) based on counterfactual
fairness, counterfactual inference, or any type of counterfactual scenario. This
notion of fairness captures the idea that the fairness of an outcome should be
independent of the protected attribute, and that this can be achieved by creating
a scenario in which the protected attribute is exchanged for a different one.
Fairness, according to this logic, is when the decision remains the same within
the counterfactual and the actual world.

Example: The paper states explicitly that it uses (some form of) counterfactual
fairness as a fairness measure, for example: “As such, we develop a causality-
enhanced User-Controllable Inference (UCI) framework, which can quickly
revise the recommendations based on user controls in the inference stage and
utilize counterfactual inference to mitigate the effect of out-of-date user
representations.« (Wang et al., 2022, p. 1251)

CA. Calibration Fairness

o

o

Description: The fairness measure is (at least in part) based on calibration
fairness, which aims to combat popularity bias, stating that a user’s
recommendations should be related to their interests, which in turn are based on
their ratings. Calibration fairness aims to minimize the gap of how popularity
bias impacts different users.

Example: The paper states explicitly that it uses (some form of) calibration
fairness as a fairness measure, for example: “In addition, we investigate the
underlying relation between user-oriented fairness and user-oriented evaluation
of popularity bias, known as popularity bias calibration fairness [2, 32], i.e., the
degree to which popularity bias impacts users with different levels of interest in

popular items in their profiles. (Rahmani et al., 2022, p. 2756)

OT. Other

o

Description: The fairness measure is based on another fairness measure which
is a function that was not mentioned in the category system so far. The papers
in this category are the ones which either provide a completely novel fairness

measure, or the ones which use a domain-specific fairness measure.
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o Example: In Protected attribute guided representation learning for bias
mitigation in limited data, the authors test their models via a bias score function
which “will denote whether the model prediction is biased towards any
protected attribute value.” (Mazumder & Singh, 2022, p. 10)

Framing of source of discrimination

e Purpose of category: This category aims to capture the way in which discrimination is

framed within the research paper in order to ascertain which discursive frames are

prioritized over others.
0. undefined

e Description: The paper does not frame discrimination in any discernable or specific
way. Alternatively, the paper does not discuss discrimination to a sufficient degree or
omits mentioning discrimination entirely.

e Examples:

o The term ‘discrimination’ does not appear in the text.
o Bias in this paper is framed as something to be mitigated, but its source is not

discussed in sufficient depth.

1. lack of inclusion

e Description: The paper frames the existence of discrimination as the result of exclusive
data pools.

e Example: The introductory section contextualizes the bias mitigation strategy, which is
a method aimed at combatting bias due to sparse or unbalanced data. In this section, it
framed as if bias is the result of said faulty data as opposed to systemic power relations
or other reasons. The bias mitigation strategy therefore entails duplicating or

normalizing data in a way to combat the unbalance.

2. bad actors

e Description: The paper blames the source of discrimination on ‘bad actors’ in a similar

fashion as Anna Hoffmann has described it in this theory subchapter.
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Example: The paper explicitly ascribes the cause of bias to be based on ‘bad’ algorithms
and/or ‘bad’ data, for example: “System-caused bias, which we can also nhame model-
intrinsic bias, occurs during the training and deployment of recommender systems. It is
caused by unfair data or inducted by the model itself.” (Masri & Assi, 2014, p. 2711)

3. unconscious bias

Description: Discrimination is framed as being the result of an unconscious or
unintentional cognitive process.

Example: Terms such as ‘unintentional’ are used when describing the source of bias,
for example: “Prior work showed that certain minority groups of providers,
characterized by a common sensitive attribute (e.g., gender or race), are being
disproportionately affected by indirect and unintentional discrimination™ (Boratto et al.,
2021, p. 421)

4. issue of distribution

Description: Discrimination is framed as being the result of an unbalance in the
distribution of goods, rights, opportunities, and resources.

Example: The authors of the paper ascribe the source of bias to be an unbalanced
distribution of goods, rights, opportunities, and/or resources, and addressing them

entails a form of redistribution.

5. systemic issue

Description: Discrimination is explicitly described or defined as a systemic issue,
rooted in complex socio-economic dynamics.

Example: The paper mentions systems of power as being the source of bias in data, for
example: “The problem of how individual or groups of items may be systemically under
or over exposed to groups of users, or even all users, has received relatively less
attention.” (Wu et al., 2022, p. 703)

6. superiority of computer systems over humans
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Description: Discrimination is framed as being due to the irrationality of humans, who
are deemed to be naturally more biased, whereas computer systems are inherently less
biased and more ‘objective’.

Example: Bias is largely framed as human bias, for example: ,,human bias refers to the
systematic deviations of human behavior from the predictions of rational normative
models. In contrast to the assumptions of many simulated user models, people are
boundedly rational and their decisions are often affected by a series of biases and mental
shortcuts* (Liu, 2023, p. 236).

Gender definition used / proposed

This category aims to capture if and how gender is mentioned and framed in the context
of the given research paper.

Further specification: Wherever applicable, it is differentiated between definitions of

gender used and definitions of gender proposed by the paper. This is order to ascertain
whether there are papers who make this distinction, for example by proposing to use

gender as a non-binary variable despite using it as a binary variable in their experiment.

0. undefined:

Description: This paper doesn't mention or define gender (to a notable degree).
Alternatively, this category is not applicable.
Examples:
o The paper does not use gender as a variable, therefore there is no definition of
gender.
o The paper mentions gender as a variable but does not provide any further

specifications.

1. gender is addressed

Description: This paper explicitly or implicitly addresses gender as a variable and

describes its use-case to a sufficient degree.

Subcategories:
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1.1. binary

e Description: Gender is defined as a binary variable.

e Example: Gender is defined as a binary variable, which may or may not be ‘male’
and ‘female’: ““To construct user groups, we split MovieLens users into two groups
by gender.” (Liu et al., 2023, p. 16)

e Coding rule: To delineate this category from the ‘undefined’ category, any set of
binary variables count as a binary definition of gender, even if they are not ‘male’
and ‘female’. For example, in Fairness metrics and bias mitigation strategies for
rating predictions, gender is defined as one possible variable substituting the

‘advantaged’ and ‘disadvantaged’ groups (Ashokan & Haas, 2021).

1.2. non-binary

e Description: Gender is defined as a non-binary variable.
e Example: Gender is defined in a multi-variable fashion, which may or may not be
‘male’, ‘female’ and ‘other’/’do not want to disclose’/’non-binary’ and so on. For

example:

“Our simulation framework allowed us to evaluate the algorithms over attributes with up to 10
values (e.g., <gender, age group> which could assume 9 values with three gender values (male,
female, and other/unknown) and three age groups), and also study the effect of varying the
number of possible attribute values.“ (Geyik et al., 2019, p. 2225)

Type of bias treated

e Purpose of category: This category aims to capture which type of bias was treated by the

given research paper.

