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Abstract

Jessie J. Smith (PhD, Information Science)

Measuring the Immeasurable: Perspectives on Best Practices When Operationalizing

Machine Learning Fairness for Recommender Systems

Dissertation advised by Dr. Casey Fiesler and Dr. Robin Burke

Incorporating fairness into the design of machine learning (ML) systems is a central com-

ponent of responsible technology design. However, in machine learning, and particularly

within the subdomain of recommendation systems, applying concepts of fairness requires

attention to various stakeholders’ complex and often-conflicting needs. Since fairness is

a socially constructed, theoretical, and context-dependent construct, there are numerous

definitions that span multiple disciplines. Still, it is rare for machine learning researchers

to develop their metrics in close consideration of their social context, or with the input

of those who are most impacted by these systems. More often, standard definitions are

adopted and assumed to be applicable across contexts and stakeholders. This complex-

ity of fairness definitions and contexts coupled with the proliferation of fairness metrics

in research literature have led to a challenging decision-making space for practitioners

to navigate. In addition, the practical incentives, motivations, and constraints of doing

fairness work in industry settings limit what is possible for practitioners.

In this dissertation, I confront these challenges by uncovering potential best practices and
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methods for operationalizing fairness in multistakeholder recommender systems. Drawing

on five qualitative research studies involving over 100 end-users, item providers, practi-

tioners, and ML fairness experts, I examine the intricate process of translating subjective

perspectives and theoretical fairness frameworks from moral philosophy into empirical in-

vestigations suitable for observable settings. I define“pragmatic fairness”as the path from

business constraints to imperfect (though satisfactory) fairness evaluations, and I explore

how fairness evaluation can still be successful within this practical setting. Finally, I

discuss the tradeoffs between best practices and realistic practices when operationalizing

fairness in industry, and I point towards promising future work to help bridge this gap.
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Chapter 1

Introduction

“Measures are more than a creation of society, they create society”

(Alder, 2003).

In the dynamic field of machine learning (ML), the intersection of the empirical and the

theoretical is a pivotal research frontier. Over the past few decades, computer scientists

have revolutionized the way we build, measure, and optimize ML models to achieve specific

objectives. Through empirical studies, ML researchers have identified numerous ways to

operationalize theoretical concepts such as “accuracy” and “error.” In the last decade, one

challenging objective has surfaced in the field: fairness.

The concept of fairness has been a topic of debate for millennia. Defining what it means

to treat people fairly is a daunting task that lacks a single, clear-cut solution. Selbst et al.

(2019) said that “fairness and discrimination are complex concepts that philosophers, so-

ciologists, and lawyers have long debated. They are at times procedural, contextual, and

politically contestable, and each of those properties is a core part of the concepts them-

selves.” Operationalizing a theoretical construct such as fairness poses an inherently

complex challenge. It requires researchers to empirically observe something that is funda-
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mentally unobservable; to measure the immeasurable. Additionally, fairness is a concept

that remains contested and context-dependent. To attempt to measure and observe such

a construct requires making many assumptions and reductions that can never holistically

capture the construct itself.

In the realm of algorithms—technical systems that comprise of inputs, instructions, and

outputs (Hogan, 2015)—defining what it means for these systems to treat people fairly

is just as challenging. A key aspect of this complexity is that while there is no unified

definition of fairness, nor any consistent method to achieve fairness, algorithmic systems

must still make decisions about which types of fairness to measure and optimize for.

As the adage goes, you can’t change what you can’t measure. This intersection

between the theoretical and the empirical represents a pivotal juncture where math meets

morality, and is a focal point of this dissertation.

Developing robust scientific methodologies to translate subjective, independent experi-

ences into scientifically observable, measurable, and optimizable constructs is an essential

part of incorporating fairness into machine learning systems. However, it is one aspect

of this research discipline that has received little attention. What is more common is for

researchers to assume that an accurate definition of fairness has been chosen (accurate

meaning that it appropriately matches the context of the system and its stakeholders),

and to create metrics and algorithms that correspond with these definitions. However,

since fairness as a concept is contextual, contested, and stems from conflicting theoret-

ical understandings (Kleinberg et al., 2016), optimizing algorithms for one definition of

fairness may benefit some and harm others.

One fascinating application of ML that has begun to explore incorporating fairness objec-

tives is the domain of recommender systems. These often personalized systems leverage

algorithms to recommend content, items, or information that matches users’ perceived

preferences. However, previous work has highlighted how personalized systems might also
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lead to unintentional harm, such as degenerate feedback loops (Jiang et al., 2019; Ribeiro

et al., 2020), sexist stereotyping (HRW, 2018), or racial bias (Angwin and Parris, 2016;

Asplund et al., 2020). This realization has resulted in calls to action for industry to au-

dit, understand, and mitigate the potential “unfairness” of their recommendation systems.

However, guidance that informs practitioners about how to operationalize fairness in their

systems is largely lacking.

Many fairness definitions have been introduced and explored by the recommender system

research community (e.g., (Ekstrand et al., 2022; Deldjoo et al., 2022; Kuhlman et al.,

2021; Patro et al., 2022; Lazovich et al., 2022)). Fairness definitions (or objectives, goals)

consist of different restrictions, assumptions, and requirements that must be met in order

for a machine learning model to be classified as “fair” under that definition. Note however

that a model itself being classified as fair does not guarantee fairness of its wider context.

This combination of requirements for a given fairness definition can be referred to as

fairness constraints. Each fairness definition has associated constraints that might differ

depending on the context of the system and its users, the goals of stakeholders, and

aspects such as the structure of training or evaluation data. Thus, defining and refining

what constraints need to be met for a given fairness context can be a complex process

that involves experts from different disciplines (Madaio et al., 2020, 2022). For example, a

system that recommends jobs to job-seekers may have very different fairness considerations

than one recommending books to readers. Both systems might implement a similar metric,

but their context, constraints, and goals might differ substantially.

Application of these nuances has been limited, in part because of an overly-simplistic

formulation of fairness (Keyes et al., 2019) and, in part, because incorporating ML fairness

research from academia into industry contexts is not straightforward. For example, with

few exceptions (Kearns et al., 2019, 2018; Hashimoto et al., 2018), published research in

ML often considers only one protected group of stakeholders around which fairness should



4

be considered, an unrealistic constraint for most applications.

As a consequence, results from fairness-aware machine learning research often lack rele-

vance for ML practitioners (Cramer et al., 2019; Rakova et al., 2021). This is particularly

true of systems that apply fairness to personalized recommendations, even though these

systems are critical to how millions of individuals access news, shopping, social connec-

tions, and employment opportunities. It is important to situate fairness interventions in

these specific application contexts.

Alongside the lack of guidance for practitioners, another important gap has emerged in fair

ML scholarship: there is very little research that designs fairness interventions with the real

users and stakeholders of the systems who will be impacted by fairness operationalizations.

One of the core tenets of user-centered, human-centered, and community-centered research

is to incorporate impacted users into the design process of technologies. In the case of

fairness, it is rare that users are involved in the process of scoping fairness goals, and

developing protocols to measure and mitigate unfairness in ML systems.

My dissertation addresses this disconnect between the operationalization of fairness in

machine learning and the users it directly impacts. Additionally, it delves into the practi-

cal challenges practitioners encounter when implementing fairness initiatives in real-world

recommendation contexts. While I deeply admire the aspirational visions of fairness—how

it can be measured, evaluated, and operationalized to altruistically improve societal out-

comes—I also acknowledge that fairness is inherently subjective and context-dependent,

rendering it impossible to fully “achieve” or “ensure.” As Fazelpour and Lipton (2020)

argue, many fairness metrics are rooted in ideal theory, which assumes a perfectly just

world and often neglects the nuanced challenges of practical application. Instead, fair-

ness work often requires what Simon (1978) term satisficing—seeking satisfactory, rather

than perfect, outcomes within the constraints of limited time, information, and cognitive

resources. Practitioners must grapple with measuring an immeasurable concept and ad-
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dressing a fundamentally unsolvable problem, all while making decisions and implementing

interventions. Drawing inspiration from Amartya Sen’s distinction between nyaya (ideal

justice) and niti (incremental justice) (Sen, 2009), I situate my work at the intersection

of idealistic and pragmatic approaches, advocating for actionable, incremental progress as

a pathway toward fairness.

Ultimately, I believe fairness work requires striking a balance between working within

existing systems and envisioning how those systems might someday be transformed. This

dissertation navigates that balance by bridging idealistic aspirations and pragmatic real-

ities, offering a path forward that integrates both visionary and practical approaches to

ML fairness.

My overarching research questions for this dissertation are:

• RQ1: How do users think that fairness should be operationalized in real-world

recommender systems?

• RQ2: What do practitioners know and need when operationalizing fairness in real-

world recommender systems?

• RQ3: What are potential best practices for operationalizing fairness in real-world

recommender systems, keeping in mind the practical constraints of this setting?

For this dissertation, I completed 5 studies total, two for RQ1, two for RQ2, and one

for RQ3, as shown in Table 1.1. For reference, each of my participant populations in my

dissertation can be defined as follows:

• Users are anyone who interacts with a recommender system and/or who might be

impacted by the system. This includes both consumers and providers. Consumers

or End-users are people who are recommended items (e.g., Spotify listeners, Netflix
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viewers, lenders on Kiva.) Providers are people who provide items to be recom-

mended (e.g., content creators on YouTube or TikTok, musicians who post their

music on Spotify, borrowers on Kiva).

• Practitioners are industry professionals who work with and around machine learning

technologies. This includes but is not limited to: machine learning engineers, data

scientists, project managers, program managers, PR managers, business analysts,

and other employees of a company that influence machine learning system design.

• Experts are people who have years of experience working with machine learning

fairness topics. This can include practitioners, and can also include academics who

have published peer-reviewed papers on machine learning fairness.

To address RQ1, I first conducted a motivating, formative study that explored what kinds

of fairness interventions users wish practitioners would incorporate into their recommender

systems, and how they would like to be informed about these decisions (Sonboli, Nasim

and Smith, Jessie J. et al., 2021). I then conducted focus groups with recommendation

providers from the domains of dating and content recommendation, to: (1) learn about

their lived experiences of unfairness in recommendation/ranking; (2) map their lived ex-

periences into fairness goals, definitions, and metrics; and (3) to assess the ability to

co-design fairness metrics with impacted stakeholders (Smith et al., 2024).

To address RQ2, I conducted two research studies that explore the perspectives of practi-

tioners. One study explored the challenges that practitioners face when defining fairness

as it relates to their organization’s values and goals (Smith et al., 2023c). The other study

explored the challenges that practitioners face when determining which metrics to use to

empirically measure a chosen definition of fairness in their recommender systems (Smith

et al., 2023a).

To address RQ3, I conducted an interview study with ML fairness experts to better un-
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Table 1.1: The five studies included in this dissertation, and hyperlinks to their associated

Chapters and Sections in this document.

RQ# Theme Study # Study Name Citations

RQ1
The Users’

Perspective

[4]

Study #1 Fairness and Transparency

in Recommendation: The

Users’ Perspective [4.2]

Sonboli, Nasim and Smith,

Jessie J. et al. (2021),

Smith et al. (2020)

Study #2 Recommend Me?

Designing Fairness Metrics

with Providers [4.3]

Smith et al. (2024)

RQ2
The

Practitioners’

Perspective

[5]

Study #3 The Many Faces of Fairness:

Exploring the Institutional

Logics of Multistakeholder

Microlending Recommenda-

tion [5.2]

Smith et al. (2023c)

Study #4 Scoping Fairness Objectives

and Identifying Fairness

Metrics for Recommender

Systems: The Practitioners’

Perspective [5.3]

Smith et al. (2023a),

Smith and Beattie (2022)

RQ3 The Experts’

Perspective

[6]

Study #5 Pragmatic Fairness: Evalu-

ating ML Fairness Within

the Constraints of Industry

[6.2]

Submitted for review at the

FAccT 2025 Conference

derstand the practical constraints of conducting fairness evaluations in real-world settings,

and to explore best practices within the bounds of these constraints.

My goals with this dissertation work are the following: (1) to better understand users’

lived experiences of unfairness in recommendation, and how they would like fairness eval-

uations to capture their experiences and needs; (2) to understand the practical constraints

of operationalizing ML fairness in the real world, including the challenges and needs of

practitioners; and (3) to explore what best practices could be for real-world fairness eval-

uation, what the limitations of this work are, and how we can improve these processes in

the future.
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Chapter 2

Background & Literature Review

In this section, I describe the current state of fairness in the discipline of machine learning,

including the historical context that it is situated within. I explore some of the current

methods and promising research directions for operationalizing fairness, especially with

respect to the domain of recommendations. Finally, I describe how this previous work

has and must act as a bridge between academic research and industry contexts, and how

this background informs and motivates my dissertation.

2.1 A Brief History of Fairness in Machine Learning

In the late 1960’s research on fairness began to explore beyond theoretical debates and

extended towards formal definitions of fairness. This involved defining which population

subgroups to measure fairness for, and grappling with the ideas that certain fairness defi-

nitions are incompatible with one another, or that certain quantitative fairness definitions

are too limited (Hutchinson and Mitchell, 2019). Although more robust methods for

measuring fairness (e.g., development of mathematical and statistical criteria) were intro-
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duced in the 1970’s, many of these efforts were abandoned after “different and sometimes

competing notions of fairness left little room for clarity on when one notion of fairness

may be preferable to another” (Hutchinson and Mitchell, 2019). It wasn’t until 2008

when Pedreschi et al. published Discrimination-aware Data Mining that the language

of “discrimination” and “fairness” were reintroduced into the computer science discipline

(Pedreshi et al., 2008).

Immediately following, in the 2010’s, fairness research found a new resurgence, this time

within the discipline of machine learning, most notably after the publication of the oft-

cited paper, Fairness Through Awareness (Dwork et al., 2012). In this publication, the

authors introduced a framework for fair classification that included a task-specific fairness

metric and an algorithm to optimize a classifier for this metric. This seminal work acted

as a foundation for fair machine learning research for multiple reasons, including: (1) it

began the still occurring debate between notions of individual versus group fairness (Binns,

2020); and (2) it was the first attempt to quantify and optimize a machine learning model

for fairness as a potential model objective.

Around this same time, another seminal piece was published: Critical Questions for Big

Data: Provocations for a Cultural, Technological, and Scholarly Phenomenon (Boyd and

Crawford, 2012). In this work, the authors described how the era of Big Data brings

opportunities for us to assess the assumptions, values, and biases that might accompany

data-driven technologies such as machine learning models. Several years later, Barocas

and Selbst published Big Data’s Disparate Impact, which additionally confronted the ‘non-

neutrality’ of data-driven algorithms, particularly as they might interact with American

antidiscrimination law (Barocas and Selbst, 2016). One year later, Cathy O’Neil’s book,

Weapons of Math Destruction, similarly brought to light how machine learning technolo-

gies can easily reinforce pre-existing societal inequalities (O’Neil, 2017).

All of these seminal works had something in common—they all at one point or another
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noted that social phenomena cannot always be quantified. “There are a number of practical

limits to what can be accomplished computationally” (Barocas and Selbst, 2016).

Despite these warnings, in the mid-2010’s, a slew of scandals began to gain media at-

tention related to various ways that algorithms were treating certain groups of people

unfairly. Most notably, and likely most often cited, is the case of COMPAS. In this scan-

dal, ProPublica brought to light that Northpointe’s recidivism risk prediction algorithm

was unfairly discriminating against black defendants (Angwin et al., 2016).

Reasonably, academics and practitioners alike began to explore potential solutions to these

kinds of problems. During this time, machine learning researchers and practitioners found

new motivation to quantify and optimize for the value of fairness in their ML systems (e.g.,

(Hardt et al., 2016; Chouldechova and Roth, 2020; Ustun et al., 2019)). This resulted in a

proliferation of fairness metrics and associated definitions that could be used to “ensure”

that fairness had been “achieved” for a given model and context (most often classification

models and most often in a credit scoring context) (Narayanan, 2018), and eventually

an entire book was written which was dedicated to operationalizing fairness in machine

learning (Barocas et al., 2018).

While this research was groundbreaking and motivated the beginning of the ML fairness

research discipline, several major gaps still exist; when it comes to practically doing ML

fairness work, practitioners are still largely unaware of how to scope their fairness goals,

define fairness for their context, and empirically measure these specific notions of fairness

in the first place. In short, even when fairness is a priority, practitioners aren’t sure where

to begin.
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2.2 Theoretical Foundations and Definitions

2.2.1 What is “Fairness”?

Fairness is a complex, contested, contextual, and theoretical construct (Jacobs and Wal-

lach, 2021). Fairness has been defined in the dictionary as“a lack of favoritism toward one

side or another” (Merriam-Webster, 2002). Policies, such as the Civil Rights Act of 1964,

have defined fairness as “not discriminating on the basis of race, color, religion, sex or

national origin” (Civil Rights Act, 1964). Machine learning literature has similarly defined

fairness as “the absence of discrimination” (Castillo, 2019). It is important to note that

discrimination in its own right is not inherently value-laden; “discrimination” as a concept

means to differentiate between two things, and is only “wrongful” based on the cultural

context in which it is occurring (Selbst et al., 2019; Hellman, 2008). Discrimination as it

relates to fairness is the more insidious form of differentiation, when it becomes “the act

of making unjustified, prejudiced distinctions between people based on the groups, classes,

or other categories to which they belong or are perceived to belong” (Wikipedia, 2023).