0. undefined

e Description: The paper does not treat bias or does not define the type of bias treated to
sufficient depth. Alternatively, the paper provides novel fairness testing approaches
which aim to treat multiple forms of bias (often claimed to be ‘general’ or ‘universal’)
in order to adapt them to a new system. Similarly, when a research paper is more like a
summary of biases which can appear in specific contexts, it will also fall into this

category.

e Examples:
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o The term ‘bias’ does not appear in the text.

o The paper focusses on topics other than bias mitigation, such as fairness

measures, and therefore does not provide a description or definition of bias.
The paper’s provides descriptions of multiple bias types, but its main focus lies
on proposing a new approach towards fairness testing for a new system, such as
deep recommender systems: “Fairness testing of deep learning models is an
emerging research area in software engineering that aims to expose multiple
kinds of fairness issues of a deep learning model, e.g., individual discrimination
[...], group disparity [...], etc. [...] In this work, we propose FairRec, a novel
unified fairness testing framework specifically designed for DRSs to address
the above challenges.* (Guo et al., 2023, p. 311)

The paper introduces multiple biases which can appear in a specific type of
recommender system, such as in Biases in scholarly recommender systems:

impact, prevalence, and mitigation (Farber et al., 2023).

. Data Generation bias

Description: The type of bias which is treated in the given paper stems from issues during

the data generation process, before any model building has occurred.

Coding rule: Multiple bias types may be mitigated in one research paper. This means more

than one subcategory may be denoted for each document.

Subcategories:

1.1. Historical bias

Description: The paper aims to mitigate bias caused by systemic societal power
structures. This means bias which occurs “even if data is perfectly measured and
sampled, if the world as it is or was leads to a model that produces harmful
outcomes. (Suresh & Guttag, 2021, p. 4)

Example: The authors explicitly or implicitly state that the bias to mitigate is, first
and foremost, caused by socio-economic issues embedded in history. For example:
“Specifically, we consider group attributes for both types of stake-holders to
identify and mitigate fairness concerns that go beyond individual users and items

towards more systemic biases in recommendation.” (Wu et al., 2022, p. 703)
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1.2. Representation bias

Description: The paper aims to mitigate representation bias, such as training data
being highly skewed and under-representing a specific demographic, subsequently
failing to generalize the model for a subset of the population.

Coding rule: This subcategory also includes bias that is created due to data sparsity
due to inactive users, which typically results in a lack of recommendation diversity.
Generally, any type of bias (even if not explicitly referred to as ‘representation bias’
in the research paper) which is caused by missing training data, for any reason, will

be put into this category.
Examples:

o The authors explicitly or implicitly state that the bias to be mitigated in their
research paper is bias caused by a skewed representation of certain user groups
in the dataset. For example: “This allows for a flexible creation of synthetic data
which represents different biases. Specifically, we consider the following
scenario. The user population is skewed in the sense that 40% belong to type
W, 10% to type WS, 40% to type MS, and 10% to type M.” (Ashokan & Haas,
2021, p. 12)

o The authors explain that the underlying cause for the bias is missing training
data, for example: “We show that inactive users may be more susceptible to
receiving unsatisfactory recommendations, due to insufficient training data for
the inactive users, and that their recommendations may be biased by the training
records of more active users, due to the nature of collaborative filtering, which
leads to an unfair treatment by the system. (Fu et al., 2020, p. 69) In this case,
inactive users can be considered as the group which is under-represented in the

dataset.

1.3. Simpson's Paradox

Description: The paper aims to mitigate bias caused by the Simpson’s Paradox,
which occurs when a subset of a dataset shows different statistical trends than the
overall dataset.

Example: The authors explicitly or implicitly state that the bias to mitigate is caused
by the Simpson’s Paradox. For example: “Experiments are conducted on two types
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of real-world datasets—traditional and randomized trial data—and results show that
our framework can im- prove the recommendation performance and reduce the

Simpson’s paradox problem of many CF algorithms.* (Xu et al., 2023, p. 235)

2. Model Building bias

e Description: The type of bias which is treated in the given paper stems from issues during
the model building process.

e Subcategories:

2.1. Popularity bias

e Description: The paper aims to mitigate bias caused by the overexposure of popular
items.

e Example: The authors explicitly or implicitly state that the bias to mitigate is caused
by popularity bias. For example: “To address this issue, in this paper, first, we
define a new notion of individual fairness from the perspective of items, namely (a,
B)- fairness, to deal with item popularity bias in recommendations.” (Wang &
Wang, 2022, p. 117)

2.2. Algorithmic bias

e Description: The paper aims to mitigate bias caused by algorithmic bias, which
occurs when bias is added by the algorithm of a recommender system while the
input data is assumed to be unbiased.

e Coding rule: For the purposes of this study, algorithmic bias will mainly be

differentiated from algorithmic bias in two ways:

o Demographic bias is treated by those papers who explicitly mention ways in
which algorithmic bias affects different demographic groups in different ways,
i.e. whose focus is to maintain fairness amongst all demographics.

o Algorithmic bias is treated by those papers who focus more on model-specific
problems than on effects on different demographic groups, additionally to

stating that the training data is assumed to be unbiased.
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e Example: The authors explicitly or implicitly state that the bias to mitigate is caused
by algorithmic bias. For example: “This paper focuses on the detection and
mitigation of algorithmic bias defined through predictive parity for large-scale Al
systems. (DiCiccio et al., 2023, p. 1)

2.3. Demographic bias

e Description: The paper aims to mitigate bias caused by demographic bias, where a
certain demographic in the population is treated differently by the algorithm of the
recommender system

e Coding rule: If it is unclear if the bias type of a given paper belongs to ‘demographic
bias’ and ‘representation bias’, the category is chosen by which term the authors of
that paper explicitly choose to describe the bias they are trying to mitigate.
Otherwise, further investigation needs to be made in order to ascertain whether the
bias in this context is caused by a skewed dataset or by the algorithm.

e Examples:

o The authors explicitly or implicitly state that the bias to mitigate is caused by
demographic bias, exemplifying it by mentioning how a specific user group
might be affected differently by the algorithm, or by arguing that the bias affects

minority groups in particular:

“If these relevances are biased against the minority group, the recommender system
is unfairly giving minority items less chance of being ranked high. Given its connection
with the final ranking, relevance is thus an internal algorithmic asset to be allocated to
provider groups, and not just a property of user—item pairs to be estimated.“ (Boratto
etal., 2021, p. 422)

o The paper addresses the cold start problem in recommendation. This is usually
mitigated by using user attributes (such as sensitive attributes) in order to make
baseline predictions. However, these predictions typically result in stereotyping.
Therefore, the type of bias being mitigated in this context would be

demographic bias.
3. Deployment and User Interaction

e Description: The type of bias which is treated in the given paper stems from issues during
the deployment and user interaction phase of the recommender system building process.
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Subcategories:

3.1. Social bias

Description: The paper aims to mitigate bias caused by social bias, more
specifically, by users being influenced by the judgement of others.

Example: The authors explicitly or implicitly state that the bias to mitigate is caused
by social bias. For example, one paper aims to mitigate biased behavior influenced
by self-efficacy: “In terms of overcoming gender bias in career decisions, the most
commonly cited interventions include the availability of role models in the same
social circle, especially same sex role models for women [...]. Encouragement from
friends and family [...] also improves self-efficacy. (Wang et al., 2023, p. 5) The
authors furthermore aimed at mitigating social bias by using surveys: “We
conducted a follow-up survey to gain additional insights into the efectiveness of
various design options that can help participants to overcome their own biases*
(Wang et al., 2023, p. 1).