However, fairness is not only defined through the lens of discrimination, it is also often

defined through the lens of bias, such as Schiff et al. (2021) who defined fairness in machine

learning models as “minimizing bias.” Bias itself is also a challenging word to define, with

societal bias and statistical bias often getting conflated. Societal bias is not something

that can be ‘solved’ or entirely removed from datasets or from machine learning systems,

however statistical bias can be measured, evaluated, and optimized for. Studies have

stated that alleviating the effect of statistical bias can be one method to build more

fair ML models (Kamishima et al., 2011; Fish et al., 2016; Kamiran and Calders, 2009).

However, although bias may be a source of unfairness, there are other factors that can

contribute to unfairness in machine learning—such as discrimination, unequal error rates,
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stereotyping, and algorithmic harm—which may be related to, but separate from bias

(Mehrabi et al., 2021; Chouldechova and Roth, 2020). Thus, using the terms ‘bias’ and

‘unfairness’ interchangeably may not always be appropriate.

The discipline of philosophy has also generated its own definitions of fairness, including

fairness as forms of equality, equity, egality, liberation, and justice (Gooden, 2015; Rawls,

2001). Rawls (2020) recently described fairness as a form of justice by asking, “what liber-

ties are necessary to protect individuals in the development and pursuit of the conception

of the good life, given the specific sociotechnical character of the society in which they

live?”

Rawls (2001) previously described that justice-based fairness shall only permit inequal-

ities if they are to the advantage of the least well off. These ideas are also in line with

egalitarianism, the concept that all people are equal and deserve equal outcomes. Inspired

by egalitarianism and Rawls’ fairness as a form of justice is the notion of equality of op-

portunity—which posits that everyone must exist on a “level playing field”when receiving

a benefit of some kind (Arneson, 2002).

Fairness itself is also a form of political liberalism in that it fits into various and con-

flicting comprehensive doctrines with overlapping consensus between them (Rawls, 1991).

Despite these overlaps, attempts have been made to categorize fairness into various types,

particularly in the domain of machine learning.

One categorization of fairness was recently made by responsible tech scholar Meredith

Broussard, where she described the difference between“social fairness”and“mathematical

fairness.”

“Social fairness and mathematical fairness are different. Computers can only

calculate mathematical fairness. This difference explains why we have so many
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problems when we try to use computers to judge and mediate social decisions.

Mathematical truth and social truth are fundamentally different systems of

logic. Ultimately, it’s impossible to use a computer to solve every social prob-

lem. So, why do so many people believe that using more technology, more

computing power, will lead us to a better world?” (Broussard, 2023).

Fairness, however, is deeply culturally situated and cannot be universally defined with-

out acknowledging the profound influence of context. What one person or community

may consider fair could be entirely different from what another deems just, influenced

by factors such as cultural upbringing, societal norms, geographical location, historical

context, and even the specifics of a situation. Ethical frameworks such as Ubuntu, an

African philosophy emphasizing interconnectedness and communal well-being, underscore

this variability. Ubuntu ethics focuses on the idea that a person is a person through other

persons, prioritizing relationships and collective harmony over individualistic notions of

fairness. This perspective challenges Western rationalist fairness paradigms, which of-

ten emphasize abstract rules or principles, by demonstrating that fairness can instead

emerge from the dynamics of relationships, situational nuances, and communal values

(Emmanouilidou, 2018; Amugongo et al., 2023; Farao et al., 2024). I explore these ideas

further in Section 2.2.5.

Recognizing fairness as inherently contextual reminds us that achieving fairness in any

system, especially in global applications like machine learning, requires sensitivity to cul-

tural and situational diversity. It is clear that fairness has no single definition, nor is

it confined by the borders of a single discipline. The question, what does it mean to

treat someone fairly? is one that has many different answers, all of which can be equally

“correct” or “incorrect” depending on the cultural context and the subjective definition of

fairness for that given context.
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In the domain of machine learning (ML), fairness is often related to the inputs and out-

puts of ML technologies. One example related to inputs is that training datasets are

often ridiculed when they lack a fair representation of the users who will be impacted

by the ML model they are trained for. One example related to outputs is that machine

learning algorithms are often the arbitrators of important outcomes for real people, such

as predicting someone’s likelihood of recommitting a crime, predicting someone’s credit

worthiness, or selecting whether someone’s job application is good enough to warrant an

interview. Incorporating fairness into machine learning outputs is thus equally important.

In the domain of recommendation, fairness is also an important consideration. Recom-

mender systems are used as a way to filter information to people. Fairness in recommenda-

tion then, considers questions such as: Are we fairly representing the information space?

Are we giving all item providers an opportunity to be seen or engaged with? And are we

recommending items to users in a way that fairly distributes information or resources to

those users? (Ekstrand et al., 2022).

All of these “fairness problems” face a similar challenge: there is no single, perfect solution

that can address them. Each of these problems might require prioritizing a certain group

of stakeholders, defining fairness in a different way, and measuring and optimizing for

fairness in a different way. There also might be a dozen equally appropriate approaches

to defining and measuring fairness for each of these contexts.

Chouldechova and Roth (2020) describe that “most of the literature on fair [machine

learning] focuses on statistical definitions of fairness. This family of definitions fixes a

small number of protected demographic groups G (such as racial groups), and then ask for

(approximate) parity of some statistical measure across all of these groups.” This approach

is also related to disaggregated evaluation, where the goal is to uncover performance

disparities by evaluating and comparing ML system performance between demographic

groups. This framing of ‘statistical definitions of fairness,’ is also in line with Broussard’s
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category of ‘mathematical fairness,’ (Broussard, 2023). The increased hype to research

fairness in machine learning over the last decade has been largely in line with these

statistical/mathematical notions of fairness—where the goal is to empirically measure the

fairness or unfairness of a machine learning system. This hype has led to a proliferation

of fairness definitions and metrics that machine learning practitioners can use to ‘audit’

their algorithmic systems (Barocas et al., 2018; Narayanan, 2018).

However, the complexity of fairness definitions and the proliferation of fairness metrics in

research literature have led to a complex decision-making space. This environment has

made it challenging for practitioners to operationalize and pick metrics that work within

their unique context (Verma and Rubin, 2018; Smith et al., 2023a; Richardson et al., 2021;

Deng et al., 2022). These challenges have also contributed to a widening gap between the

research community and practitioners concerning the availability of fairness metrics versus

the ability to put them into practice.

How, then, do practitioners realistically make these kinds of decisions when incorporating

fairness into their machine learning systems? Numerous previous studies have highlighted

that practitioners need more guidance when it comes to doing practical ML fairness work

(Beattie et al., 2022; Lee and Singh, 2021; Deng et al., 2022; Richardson et al., 2021;

Holstein et al., 2019; Madaio et al., 2022, 2020; Wang et al., 2023; Smith et al., 2023a).

In a domain where there are no “correct” answers (but decisions must still be made), how

can practitioners make decisions in a way that aligns with best practices and keeps users

at the center of their design decisions?

It is important for me to note that this dissertation work does not seek to define fairness

in the traditional sense; there will be no single framework or protocol that is purported

to be “the solution” or “the definition” of fairness. In contrast, this dissertation work

seeks to explore all of the potentially infinite definitions of fairness that apply to recom-

mender system fairness work; keeping in mind the complex, interdisciplinary background
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of this concept, and with special focus on helping practitioners come up with their own

operationalizations as they relate to their specific use-cases.

2.2.2 Operationalizing Fairness in Recommendation

“Whether we consider a data science project fair often has as much to do with

the formulation of the problem as any property of the resulting model,” (Passi

and Barocas, 2019).

In this work, I define qualitative fairness objectives as fairness goals, such as those surfac-

ing from an algorithmic impact assessment of a machine learning system (Madaio et al.,

2020; Metcalf et al., 2021). In contrast, quantitative fairness objectives reflect quan-

titative definitions of fairness found in the literature, which often are accompanied by

objective-specific fairness metrics (such as demographic parity or top-k fairness) (Verma

et al., 2020).

A common starting point for measuring fairness in a machine learning system is to declare

what type of unfair impact or harm to measure. Crawford (2017) previously categorized

harms in machine learning as two broad types: (1) harms of allocation; and (2) harms of

representation. In recommender systems, harms of allocation might refer to a system’s

unfair distribution of attention or exposure of items, while harms of representation might

refer to a system’s unfair representation of reality for a given information space (Ekstrand

et al., 2022).

It is important to note that allocative and representative harms can occur for both con-

sumers and providers of recommender systems. For example, consider the scenario of a

job recommender. Allocative harm could impact those who receive recommendations if

females are only recommended lower paying jobs than males; allocative harm could also
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impact those who provide recommended items if certain employers’ job ads are not being

delivered to appropriate candidates at the same rate as another similar employer.

Harm, impact, and unfair treatment are all related in machine learning systems and,

in some cases, can be empirically observed through proxies. Thus, after determining a

potential harm to target, practitioners will need to “scope” an appropriate fairness proxy

to measure for their context. These proxies are necessarily reductionistic, since fairness

is a subjective and non-observable construct (Jacobs and Wallach, 2021). Nevertheless,

selecting “good” proxies is a critical step in fairness operationalization, since they serve as

the most effective stand-in for the concept of fairness itself. As Passi and Barocas (2019)

describe it, “our practical understanding of a given phenomenon is contingent on the data

we choose to represent and measure it with.”

The ML research community has steadily introduced and explored new fairness defini-

tions, and their associated metrics for responsible AI efforts (Narayanan, 2018; Barocas

et al., 2019). A large portion of this work on fairness definitions and metrics for machine

learning has focused on the domain of (binary) classification and regression. However,

measuring fairness in recommendation systems poses distinct fairness challenges that are

not shared with classification and/or regression systems (Ekstrand et al., 2022; Deldjoo

et al., 2022; Kuhlman et al., 2021; Patro et al., 2022). This includes (but is not limited

to): the systems’ decisions being interdependent (ranked positions are rivalrous goods),

occuring repeatedly over time, being personalized to users (introducing potential unfair-

ness through user preferences), and involving subjective outcomes without a clear ground

truth (Ekstrand et al., 2022). Additionally, recommender systems must balance compet-

ing fairness concerns among multiple stakeholders, such as recommendation consumers

and item providers (Burke, 2017a). This has resulted in the creation of a specific area of

research focusing on fairness within a recommendation or ranking context.

Here I outline some of the unique considerations of ML fairness for recommendation
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systems in the form of “constraints” that impact decision-making during fairness opera-

tionalization.

The Multistakeholder Constraint

Recommendation system fairness is commonly referred to as multistakeholder fairness

due to the goal of satisfying the fairness needs of multiple groups of stakeholders (Burke,

2017a). The two most common stakeholder groups are providers (those who provide

or create content to be recommended) and consumers (those who interact with or con-

sume the recommendations). Consumer-side or provider-side fairness can sometimes con-

flict with one another (Burke, 2017a). For example, prioritizing fairness for consumers

by ensuring accurate and personalized recommendations may inadvertently disadvantage

providers whose content does not align with those personalization goals, thereby creating

a trade-off between the needs of the two groups.

The Group vs. Individual Constraint

Similar to measuring fairness in other domains of machine learning, evaluating fairness

in recommendation systems could require differentiating between measuring group and

individual fairness (Dwork et al., 2012). Recent work has highlighted that group and

individual fairness both stem from similar principles, but differ when measuring them in

practice (Binns, 2020). Group fairness measures if different groups of providers or con-

sumers acquire similar recommendation outcomes, while individual fairness requires that

similar individuals are treated similarly. Even further, for group fairness, some metrics

seek to measure fairness for one group at a time (e.g., is a sensitive provider group’s

distribution of recommendations equal to their target distribution?), while others seek

to measure fairness in a binary setting (e.g., comparing ranking distribution of sensitive
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versus non-sensitive groups), or in a multi-group setting (e.g., what is the difference in

distribution between providers from different countries in the world?) (Ekstrand et al.,

2022). In recommendation and ranking, different metrics can measure group versus in-

dividual fairness within each stakeholder category; some individual metrics can also be

adapted to measure different kinds of individual or group fairness (Ekstrand et al., 2022).

The System Component Constraint

Recommendation systems often consist of multiple components which leverage unique

algorithms and sub-systems to create final recommendations for consumption. System

components could include generating and retrieving pools of content, filtering said pools

by ranking for high-priority goals, and finally re-ranking the final lists of content for

consumption. This composite of system components results in a need to select at which

step(s) to measure fairness, while also understanding how biases may change across the

system (Liu et al., 2019; Sonboli et al., 2020c; Zehlike et al., 2017; Sonboli et al., 2020a).

Fairness could be measured over the entire population of recommended items (e.g., against

a target distribution) or as a ranking problem (e.g., are the top-k rankings satisfying our

fairness goals?). These types of choices can also have consequences for fairness evaluation

results and the potential processing necessary to conduct such evaluations (Bower et al.,

2022).

The Fairness Objective Constraint

Previous work has also attempted to categorize fairness metrics based on which fairness

proxies are being measured. Verma et al. (2020) classified RecSys fairness metrics as

accuracy based, error based, and causal based. The majority of fairness metrics were

classified as accuracy based by these authors, where the metrics“either state the condition



20

for user satisfaction or provide a measure of deviation from the ideal ranking.” Verma

et al. (2020) also describe pairwise fairness metrics, introduced by Kuhlman et al. (2019),

as error based metrics due to their measurement of false negatives and false positives

against assumed ground-truth rankings.

Pairwise fairness metrics, inspired by previous binary classification fairness definitions, are

designed to measure fairness objectives such as statistical parity or equality of opportu-

nity. Causal based metrics require that item ranking is not related to group membership.

More recently, Ekstrand et al. (2022) published an in-depth review of fairness in rec-

ommendation systems, introducing more nuanced ways to classify metrics beyond the

three categories originally suggested by Verma et al. (2020). Notably, Ekstrand et al.

(2022) categorized pairwise fairness metrics with accuracy metrics, alleviating the poten-

tial confusion between distinguishing when a metric measures error versus accuracy. The

differences between these two publications reflect how fairness literature may change over

time, making it difficult for practitioners to stay up-to-date and navigate this complex

research space.

Related to this complexity, Raj and Ekstrand (2022) conducted an analysis of provider-

side group fairness metrics and discovered that although many of these metrics shared

basic fairness properties, in practice they could be optimized to measure different fair-

ness objectives. For example, many group provider-side fairness metrics seek to measure

weighted exposure of items, but various metrics might describe “fair weighted exposure”

differently. If a practitioner chooses a fairness metric which requires that item exposure is

related to item utility, they might measure fairness in terms of equal opportunity rather

than statistical parity (Raj and Ekstrand, 2022). Both of these fairness objectives may be

equally appropriate for a given fairness context, but a practitioner may not know which

fairness objective(s) to optimize for or why—especially if they lack knowledge about the

fairness goals of their organization.
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It is clear that operationalizing fairness in recommender systems is a complex undertaking.

The process of navigating from fairness goals to empirical measurements of those goals

is something that machine learning engineers are not trained to do, and standards and

guidelines in this domain are largely lacking. Fortunately, one approach from the social

sciences has recently gained traction within the machine learning discipline, and might

provide an optimal path forward: the method of measurement modeling.

2.2.3 Measurement Theory

“The contested nature of fairness makes it inherently hard to measure: If there

are multiple theoretical understandings of a construct, then it is imperative

to articulate which understanding is being operationalized. A failure to do

this makes it difficult to meaningfully compare different operationalizations

because they may be operationalizing different theoretical understandings. In

turn, this makes it difficult to identify mismatches between fairness as it is the-

oretically understood and any given operationalization,” (Jacobs and Wallach,

2021).

Passi and Barocas (2019) describe that ML practitioners are challenged with the task of

turning “amorphous goals” into “well-specified problems” that match their business objec-

tives while also being measurable, predictable, and optimizable. As I noted in the previous

section, the process of empirically translating goals into system design requires the use of

proxies, or representatives of those goals that can be captured through observable data.

To specify what a particular human value means in the context of a real system is to

operationalize that value (Stray et al., 2022). Corbett-Davies and Goel (2018) describe

that it is notably difficult to operationalize the underlying definition of a proxy in a

machine learning system, especially with respect to fairness proxies. This entire process
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of scoping fairness goals, defining fairness based on those goals, selecting an appropriate

fairness metric based on this definition, and incorporating it into the objectives of an ML

system is what I refer to as fairness operationalization (Jacobs and Wallach, 2021; Smith

et al., 2023a).

Now, since fairness is an inherently theoretical, subjective, and non-observable construct,

it cannot be measured directly (Jacobs and Wallach, 2021)—which presents an opportu-

nity to turn towards methods from other disciplines. In social science literature, Measure-

ment Theory provides a framework for measuring unobservable, theoretical constructs,

such as harm or fairness. Measurement theory has been used in previous work to opera-

tionalize user values in recommender systems (Milli et al., 2021), to create standards for

measuring risk and impacts of generative AI systems (Chouldechova et al., 2024), and

to confront the difficulty of appropriately modeling and measuring the contested concept

of fairness (Jacobs and Wallach, 2021). For practitioners to operationalize fairness in a

replicable fashion, they need to develop or have access to a cognitive model for determin-

ing what types of fairness metrics are most relevant in a given context—which is rarely

straightforward (Smith et al., 2023a).