3.2. Interaction bias

Description: The paper aims to mitigate bias caused by interaction bias, which
occurs due to interaction differences between users and a recommender system.
Coding rule: Although similar, interaction bias will not be merged with the category
‘Filter bubbles’. Interaction bias encompasses a variety of cultural and cognitive
biases and are connected to the direct interaction of a user with a platform (clicking,
hovering, lingering, etc.). Filter bubbles is a more specific (albeit different) category
of biases which highlights the personalization aspect of recommender algorithms.
Example: The authors explicitly or implicitly state that the bias to mitigate is caused
by interaction bias. For example: “Within the framework, we also analyze the
interactions between human and system biases in search and recommendation
episodes.* (Liu, 2023, p. 236)

3.3. Ranking bias

Description: The paper aims to mitigate bias caused by ranking bias, which is
caused by higher-ranked items being clicked on more often than others.
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e Examples:

o

The authors explicitly or implicitly state that the bias to mitigate is caused by
ranking bias, mentioning exposure and/or visibility as important factors in the
context of ranking. For example: “We provide measures of fairness that allow
us to assess the exposure of users of different groups in the ranking and propose
a re-ranking algorithm to guarantee a fair exposure.« (Boratto et al., 2022, p.
839)

The authors use the term ‘position bias’ referring to the position of the item in
a rank: “We formally extend the definitions of equality of opportunity and
equalized odds from the binary classification [...] to the ranking context,
provide a causal interpretation of the equalized odds condition [...], and provide
scalable post-processing techniques for mitigation of bias identified through
these definitions, which has not been addressed by previous literature on
fairness in ranking. We also explicitly handle the position bias issue and suggest
simple mechanisms for controlling the fairness versus performance trade-off.”
(Nandy et al., 2022, p. 716)

3.4. Filter bubbles

e Description: The paper aims to mitigate bias caused by filter bubbles, i.e. the

intellectual and social fragmentation and isolation of users on internet platforms.

e Example: The authors explicitly or implicitly state that the bias to mitigate is caused

by filter bubbles, or frame the underlying issue as being due to personalized

algorithms. For example: “This work proposes a new recommender prototype

called User-Controllable Recommender System (UCRS), which enables users to

actively control the mitigation of filter bubbles. (Wang et al., 2022, p. 1251)

Bias mitigation method type

e Purpose of category: This category aims to capture which type of method was used,

proposed, or investigated, in order to mitigate a specific type of bias.

0. Undefined
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Description: The paper does not define a specific bias mitigation method to sufficient
depth.
Example: The paper focusses on topics other than bias mitigation, such as fairness

metrics, and therefore does not provide a bias mitigation method.

1. Pre-processing

Description: The paper’s used or proposed bias mitigation method is a pre-processing
method, which transforms the training data and therefore aims to remove the underlying
cause of discrimination.

Example: The authors state explicitly or implicitly that their bias mitigation method is
a pre-processing method or that training data has been altered in a pre-processing step
before being passed to the recommender system. For example, Wang et al. use a pre-
processing step by altering the word embedding of a dataset: “To gender-debias the
recommendation, we add a de-biasing step prior to applying logistic regression. Our
debiasing approach adapts the work on attenuating bias in word vectors [...]. Since
traditional word embeddings are usually trained on massive text data, they inherit some

of the human racial and gender biases from the data“ (Wang et al., 2023, p. 7).

2. In-processing

Description: The paper’s used or proposed bias mitigation method is an in-processing
method, which either adds to the existing algorithm or changes the algorithm of the
recommender system itself in order to produce a fairer outcome.

Example: The authors state explicitly or implicitly that their bias mitigation method is
an in-processing method, which usually means that an algorithm or a set of algorithms
were proposed in order to enhance an existing recommender system. Any type of
proposed machine learning model generally points towards an in-processing procedure,
for example: “Next we propose a novel debiased personalized ranking model
incorporating adversarial learning to augment the proposed bias metrics.” (Zhu et al.,
2020, p. 458)
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3. Post-processing

e Description: The paper’s used or proposed bias mitigation method is a post-processing
method, which is implemented after the model has already been trained.
e Example: The authors state explicitly or implicitly that their bias mitigation method is

a post-processing method, for example by involving some sort of re-ranking strategy:

“We observe disparities that favor the most represented groups. We overcome these phenomena by
introducing equity with a re-ranking approach that regulates the share of recommendations given to
the items produced in a continent (visibility) and the positions in which items are ranked in the
recommendation list (exposure), with a negligible loss in effectiveness, thus controlling fairness of

providers coming from different continents.« (Gémez, Boratto, et al., 2022, p. 1)

4. Multiple bias mitigation methods used

e Description: The paper’s useS Or proposes a combination of pre-, in-, and/or post-
processing methods.
e Examples:
o The authors introduce and explain a multitude of bias mitigation methods.
o The authors propose a bias mitigation method which includes the possibility to

implement it in an in-, and post-processing fashion, depending on use-case.

Omitted and merged categories

The iterative revision of the deductive category system has lead to some categories being
merged or omitted in order to reduce complexity as well as the amount of redundant
information conveyed by the category system. For example, in the category of fairness
measures, the categories ‘DM. Disparate Mistreatment’ and ‘DI. Disparate Impact’ have been
merged into the latter term in order to reduce complexity. For the purposes of this study, the
further differentiation between those two fairness concepts is not necessary, as they are based
on the same logic: features correlating with protected attributes must be taken into account in
order to prevent the unintentional disparity of outcomes. Moreover, several values for the
equality measure category have been deleted, such as treatment equality, general entropy index,
as well as in the bias type category: measurement bias, population bias, sampling bias,
evaluation bias, aggregation bias, omitted variable bias, temporal bias, behavioral bias, content

production bias, linking bias, emergent bias, observer bias, and presentation bias. These
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categories have been omitted because they did not come up in the corpus, and including them
would be arguably too complex. In conclusion, there exist bias types and fairness measures
which have not been included in this study because the aim of this study is to address the types
of fairness measure and bias categories which did come up. Although this will not be discussed
in detail, it is important to acknowledge that the fact that these biases did not appear in the

corpus still yields scientific insight.

4. Results

This chapter will summarize the results of the Deductive Qualitative Content Analysis
conducted on the corpus containing 24 research papers on bias mitigation and fairness metrics

for recommender systems.

4.1. Summary of Main Narrative

First, a summary of the main narrative structure of this master thesis will be provided. In the
theory chapter, multiple terms and concepts were introduced and contextualized in the field of
recommender systems, such as fairness, bias, and gender, as well as fairness measures, bias
mitigation strategies, and stakeholders. These terms will be reiterated shortly and brought into

context with the research questions of this thesis, which are:

RQ1: How are the concepts of fairness and gender currently defined in recommender system
research?
RQ2: Which biases are most commonly treated and which bias mitigation strategies are

currently the most common in the domain of recommender systems?

4.1.1. Fairness, Discrimination, and Gender

Anna Lauren Hoffmann has described in Where Fairness Fails multiple tendencies in the
discourse around fairness and antidiscrimination, which appear to be even more prevalent in
the field of information technology. Taking these tendencies into account, an ideal fairness
framework would be one which...

1. ...situates fairness and discrimination in a broader societal context and is aware of the
structural role of technology. This would combat the common framing of ‘bad actors’
being responsible for unfairness, which blames either individual people, datasets, or
algorithms for a problem which is bigger and more complex than these individual

issues.
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2. ...is intersectional and aware of the conditions which make privilege and advantage
possible in the first place. This would address the single-axis thinking and centering of
disadvantage of current antidiscrimination discourse.

3. ...is aware of and actively concerned with the structuring role of social attitudes and
human dignity. This would attend to the common issue of framing discrimination as

merely a distribution issue.

Moreover, a gender framework which adheres to the suggestions which Os Keyes et al. made
in You Keep Using That Word would be one that decomposes specifically those gendered
aspects which are relevant to their work, and then finds appropriate ways to measure those
aspects. This could include one or more of the following conditions:
o The researchers define their concept of gender and any participants of the study, their
concept of gender is taken into consideration as well.
o The researchers define the role which gender plays in their research.
o The researchers explain who and what is left out and how they are accountable for their
work.
o The researchers inquire into concepts such as masculinity, which may have been

systematically understood as a ‘given’ and thereby ignored.

As a prerequisite, it must be noted that Keyes et al. follow Judith Butler’s notion that the
regulation of gender as a binary structure is based on compulsory heterosexuality. Ignorance is
posed as not just an absence of knowledge, but rather as “an active, socially shaped and
cultivated phenomenon.” (39:9) On that note, those who are left out by the incessant
construction of binary gender structures are those who deal with the consequences of these
structures, more than anyone else. Similarly, Pinney et al. have stated in Much Ado About
Gender that even works of research dedicated to the practice of auditing systems for fairness
ought to have a broader gender concept, since “audits of system behavior that infers gender on
individuals may reproduce harm by guaranteeing that a system works only for individuals who

conform to stereotypical gender presentations or expressions.” (Pinney et al., 2023, p. 276)

Moreover, the categorization of gender into reductive labels can be seen as instances of data
violence, as has been described by Hoffmann. Lastly, the way in which discrimination is
framed matters on a discursive level. Hoffmann also coined the terms discursive violence,

which captures the notion of why ideas about gender, fairness, and discrimination matter, and
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why the discourse around it is anything but harmless. Violence can be discharged not just
materially but discursively as well, perpetuating norms and ways of being, making the

condition of othering possible.

4.1.2. Biases and Bias Mitigation Strategies
In order to address the second research question, various biases in the field of recommender
system and bias mitigation techniques were discussed. In 1996, Friedman and Nissenbaum
have categorized biases in computer systems into:
1. pre-existing bias, which represents every bias that existed before implementation,
2. technical bias, which arises from the way in which technical structures are inherently
built, as well as

3. emergent bias, which arises during the process of using the computer system.

In order to discern which biases are the most relevant in the context of recommender systems
another categorization has been made based on the summary provided by Ashokan and Haas
in Fairness metrics and bias mitigation strategies for rating predictions (Ashokan & Haas,
2021). In this paper, biases were categorized into different pipelines of the recommender
system building process: data generation, model building, as well as deployment and user
interaction. The biases included in these pipelines were selected during the first iterations of
viewing the corpus in order to reduce complexity, as the original list by the authors consisted
of 21 bias types (Ashokan & Haas, 2021, p. 4). The selected biases have been discussed in the
theory chapter, and they have a wide range of effects and causes. Lastly, bias mitigation types

have been categorized into pre-, in-, and post-processing techniques.

4.2. Frequencies Assessed

The following nested list displays the frequencies of each category as well as their
subcategories and specifications. Note that some of the categories allow the option of papers
belonging to different subcategories and multiple specifications at once. Additionally, for
purposes of transparency, a full table with all category values has been provided in the
appendix. Graphs have been provided for each category in order to visualize the frequencies of

each subcategory or attribute.

Fairness measure

Multiple categories allowed: yes
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e (0. undefined: 0

1. individual fairness: 1

e 2. group fairness: 17

e 3. agnostic/flexible: 6

Freguency

o
N

Frequency

25 4

0.0

Fig. 1: Frequencies of attributes in category “fairness measure”

5 B

=]
L

o PA statistical parity: 5
o OD equalized odds: 2
o OP. equalized opportunity: 4
o Dl disparate impact: 4
o CF counterfactual fairness: 3
o CA. calibration fairness: 1
o OT. other: 4
= U: user-side: 18
= P:provider-side: 5
= U+P: user- and provider-side: 2
= |:item-side: 2
= singular. singular attributes only: 13
= multiple. multiple attributes possible: 5
Frequencies of attributes in category "faimess measure"
Attributes ['1', '2', '3'] Attributes ['singular', 'multiple’]
2
1]
2 3 1 singular multiple
Attributes ['U', 'P*, 'I'] Attributes ['OT", 'DI', 'CA', 'CF'", 'PA']
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framing of source of discrimination

Multiple categories allowed: no
e 0. undefined: 11

e 1. lack of inclusion: O

e 2. bad actors: 9

e 3. unconscious bias: 1

e 4. issue of distribution: 0

e 5. systemic issue: 2

e 6. superiority of computer systems over humans: 1

Frequencies in category “framing of source of discrimination”

3

5

Fig. 2: Frequencies in category “framing of source of discrimination”



gender definition: used vs. proposed

Multiple categories allowed: no
e 0. undefined: 9
e 1.1 binary: 14
o proposed non-binary framework in the future: 1

e 1.2 non-binary: 2

Frequencies in category "gender definition™

Fig. 3: Frequencies in category “gender definition”
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type of bias treated

Multiple categories allowed: yes
e 0. undefined: 2
e (data generation biases: 9
o 1.1 historical bias: 4
o 1.2. representational bias: 4
o 1.3 simpson's paradox: 1
e model building biases - 13
o 2.1. popularity bias: 4
o 2.2.algorithmic bias: 3
o 2.3. demographic bias: 6
e deployment and user interaction - 5
o 3.1.social bias: 1
o 3.2.interaction bias: 1
o 3.3.ranking bias: 2
o 3.4 filter bubbles: 1

Frequencies in category "type of bias treated”

iz 3l

11

13 21

Fig. 4: Frequencies in category “type of bias treated”



bias mitigation method type

Multiple categories allowed: no
e 0. undefined: 1
e 1. pre-processing: 1
e 2. in-processing: 9
e 3. post-processing: 8
e 4. multiple: 5

o both in- and post-processing: 3

Fraquencies in category "bias mitigation pipeling"

4

479 20.8%

4.2%

37 5% 33.3%

Fig 5: Frequencies in category “bias mitigation pipeline”

4.3. Secondary results

Fairness measures

The list of frequencies shows that in terms of stakeholders, the vast majority of research papers
(75%) focus on user-side fairness. Item-side fairness was only included in 2 out of the 24 papers
(8,33%). Provider fairness was addressed in 20,83% of the papers. Note that a paper may focus
on fairness with respect to multiple stakeholders, which also happened in 2 cases (8,33%) and
both papers were focused on user as well as provider fairness. For example, Wu et. al consider
both users and providers as stakeholders when it comes to the fairness measure they used,
extending on an already existing framework which was only focused on user fairness: “We

extend their proposed framework to formalize a family of exposure fairness metrics that model
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the problem jointly from the perspective of both the consumers and producers.© (Wu et al.,
2022, p. 703)

The papers whose fairness measures consisted of some sort of group split based on an attribute
value were denoted with a specification regarding whether it is possible for one user, item or
provider to belong to multiple protected attribute groups at once. 72,22% of the aforementioned

research paper subgroup allowed only singular attributes.