Stray et al. (2022) describe that “the people involved in defining metrics have consider-

able influence over the ultimate function of a [machine learning system], which is why

multi-stakeholder involvement in [ML] metric selection may be important.” However, this

is often not the case in machine learning development—what is more common is that

academics and practitioners develop and optimize for fairness metrics without input from

other stakeholders. This lack of engagement with stakeholders while conducting fairness

measurements is something that this dissertation seeks to confront.

In order to elicit a fitting metric for a human value, we can utilize what is called the mea-

surement modeling process (Jacobs and Wallach, 2021; Box-Steffensmeier et al., 2008).

A measurement model is a statistical model that maps unobservable, theoretical con-
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structs to observable properties (Box-Steffensmeier et al., 2008). Although measurement

models are the foundation for creating fairness metrics in ML systems, they are also

susceptible to human bias. The process of selecting which observable properties are a

best fit for an inherently unobservable property requires making many assumptions about

causal relationships which may be impossible to empirically prove. When our assumptions

are incorrect, a mismatch occurs between the theoretical construct we are attempting to

measure and our proxy variable that we are using for that measurement—resulting in an

unreliable metric. However, measurement theory also provides a set of methods that can

be used to test the reliability of these metrics, and to search for potential mismatches.

Friedler et al. (2016) introduced the notion of a construct space—which is the space that

captures the unobservable variables we would like to measure. These authors suggest

that it would be good practice to explicitly state which assumptions are made about the

relationships between constructs and observations when doing algorithmic fairness work

(Friedler et al., 2016).

Two prominent approaches to increase transparency and scientific rigor around this

construct space include improving (1) construct reliability; and (2) construct validity.

Construct reliability is when similar inputs to a measurement model yield similar out-

puts—similar to statistical precision (Jacobs and Wallach, 2021; Box-Steffensmeier et al.,

2008). Construct validity is when we can demonstrate that the measurements obtained

from a measurement model are both meaningful and useful—similar to statistical unbi-

asedness (Jacobs and Wallach, 2021; Box-Steffensmeier et al., 2008).

Raji et al. (2021) also describe construct validity in machine learning as how well our

research claims match our experiments. In the context of fairness, since one cannot“claim”

a fully fair system, construct validity must capture the nuanced context and limitations

of the measured fairness proxies.
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“Construct validity is an external validity issue related to how well an ex-

perimental setting relates to a research claim, or, in the context of machine

learning, how well the benchmark dataset, and associated metrics of evalua-

tion, represents a task. It concerns how well designed — or rather, how well

constructed — the experimental setting is in relation to the research claim,”

(Raji et al., 2021).

To test for construct validity, practitioners can evaluate (1) face validity; (2) content

validity; (3) convergent validity; (4) discriminant validity; (5) predictive validity; and (6)

consequential validity. Each of these evaluations is described in detail in Table 2.1.

Previous work also describes that good measurements can be evaluated based on reliability

and validity (Stray et al., 2022; Quinn et al., 2010). “The evaluation of any measurement

is generally based on its reliability (can it be repeated?) and validity (is it right?). Em-

bedded within the complex notion of validity are interpretation (what does it mean?) and

application (does it “work”?)” (Quinn et al., 2010).

Another benefit of using measurement theory to help operationalize fairness is that this

method has been proven to work in real-world contexts as well as theoretical contexts.

Milli et al. (2021) used measurement theory on a real-world recommender system to

measure“value”for users on the Twitter platform. This research proved that measurement

theory can be useful in practice for ML practitioners who are struggling to appropriately

measure theoretical constructs in a real system.

Challenges with Measurement Theory

As likely expected, a complex methodology like measurement theory does not come with-

out complications and challenges. Stray et al. (2022) raise an important challenge when
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Table 2.1: Steps to evaluating construct validity in machine learning models, adapted from

Jacobs and Wallach (2021).

Steps Description Probes to Evaluate

Face

Validity

Subjective first pass to

check if the measure-

ments obtained from a

measurement model look

reasonable.

Do the measurements look like a rea-

sonable depiction of the theoretical con-

struct?

Content

Validity

A check to see how well

the measurement cap-

tures the theoretical con-

struct (or which interpre-

tation of that construct is

being measured).

Do the measurements capture the spe-

cific definition of fairness we have cho-

sen? Do our proxies capture only observ-

able variables related to the original con-

struct and nothing more? Does our mea-

surement capture the relationship be-

tween the non-observable construct and

its proxy variables?

Convergent

Validity

A check to see how

much the current mea-

surement differs from

previous measurements

of a similar construct.

Do the measurements give the same re-

sults as a previous metric (if so, is this

new metric necessary?) Do the measure-

ments give different results as a previous

metric (if so, are these differences justi-

fied?) Do the measurements give subtly

different results as previous metrics (if so,

are those differences justified?)

Discriminant

Validity

A check to see how

this measurement might

unintentionally measure

other constructs.

Are there any correlations between

our measurements and measurements of

other constructs that are not related to

our fairness definition?

Predictive

Validity

A check to see how useful

the measurements are.

How well do these measurements pre-

dict observable / non-observable proper-

ties related to our theoretical construct?

Consequential

Validity

A check to acknowledge

the consequences of this

measurement model.

How is the world shaped by these mea-

surements? What world do we wish to

live in?
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attempting to measure theoretical constructs:

“Even a good metric will change meaning when it is known to be used to make

consequential decisions, e.g. student test scores must be interpreted differently

when they are used to decide academic progression, because instructors will

begin“teaching to the test”. This effect is sometimes known as Goodhart’s law,

but there are a variety of different causal structures which can produce feed-

back processes that widen the distance between a metric and the underlying

value” (Stray et al., 2022).

Additionally, certain constructs are inherently harder to measure than others (Stray et al.,

2022; Jacobs and Wallach, 2021). When a theoretical construct has many (possibly com-

peting) definitions, it is necessary to select one definition to measure at a time. This

implies that when attempting to measure fairness, practitioners will need to select one

single definition of fairness to measure at a time, which involves making value tradeoffs

that might benefit certain stakeholders over others. I further explore the implications

of fairness definitions and how different definitions might differentially impact different

stakeholders during my analysis of Study #3, in Section 5.2.

As Selbst et al. (2019) describe, “there is no way to arbitrate between irreconcil-

ably conflicting definitions [of fairness] using purely mathematical means.”

Mehrotra et al. (2017) found that another challenge with measurement in ML systems is

that different demographics may interact with the system in different ways, which could

skew metrics even after controlling for these differences. Stray et al. (2022) describe this

challenge as its own fairness problem. “For example, if older users read more slowly than

younger users, then a metric based on dwell time will be an over-optimistic measurement

for older users regardless of their level of satisfaction. Thus, interpreting metrics at face
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value may systematically disadvantage and misrepresent certain demographics and user

groups,” (Stray et al., 2022).

One might argue that the challenges of measuring“immeasurable” things (such as theoret-

ical constructs) raises the question of whether it is worth attempting to measure them in

the first place. The assumptions that must be made to accurately reflect an unobservable

construct through an observable proxy necessarily introduce opportunities for bias and

limit our ability to appropriately measure and optimize ML systems for these constraints.

For example, in the context of image cropping on Twitter, Yee et al. (2021) describe that

sometimes our assumptions are simply incorrect, and in these situations, reducing theo-

retical concepts to numbers might mean that our measurements will never fully represent

reality.

“Framing concerns about automated image cropping purely in terms of demo-

graphic parity fails to question the normative assumption of saliency-based

cropping: the notion that for any image, there is a “best”–or at the very least

“acceptable”–crop that can be predicted based on human eye tracking data.

This critique echos previous calls to question machine learning’s imposition of

a normative “optimal state” in all aspects of life, especially those related to

human expression and the arts” (Yee et al., 2021).

However, therein lies the crux of doing what I call pragmatic ethics—when there is no

“correct” solution, and yet a decision must be made. In Philosophy courses, it is useful

to debate the various approaches of defining and measuring fairness, discussing the impli-

cations of each choice, and recognizing that no choice is necessarily “wrong” nor “right.”

These philosophical debates also often lead to discussions about whether there exists a

universal conception of “good” or “bad.”
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“Technology is neither good nor bad; nor is it neutral. . . ” (Kranzberg, 1986)

However, in machine learning technologies, these debates, while also useful, must result in

actual decisions for how to design the system. Now, there is also a point to be made that

deciding to not make or deploy the technology in the first place is a legitimate decision

in the event that no appropriate metric exists to evaluate for constructs such as fairness,

when unfairness could pose too high a risk on stakeholders (Baumer and Silberman, 2011).

Realistically, more often than not, the decision to “not design” is not an option for practi-

tioners. In these scenarios, to do pragmatic ethics work is not to find the“correct solution,”

but instead it is to recognize that there may be no “solution” at all. Instead, pragmatic

ethics asks practitioners to put in the work that it takes to understand the consequences

of various approaches to integrating ethics into the system (e.g., through measuring and

optimizing for fairness), to make a decision about which approach is best (e.g., according

to the goals and values of their organization and its stakeholders), and to take informed

responsibility for the consequences of that approach.

Or, as Stray et al. (2022) describe: “at some point, a real recommender must commit to

specific operationalizations of broad concepts, with the resulting tradeoffs between compet-

ing values and stakeholders.”

2.2.4 Designing for Human Values

If the goal of operationalizing fairness for recommender systems is to design recommender

systems to “be more fair,” the work must extend beyond measurement and optimiza-

tion. Recommender systems used in online platforms are highly complex, created from

a combination of algorithmic elements including feature extraction, ranking, flagging, re-

ranking, scoring, and/or clustering using a variety of technologies and various forms of
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machine learning. Recommendation systems built from interactions between large, com-

plex sub-systems can be difficult to understand even for those who create them. Thus,

incorporating fairness into a recommender system must take into consideration the design

of the entire system, and how this system might interact with its various stakeholders.

Knobel and Bowker (2011) describe cultural valence in technology design as the recogni-

tion that different people hold different values, and because of this, designers of technology

might have different values than those of the stakeholders of their technology. Thus, it is

imperative that when incorporating values into technology design, robust user-centered

and human-centered methodologies are used.

Human-centered design is a framework that seeks to center human rights, needs, cre-

ativity, and dignity at the center of the technological design process (Yee et al., 2021;

Buchanan, 2001). Foundational to human-centered design is the concept that humans

both shape and are shaped by our technologies, which invites the opportunity to design

the kind of world we want to live in (Gasson, 2003). While user-centered design focuses on

solving human problems through technological design, human-centered design emphasizes

the non-technical facets of a problem that might impact the design of a technical inter-

vention (Gasson, 2003). For example, human-centered design might consider the social,

cultural, and ethical factors, such as the values, power dynamics, and broader societal

implications that influence both the problem space and the potential outcomes of a tech-

nical intervention. In recent years, the framework of Design Justice has provided robust

methods for engaging users and their communities in technological design in a way that

captures a community’s values and the various potentially intersectional identities that

exist among its members (Costanza-Chock, 2020).

A value can be defined as something that a person or group of people consider to be

important in life (Borning and Muller, 2012). One methodological approach for integrating

specific values into the design of a technology is through Value Sensitive Design (VSD),
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originally developed by Batya Friedman (Friedman et al., 2002). VSD is an iterative

design methodology that “integrates conceptual, empirical, and technical investigations,”

(Friedman et al., 2002).

In VSD, a conceptual investigation is a philosophically informed analysis of the central

constructs and issues under investigation, while empirical and technical investigations

explore how humans and technology can be observed and measured for their ability to

support or hinder human values. Using measurement theory, developing measurement

models, and incorporating fairness metrics into an ML system are all examples of tech-

nical investigations. Conversely, conceptual investigations are philosophically informed

analyses of the constructs being investigated (Friedman et al., 2002). As such, measuring

and optimizing for fairness is only one part of incorporating the value of fairness into

ML design. Another equally important part of the process is to conduct philosophically

informed analysis of fairness and to utilize this knowledge to help inform the design of

our technical investigations.

I now turn towards conceptual investigations to guide in the design of fairness evaluations.

In the following section, I describe the most popular ethical theories from moral philos-

ophy, and how they can be utilized to inform the design of fairness operationalization in

machine learning systems.

2.2.5 Ethical Theories

Ethics can be understood through several interrelated categories. Meta-ethics explores the

nature, origins, and meaning of ethical principles, asking foundational questions such as

“What is morality?” and “How can we know what is right or wrong?” Descriptive ethics

examines how people actually behave and make moral decisions, focusing on cultural,

societal, and individual practices without prescribing what should be done. Normative
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ethics, by contrast, seeks to establish frameworks for determining what people ought to do,

offering principles or rules for guiding moral behavior. Finally, applied ethics involves the

practical application of ethical principles to specific issues or contexts, such as medicine,

technology, or business.

Relational and rational ethical theories both fit within the domain of normative ethics,

as they propose frameworks for assessing moral rightness or wrongness. Rational ethical

theories have historically dominated western philosophical frameworks and our notions of

what is morally“right”or“wrong”. Rational ethical theories focus on rules, principles, and

reason to determine right and wrong. Conversely, relational ethics is a more collectivist

approach to morality, and emphasizes the importance of relationships when determining

what is right and wrong. Relational ethics are more concerned with the situational context

and relationships involved in a decision, rather than universal principles that must be

followed. By focusing on relationships, relational ethics challenges the universality of

rational theories and highlights the dynamic, interpersonal nature of ethical decisions.

In the context of fairness, both of these approaches could be equally appropriate when

defining what fair and unfair treatment might look like from an algorithmic system. How-

ever, most literature on ML fairness has taken a rational ethics approach, because princi-

ples and rules are easier to quantify and scale when compared to relationships and social

contexts (Zoshak and Dew, 2021; Birhane, 2021). Here I describe some of the dominating

ethical theories that could be applied when operationalizing fairness in machine learning,

categorized by their rational or relational roots.

Rational Ethics Theories

Consequence-based fairness has roots in Jeremy Bentham’s theory of Act Utilitarianism,

and posits that “an act is right if and only if it results in at least as much overall well-
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being as any act the agent could have performed” (Eggleston, 2014). For an act utilitarian

system, optimizing fairness is synonymous with maximizing positive outcomes and min-

imizing negative outcomes. This operationalization of fairness is common in computer

science research, as it offers two relatively straightforward methods for measuring and

optimizing fairness: (1) select a proxy for “positive outcome” and tune the system to

maximize that metric; or (2) select a proxy for “negative outcome”and tune the system to

minimize that metric (e.g., (Karnouskos, 2021)). However, optimizing an ML system for

act utilitarianism might maximize benefits for all users in aggregate, while failing to maxi-

mize benefits for subgroups of users that fall within protected demographic categories such

as race or gender. An example of this issue is the design of facial recognition technologies

that did not correctly identify racial minorities (Buolamwini and Gebru, 2018).

Contract-based fairness is rooted in Social Contract Theory (Laskar, 2013), which in-

volves defining an ideal social contract and abiding by its rules. One interpretation of

contract-based fairness is Rawls’ theory of Distributive Justice (Gabriel, 2022), which

seeks to equally distribute resources within a society. One way to advance distributive

justice is through Equality of Opportunity (Arneson, 2002), which requires that everyone

has a fair chance to receive benefits. Equality of opportunity has an extensive history in

financial regulation (Barocas et al., 2017), as there are global, systemic inequalities among

opportunities to obtain wealth (Sawyer and Jarrahi, 2014). One way that inequality of

opportunity arises in recommendation is through popularity bias, when recommendation

algorithms exacerbate the difference in exposure between items at different levels of pop-

ularity, also known as the long-tail effect. There is a substantial research literature that

seeks to mitigate the effects of popularity bias in recommender systems (see e.g., (Park

and Tuzhilin, 2008; Channamsetty and Ekstrand, 2017; Abdollahpouri et al., 2019; Wei

et al., 2021; Zhu et al., 2021; Yalcin and Bilge, 2022; Burke et al., 2022b).

Duty-based fairness is rooted in Kant’s theory of Deontology (Larry and Moore, 2016).
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Achieving fairness through deontological principles means consistently following a set of

rules. Optimizing for deontological fairness in a machine learning system requires selecting

a set of rules (e.g., model or algorithm heuristics) and then consistently following those

rules. Ferraro et al. (2021) provide an example of duty-based fairness as it relates to

music recommendation on Spotify. One of their proposed platform “duties” is a promise

to musicians (item providers) that less popular or new artists will be recommended at a

fair rate in comparison to more popular artists.

Relational Ethics Theories

Character-based fairness is rooted in Aristotle’s theory of Virtue Ethics (Hursthouse,

2007). Virtue ethics holds that decisions or outcomes should be based on a person’s

character rather than their actions. However, in recommendation, users’ actions are of-

ten used as proxies for one’s “character,” (e.g., when a users’ interests and personality

are inferred from their engagement (Steck, 2018)). One example of character-based fair-

ness in recommender systems is the design of trust-based recommender systems, which

serve recommendations from individuals that users have chosen to trust, in contrast with

collaborative recommendation in which the peers influencing the recommendation are

unknown (Victor et al., 2011; Li et al., 2020).