When it comes to specific types of fairness metrics, statistical parity was the most popular with
20,83% of all research papers in the corpus including some variation of statistical parity in their
fairness measure. However, equalized opportunity, disparate impact, and the category ‘other
metrics’ appeared in 4 out of 24, or 16,67%, of cases. Overall, the metrics were distributed
relatively evenly, with calibration fairness being the exception since it appeared only once in
the corpus (4,17%).

Framing of source of discrimination

Out of the papers which had some sort of discernable framing of the origin of discrimination,
bad actors (which includes individuals, data, and algorithms) were deemed at fault for
discrimination in 69,23% of cases. Only 2 papers (15,38%) explicitly framed discrimination as
a systemic issue to a sufficient degree. For example, Wu et. al have framed the integration of

both user and provider fairness as an effort to mitigate a systemic issue of unfairness:

“we argue in this work that joint consideration of group attributes on both user-side and item-side allows
us to study other forms of systematic unfairness of social and moral import in recommendation. In this
setting, the choice of group attributes on both sides is an important consideration and must be informed
by historical and social contexts as well as critical scholarship in the area of socioeconomic justice. (Wu
etal., 2022, p. 712)

Gender definition
37,5% of papers did not define gender sufficiently, that is as more than as an option for a

variable.

Type of bias treated

The least attention was given to biases in the deployment and user interaction pipeline
(20,83%). More biases were treated which belonged to the model building pipeline (54,16%)
than the data generation pipeline (37,5%).
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Bias mitigation method type

In- and post-processing techniques were used about the same amount of time, with in-
processing being used 37,5% of the time and post-processing techniques being used a third of
the time (33,33%). This excludes papers which use more than one bias mitigation method type
at once (20,83%). 60% of papers who do use multiple bias mitigation types involve both in-
and post-processing. For example, Ashokan and Haas propose an algorithm which “can be
applied both as an in- processing approach by learning the adjustments during training
procedure and applying them on the separate test data, or as post-processing approach which
directly calculates the necessary adjustments on the test data itself (Ashokan & Haas, 2021,
p. 10).

4.4. Primary results

Fairness measures

17 out of 24 (70,83%) of the papers included a fairness measure based on a group split based
on an attribute value such as gender, race, age, as well as other non-protected attributes
(continent of origin) and placeholder values (majority vs. minority group, advantaged vs.
disadvantaged group, etc.). Only 1 out of 24 papers was explicitly focused on individual
fairness as a fairness measure. Lastly, a quarter of the papers use some sort of agnostic

framework or consider multiple fairness measure types at once.

Framing of source of discrimination
Only 8,33% of research papers in the corpus explicitly define discrimination as a systemic
issue. It is to be noted that almost half of the papers (45,83%) do not address the origin of

discrimination to a sufficient degree in the first place.

Gender definition

Gender has been defined as a binary variable in 54,2% of cases where it was addressed to a
sufficient degree. One of the papers using a binary gender variable proposed to include a non-
binary gender structure in future work. Boratto et. al explained that their dataset was binary,
but that their proposed framework could still be applied to a non-binary gender setting in the

future:

,EXperiments were based on a binary gender construct, with datasets providing only two genders, ,male‘
and ,female‘. Despite we had actually no chance of considering ‘non-binary* constructs, our formulation
can be still applied to attributes with more than two genders. We remind readers to (Hamidi et al. 2018)
for consideration on the possible consequences of gender inference.« (Boratto et al., 2021, p. 446)
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Type of bias treated
The biases treated mostly belong to the model building pipeline category (54,17%). Out of
those papers, 46,15% dealt with demographic bias as one of the main biases treated by their

bias mitigation strategy.
Bias mitigation method type

Only 1 out of 24 papers (4,16%) included a pre-processing step as their main bias mitigation

strategy.
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5. Discussion

5.1. Interpretation and connection to current state of research

This section will provide the interpretative work based on the results of the qualitative content
analysis for each of the chosen dimensions respectively. It will furthermore tie in the results of
the study with the current state of research and provide thoughts on the fairness-accuracy trade-
off.

5.1.1. Fairness Measures

The primary results show that the main focus of the research in recommender system fairness
lies on group fairness measures. Also, more research papers included agnostic frameworks than
individual fairness based fairness measures. This can be interpreted as researchers aiming to
acknowledge unfairness with respect to protected groups, as opposed to the ‘fairness through
unawareness’ approach which some instances of individual fairness fall under. This would
connect with the current state of research as it represents the notion that fairness measures
which bypass protected attributes allow for correlating attributes to manifest, resulting in
unintentional discrimination (Apfelbaum et al., 2010, p. 907). It is to be noted that the one
paper denoted as purely individual fairness based was categorized as ‘1.I°, or ‘individual item
fairness’. This might be due to the idea that, intuitively, items to be recommended don’t seem
to have protected attributes in the traditional sense, i.e. a characteristic of a person which is
protected under law. However, as Zhu et al. have noted, political ideology could be considered
a protected attribute of an item such as the news which can be recommended to a user (Zhu et
al., 2020, p. 452).

As the secondary results have shown, research in the field of recommender system fairness is
mostly focused on user-side fairness. Provider fairness is only considered in 20,83% cases, and
fairness on item-side was only featured twice in the corpus (8,33%). This might have many
reasons. First of all, there might be systematic reasons for why fairness on user-side is deemed
as a more urgent or serious problem than fairness on the side of providers on recommender
platforms. More specifically, it might capture the neoliberal notion that providers on a platform
are competing against each other, and therefore, not much intervention is needed in order to
assert fairness amongst providers. The second reason as to why provider and item fairness are
underrepresented in this field of research has been previously mentioned: A one-to-one

mapping between an item and the individual who provides that item is not possible in most
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cases, and an item might be mapped to more than one provider, which makes the representation
of the providers’ protected attribute(s) more difficult (Boratto et al., 2021, p. 426).