Ubuntu-based fairness is rooted in several African philosophical traditions and empha-

sizes the importance of context in ethical decision-making (Metz, 2011). Ubuntu ethics

recognizes that ethical behavior is influenced by the specific cultural, social, and historical

context that individuals and communities are situated in, and focuses on understanding

and respecting these cultures and contexts. Beyond respect, this form of fairness centers

the values of empathy, generosity, and compassion (Gwagwa et al., 2022). To the best of

my knowledge, previous work has not yet explored how ubuntu-based fairness could im-

pact ML fairness operationalization. However, one example of how ubuntu-based fairness
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could be incorporated into the design of machine learning systems could involve opti-

mizing a system for multiple fairness considerations at once, and dynamically allocating

different fairness interventions based on the geographic and cultural context of the users

involved in a specific decision, such as through social choice theory (Burke et al., 2020).

2.3 Applying ML Fairness in Industry Settings

“As human-computer interaction researchers, we often make arguments to

stakeholders about how and why they can change technology to better serve

users and/or improve society. In the case of algorithmic fairness, stakehold-

ers such as regulators, lawmakers, the press, industry practitioners, and many

others have the opportunity to take positive action. Technology companies

in particular have tremendous leverage to improve algorithmic fairness be-

cause they are immediately proximate to many of the technical issues that

arise, and they are uniquely positioned to diagnose and develop effective so-

lutions to complex problems that would be difficult for outsiders to address,”

(Woodruff et al., 2018).

Despite the resurgence of interest in incorporating fairness into ML design, doing this

work in practice is still quite challenging. As described in section 2.2.2, the process that

practitioners face when scoping fairness goals and selecting an appropriate fairness metric

for a recommender system is not straightforward nor simple. This process includes but

is not limited to the selection of: which stakeholders are most relevant for a fairness

intervention (including which subpopulations of those stakeholders, and whether fairness

will be measured for groups or individuals within those subpopulations); which system

components will be evaluated for fairness; which data needs to be collected or annotated to

conduct an evaluation; which definition(s) or fairness goals are most relevant for the given
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scenario; which proxies are most appropriate for a given evaluation; and which metric(s)

are most aligned with the given fairness goals and available fairness proxies (Smith et al.,

2023a). Each of these steps is quite complex, and involves extensive research or expertise

on ML fairness topics, as well as interdisciplinary and cross-team collaboration.

Fortunately, a lot of research on ML fairness has already been conducted, which provides

many options for practitioners to select from when deciding which fairness metrics to use

during a fairness evaluation. As I described previously, when incorporating fairness goals

into ML systems, this involves determining a set of criteria or requirements that must be

met in order for the system to be deemed “fair” under a specific definition (Smith et al.,

2023a). ML fairness definitions have been introduced most often for classification (e.g.,

equal odds (Hardt et al., 2016), treatment equality (Berk et al., 2021), equal opportunity

(Hardt et al., 2016; Agarwal et al., 2018), statistical parity (Dwork et al., 2012), error

parity (Buolamwini and Gebru, 2018), false positive and false negative parity (Zafar et al.,

2017; Hardt et al., 2016), and omission rate parity (Zafar et al., 2017; Kleinberg et al.,

2016)) and more recently for recommendation (e.g., search neutrality (Grimmelmann,

2010), top-k fairness (Zehlike et al., 2017), calibration parity and classification parity

(Singh and Joachims, 2018)).

Fairness definitions and interventions have also been incorporated into real-world rec-

ommendation contexts including (but not limited to) microlending recommendation (Liu

et al., 2019), job recommendation (Geyik et al., 2019), and music recommendation (Beat-

tie et al., 2022).

However, despite the proliferation of research papers that approach ML fairness, practi-

tioners still face many challenges when doing fairness work. Considering the quantity and

complexity of fairness definitions, different definitions will likely be put forward by different

stakeholders, all of which must be integrated within a practitioner’s fairness intervention.

Beyond the practical challenges practitioners face when selecting appropriate fairness def-
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initions and goals, other barriers exist that can make it challenging for practitioners to

operationalize fairness. Rakova et al. (2021) previously noted that apart from practical

challenges in implementation, “[responsible] AI initiatives also require operationalization

within — or around — existing corporate structures and organizational change.” Inte-

grating fairness work into existing corporate or business structures can be a difficult task,

especially considering trade-offs that may occur (e.g., if optimizing fairness for one set of

stakeholders diminishes fairness for another set of stakeholders (Burke, 2017a)). Ensuring

that fairness interventions are in alignment with existing business goals, and resolving

perceived tensions against fairness work is crucial to responsible design efforts (Rakova

et al., 2021).

One example of a tension previously introduced in the literature discusses the gap between

academic research and practical implementation (Holstein et al., 2019). Specifically, this

research highlights that domain-specific, scalable standards would be greatly beneficial,

(as also discussed by (Green and Hu, 2018; Lee, 2018)). However, other research has

objected to scaling, standardizing, or automating ML fairness in practice, due to the

context-dependent nature of fairness work (Lee et al., 2020; Wachter et al., 2021).

Researchers and practitioners have turned towards tooling to combat some of these chal-

lenges. Tooling in the context of this work includes open-source libraries that provide

code to implement fairness metrics, as well as protocols, questionnaires, and worksheets

to help educate and support decision-making in an algorithmic responsibility setting (e.g.,

(Madaio et al., 2020; Cramer et al., 2018a; Moss et al., 2021; Bellamy et al., 2019; Xu and

Doshi, 2019; Bird et al., 2020; Richardson et al., 2021; Metcalf et al., 2021)). However,

despite all of these available tools, practitioners still report a disconnect between these

tooling efforts and what they actually need in practice (Madaio et al., 2022; Law et al.,

2020; Veale and Binns, 2017; Lee and Singh, 2021; Richardson et al., 2021).

One major critique of these toolkits is that they exclude the everyday practices and
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decision-making processes that are a critical part of doing responsible technology design.

“In instantiating ethics through reproducible processes like checklists or pro-

gramming packages, these efforts may manage only to offer the illusion of

completion, and in doing so imply that ethics “has been done.” Rather, it is

precisely in these everyday practices that meaningful ethics are located and

robust anticipation of social harms could be contemplated” (Metcalf et al.,

2019).

Another major critique of ML fairness tools is that they do not provide the necessary

guidance for practitioners to begin exploring their fairness goals (Lee and Singh, 2021).

Open-source libraries that provide metrics for practitioners are of little use if the prac-

titioners do not know how to define the impact they want to measure, or scope their

measurement context.

One recent study explored how much agency AI developers report experiencing in their

work with respect to ethics, and discovered that there is no consensus over how much

responsibility practitioners have over the ethical implications of their technologies (Griffin

et al., 2023). Even in the event that all practitioners felt a moral obligation to incorporate

fairness into the design of their technologies, most ML practitioners are not trained in

disciplines like ethics or philosophy (Saltz et al., 2019), which creates another barrier to

entry for this complex decision-making space.

Tasks such as scoping fairness goals or deciding on appropriate fairness constraints might

seem very daunting without institutional or academic knowledge of ethical theories or

fairness metrics.

Passi and Barocas (2019) detail this challenge of scoping as fairness“problem formulation,”

and describe how different formalizations of the same fairness problem can lead to different
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operationalizations of fairness goals that relate to that problem. The authors emphasize

the importance of the social and historical context that a fairness problem may arise

within, and how different stakeholders might be impacted by this problem and its proposed

solutions (Passi and Barocas, 2019).

In response to some of these challenges with formalizing fairness problems, goals and

considerations, Saleiro et al. (2018) created a decision tree to help practitioners select an

appropriate ML fairness operationalization for their given context. However, this decision

tree assumes that the practitioner has prior knowledge of policy and ethics jargon, with

some branches in the tree asking questions like, “are your interventions punitive or assis-

tive.” Additionally, this decision tree was designed for the context of binary classification,

not ranking or recommendations. In the context of recommendation systems, fairness

metrics and considerations are vastly different from a binary classification setting, espe-

cially since outcomes are not necessarily binary nor measurably favorable. There is rarely

a “ground-truth” to compare the final recommendation lists against beyond assuming user

engagement as a positive prediction (Beutel et al., 2019b).

All of these tensions and challenges that I have raised in this chapter hinder practitioners’

abilities to operationalize fairness in practice. Without proper guidance for practitioners

to scope their fairness goals and to select metrics that appropriately map to those goals,

fairness evaluations in practice could hinder or even diminish fairness at a large scale

(Corbett-Davies and Goel, 2018).

In addition, the practical constraints of industry requires that fairness operationalization

does not deter from business goals, which can drastically impact both the goals and the

design of fairness evaluations (Rakova et al., 2021).

Finally, while these practical challenges of implementing fairness in real-world systems are

substantial, they underscore the importance of continuing this work. In this dissertation,
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I tackle the multifaceted complexities of operationalizing fairness in real-world recommen-

dation systems. By examining the experiences and preferences of impacted stakeholders

alongside the constraints faced by practitioners, I explore potential best practices for

advancing fairness in machine learning applications. This work offers actionable recom-

mendations for navigating these challenges and lays a foundation for ongoing efforts to

improve fairness in dynamic, real-world contexts.
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Chapter 3

Methods

In this chapter, I outline all of the methods for each of the five studies included in this

dissertation. Four of the studies were semi-structured interview studies (Studies # 1, 3,

4, and 5), while Study #2 was a focus group study. Here I describe the specific methods

for each study in the order they appear in this dissertation.

3.1 Study #1: The End-Users’ Perspective

Collaborator Statement: For this study, I had the privilege of collaborating with Nasim

Sonboli, Florencia Cabral Berenfus, Robin Burke, and Casey Fiesler. My contributions to

the research included conducting multiple interviews, leading the analysis and coding of

all interview transcripts, and working closely with my co-authors to co-write the resulting

paper.

In this work, my collaborators and I used interviews as a way to explore the stories and

experiences of a sample of users of recommender systems. Though some previous work

has stated that user input for algorithmic design may not be helpful for engineers, due to
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users’ potential lack of knowledge of the system (Saxena et al., 2019), I argue that it is

precisely this lack of knowledge that can be beneficial for the design and deployment of

explanations in systems. Understanding what the users do not know about a system can

help the engineer pinpoint where users might need more education about the platforms

they are interacting with, and how an explanation can meet those needs.

As an initial exploratory study, we recruited a convenience sample of 30 undergraduate and

graduate students from the University of Colorado Boulder, all of whom had prior exposure

to recommender systems (e.g., on e-commerce or streaming platforms such as Amazon or

Netflix). Our participants included 18 women and 12 men, with an age range of 18 to 32.

15 participants were studying Computer Science, Information Science, or related fields,

and 15 were pursuing other majors. Participants were recruited via social media postings,

a university announcement board, and advertisements in classes, and were compensated

$10 for their time; this study was approved by the University of Colorado’s Institutional

Review Board. Though our sample of young internet users provides a good foundation

for understanding opinions and concerns that ordinary recommendation consumers might

have about fairness, I recognize that it is limited in scope and I do not suggest that our

findings are generalizable to a broader population.

My collaborators and I conducted face-to-face, semi-structured interviews with partici-

pants that began with a discussion of their past experiences with recommender systems

and their folk theories of recommendation algorithms and fairness objectives. We asked

them to explain their current knowledge about how these systems work, and what fairness

meant to them in this context. For the latter half of the interviews, we used the Kiva

crowd-sourced microlending platform (explained in more detail in Section 3.1.1) as a case

study to explore the ways that explanations can help or harm the participant’s under-

standing of a fairness-aware system. We used Kiva as a case study both to have a concrete

example to ensure consistency across participants, and because Kiva is a real-world ex-
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ample that contains fairness concerns. In our interviews, we asked the participants to

consider what helpful explanations might look like in Kiva’s platform if fairness-aware

recommendation were implemented.

Following interview transcription, my collaborators and I conducted a version of thematic

analysis (Braun and Clarke, 2006), where we conducted open-coding on a subset of the

interviews using MAXQDA software, and then met to confer on, synthesize, and finalize

a set of themes that best captured the insights gathered from our participants.

3.1.1 Kiva as a Case Study

Kiva is an organization seeking to enhance financial inclusion in the world through mi-

crolending. Their platform provides a space for those who are seeking loans (borrowers)

to get funded by those who are seeking to supply capital (lenders). Kiva’s mission em-

phasizes equitable access to capital for all borrowers, who are individuals without access

to traditional forms of capital, to improve their living situations. In the recommendation

ecosystem of Kiva, the providers of recommended content are the borrowers, and the con-

sumers of recommendations are the lenders (Choo et al., 2014). Naturally, a recommender

system in this context raises an important fairness concern. If borrowers are recommended

inequitably, the system could be contributing to an inequitable pattern of resource dis-

tribution on its platform. However, if fairness considerations make the recommendation

ecosystem unsatisfactory for lenders, causing them to leave the platform, this could cause

negative consequences for borrowers as well.
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3.2 Study #2: The Providers’ Perspective

Collaborator Statement: For this study, I had the privilege of collaborating with Aish-

warya Satwani, Robin Burke, and Casey Fiesler. My contributions to the research in-

cluded designing and facilitating all focus groups, leading the analysis and coding of all

focus group data, and leading the writing for the resulting paper.

This study consisted of four virtual focus groups with a total of thirteen participants,

which is in line with standards for user studies in HCI (Caine, 2016). Focus groups were

the most appropriate method to adopt for this work because of our goals to uncover

tensions between providers and to encourage brainstorming that extended beyond partic-

ipants’ individual experiences through group discussions. In addition, focus groups en-

courage research participants to develop ideas collectively, and sharing experiences among

participants can prompt people to elaborate on their stories and themes, which can help

researchers interpret those experiences (Smithson, 2008). The first two focus groups in-

cluded participants who are content creators on platforms like TikTok, Instagram, or

YouTube. The final two focus groups included participants who use dating apps. This

research was approved by the University of Colorado’s Institutional Review Board.

3.2.1 Participants

I recruited participants via open calls to participate on Twitter, LinkedIn, Instagram,

TikTok, and Slack channels with personal networks. Interested participants were sent

to an online form to select which type of provider they were. All participants were

compensated $30 USD for their participation. Since the goal of this study was to elicit

the perspectives and preferences of recommendation providers, I asked participants to

concentrate on this role during the focus groups. For example, even though content
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creators become consumers when they scroll others’ posts or dating app users become

consumers when they swipe on others’ profiles—both of these groups are also providers

(users whose content/profile is exposed to others). To ensure I elicited preferences of

the provider, I asked participants to engage in activities while remembering their vested

interest in getting their content or profile exposed to other users. I chose to focus on

providers because their perspective is often missing from recommender system design and

evaluation and also because, especially in the case of platforms where providers can be

paid, there are higher stakes for providers.

All participants and their collected attributes are included in Table 3.1. I included gender

identity and race/ethnicity in the tables as self-described by participants, to preserve their

preferred terminology. I note the lack of diversity in both gender identity and racial/eth-

nic identity of our recruited participants as a limitation of this research study, and the

results should be interpreted with this in mind. The majority female, majority White

demographic of our participants likely omits useful dimensions of unfairness experienced

by other demographic groups, but still provides a helpful starting point for this seminal

work. Each participant was assigned an alias based on their recommendation domain.

For example, content creators were assigned the alias PC#, whereas dating app users

were assigned the alias PD#. (e.g., “PC1” or ”PD1”). I use these aliases as reference

throughout Section 4.3. Through the pilots, I found that limiting focus groups to 3-4

participants was ideal to allow for active participation.

3.2.2 Focus Group Design

The focus group design was the same for all four focus groups, regardless of the recom-

mendation domain in question. All participants were guided to an online collaboration

document on Google Docs. For reference, the collaboration document used for content
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Table 3.1: Demographics of content creators. FG# refers to the associated focus group.

Alias FG# Type

of Content

Platform(s) Used Follower

Count

Age

Range

Gender

Identity

PC1 1 Art &

sewing

Instagram,

YouTube

500-1000 20-30 Female

PC2 1 Short/ long-

form anima-

tion

LinkedIn, Vimeo,

Tumblr, Insta-

gram, YouTube

<500 20-30 Nonbinary

PC3 1 Historical

education

YouTube, In-

stagram, Tik-

Tok, Facebook,

Threads, Patreon

>10,000 30-40 Female

PC4 2 Movement

videos

Instagram, Tik-

Tok, Facebook

>10,000 20-30 Female

PC5 2 AI-

facilitated

digital art

TikTok, Insta-

gram

<500 50-60 Male

PC6 2 Artist/

Illustrator

Instagram, Face-

book

4,000-

10,000

40-50 Female

creators and the associated focus group protocol can be found in the Appendix in Section

7.4. Each activity involved independent brainstorming in the shared document, as well

as a group discussion afterward. All focus groups were conducted virtually via Zoom

and were recorded on the same platform. Audio recordings were then transcribed us-

ing Microsoft Word’s audio transcription software. The focus groups included 4 different

activities for participants:

1. Introduction Activity. Participants brainstormed about their experiences with the

recommender systems that they are a provider for, as well as their perception of

the algorithms on these platforms. Then all participants introduced themselves and

shared with one another.

2. Unfairness Activity. Participants brainstormed about their experiences of unfair-
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Table 3.2: Demographics of dating app users. FG# refers to the associated focus group.

Alias FG# Dating Apps Used Paid for

Premium?

Age

Range

Gender

Identity

PD1 3 Tinder, Bumble, OkCu-

pid, Hinge, Taimi, Her,

Lex, Grindr, Feeld, Face-

book Dating

No 20-30 Female

PD2 3 Hinge, Tinder Yes 20-30 Male

PD3 3 Hinge, Tinder, Bumble Yes 20-30 Nonbinary/

Agender

PD4 4 Tinder, Bumble No 20-30 Female

PD5 4 Hinge, Tinder, Feeld No 20-30 Female

PD6 4 Hinge, Bumble, Tinder,

The League, Coffee

Meets Bagel

Yes 20-30 Female

PD7 4 Bumble, Hinge, Feeld,

Tinder

No 20-30 Cisgender

Woman

ness and fairness as providers. Participants were not provided with a definition of

“fairness” or “unfairness,” and were asked to recall their experiences based on their

personal perceptions of what fair treatment was for them. After brainstorming,

participants volunteered to discuss their experiences, while the research team took

notes to come up with a “fairness concerns list” that captured these experiences.

3. Fairness Goals and Definitions Activity. Participants collectively selected a recom-

mendation platform in their domain that everyone was familiar with (e.g., Hinge for

dating app users, or Instagram for content creators). They brainstormed a list of

fairness goals related to this platform, with specific attention towards the fairness

concerns list that was created during the previous activity. Participants also devel-

oped a condensed fairness definition that attempted to capture these fairness goals.

Together, the group discussed their fairness goals and definitions, as well as their

challenges and experiences with the activity.
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4. Fairness Metrics Activity. Using the same platform as decided in the previous

activity, all participants brainstormed at least one “Fairness Metric” that allowed

them to measure whether or not one of their fairness goals were being achieved by

the recommendation system. They were asked to include details about (1) which

data would need to be collected to measure fairness in this way; (2) which user

populations (demographics) might need to be compared against one another; (3)

how they would know if “fairness” had been achieved; and (4) how they would

know if the platform was still not “fair” enough. Together, the group discussed their

experiences with trying to design fairness metrics, including identifying any tradeoffs

and challenges with their specific metric(s), and how they would like this process to

be done in practice.

3.2.3 Data Analysis

Using the transcribed audio recordings of the focus groups, I conducted a version of

thematic analysis via inductive open coding, by tagging individual sections and quotes

with labels that were associated with that particular observation. Written responses from

participants during brainstorming sessions were also coded. When a new response or

quote fit into a previously defined code, it was included in that category. After creating

a codebook with related quotes and observations, I discussed the observations and codes

with the rest of the research team and came to a consensus about emerging themes. These

high-level themes are discussed throughout Section 4.3.
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3.3 Study #3: The Practitioners’ Perspective (Kiva)

Collaborator Statement: For this study, I had the privilege of collaborating with Anas

Buhayh, Anushka Kathait, Pradeep Ragothaman, Nicholas Mattei, Robin Burke, and

Amy Voida. My contributions to the research included leading the design of the the four

fairness logics, leading the analysis and coding of interview transcripts in relation to these

fairness logics, and working closely with my co-authors to co-write the resulting paper.

My collaborators conducted semi-structured interviews with 23 employees of Kiva’s mi-

crolending platform. They transcribed the interviews, and then we worked together to

analyze the transcripts using thematic analysis (Braun and Clarke, 2006), resulting in a

framework of fairness logics and characterizations of tensions among those logics. This

research was approved by the University of Colorado’s Institutional Review Board.

3.3.1 Participants

My collaborators recruited 23 Kiva employees, each with a job role that had an investment

in the recommendations of loans posted on Kiva’s website. The participants worked from

five countries across three continents. They worked for nine different teams within Kiva.

Recruitment of initial participants was based on the advice of and introductions from

Pradeep Ragothaman, who is Head of Data Science at Kiva. Subsequent recruitment

was done through snowball sampling. Due to the relatively small size of some of the

teams at Kiva and the number of uniquely identifiable job roles, I report participants in

this section in aggregate in order to support their anonymity. In what follows, I refer to

the participants numerically as P1 through P23. Transcripts from P6 and P10 are not

included in this analysis as they were pilot interviews for a future study with a Kiva lender

and with an employee of one of Kiva’s lending partners.
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3.3.2 Data Collection

My collaborators conducted the interviews in this study, they tailored interview questions

to each individual and their specific role at Kiva, with a focus on the following themes:

their role at Kiva; how they apply the value of fairness in their work; challenges they

experience when applying the value of fairness in their work; and how they interact with

different technologies at Kiva. Interviews were conducted and audio-recorded via Zoom

video conferencing.

3.3.3 Data Analysis

I, alongside my collaborators, conducted collaborative data analysis via the best practices

of thematic analysis (Braun and Clarke, 2006). After all interviews were completed, we

began conducting open coding on interview transcripts; a generative process in which

two authors independently tagged low-level themes in the transcript. The first round

of open coding resulted in categories that included different definitions of fairness (e.g.,

fairness is defined as maximizing impact for borrowers), different ways that fairness was

operationalized through work (e.g., determining impact scores, auditing for fairness con-

cerns), and different fairness heuristics that focused on considerations for different groups

of stakeholders (e.g., prioritizing risk over impact, educating lenders or borrowers). We

then turned to explore the relationships among codes. In our next round of coding, we

attempted to organize our data by stakeholder, building on related research (Lee et al.,

2019b) that has successfully used multistakeholder analysis to understand co-occurring

fairness concerns. This round of coding ultimately felt insufficient in organizing the data

as the relationship among stakeholders and fairness concerns was neither one-to-one nor

clear cut.
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In our second iteration, I switched to organizing our data by the underlying logic of the

fairness consideration. This phase of analysis occurred in parallel with a substantive anal-

ysis of the fairness research literature to identify which fairness constructs and preexisting

logics were most related to participants’ descriptions of fairness at Kiva. The results of

this coding phase were also used to organize the literature review for this paper. Our

next round of coding, then, switched to being more deductive, using the classes of fairness

from the literature review to organize the data. Following this analysis, key excerpts of

interviews remained that did not fit neatly into any one class of fairness. Instead, they

hinged on conflicts between or intersections among classes of fairness. Our final analytic

phase focused on classifying the remaining excerpts in terms of these intersections.

3.4 Study #4: The Practitioners’ Perspective (Spotify)

Collaborator Statement: For this study, I had the privilege of collaborating with Lex

Beattie and Henriette Cramer while interning for the Algorithmic Impact Team at Spotify.

My contributions to the research included conducting the literature review that led to the

initial design of the decision tree, leading the design of the decision tree, designing and

conducting all interviews, leading the analysis and coding of interview results, and leading

the writing for the resulting paper.

To capture the complex challenges practitioners face when scoping and identifying fairness

metrics, my collaborators and I iteratively designed a decision-making framework based

on a literature review and feedback from our participants. Our framework is a decision

tree designed to specifically scope quantifiable harms and corresponding metrics from a

pre-defined, conceptual, potential harm of the system. The decision tree was created to

help practitioners decide between various fairness constraints to scope which quantitative

fairness context and metric category is most appropriate for their goals. The final iteration



51

of the decision tree can be found in the Appendix in Section 7.4.

I created the initial design of this decision tree to mirror past frameworks introduced by

Aequitas and Fairlearn, which helped scope quantitative fairness contexts and identify

fairness metrics for binary classification and regression (Saleiro et al., 2018; Bird et al.,

2020). To the best of my knowledge, I was unable to find versions of these types of tools

for recommendation or ranking systems.

We then used this decision tree framework and an associated spreadsheet of fairness

metrics during interviews with ML practitioners at Spotify. To glean more nuanced ob-

servations from interviews, my collaborators and I iterated on the framework to account

for participant feedback. Our iterative design process was inspired by previous research

on co-designing ML fairness standards (e.g., (Madaio et al., 2020)); upon iterations, we

addressed practical challenges that participants had explicitly mentioned or that I had

implicitly observed during interviews. Our iterations allowed us to observe less obvious

nuances in how practitioners operationalize fairness in later interviews in the study.

3.4.1 Designing the Prototype

Before conducting interviews, I created a low-fidelity prototype of the tools. The purpose

of these prototypes was to help us uncover the practical challenges that practitioners

might face when confronting fairness evaluation for the first time in a real recommendation

setting.

To create these prototypes, I conducted a literature review to inform the creation of our

decision tree prototype, particularly its high-level metric category leaf nodes. This litera-

ture review formed the foundation for designing a process needed to scope a quantitative

fairness context and identify a fairness metric category for said context. I created the
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original corpus by searching on the Google Scholar repository using the keywords “fair-

ness,” “ranking,” “recommendation,” “recsys,” “fair,” and “metric.” I also added to our

paper repository through snowball sampling; when I encountered a citation in one paper

that referenced fairness metrics or definitions introduced in another paper, I added it to

our repository. This process generated a corpus of 42 papers. I filtered this initial cor-

pus to only include papers that introduced a new fairness metric. This removed papers

that introduced re-ranking algorithms, or used previously defined fairness metrics. I also

excluded papers that made assumptions that did not apply within practical large-scale rec-

ommendation contexts (e.g., if they assumed the practitioner had access to“ground truth”

ranking labels) due to the motivation for this work to be useful in practical large-scale

industry settings. This filtering process resulted in a total of 24 papers for the creation

of our decision tree. Fourteen of these papers introduced provider fairness metrics, while

nine of these papers introduced consumer fairness metrics. One paper introduced both

provider and consumer metrics. It is important to note that this literature review should

not serve as a comprehensive literature review since its goal was to scope metric categories

for our prototype, not uncover every possible fairness metric. A list of these final papers

that were leveraged for the creation of our prototype can be found in the “Literature

Review” section after the References section of this dissertation.

Scoping harms for Interviews

Before interviewing participants, I asked them to complete an online questionnaire to

begin thinking about which algorithmic harms they might want to explore during the

interview. The questionnaire first asked participants to select a familiar recommendation

or ranking system to evaluate. Next, participants were prompted to scope potential harms.

I used these as the basis for navigating through the decision tree during their interview to

scope quantifiable fairness objectives and identify their related metrics. Participants were
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also asked to answer questions about their current role, their connection with the system

they had chosen, and their comfort and knowledge of fairness metrics.

Prototyping the Decision Tree

Our original designs of the decision tree attempted to confront some of the challenges

that previous research had uncovered regarding scoping quantitative fairness evaluations.

For the decision tree, my collaborators and I wanted to help practitioners scope their pre-

defined qualitative harm formulated from the questionnaire into a quantitative harm with

respect to common fairness terminology. To do this, I designed various “decision-making

nodes” with corresponding branches (decisions) to demonstrate the differences between

constraints such as provider versus consumer fairness, individual versus group fairness,

and ranking versus distributional fairness. These branches were designed as a way to

organize the content I found during the literature review, where each branch corresponds

with a related fairness constraint that I encountered in the literature.

The first decision-making node in the tree confronts the multi-stakeholder constraint,

allowing practitioners to choose a branch between evaluating fairness for providers or

consumers. The next decision node confronts the individual versus group constraint for

both provider and consumer branches. For the providers branch, more decision-making

nodes allow practitioners to select if they would like to measure fairness between multiple

groups or for one group at a time. This design decision reflected current literature on

provider group fairness, which introduces more nuanced measurements concerning groups.

The final decision-making nodes address system component (e.g., measuring fairness in

item distributions versus in item rank positions) and fairness measurement property con-

straints found in our literature review. We did not designate a system component con-

straint branch for scoping consumer or individual provider fairness definitions due to the
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lack of literature for those specific paths. The leaf nodes represent specific fairness ob-

jectives addressing the various constraints. For example, when navigating through the

decision tree for a multi-group provider ranking fairness context, the final node might ask

the practitioner to choose between two fairness objectives: (1) does the top-k ranking con-

tain a specific proportion of items from these provider groups? or (2) are clicks, exposure,

ranking, etc., proportional to item relevance for these provider groups? This choice of

fairness objective leads the practitioner to a leaf node. Each leaf node has an associated

“fairness category” that includes a list of metrics that fit within that category, both of

which can be explored further in an associated spreadsheet. Tables 5.1 and ?? provide

an overview of these fairness categories and their associated constraints, objectives, and

metrics. The final design of the decision tree is the result of five iterations during our

interviews, and one iteration once interviews were complete. I note that the decision tree

is not meant as a final usable ‘product’, but rather as a starting point for more research

and design. This version of the decision tree can be found in the Appendix in Section 7.4.

3.4.2 Interviews

Figure 3.1: Interview process and artifacts used for Study #4.

I conducted a total of 15 semi-structured interviews with machine learning (ML) or ML-
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adjacent practitioners working in content recommendation at Spotify. Each participant

provided informed consent to participate in the study. All participants were working

in a commercial consumer-provider recommender system setting with millions of users

worldwide. The participants referenced in this paper can be found in Table 3.3, while the

flow of the interviews and the associated artifacts used can be found in Figure 3.1.

Table 3.3: Participants from Study #4 and their roles. The“Participant ID”column corresponds

to the alias that I use to identify each participant in Section 5.3.

Work Area Roles Participant ID

Machine

Learning

ML Engineer, ML Engineer Manager,

Product Manager

P1, P2, P5, P6, P7, P8, P3,

P13

Data Science Data Scientist, Data Science Manager P4, P9, P10, P11

Research Research Scientist, UX Researcher P12, P14

All interviews were conducted online via Google Meet, and participants were not addition-

ally compensated for their voluntary participation. Rutakumwa et al. (2020) showcased

that opting to not record interviews while maintaining robust written documentation can

preserve participant privacy while ensuring results do not change. As such, our inter-

views were not recorded to allow for participant privacy; all quotes from participants were

gathered from notes taken during interviews. Participants were recruited via snowball

sampling, where previous participants connected the research team with other relevant

practitioners who they had worked with who might be a good fit for the study. We

conducted inductive, thematic analysis (Clarke et al., 2015) on interview notes, and cat-

egorized participant responses and observations into themes and sub-themes.

3.5 Study #5: The Experts’ Perspective

Collaborator Statement: For this study, I had the privilege of collaborating with Michael

Madaio, Robin Burke, and Casey Fiesler. My contributions to the research included
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designing and conducting all interviews, leading the analysis and coding for all interview

transcripts, and leading the writing for the resulting paper.

I conducted semi-structured interviews with 21 ML fairness experts from industry and

academia to understand: (1) how they currently conduct ML fairness evaluations; (2)

how they would improve their current processes for conducting fairness evaluations; and

(3) what resources and mechanisms they think would be necessary to make those improve-

ments. The interview protocol for this study can be found in the Appendix in Section

7.4. Interviews were 60 minutes, and all participants were given the option to be com-

pensated with a $30 digital gift card for their participation. This study was approved by

the University of Colorado’s Institutional Review Board.

3.5.1 Participants

I recruited 21 participants from industry and academia, who self-identified as “ML fair-

ness experts,” and/or “recommender system experts.” The inclusion criteria for partic-

ipants from industry was they must have participated in Responsible AI (RAI) or ML

fairness efforts of some kind; in academia, they must have published papers about ML

fairness or RAI at conferences such as FAccT, CHI, CSCW, or other similar venues. I

included academics in this study to ensure our results were not limited to perspectives

of those currently working within industry, and to more easily recruit participapnts with

interdisciplinary ML fairness expertise. Our inclusion criteria also included people who

have technical experience with recommender systems, either in academia or in industry;

for these participants, no prior knowledge of fairness or RAI was necessary.

I recruited participants first by convenience sampling: sending emails to people who I

personally knew had conducted recommender system fairness research and/or had done

ML fairness research in industry or academia. I also performed a version of snowball
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sampling with participants by asking them to share the recruitment call with others who

they thought would be a good fit. I conducted three pilots of the interview study, and then

conducted 21 official interviews with recruited participants. All interview participants

filled out a pre-interview survey where they described their previous experience with ML

fairness and recommender systems, and provided their demographic information, shown

in Table 3.4. I recruited 10 participants from academia, and 11 participants from industry,

with varying years of experience with ML fairness, RAI, and Recommender Systems topics.

I report the age, gender, and race/ethnicity of our participants in aggregate in order to

avoid identifying individuals. The median and mean age of our participants was 37, the

minimum age was 27 and maximum age was 58 (3 did not answer); the self-reported gender

distribution of our participants was 7 Females, 10 Males, and 1 Nonbinary person (3 did

not answer); and the self-reported race/ethnicity of our participants included: White,

Middle Eastern, Filipino, Austrian, Jewish, Latino, West Asian, Asian, and Hispanic

(4 did not answer). Some participants reported being a combination of several of these

races/ethnicities, I decoupled these combinations in order to avoid identifying individuals.
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Table 3.4: Expertise of participants in Study #5. ML=Machine Learning, RAI=Responsible

AI, RecSys=Recommender Systems.

P# Affiliation Self-Described Expertise
Years of Experience With...