Furthermore, it remains to be discussed how the results of the study regarding fairness measures
compare with the fairness definition derived by Hoffmann’s Where Fairness Fails. The strong
tendency towards using single-attribute-variables when it comes to group fairness measures
indicates that the current state of research is far away from an intersectional approach, as has
been advocated by Hoffmann, which would be ideally aware of the conditions which make
privilege and advantage possible, as opposed to centering disadvantage. The latter seems to be
especially apparent in the common usage of not using protected attributes directly, but using
placeholder group titles such as ‘disadvantaged’ vs. ‘advantaged’ group instead. It is worth
reiterating that even the use of multiple attributes would not fully account for what Hoffman
would deem an ‘intersectional approach’, since “[i]ntersectionality is not a matter of randomly
combining infinite variables to see what ,disadvantages® fall out; rather, it is about mapping

the production and contingency of social categories.* (Hoffmann, 2019, p. 906)

As for the concrete group fairness metrics, statistical or demographic parity was the most
common. Although not being easily compatible with the use of multiple attributes at once, and
despite its tendency to put individual fairness at stake for the sake of group fairness, statistical
parity remains as one of the most standard fairness metric. The same seems to be true for
equalized odds and equalized opportunity, which are stricter versions of statistical parity. This
might be due to the fact that equalized odds and opportunity are considered as relatively ‘non-
interventionalist” approaches (MIT, 2020). Why, how and when a measure of fairness ought to
‘intervene”’ is a complex and context-specific question which shall be left to be discussed in
future work, as it would exceed the frame of this master thesis. Furthermore, Castelnovo et al.
have described that the issue with statistical parity is that it does not account for the reasoning
behind why some distributions are shaped the way that they are, asking “if it is true that women
repay their loans with higher probability, is it really fair to have demographic parity between
men and women?* (Castelnovo et al., 2022, p. 7) Tracing and contextualizing bias seems to

remain a difficult problem in recommender system fairness research.

Lastly, the reasoning behind why calibration fairness was only featured once (4,17%) in the
corpus will be attributed to the fact that its main purpose is to combat one specific type of bias,

which is popularity bias (Abdollahpouri et al., 2019).
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5.1.2. Framing of Source of Discrimination

The primary results of this analysis show that for almost half of the research papers (45,83%),
the topic of discrimination was not directly mentioned or addressed in depth, and only 8,33%
defined the origins of discrimination as a systemic issue. These results reflect the tendency of
leaving an in-depth discussion of the origin of biases in data, algorithms, and user interaction
untouched, as has been discussed by Hoffmann. This can also bee seen as an instance of the
phenomenon Sara Hooker has described in Moving beyond ‘algorithmic bias is a data problem’
of researchers in the field of computer science chronically diffusing the origin of bias, labeling

it as ‘somebody else’s problem.’

The secondary results show that amongst those papers which did discuss the source of
discrimination, most framed biased ‘actors’ at being at fault for the bias they treat. As
previously discussed, Hoffmann criticizes this approach for a multitude of reasons: First, it
frames discrimination in narrow cause-and-effect terms, blaming individual ‘misguided’ actors
instead of positioning it in a societal context. Secondly, it therefore aims to cure individual
actors (such as individuals, data, or algorithms) of its biased tendencies instead of addressing
all contributing factors which have lead to this act of discrimination. In summary, this approach

fails to admit to the structuring role of technology within society.

Interestingly, there were no papers which were categorized as framing the source of
discrimination as due to ‘lack of inclusion’ or as an ‘issue of distribution’. This might be due
to the fact that, since almost half of the papers in the corpus did not address discrimination to
a sufficient degree, the discussion of discrimination in these papers was shallow in general.
Alternatively, this could be interpreted as having categories which were not as well-defined as
previously anticipated. The ‘get more data to be more inclusive’ approach generally did not
come up in a literal sense in the 16,66% of papers which aim to mitigate representational bias,
i.e. bias caused by skewed datasets. This is reflected in the fact that those papers chose to
mitigate representational bias mostly by a post-processing approach such as re-ranking, or via
an in-processing strategy, or both. As for the ‘issue of distribution’ framing, it was not
suggested by any of the papers that the redistribution of resources would be the solution against
bias and discrimination. This might be due to the fact that this is a generally hard problem to

address as well as solve on a technical level, in the field of computer science.
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5.1.3. Gender Definition

The main results of the quantitative content analysis have shown that in the majority of cases
(54,2%), gender is defined as a binary variable, where one of those papers proposed to include
a broader gender definition in the future. The tendency towards declaring gender as a binary
variable reflects a normative concept of gender which is performatively reconstructed and
regulated with each paper in this category. To reiterate, this performative act is what creates
“[g]ender reality” (Butler, 1990, p. 278) according to Butler, which is “real only to the extent
that it is performed. (ibid.) Moreover, the lack of engagement with gender and homogenous
usage of a binary gender definition hints less towards a perspective which Keyes et al.
described, which would involve gender multiplicity, and more towards what they called a
practice which treats gender variations as “second-order phenomena” (Keyes et al., 2021, p.
8). That being said, one of the papers which fell into the ‘non-binary gender definition’ category
was When Biased Humans Meet Debiased Al: A Case Study in College Major
Recommendation, which had a gender framing involving the options of ‘male’, ‘female’, ‘non-
binary’, and an opt-out option for individuals who chose not to disclose their gender. It is to be
noted that, although this was not included in the category system, this text was the only research
paper involving a qualitative survey. This might be because quantitative research in computer
science tends to be less likely to be guided by the principles of gender multiplicity. Research
in recommender system fairness requires datasets, and in many cases, those datasets are
standard public datasets. In some of the papers, such as Causal Collaborative Filtering, it has
briefly come up that gender is defined as binary because that is how the dataset defines it.
However, these cases exemplify exactly what Keyes et al. described as the construction of

gender variation as a second-order phenomenon.

As the secondary results have shown, 37,5% of papers did not define gender sufficiently. This
category seems to be positively correlated with not defining a ‘source of discrimination’, as
more than half of those papers who did not define gender beyond a variable (55,56%) also did
not go into a deeper discussion about discrimination, bias, and their origins. This would further
tie into the notion that, overall, fairness remains to be a discursively shallow topic in the field
of recommender system research. Three notions are important to reiterate and connect with
these results: First, Hoffmann’s term of discursive violence, which states that violence can be
discursively discharged and result in creating the possibility of othering, such as individuals

who do not fit into the gender binary. Second, Keyes et al.’s idea of ignorance being a social
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phenomenon which is actively and continuously cultivated as opposed to merely a failure to
generate knowledge about gender. And third, Pinney et al. warned about the pitfall of research
dedicated towards system auditing which means well but still reproduce harm by perpetuating
binary notions of gender, ultimately resulting in the system being audited for individuals who

fall within the norm.

5.1.4. Type of Bias Treated

The primary results of the content analysis regarding the dimension of bias types has shown
that recommender system fairness research mostly focuses on biases stemming from the model
building process, mainly demographic bias. Moreover, the data shows that there exists a
tendency towards solving problems caused by algorithms with strategies that affect it directly
within the building or training process, as 53,85% of model building biases are dealt with via
an in-processing technique. Demographic bias is mitigated via a group fairness measure
66,67% of the time. The focus on bias caused by the model itself suggests that ensuring the
fairness of algorithms is (at least slightly) more of an interest in this field than ensuring fairness
on a data-level. This is generally paired with the assumption that in the research paper’s

scenario, the data is already unbiased.