ML Fairness RAI RecSys

P1 Academic Computer Science 7 2 7

P2 Industry HCI 7 20 20

P3 Industry Data Science, HCI 5 5 0

P4 Academic Computer Science 10+ 10+ 29

P5 Academic HCI 8 20 20

P6 Industry Computer Science 6 6 6

P7 Industry Computer Science 8 NA 10

P8 Academic HCI, Computer Science 12 12 17

P9 Industry Data Science 6 7 3

P10 Industry Data Science Management 6 6 10

P11 Industry Computer Science NA NA Some

P12 Academic Computer Science 5+ 5+ 10+

P13 Industry Computer Science, Mathe-

matics

7 7 9

P14 Academic STS, Social Science 5 5-10 5

P15 Industry Computer Science 5 5 2

P16 Industry HCI, Computer Science 4 5 6

P17 Industry Data Science, Applied Re-

search

4 4 0

P18 Academic HCI, Computer Science 9 9 15

P19 Academic Qualitative Social Science 8 8 0

P20 Academic Anthropology 10 NA 15

P21 Academic HCI 7 10 1
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3.5.2 Data Analysis

After completing the interviews, I conducted reflexive thematic analysis, starting with

inductive open coding of all transcripts, which yielded 62 initial codes (e.g., “benefits

of user studies” or “choosing a threshold”). My collaborators and I then grouped these

codes into themes by clustering them into topic areas (e.g., “methods for conducting fair-

ness evaluations” or “incorporating users into fairness evaluations”), discussing them with

colleagues to identify the most salient themes. Our analysis followed reflexive thematic

principles, treating data themes as stories about shared meanings and data topics as do-

main summaries without shared meaning-making (Braun and Clarke, 2021a). Afterward,

I conducted Member Checking to verify quotes and demographic details (Birt et al., 2016).

3.6 Methodological Limitations

Although the methods used in this dissertation allowed me and my collaborators to explore

the perspectives of various stakeholders of recommender systems, the qualitative nature

of this research has various limitations.

First, while semi-structured interviews and focus groups allowed us to learn about the

lived experiences and needs of stakeholders, it also does not allow for generalizability.

This means the resulst of this dissertation can provide key insights into potential best

practices based on the needs of our study participants, but do not act as a holistic guide

that covers all users and practitioners needs for fairness in recommender systems. It has

been shown that the average sample size for qualitative studies in HCI is 12 (Caine, 2016),

and the sample sizes for the five qualitative studies included in this dissertation was: 30,

13, 23, 15, and 21, respectively. Although the sample sizes of these studies were relatively

small, they still allowed for us to elicit enough information to learn shared meanings about
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fairness operationalization from the participants.

Golafshani (2003) describes how the concepts of validity, reliability, and triangulation

align with the principles of qualitative research, which can eventually lead towards no-

tions of generalizability when applied well in practice. However, this author notes that the

focus of qualitative research is not on generalizability, but rather about illuminating and

understanding shared meanings for similar situations. In this light, the limited number of

participants in these studies might not represent the broader stakeholder and demographic

populations they are a part of. In addition, I do not claim that data, themes, codes, or

the meanings I derived from them were “saturated” in our studies. Braun and Clarke

(2021b) describe how in thematic analysis, saturation of themes and meanings is not the

goal, nor is it possible to derive a generalizable point during the qualitative research pro-

cess where saturation has been achieved. In grounded theory, data saturation is a goal

because it indicates that no new themes, categories, or insights are emerging from the

data, signaling that the researcher has thoroughly explored the phenomenon under inves-

tigation. However, in thematic analysis, saturation is not the goal because the approach

is not inherently tied to generating a fully exhaustive set of themes but rather focuses

on identifying patterns of meaning within the data that align with the research questions

and the analyst’s interpretive framework (Braun and Clarke, 2021b). Further, reflexive

thematic analysis (as is the primary method I adopted for this dissertation), is considered

a reflection of the researchers’ interpretations of the data, and it is expected that codes

and themes produced by one researcher may not be replicated by another (Byrne, 2022).

Despite these limitations, the perspectives that were derived from participants are still

valuable and remain deserving of exploration because they provide nuanced, context-

specific insights into the lived experiences and challenges faced by individuals directly im-

pacted by the phenomena under study. These insights can illuminate unique perspectives

that may otherwise be overlooked in broader quantitative analyses, offering meaningful
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contributions to the understanding and practice of fairness in machine learning.

With all this in mind, there are additional limitations to the insights produced from the

qualitative research in this dissertation. First, response bias (Furnham, 1986) may have

influenced participants’ answers across the semi-structured interviews and focus group

study, as individuals might have been inclined to provide responses they believed were

more socially acceptable or aligned with the expectations of the interviewer or other

participants, rather than offering their true feelings or experiences. This was likely com-

pounded by social desirability bias (Bergen and Labonté, 2020), where participants could

have framed their responses in ways that they believed were socially favorable or appro-

priate for the context. I expect this bias to have been especially present during the focus

group study, due to the fact that participants were in a zoom room with one another,

and after introducing themselves to each other, might have felt uncomfortable to disagree

with people they did not know well. However, I will note that in one of the focus groups,

two participants did debate one another about the ethics of allowing AI-generated art

on social media platforms, which showcased that for at least some of the participants in

that study, they felt comfortable naming when they disagreed with the values of another

participant.

Additionally, a common challenge in qualitative research, particularly in the interviews

and focus group, is the difference between theoretical preferences and practical realities.

What participants expressed in theory about fairness, equity, or other concerns might

not have always aligned with what they actually prioritize or value in practice, even if

they were unaware of this gap. Related to this, participants might not always have had a

full or accurate understanding of their own needs and priorities. As a result, the insights

gathered from these studies, particularly when participants described what they wanted or

needed, may not always fully capture their true preferences or the most effective solutions

for their contexts.
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Finally, I acknowledge that despite conducting five studies for this dissertation, I was

not able to address every research question I had hoped to explore. While I discovered

that practitioners need more guidance when scoping fairness evaluations and determining

which stakeholders and fairness goals to prioritize, I have not yet identified best practices

for providing this prioritization guidance. Additionally, I found that designing fairness

metrics in collaboration with impacted stakeholders shows promise as a method for im-

proving fairness design, but I have yet to implement this approach in practice. Such an

implementation is likely to introduce new challenges that remain to be fully understood.

While I have examined some best practices for conducting pragmatic fairness in industry

settings, these insights are limited to the 21 participants of my final study. Expanding this

research to include more participants from diverse organizations and areas of expertise

would likely yield a broader array of approaches to advancing pragmatic fairness efforts.

Finally, the scope of this dissertation is necessarily constrained by its focus on recom-

mender systems. This allowed for an in-depth exploration of fairness operationalization

within a specific context, yet many other domains of machine learning could benefit from

similar research. I encourage future studies to apply the methods and questions explored

in this dissertation to these other domains to expand our understanding of fairness in

machine learning more broadly.

3.6.1 Positionality Statement

My identity as a White, queer, middle-class, American woman with a degree in software

engineering, living in Boulder, Colorado, has shaped the research presented in this dis-

sertation in many ways. Throughout my research, I was conscious of how my personal

background, experiences, and perspectives influenced the choices I made in all stages of

the research process. The research questions I asked, the design of the interviews and

focus groups, the types of follow-up questions I chose to ask during studies, and the codes
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and themes I identified as salient were all influenced by my lived experiences, personal

interests, and inherent biases.

As someone with a technical background in software engineering, my perspective on fair-

ness in recommender systems was shaped by both my familiarity with the limitations of

technology and my awareness of the importance of human-centered design in the tech

industry. My academic training and industry internships have also made me sensitive to

how fairness frameworks are operationalized in practice and the challenges practitioners

face when trying to apply theoretical concepts to real-world systems. Living in Boulder,

a progressive community with a strong academic and tech presence, may have further

influenced my thinking, as it also exposed me to specific perspectives on fairness, ethics,

and technology.

Additionally, my identity as a queer woman influenced the way I engage with stakeholders

and impacted my commitment to promoting fairness for underrepresented or marginalized

groups in technology. As a result, I intentionally centered my studies on understanding

the needs of diverse stakeholders, aiming to highlight the voices and perspectives that are

often overlooked in fairness discussions. As a middle-class white woman, my experiences

have been shaped by privileges that may have shielded me from the harms and limitations

faced by individuals with different identities. I remain conscious of these privileges and

the ways in which they may have influenced my interactions with participants and the

interpretation of the results in my studies. This awareness informs how I approach the

findings, recognizing that my perspective may not fully capture the lived experiences of

those who face different societal challenges.

Overall, I acknowledge that my positionality has shaped both the design and analysis

of my studies, influencing the way I interpreted data and framed the significance of the

findings. I remain mindful of these influences and hope that my reflections on them can

help contextualize the insights and recommendations that emerge from this dissertation.
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Chapter 4

The Users’ Perspective

Overarching Research Question: How do users think that fairness should be operational-

ized in real-world recommender systems?

In this chapter, I explore how we can better operationalize fairness with users of recom-

mender systems. I discuss how users reason through fairness considerations, how they

may be impacted by them, and how they wish that practitioners operationalized fairness

for recommender systems. I present my findings from two studies: (1) an interview study

with end-users of recommender systems; and (2) a focus group study with providers of

recommender systems. I first begin by providing some theoretical background and motiva-

tion for these studies, and then share the results of each study, as well as the implications

of these results.

4.1 Motivation

Previous work exploring best practices for machine learning fairness has largely focused

on the perspectives of the practitioners (e.g., (Madaio et al., 2020; Holstein et al., 2019;
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Rakova et al., 2021)). While these perspectives are useful and necessary to aid in the

improvement of fairness operationalization–they omit several key stakeholders from the

design process: those who are impacted by fairness in the system. Costanza-Chock (2020)

describes that one of the core tenets of community-based design is to build technologies

that might impact communities with those communities who may be impacted.

Fortunately, in an effort to better align recommendation algorithms with users’ needs, re-

searchers have begun to turn towards participatory and collaborative methods (Delgado

et al., 2023; DeVito et al., 2021). Many previous studies have explored fairness percep-

tions in AI; one study explored 200 papers that had focused on this effort—however the

authors of this work found that many of these prior studies were limited in size and scope

(Van Berkel et al., 2023). A similar study that explored 58 prior studies on people’s

perceptions of algorithmic fairness found similar limitations of prior work, particularly

with respect to viewing algorithmic fairness through a western-centric lens (Starke et al.,

2022).

Jannach and Bauer (2020) describe how conducting research with users is important to

validate the success of a recommender system, rather than optimizing the system for met-

rics without understanding how those operationalizations might impact real people. This

research also describes how the original intention of recommender systems was to make

life easier for consumers of platforms, but that this excludes several other stakeholders in

the system, such as item providers. They propose that recommender systems ought to

create value to not just the consumers of recommendations, but also the providers. In

addition, Stray et al. (2022) describe how designing metrics with system stakeholders can

help make systems more robust, and better aligned with human values.

Konstan and Terveen (2021) describe the goal of human-centered recommender systems

research as the following: “to design the algorithms and interactions of recommender sys-

tems to better fulfill the goals of users and of the organizations engaging with these users.”
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These authors describe a scenario of a very successful recommender system for grocery

stores that learns to recommend bananas and bread to everyone. On the surface, this

recommender is functioning very well—it reports high accuracy and almost always rec-

ommends items that a customer buys. Underneath the surface, it is obvious that this

recommender provides little value to the customers of a grocery store. Relying solely on

metrics (accuracy or otherwise) tells us very little about the real experience that stakehold-

ers of a recommender system are having. In the case of fairness, aligning a recommender

systems’ objectives with those of the stakeholders’ is a higher-stakes process—to do so

poorly could result in much dire consequences than poor user experience. Previous work

has also described how overemphasizing metrics in the evaluation process has become a

fundamental problem in the discipline of machine learning (Thomas and Uminsky, 2020).

Birhane et al. (2022) describe that conceptual analysis of a system can only take us so far as

ML researchers. To really target and improve structural and historical power asymmetries,

research in the discipline of AI ethics ought to focus more on the real experiences of real

people. One approach to confront this challenge is to involve users in the design of ML

systems and their objectives, such as fairness.

Recent research within the computer science discipline has shown the positive impact of

including users in the design process of fair machine learning systems. Srivastava et al.

(2019) describe that all stakeholders of fairness-aware algorithmic decision-making systems

should be involved in the fairness formulation process.

“Algorithmic decisions will ultimately impact human subjects’ lives, and it

is, therefore, critical to involve them in the process of choosing the right no-

tion of fairness. . . After all, a theory of algorithmic fairness can only have a

meaningful positive impact on society if it reflects people’s sense of justice,”

(Srivastava et al., 2019).
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Lee et al. (2019b) showed that involving users in the design of an algorithm led them to

perceive and believe the resulting algorithm to be fair, and that this co-design process

improved user attitudes towards the platform as a whole. The same results have been

shown in research on procedural justice (Lind and Tyler, 1988; Lee et al., 2019a) and

participatory policymaking (Fung, 2003).

As I previously noted, in the domain of recommender systems, end-users are not the only

stakeholders who are impacted by fairness. End-users or consumers are the stakeholders

who consume recommended items, and their fairness interests and goals might differ sub-

stantially from Providers—those who provide items to be recommended. In this chapter,

I involve both of these stakeholders in the design process of fairness operationalization,

as both of these stakeholders are “users” of the system in their own right.
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4.2 Study #1: The End-Users’ Perspective

Fairness and Transparency in Recommendation: The Users’ Perspective

(Sonboli, Nasim and Smith, Jessie J. et al., 2021)

4.2.1 Introduction

In this preliminary work, my co-authors and I explored what end-users’ perceptions of

fairness are when it comes to recommendation, and how they would like to be informed

about fairness interventions that might impact their personalized recommendations (Son-

boli, Nasim and Smith, Jessie J. et al., 2021). We also explored the different opinions that

end-users of recommendations may have when it comes to their personal definitions of fair

treatment on recommendation platforms (Smith et al., 2020). This was a semi-structured

interview study with 30 participants who had interacted with recommender systems be-

fore. More details about the methodology of this study can be found in Section 3.1.

The research questions for this study were the following:

• RQ1: What are end-users’ folk theories about recommender systems?

• RQ2: How do end-users of recommender systems want fairness goals and interven-

tions to be explained to them on the platform?

• RQ3: What explanation designs do end-users like best for explaining how fairness

interventions impact their recommendations?
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4.2.2 Results

The results from this study highlighted that end-users would like to be informed about

how fairness is incorporated into the systems they interact with, and that transparency

around fairness considerations can be a useful tool to improve trust between end-users

and recommendation platforms.

In this section, I describe the main findings from the exploratory interviews with users of

recommender systems. I begin by explaining some of the gaps in participants’ knowledge

about recommender systems and fairness objectives, as gathered from participant folk

theories. Then, I explore the ways in which participants indicated that explanation design

of a fairness-aware system could help or harm their understanding and trust of the system.

Participant quotes are indicated by anonymized participant numbers; participants 1-15

were studying CS or adjacent fields, and 16-30 were in non-technical fields.

Folk Theories of Recommender Systems

Some participants expressed that the “black box” nature of recommendations made it

difficult for them to learn how a recommendation system might create personalized rec-

ommendations for them. For example, as P5 said, ”recommender systems in most cases

are pretty unknown to the user.”

However, in general, participants had somewhat of an understanding for how recom-

mender systems worked–particularly in terms of how much data was being collected on

them. Some participants’ folk theories aligned well with accuracy-based recommendation

algorithms, such as collaborative filtering algorithms like User-KNN or Item-KNN.

“So if like a lot of people buy, you know, a hammock, then if a large subset



70

of those people who bought a hammock also bought a sleeping bag, it might

recommend the sleeping bag to you” (P21).

Folk Theories of Fairness Objectives

When asked about how recommendations could be unfair to users, very few participants

indicated that they had ever thought of provider fairness for recommendations. This

raised a concern that there might be a lack of communication between the system and

the user when it comes to issues of provider fairness in recommendation.

After a short discussion about fairness objectives and the impact that a recommender sys-

tem might have on the providers, many participants indicated that they thought provider

fairness was important to them in a recommender system, as expressed by P18.

“I don’t think I’ve thought about it as much from a seller’s perspective, but I

can see like, you know, these platforms are made for more than just [users].

They’re made for [providers] as well. So like people who sell things on Amazon

or make music and put it on Spotify, it’s like, yeah, you’re probably inherently

at a disadvantage to people who are already big or are already [favored by] the

algorithm” (P18).

However, the majority of participants were still not entirely sure how fairness goals might

impact their recommendations. Thus, we began to explore different ways that a recom-

mendation platform could explain this impact to users in an educational and empowering

way.
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Explaining Fairness Goals to Users

Throughout the interviews, most participants indicated that they would want to see the

fairness goals of an organization described to the users in some way, either through a short

explanation or an entire page, as described by P8.

“[Organizations] should have [fairness goals] somewhere I could find it like the

little ‘about us’, like ‘learn more about our corporation’ tab where they would

explain ‘these are our moral values, these are what we prioritize’” (P8).

One participant thought that fairness goals were best incorporated into the UX of the

platform, as long as the language did not unintentionally manipulate users.