Furthermore, the secondary results show that there seems to be relatively little focus going into
biases that appear after deployment and on the level of user interaction. This could be the result
of post-deployment biases being delegated to a different area of expertise and therefore deemed
as ‘somebody else’s problem’, as has been described by Sara Hooker. When connecting these
results with Hooker’s insights, it appears as if bias in the field of recommender system fairness
is not entirely viewed as a ‘data problem’, and that bias as an ‘algorithm problem’ is becoming

more of a prevalent viewpoint.

5.1.5. Bias Mitigation Pipelines

Interestingly, the primary results of the qualitative content analysis shows that even in cases
where there exists bias in the data, it is more likely for it to be mitigated via an in- or post-
processing strategy than a pre-processing strategy. Similarly, the secondary results show that
even in cases where there was more that one type of bias mitigation strategy, it probably a
combination of in- and post-processing strategies. These results suggest that re-weighting and

re-sampling strategies are not as common as described in Sara Hooker’s article.
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It is furthermore to be noted that the one paper which performed a pre-processing step in order
to debias their recommender system was When Biased Humans Meet Debiased Al: A Case
Study in College Major Recommendation by Chang et al.. In this study, gender bias was
removed from user embeddings as a debiasing step, and then those embeddings were used to
train the recommender model (Wang et al., 2023, p. 8). The survey results of Chang et al.’s
study have shown that even though this pre-processing step preserved both user fairness
through removing gender bias and the accuracy of the recommender system, the participants
of the study preferred the biased recommender system. This ties into a complicated debate
which will be briefly discussed in the last section of the discussion chapter titled the accuracy-

fairness-tradeoff.

5.2. The Fairness-Accuracy Trade-Off

In her article, Sara Hooker mentioned various questions which have come up in recent years in
the context of trade-offs on algorithmic bias, such as: “How does optimizing for compactness
impact robustness and fairness? What about the trade-off between privacy and fairness?
(Hooker, 2021, p. 2) As a form of recommended action, the aim of this chapter is to build upon
these questions and sensitize future researchers in the field of fair recommender systems to the
implications of the fairness-accuracy trade-off. Traditionally, fairness in recommender systems
is thought of as a roadblock to recommender accuracy. Many of the reviewed papers in this
work, including When Biased Humans Meet Debiased Al: A Case Study in College Major
Recommendation, are set on keeping the promise that their “debiased recommender makes
fairer [...] recommendations without sacrificing its accuracy in prediction.« (Wang et al., 2023,
p. 1) However, even in a case where both the biased and debiased system perform similarly in
terms of accuracy, a follow-up survey showed that research participants preferred biased
college major recommendations. Wang et al. conclude that “we cannot fully address the gender

bias issue in Al recommendations without addressing the gender bias in humans.* (ibid.)

First of all, these results pose the question whether the aim of fair recommender systems to
increase fairness while remaining accurate in terms of prediction is productive when placed
into a biased society. Secondly, framing fairness as a counterforce to accuracy inadvertently
conveys the notion of fairness as an afterthought: ‘Accuracy first, fairness second.” This seems
to be especially true when contextualized within a competitive virtual environment where
success is measured in terms of engagement. Given these insights, two movements are urgently

needed: First, as Wang et al. have suggested, explainable Al might help with reconciling
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debiased recommender systems with a biased user base, envisioning “an interactive and
iterative human-Al bias co-training process where Al and humans work together iteratively
and continuously to help correcting the biases in each other.” (Wang et al., 2023, p. 24)
Secondly, there ought to be a discussion around which impacts are prioritized when it comes
to recommender system fairness: is it decreasing bias? Maintaining prediction accuracy?
Gaining public endorsement? Increasing serendipity? Which of these aspects are treated as a

given, which are treated as an afterthought, and why?
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6. Conclusion

The first half of this thesis was dedicated towards introducing multiple theoretical concepts
which can be attributed more broadly to field of Critical Algorithm and Data Studies. Multiple
fairness definitions were introduced (individual fairness, statistical parity, equalized odds and
equalized opportunity, disparate mistreatment and disparate impact, calibration fairness, and
counterfactional fairness) as well as stakeholders which are affected by bias and discrimination
on recommender platforms. In order to provide a context on a discursive level, several notions
and pitfalls of fairness and antidiscrimination discourse in the field of computer science have
been investigated through the work of Hoffmann and Keyes. This was followed by the
introduction of several bias frameworks based on the work of Friedman and Nissenbaum, as
well as machine learning pipelines. Gender definitions were provided with theoretical concepts
by Judith Butler, Keyes et al, and Pinney et al. The last section of the theoretical foundation
was dedicated towards explaining bias mitigation pipelines. This was followed by the
methodological foundation, which explained the research process of Mayring’s qualitative
content analysis and how it was applied to the corpus of 24 samples in recommender system
fairness literature. Based on the results of this study and the subsequent discussion, the next
and final section of this thesis will be dedicated towards explicitly answering the previously

defined research questions.

6.1. Summary of Answers to Research Questions
RQ1: How are the concepts of fairness and gender currently defined in recommender system

research?

Fairness in this field seems to be currently defined mainly in terms of group fairness, whereas
individual fairness by itself is not regarded as relevant. This means that fairness is generally
being measured with respect to groups of certain protected attributes, either explicitly (groups
which hold specific values of gender, age, race, or other attributes) or implicitly (groups which
are categorized as 'advantaged' and ‘disadvantaged’). When it comes to specific fairness
measures, there seems to be no singular popular outlier, as the distribution of fairness measures
was relatively even. A more specific fairness definition would therefore undermine the variety
of measures used in this field. However, variations of statistical parity, equalized odds, and
equalized opportunity were commonly seen, with statistical parity being slightly more common

than the others. Potential issues with that have been discussed, as measures such as statistical
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parity may not fully grasp the origin of bias and its contexts. Lastly, it was shown that in the
vast majority of cases, fairness is seen as user-fairness specifically. Other stakeholders, such as
providers or the items themselves, were rarely considered. This might be due to the difficulty
of mapping providers to their respective protected attributes or due to the complexity of
mapping attributes to multiple providers of a singular item (Boratto et al., 2021, p. 426). It
might also be traced back to the simple concept that providers on a platform are simply not
seen as important stakeholders when compared to users, which can be understood as
representative of providers being historically underrepresented in fairness issues, as has been

mentioned by Gémez et al (Gémez, Shui Zhang, et al., 2022, p. 435).

Gender was, in the majority of cases, defined explicitly as a binary variable, despite some
efforts to acknowledge it as non-binary. Moreover, 37,5% of papers in the corpus did not define
gender in general, that is: gender was defined as an option for a variable, but no further
information was given. Only two papers operationalized the gender variable with more than
two options. This falls into the narrative which Keyes et al. have described in Much Ado About
Gender, which is that gender variations are commonly treated as “second-order phenomena”
(Pinney et al., 2023, p. 8) in computer science. Furthermore, the inability for most fairness
measures to account for multiple protected variables at once shows that recommender system

research struggles to incorporate an intersectional approach.

RQ2: Which biases are most commonly treated and which bias mitigation strategies are

currently the most common in the domain of recommender systems?

Recommender system research is currently mostly focused on biases originating in the model
building pipeline, with biases most commonly falling under the category of demographic bias.
Biases stemming from the data generation and user deployment pipelines are treated less in
comparison. Furthermore, more than half of biases stemming from the model building process
are also being treated with in-processing techniques, and fairness in this regard is most
commonly measured with group fairness measures. Overall, in- and post-processing strategies
are most commonly used in order to mitigate bias, with pre-processing strategies being rarely
considered. The one example where pre-processing was indeed used was in order to de-bias

word embeddings for a college major recommender (Wang et al., 2023).
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When compared to the issues presented by Hoffmann regarding liberal antidiscrimination
discourse in Where Fairness Fails, it seems as if discrimination seems indeed to be not
mentioned in depth on a discursive level, and in those cases where a deeper discussion is
discernable, it is mostly framed in terms of ‘bad actors’, that is to say: the issues of bias are due
to algorithms behaving wrongly and datasets being skewed, as opposed to algorithms and

datasets being embedded within societal power structures.

6.2. Limits

It is worth mentioning that there are multiple limits when it comes to the study conducted in
this master thesis. First, it must be acknowledged that the corpus was small and contained only
24 papers. Although this was done in order to keep the papers limited to the subject matter
(fairness and bias mitigation specifically in the area of recommender system research), a
broader study concerning a wider range of fields might be in order, as was done in Much Ado
About Gender, which was focused on Information Access Systems in general. The size of the
corpus also dictates insights that can be retrieved via quantitative analysis when considering
the Law of Large Numbers. Secondly, the gender dimension could have been analyzed in more
detail, perhaps as detailed as Pinney et al. have done it. To reiterate, the authors recommended
using an inclusive concept of gender in research which is based on a precise documentation of
the gender variable collection process. Using gender variables in the context of auditing
systems for fairness was stated as a positive way to include gender in computer science, as
opposed using gender variables for the sake of gender prediction or gender personalization. A
further investigation into what research goals were present in the corpus containing
recommender system research literature would have been ideal. However, in order to reduce
complexity in this study, the gender dimension was mainly analyzed on the basis of whether
researchers operationalize gender as a binary or as a non-binary feature. Still, it is to be noted
that there are many other aspects of gender definition in research which can be examined, as
has been suggested by Keyes et al. in You Keep Using That Word. Third, it must be
acknowledged that the category of ‘framing of source of discrimination’ was relatively shallow
compared to the other categories, as it was difficult to discern when a paper is engaging in
antidiscrimination discourse ‘to a sufficient degree’. However, it was an attempt to follow
Hoffmann’s understanding of antidiscrimination discourse and its pitfalls. More research
would be needed in the future in order to be able to quantify discursive structures in a more
precise way. Lastly, as I am currently still in the midst of my Bachelor program for Artificial

Intelligence, the framework of fairness metrics introduced in this paper was built upon a
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beginner’s level of understanding. A closer look at fairness measures and their politics would
be needed, as has been suggested by Narayanan (Narayanan, 2019). Castelnovo et al. further
provide a framework towards conceptualizing the nuances of fairness metrics in A clarification
of the nuances in the fairness metrics landscape. A deeper understanding of the intricacies of
this topic might reveal new and more nuanced insights in the field of recommender system

fairness.

6.3. Prospect and Scientific Contribution

It remains to discuss the prospect regarding the development of fairness, bias and gender
concepts in recommender system research. The results have shown that there is still much to
be done in the area of Algorithm Fairness, including the development of robust and thoughtful
fairness measures as well as discussions on the societal context in which bias occurs and the
structuring role of technology in society. Two normative trends seem to be going strong: first,
fairness is most commonly defined as user fairness, and providers (and their respective items,
wherever that term is applicable) are not treated as valuable stakeholders in recommender
system fairness. However, some papers have shown effort in explicitly including providers in
the task of making recommender systems fair. Secondly, treating gender as a binary value
seems to still be the most dominant practice. Nonetheless, in contrast to the study conducted
by Pinney et al., there were two papers which operationalized gender as a variable more than
two values. For example, one of it used the options of ‘male’, ‘“female’, ‘non-binary’, and ‘do
not want to disclose’ (Wang et al., 2023). Since this was done in the context of a qualitative
survey, the question remains if this practice is easily transferable to quantitative methods. It is
to be expected that, as Algorithm Fairness is going continues to grow as an important field of
study in the intersection between computer science and social studies, these matters will be
persistently treated with more urgency — especially as more and more cases arise in which

recommender systems fail to act fairly.

The purpose of this work was to advance knowledge in the area of Algorithm Fairness by
exploring the state of research in the field of fair recommender systems. Any effort within a
thoughtful antidiscrimination discourse must first be based on a solid understanding of how
terms such as fairness or gender are defined in the first place. Furthermore, the explication of
which trends currently exist with respect to bias mitigation has aimed at directing attention
towards which biases and which mitigation strategies might be currently overlooked. This work

was built upon the massive efforts done by Hoffmann, Keyes et al., Pinney et al., Scheuerman
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et al., and many more. It is their efforts, as as well as the aim of this thesis, to highlight the role
which the production of knowledge plays within technological systems, as well as the

importance of acknowledging modes of being which cannot be captured by datafication.
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framing of
source of

index 3 fairness measure discrimination gender definition used type of bias treated  bias mitigation method type

1 3.U. 2 1.1. 1.2. 4(2,3)

2 2.DI.P..singular 2 01.1.;1.2. 3

3 1.l 0 02.1. 4(2,3)

4 2.PA.U.singular 0 0 2.2. 3

5 2.0T. 2 1.1. 2.1. 2

6 2.CA.U+P.singular 2 0 2.1. 3

7 2.PA.U.singular 0 1.1. 2.1. 2

8 2.0T.U.multiple 0 1.1. 04(23)

9 3.U. 2 1.1. 0 4
10 2.DI.P.singular 3 1.1. (proposed: 1.2.) 2.3. 2
11 2.0D+OP.U.singular 0 0 3.3. 3
12 2.DI.P.multiple 0 0 2.3. 3
13 2.CF.U.multiple 0 1.1. 2.3. 2
14 3.U. 0 0 1.2. 3
15 3.U+P. 5 0 1.1. 0
16 3.0D+0P.U.singular 6 0 1.1.;2.3,;3.2. 4
17 2.PA+OP.U.multiple 2 1.1. (proposed: 1.2.) 2.2. 2
18 3.U.singular 51.2. 1.1.;2.3,;3.1. 1
19 2.0T.U.singular 0 1.1. 2.3. 2
20 2.CF.U.singular 2 1.1. 3.4. 2
21 2.PA+Dl.U.singular 0 1.1. 3.3. 3
22 2.U.OT.multiple 2 1.1. 2.2. 3
23 2.CF.U.singular 0 1.1. 1.3. 2
24 2.PA+OP.l.singular 2 1.1. 1.2. 2
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