“Or like work [fairness goals] into their platform somehow. Like how Spotify

does the ‘New Music Fridays’... I think that there are opportunities to weave

that into places on a platform but not necessarily blanket it across so the user

doesn’t feel like they have choice” (P29).

This raised an important concern that is not new in the field of explanation: the concern

that explanations, if not designed carefully, could be used as a tool to manipulate users.

Fairness as a User Choice

One outcome of fairness-aware recommendation is to “nudge” users into choosing items

that they might otherwise not. The intention of this kind of system is to encourage the

user to choose the items that meet the fairness objective of the system itself, which could

unintentionally lead to “manipulation,” as some participants noted. In fairness-aware

recommender systems, coercing users into choosing a“fair”recommendation – which might
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not be ‘fair’ for everyone – could be misleading. This concern was expressed amongst the

participants, particularly because fairness definitions are often disputed, and what might

be considered fair for some, could seem unfair for others (Smith et al., 2020). In order to

remedy these concerns, several of the participants indicated that they would prefer to be

informed about the existence of fairness-aware recommendations so that the user could

make the choice of fairness or personalization for themselves, as expressed by P22.

“[Fairness-aware recommendation] is manipulative in some sort of way. I think

the best thing that they can do would be to give a short explanation that they

changed [the personalized recommendation algorithm] and then kind of show

the whole list and not point out any others in the list... allowing an unbiased

choice from the viewer” (P22).

If manipulation was a concern amongst participants, then how should explanations be

designed to mitigate that concern? Further, how might explanations instead be designed

to foster trust and communication between a system and its users? In the next section,

I propose that these concerns can be alleviated through explanations if they are used

effectively as a tool for education.

Explanations as Education

One prominent theme that emerged throughout the interviews was that transparency as

a means for education was essential. Whether an algorithm uses fairness objectives or

not, participants expressed that they needed to be educated about why they were being

recommended the items that they were. This point was succinctly summed up by P21

who stated: “the more transparency, the better.”

Many participants indicated that better design practices could help promote fair treat-



73

ment for providers and relay this fair treatment back to the recommendation consumers.

In order to ground participants in a specific platform and discuss concrete explanation

designs, we used Kiva as a case study. More information about the Kiva organization

can be found in Section 3.1.1. Specifically, we asked the participants how they thought

transparency could be designed when fairness goals were incorporated in a system like

Kiva. We gathered feedback about the benefits and flaws of explanation designs that

were minimal and global, versus detailed and specific.

On Kiva, recommended “items” are actually people – borrowers looking to get microloans

funded for necessities such as food, water, and medicine. When a borrower is closer to

the top of the recommendation list, they are more likely to have their request clicked on

and potentially funded by lenders (Choo et al., 2014). Fairness-aware recommendations

on Kiva shift where a borrower lands in a consumer’s recommendation list – sometimes

raising their position in the list, other times lowering their position in the list – which

presents high stakes for the providers on this kind of platform.

During our interviews, we asked participants to pretend that they were a lender (and thus

a consumer of recommendations) on Kiva. We presented a scenario where fairness-aware

recommendations changed which borrowers appeared in their personalized recommenda-

tion list and asked them how they would want this change to be translated to them as

a consumer. As described in the methods, we presented three scenarios for explanation

design.

The first option, illustrated in Figure 4.1 (a) was to provide no explanation of any differ-

ences in their recommendations due to fairness objectives. The second option, illustrated

in Figure 4.2 (b) was to provide a general fairness explanation at the top of the recom-

mendations to inform users that some of their recommendations could be different due

to ambiguous “fairness goals”. The third option, illustrated in Figure 4.3 (c) was to pro-

vide specific explanations for each recommendation that was ranked higher in the list
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due to fairness goals, and why that recommendation met Kiva’s fairness goals. These

scenarios allowed us to explore consumer preferences in terms of the number and depth

of explanations in fairness-aware recommendations. Finally, we asked users if they would

rather explanations be kept out of their recommendations and instead have the option to

simply select between purely personalized recommendations and “fair” recommendations,

through the use of a toggle button.

Figure 4.1: The various explanation designs we presented to participants during our study.

Transparency Without Explanations

Most participants indicated that if the recommendation algorithm on the Kiva platform

(or other similar fairness-aware platforms) were to change due to fairness goals, they would

need to be notified. Thus, participants generally expressed that transparency without

explanations was not ideal.

“I would probably expect them to tell me the values that were kept in mind when

coding [the fairness-aware recommendation algorithm]... I wouldn’t expect to
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Figure 4.2: The various explanation designs we presented to participants during our study.

Figure 4.3: The various explanation designs we presented to participants during our study.
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hear nothing that’s for sure. I expect to hear something” (P8).

For many of the participants, explanations were expected in the design of a fairness-aware

system.

Transparency With Minimal Explanations

Given that all participants indicated that they needed some explanations of fairness goals,

the remaining options for explanation were either one generalized explanation, many de-

tailed explanations, or somewhere in between.

“If [fairness-aware recommendation] is incorporated, I don’t think I would need

them to explain every time, but maybe like at the beginning, just understand

they have a [fairness] goal and then go on from there as normal” (P8).

Several participants were in favor of including one global explanation for all fairness-aware

recommendations. Some indicated that a single explanation could still leave room for the

system to include more in-depth explanations about a specific group of providers that the

system is optimizing for fairness. For example, many participants expressed that they

would like to know more about why Kiva borrowers from a specific geographic area are

underfunded on the platform, and how choosing to lend to people from that area could

have a positive social impact.

“I like [longer explanations], where you can scroll underneath and get like a

broader perspective of what’s going on in the whole region, I would like that”

(P5).
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Transparency With Detailed Explanations

Another alternative was to provide a separate explanation for every individual recommen-

dation, on the recommended item itself. Many participants expressed that if explanations

were specific to each recommendation, the manner in which they were formatted played

a big role in their utility to the consumer. P30 described that for explanations to be

effective and informative, the “algorithms should be explained to you in a simple sentence

structure... short, concise and in digestible pieces”. They added that explanations should

be accessible and inclusive for all audiences, regardless of their level of understanding of

algorithms.

In summary, my collaborators and I found that when it comes to transparency for fairness-

aware recommendations, design decisions matter. Transparency should give users greater

agency to understand how provider fairness might make their recommendations different

than personalization. Further, when recommendation fairness is explained to the con-

sumer, it should be explained in a way that is accessible, understandable, specific, and

concise.

4.2.3 Discussion

Taking into account the feedback provided by the interview participants in Study #1,

the following are suggestions for features that could be included in effective explanation

design for fairness-aware systems.

1. Explanations should define the system’s fairness objective for users. For

example, an explanation could educate the user about the impact that a fairness-

aware recommendation might have on the item providers.
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2. Explanations should not nudge/manipulate users into making a deci-

sion, even if the goal is fairness. For example, an explanation could educate

users about the existence of a fairness-aware recommendation while still allowing

the user to decide if they prefer personalization instead.

3. Explanations should disclose the motivation for using fairness as a

system objective. For example, an explanation could educate users about the

fairness concerns of the system, or the values of the organization and why they

chose fairness as an objective.

These three features were compiled based on the specific gaps that the participants had

in their knowledge about fairness-aware recommender systems. Specifically, the folk the-

ories that participants shared on these systems led us to believe that there might exist

a major gap in communication towards users about recommender systems’ objectives.

These features also summarize participants’ most frequent desires for what they wished

explanations could teach them about the system in order for them to understand and

trust it more. It is also interesting to note that whenever participants were educated

about provider fairness concerns in recommendations, they generally showed interest in

the option of using a system that had fairness as an objective.
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4.3 Study #2: The Providers’ Perspective

Recommend Me? Designing Fairness Metrics with Providers

(Smith et al., 2024)

4.3.1 Introduction

In this work, I explored the lived experiences of fairness from the perspective of providers

(people who provide items for recommendation), and co-designed metrics that empirically

captured these experiences of fairness. This research provides a concrete method to assist

ML practitioners with developing fairness definitions and metrics that are aligned with

their users’ needs, which previous work in the FAccT community has explicitly called

for (Deng et al., 2023). During four focus groups with thirteen total participants, I co-

designed fairness metrics with providers from two domains of recommendation: content

creators and dating app users. More details about the methods of this study are described

in Section 3.2.

The research questions for this study were as follows:

• RQ1: What are the lived experiences and perceptions of unfairness for content

creators and dating app users?

• RQ2: What fairness goals, definitions, and metrics do these providers want enacted

in their recommender systems to alleviate these experiences of unfairness?

• RQ3: What are some of the opportunities and challenges of designing fairness met-

rics with providers from different recommendation domains and contexts?
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4.3.2 Results

During the focus groups, I first discovered that most participants were uncertain about

how recommendation systems worked. This lack of understanding also influenced partici-

pants’ abilities to recount their experiences of algorithmic fairness. For example, PD5 said

“I think it’s kind of hard to say whether [I’m] being treated fair or unfairly just because

I don’t really have a good understanding of how the algorithm works overall.” PD4 also

shared that they felt “uncertain about the level of fairness,” that they experience, “just

because of the opacity of the like algorithm itself.” Although uncertainty about the algo-

rithm’s functionality made it difficult at times to understand if the recommender system

was being fair, participants still had many experiences of unfairness to share and discuss

with one another.

In the following sections, I describe these experiences and how they informed the par-

ticipants’ designs of their fairness goals, definitions, and metrics. Though there were

commonalities between the two domains, overall there were many contextual differences,

so I categorized these results by the participant type (Content Creators or Dating App

Users) and noted when any similarities were observed between both groups.

Lived Experiences of Unfairness

When asking participants about their experiences of fairness and unfairness on their asso-

ciated platforms, several participants struggled with interpreting the word “fair,” such as

PC1, who expressed that it’s “hard to say what is unfair, just what feels unfair” (PC1).

As noted in Section 3.2.2, I did not provide a definition of fairness for participants, nor

did I explicitly elicit one from participants. Although this decision prevented me from

ensuring that responses aligned with a mutually agreed understanding of what “fairness”
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is, this absence of a definition also allowed us to explore what the participants considered

to be “unfair” based solely on their personal experiences and preferences.

Content Creators

For content creators, one experience of unfairness that emerged was inequality of content

virality or exposure. PC1 shared that they felt the algorithm prioritized creators with

a large following, regardless of their quality of content: “I think you know the sort of

narrative that... if you [make] good content that people want to see, you will go viral...

however I see many of times that big creators do the same as small creators and go viral

for it” (PC1).

PC5 expressed discouragement that their profile might never be fairly exposed by the

algorithm, given their small follower count: “when I look at the profiles of other people

who are doing the same thing, they frequently have 10’s of thousands of followers. I don’t

feel like I’m ever going to get there when I only get one or two new followers per day”

(PC5).

Another experience of unfairness recounted by the participants was related to algorithmic

content suppression and shadowbanning (algorithmically blocking/suppressing provider’s

content without their knowledge) (Gillespie, 2022). “My observation of Instagram is that

it’s suppressing everybody all the time. When they switched to reels it was clear that

they had no interest in pushing image content at all” (PC3). PC4 and PC6 both shared

experiences where their content was removed for being “too sexual,” even though it was

them“dancing fully clothed”(PC4). These participants further discussed how their content

had been banned (PC6) or algorithmically suppressed (PC4) without explanation. PC6

noted one instance where a post was removed“about [not] blaming victims of sexual assault

and telling them that they need to be aware that they could get assaulted on the subway,”
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and that they were not sure why this content was banned.

When these participants were asked why these experiences felt unfair, they described that

it led to feelings of frustration (P3) and upset (P6), or caused them to lose opportuni-

ties when their content was incorrectly suppressed without any warning or rectification

(P4). In summary, for the content creators, unfairness was mostly experienced when their

content did not receive enough exposure on the platform, or when their content was sup-

pressed by the recommendation algorithm—without any understanding as to why this

was happening, nor the agency to prevent it.

Dating App Users

For the dating app participants, one shared experience of unfairness was related to un-

wanted profile exposure that did not align with their stated preferences. For example,

PD1 said that “I want to see [women] in my dating apps, and somehow men keep seeing

my profile and keep liking my profile in a way where I genuinely don’t understand, like

how that happens” (PD1). This participant said that this mismatch between preferences

and exposure felt unfair because it was wasting both their time and their prospective

matches’ time, and possibly leading to a loss of opportunity. “If there’s people who are

like a categorical rejection for me, like, I will categorically reject men on dating apps, then

it’s like wasting my time. It’s wasting their time... it kind of feels like something has been

sort of like taken away, or like you’ve lost an opportunity” (PD1).

Similarly, PD3 shared that even though they turned off preferences for men on their

Hinge app, they still received likes from men and wondered “how the hell did you even

see me? Because I’m, like, turning [that preference] off. Like I don’t want to talk to men”

(PD3). This participant said the inability to expose their content based on their explicitly

stated preferences felt unfair to them because it seemed like the algorithm was making
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assumptions about their identity and sexual preferences based on their appearance, which

felt binarist.

It feels unfair to me. Like I present extremely feminine, and I know that...

But like, I feel like it’s taking the way I look, the way I present for my picture...

and then completely filtering out an entire like group of people by saying ‘well

like even if someone is nonbinary, if they look a certain way, we’re going to put

them in the same category as [men or women]’. It just feels like it’s binarist

without saying it is, even if it gives you that third gender option (PD3).

PD2 added an additional consequence of this fairness concern; when their profile had

been exposed to people outside of their stated preferences, this led to hateful speech in

their direct messages. “I had one time this very racist person send... something like very

racist... So that was weird, like if my preference is not [this person] why are you sending

me likes from these people? (PD2). PD5 similarly described that when their profile was

exposed to people who did not align with their preferences, they would “get ignored or

kind of talked down to,” and this led them to feel like the platform was “not really a safe

space” (PD5).

In summary, all of these experiences showed that when dating profiles are algorithmi-

cally exposed to an incorrect audience, this can lead to feelings of discomfort, loss of

opportunity, feelings of discrimination or exclusion, and concerns for safety on the plat-

form. Interestingly, it appeared that many fairness concerns for content creators were

about under-exposure, while many fairness concerns for dating app users were about

over-exposure—implying that fairness goals, definitions, and metrics designed to capture

these experiences might need to measure different effects.



84

Fairness Goals and Definitions

After discussing the participants’ experiences of unfairness on their associated platforms,

I asked them to complete a series of activities to develop fairness goals and definitions

that might improve their experiences of fairness on a given platform. Examples of some

of the fairness goals and definitions that participants developed are shown in Table 4.1. I

discovered two categories of fairness goals and definitions that were shared between dating

app users and content creators: (1) exposure equality; and (2) transparency.

Content Creators

• Exposure Equality. Several participants designed fairness goals and definitions

to improve equality of content exposure. For example, PC4’s fairness definition was

to provide “equal opportunity for all [creators]”, while one of PC3’s fairness goals

was to improve “exposure consistency” (PC4). PC1 similarly defined fairness as not

“demonetiz[ing] shops or business accounts, [don’t] reward people with high views

or daily content [and] stop suppressing creators that aren’t white men, women who

show skin, or non-cis creators.” PC1 and PC2 (who had discussed that it felt unfair

when their followers weren’t being recommended their content) designed fairness

goals that prioritized exposing content to followers first. PC1 felt that “people who

have already indicated interest in a creator’s content—followers, liked— [should] be

shown that creator’s content as priority” (PC1).

• Transparency. PC4 thought that fairness could be improved through greater

transparency around “policies, especially content revoking reasoning,” while PC3

described that fairness could be improved through transparency about“what factors

into a successful post” and “algorithmic changes.”
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Alias Fairness Goal(s) Fairness Definition Fairness

Metric

PC1 • “Do not censor female/non

male/non white/non cis bodies”

“Stop suppressing cre-

ators that aren’t white

men, women who show

skin, or non-cis cre-

ators.”

Exposure

Equality

Metric

PC4 • “Exposure consistency”

• “Transparency around policies,

especially content revoking reason-

ing”

“Providing equal oppor-

tunity for all users.”

Exposure

Equality

Metric

PD1 • “Profiles have equal reach”

• “Profiles have accurate audience”

•“Profiles of marginalized identities

not excluded from/within normative

profiles”

“We will ensure that all

profiles have equal visi-

bility within the spaces/

groups/ populations the

user desires to be seen

with.”

Categorical

Rejection

Rate Metric

PD5 • “Show a wide variety of individu-

als to mimic a real life setting”

• “Show my profile to a wide variety

of individuals”

“Mimic the outside

world in its utopian

state, exposing the user

to all types of individ-

uals to either match

the user’s existing per-

spective or to broaden

it.”

Hotness

Metric

PD7 • “Users should be shown profiles

(and have their profile shown) to a

variety of people”

• “Follow explicit user preferences,

but not implicit ones (e.g. mak-

ing assumptions based off of who the

user has swiped on in the past)”

• “Allow users to adjust their pref-

erences and profile and adjust algo-

rithm behavior accordingly”

“Follow stated user pref-

erences while also al-

lowing for diversity of

shown preferences, and

constantly adjust so as

not to pigeon-hole any

user.”

Diversity

Metric

Table 4.1: Examples of fairness goals and their associated definitions and metrics designed by

participants.
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Dating App Users

Although transparency and exposure equality were also fairness goals for dating app users,

the nuances of these goals differed in this domain.

• Exposure Equality. PD1, PD3, PD4, PD5, and PD7 all mentioned that every user

should have an equal opportunity to be shown to prospective dates, regardless of

their identity or dating preferences. PD3 additionally included that there should be

equality in the allocation of benefits: “every user should gain benefit from selection

processes, showing and being shown to preferences.” PD2 also included a fairness

goal to not promote “any sort of racism, sexism, ableism, homophobia, transphobia,

[casteism], and religious discrimination” (PD2). This kind of exposure equality was

also described as a “utopian” fairness goal because it would seek to “expos[e] the

user to all types of individuals to either match the user’s existing perspective or to

broaden it” (PD5).

In contrast, several participants described exposure equality as aligning someone’s

profile exposure with their explicitly shared dating preferences, such as PD1 who

said “I think like actually following through on... the settings that you put in and

then actually like honoring those is like a very basic first step [towards fairness].”

PD7 also took this a step further and described a fairness goal where the algorithm

should only take into account explicitly stated preferences, rather than implicitly

observed ones: “follow explicit user preferences, but not implicit ones (e.g. making

assumptions based on who the user has swiped on in the past)” (PD7).

• Transparency. Several participants detailed how improving transparency could

increase the feeling of fairness through added agency on the platform, such as PD3

who said, “transparency would go a really, really long way to making an app feel

more fair to me.” This participant further shared that, “getting a little bit more of
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a glimpse into how things work would go a long way toward making it seem more

fair. Even if it isn’t.” This implied that even the appearance of transparency

might make recommendation algorithms feel more fair based on the users’ experi-

ence, regardless of whether or not the algorithm is theoretically fair. PD2, PD4,

and PD5 also designed fairness goals related to improving transparency and agency

surrounding why their profile is shown to others, and why certain profiles are shown

to them.

In summary, although both content creators and dating app users developed fairness goals

and definitions that promoted increased transparency and exposure equality, the nuances

about which types of exposure would feel fair differed between these two recommendation

domains.

Fairness Metrics

In the final activity of the focus groups, I asked participants to develop their own fairness

metrics, based on their fairness goals and definitions. Each participant brainstormed what

the goal of their metric was, the kinds of data they might need to measure this in practice,

and the fairness “threshold” their metric would need to meet to consider the system fair

enough for deployment. Here I describe several of these metrics for both recommendation

contexts.

Content Creators

• Content Quality and Exposure Equality Metrics. Both PC3 and PC5 de-

veloped a metric to measure the quality of someone’s content. These participants

thought content exposure should only rely on the content quality, not on identity
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attributes related to the creator. “The algorithm shouldn’t discriminate among fac-

tors that are not related to the content. For example, race and gender identity

should not be a factor for content about art” (PC5). To operationalize this metric,

PC3 thought it would be necessary to collect demographic data (e.g., race, culture,

language, gender identity, and personal aesthetics) to evaluate exposure differences

between these attributes. This participant explained that if they were to use this

metric, they would know that the platform is unfair if “we still see small creators

who make quality content getting very few views, seeing little to no growth in follow-

ers and engagement” (PC3). PC4 developed a similar fairness metric that sought

to measure equality of content exposure, based on demographic groups of content

creators. They described that “if all accounts [from different demographic groups]

have a similar exposure percentage average (within 5% of each other), fairness is

achieved” (PC4).

• Popularity Bias Metric. Another metric developed by both PC2 and PC1

evaluated fairness for content creators with a small following. This metric is aligned

with measuring the concept of Popularity Bias, the phenomenon in recommender

systems where popular items receive most of the algorithmic exposure, while less

popular items remain systematically under-exposed (Abdollahpouri and Mansoury,

2020). PC2 thought that this metric could measure what percentage of someone’s

social media feed is from profiles with small follower counts, and could be used

to optimize exposure for those kinds of accounts. PC1’s metric sought to improve

popularity bias by measuring if certain content receives more or less exposure when

posted from small accounts versus large accounts.
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Dating App Users

• Transparency Metric. PD3 and PD4 developed a version of a transparency

fairness metric. PD3’s transparency metric was related to a questionnaire that

users could fill out on a dating app. Their idea was that this metric could measure

how compatible profiles are to one another and that fairness would be achieved if

this information was shared with users. PD4’s transparency metric instead focused

on how much of the algorithms’ functionality was being explained and shown to

users—if every profile sorting and matching mechanism was being shown to users,

this would be considered fair.

• Categorical Rejection Rate Metric. PD1 developed a fairness metric that

would “identify how many categorically incompatible profiles are being shown to

a user,” with a specific focus on improving compatible match performance for

marginalized (e.g., LGBTQ+) users. PD2 developed a similar metric that sought to

measure how much someone’s profile exposure aligned with their explicitly stated

preferences, specifically with respect to gender and sexuality. This participant de-

termined that fairness would be “achieved” for this metric, “if a provider’s profile is

presented to more than at least 50-60% of their intended target user” (PD2).

• Diversity and Hotness Metrics. Finally, both PD5 and PD7 developed metrics

to try to improve dating discrimination being perpetuated through dating apps.

PD5 developed a “hotness metric” that sought “to expose individuals to all different

types of people with varying appearance [and] to not prioritize profiles that have

received more likes/swipes or who appear more stereotypically attractive” (PD5).

PD7 developed a similar metric that sought to“measure if the profiles being shown to

a user are diverse across multiple features visible in their profile... within the user’s

stated explicit preferences” (PD7). For this fairness metric, PD7 described that they



90

thought the platform would be deemed fair enough, “if every user’s recommended

profiles score >=50% diversity.”

Who Should Design Fairness Metrics?

I also asked participants who they would ideally like to be involved in this process of

designing fairness metrics for the recommender systems that they interact with. In all

four focus groups, participants noted that the practitioners involved in this work should

come from diverse backgrounds, which included a diversity of culture, geographical back-

ground, gender identity, sexual preferences, age, race, relationship status, and disciplinary

background. PC1, PC3, PC6, PD2, and PD5 all specifically requested diversity for the

programmers who might implement fairness metrics into the system. PD4 requested

that fairness metrics should be designed by people who have used the apps before. PD1

requested that critical researchers, or“people whose research focuses on marginalized iden-

tities” be included. Finally, many participants (PC2, PC6, PC1, PC4, PD2, and PD6)

also expressed that they would like fairness metrics to be designed with the users of these

algorithmic systems.

Challenges with Measuring Fairness

During the focus groups, participants described various tradeoffs that might occur if their

metrics were operationalized, as well as challenges that they faced when attempting to

design fairness metrics generally.
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Content Creators

PC2 shared that their goal to prioritize exposing content to followers might help content

creators, but could also unintentionally lead to filter bubbles. “It does kind of create a bit

of a bubble... if you’re seeing [just] the things that your followers are seeing” (PC2). PC1

thought that their fairness metric (to measure what percentage of a creator’s followers are

exposed to their content) might only work well for content creators with a small number

of followers, but not work as well for creators with large follower counts.

Another major challenge arose during a lively discussion between PC5 and PC6 when

both participants realized that their fairness needs could not be met simultaneously on

Instagram. PC6 described how, as an artist, they felt it would be fairer to ban AI-

generated art from social media: “I see the work of people I know who has been stolen

into [AI-generated art] and these people are saying they’re getting less and less views and

that makes me very angry because obviously that’s theft. And Facebook and Instagram are

not making a ban on [AI-generated art], and that’s really bad because I think they should

be protecting [artists] . . . and we cannot opt out of [generated content], which is really

unfair” (PC6).

In contrast, PC5, who creates AI-generated art, noted that banning or algorithmically

suppressing that content would feel unfair to them. In this example, both PC5 and PC6

had different experiences of fairness and unfairness. Banning or suppressing AI-generated

art might improve fairness for PC6 at the cost of fairness for PC5. Alternatively, exposing

and recommending AI-generated art might improve fairness for PC5 at the cost of fairness

for PC6.
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Dating App Users

The main tradeoff that emerged for dating app users was a tension between increasing

diversity of dating app recommendations while also preserving safety and explicitly stated

preferences. PD7 described how increasing diversity of profile recommendations might also

increase hate speech: “there have been trans people who use [dating] apps and get matched

with people who are transphobic and then like they get hate crimed on this app.” PD5

similarly expressed concern about increasing the diversity of recommendations on dating

apps. They shared that this would be “making the assumption that all people are kind

and respectful and accepting, and it’s just not the truth” (PD5).

This led to a discussion about the responsibility of dating apps in general, where par-

ticipants began to question if it is a dating app’s responsibility to stop or hinder dating

discrimination through fairness operationalization, even though it exists offline. PD5

thought it was the responsibility of dating apps to attempt to portray the world in its

most utopian state. “Let’s portray a world that has like so much fairness, so much love.

No racism . . . like explosive diversity. I think . . . it’s the company’s responsibility”

(PD5). PD6 similarly thought that it should be the responsibility of dating apps to not

perpetuate any kind of discrimination or harm, but that certain apps could cater to spe-

cific preferences that already exist in the real world: “A lot of Muslim girls I know use

Minder . . . people can have their biases and have a whole app for that. You know they

can design for that in a non-harmful way for people who want to date certain types of

people” (PD6).

PD4 took this a step further and noted that “there’s a part of me that’s like this whole

[dating] process is inherently unfair, and that’s sort of part of it. [Dating apps are] trying to

make it too fair, [and] maybe [it’s] not actually what people want” (PD4). Ultimately, the

participants agreed that this tradeoff would be inevitable when operationalizing fairness
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for dating apps, and did not know how to remedy this challenge. “A lot of times one of

these things that could benefit one group can harm another group and it’s hard to balance

those” (PD7).

Another set of challenges related to the efficacy of measuring fairness in practice. One

example mentioned by PD1 and PD2 was the difficulty of deciding what their fairness

“threshold”should be (how to determine which cutoff for their metric should be considered

fair or unfair). “What are the kind of arbitrary numbers that we’re choosing to denote

success or denote failure?” (PD1). This participant also expressed concern that using

fairness metrics in general might lead practitioners to believe they are measuring and

optimizing for fairness when their measurements might not be accurately capturing users’

lived experiences of fairness.

My concern... is that developers are going to take [metrics] as like the final

step and they’re going to kind of stop caring as long as they can keep this one

certain numerical metric satisfied... they’re not going to care to put resources

towards more subjective, qualitative experiences of unfairness (PD1).

PD3 added to this concern and felt like metrics might lead platforms to further exclude

and marginalize certain users, just for the sake of good PR.“If your populations are [small]

enough... if you can make it as inhospitable as possible to the demographic that you’re

trying to have . . . fairness for . . . Then you’re going to hit that [fairness threshold]

every time, because there’s no one there” (PD3). All of these challenges highlight an

important reflection about whether fairness ought to be measured at all. PD6 felt that

fairness might be empirically immeasurable, even through proxies like fairness metrics:

“I thought [designing fairness metrics] was very hard to do. Thinking about how you can

make these things empirical or like proving them empirically... it seems like an impossible

task, honestly” (PD6). I further explore these challenges of measuring fairness in the
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following section.

4.3.3 Discussion

Opportunities and Challenges with Fairness Metric Design

In this focus group study, my collaborators and I noticed several opportunities and chal-

lenges of designing fairness metrics with providers from different recommendation domains

and contexts. Below, I describe some of these observations.

Goals Versus Outcomes. As PD1 and PD3 described during their focus group, the

goal to measure and optimize a recommender system for fairness might not necessarily

guarantee the outcome of fairness for providers. This concern has been previously intro-

duced through Goodhart’s law—the notion that when a metric becomes a target, it ceases

to be a good measure (Goodhart, 1975). In line with this challenge, PD6 also mentioned

their concern that fairness measurement might become a PR goal rather than a real effort

to improve users’ lived experiences of fairness. This also introduces a challenge around

fairness measurement generally—should recommender systems be attempting to opera-

tionalize a certain theoretical kind of fairness? Or should they be optimizing for users’

lived experiences and perceptions of fairness? Previous work has shown that recommender

systems can still be perceived as unfair by users, even when the generated recommenda-

tions are theoretically fair (Elahi et al., 2021). Thus, in future work, ML practitioners

will likely need to discern what kind of fairness their system is attempting to measure,

and what the end goal of that measurement should be.

Inherent Tradeoffs. Another major challenge observed during focus groups was the

inherent tradeoffs that might exist when operationalizing certain fairness metrics over

others. One example of this arose among the dating app users when the participants
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expressed two competing desires: the desire to increase the diversity and exposure of their

dating profiles (to decrease dating discrimination); and the desire to limit profile exposure

to align with explicitly declared preferences (to decrease discomfort and unsafety on the

platform). Both of these fairness goals were in direct conflict with one another, which

could make it impossible to operationalize both goals at once. Another example of this

kind of tradeoff emerged during the discussion between PC5 and PC6, where the decision

to ban or suppress AI-generated content might make the platform feel more fair for some

providers while making the platform feel less fair for others.

Domain Specificity. Throughout these focus groups, I learned that some fairness goals,

definitions, and metrics were shared between content creators and dating app users. Both

groups of participants were interested in improving transparency and exposure equality

on their respective platforms. However, the nuances of how these goals might be measured

or enacted differed between domains. For example, exposure equality for content creators

PC1, PC4, and PC5 required that the algorithm prioritize recommendations based on the

quality of someone’s content. Previous work has shown that musicians also feel that not

all music content is equally deserving of exposure and that algorithmic exposure should be

based in part on quality (Dinnissen and Bauer, 2023). I note that exposing items based

on their quality is an open challenge in recommendation research; although measures

such as expected exposure from information retrieval attempt to capture this notion (Diaz

et al., 2020), there are still many challenges with attempting to accurately measure item

quality in practice. In contrast to content creators, exposure equality for dating app users

PD1, PD3, PD4, PD5, and PD7 required that the algorithm give equal (and accurate)

exposure to everyone, regardless of the “quality” of their profile. This difference implies

that although different recommendation domains might have similar fairness goals, the

operationalizations of these goals might need to be domain-specific.

Generalizing Between Domains. For recommender systems, increased item exposure
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is sometimes thought of as a fairness guarantee (Abdollahpouri and Mansoury, 2020).

However, by exploring providers’ experiences of unfairness, I have learned that increased

item exposure could, at times, actually lead to increased unfairness instead. Although

several content creators in our study wanted more exposure of their content overall–

previous work has shown that certain marginalized groups of creators do not want their

content exposed to the “wrong” audience, for safety reasons. For example, DeVito (2022)

discovered that trans creators wanted the algorithm to stop exposing their content to

transphobic users because this could lead to hate speech. Similarly, in our study, PD1,

PD2, PD3, and PD5 all shared that they did not want their dating profile exposed to the

“wrong”audience, because it could lead to feelings of discrimination, exclusion, discomfort,

unsafety, or loss of opportunity. These fairness goals, if shared between domains, could

potentially be operationalized in similar ways.
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4.4 Conclusion

The findings from both of these studies have significant implications for broader impacts

and future work in this space. First, the participants (both end-users and providers)

expressed a clear interest in being included in fairness design processes. While there is

likely a selection bias in the participant population (e.g., individuals who volunteered

for these studies may have a greater interest in fairness than the average stakeholder of

recommender systems), this presents a valuable opportunity to engage stakeholders more

systematically about their preferences for fairness in recommender systems. Of course,

challenges remain—for example, individuals may express preferences that differ from their

actual behavior in practice, achieving a representative sample of all stakeholders is diffi-

cult, and individual fairness perceptions may align more closely with personal satisfaction

or self-interest rather than broader system-level fairness objectives. In addition to this,

previous work has shown that people’s perceptions of fairness are subject to change de-

pending on several factors, including someone’s gender, age, and how the system outputs

are explained to them (Van Berkel et al., 2021). It is also well known that perceptions

of fairness lie within the eyes of the beholder, which makes it incredibly challenging to

operationlize in practice (Narayanan et al., 2024). These considerations underscore the

importance of interpreting these study results with caution and situating them within the

broader context of fairness research.

Nevertheless, these challenges can be mitigated through thoughtful approaches, and even

imperfect stakeholder inclusion may be more beneficial than complete exclusion (for more

discussion about how imperfect progress is better than no progress, see Section 6.3).

Results from the focus group study highlight that fairness metrics derived from direct

experiences of unfairness are often more closely related to addressing those experiences

on platforms. This leads to an essential question: should we prioritize measuring and
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improving fairness based on individual experiences of unfairness, or should we focus on

theoretical, system-wide notions of fairness that may not always be perceptible to users?

This tension between perceptions of fairness versus system-wide, theoretical notions of

fairness is revisited in Section 6.2.2.

Moreover, qualitative research and stakeholder input have already been incorporated into

responsible AI practices by some organizations, providing valuable precedents. For in-

stance, OpenAI and Meta have both supported citizen panels and deliberative assemblies

to address fairness and related challenges on their platforms (AI, 2024; Ovadya, 2021,

2023). These real-world examples demonstrate the feasibility and utility of involving

stakeholders in addressing complex ethical issues (I do, however, note that these attempts

to incorporate democratic participatory processes into technology development have fallen

short in practice, something that I unpack in Section 6.2.5).

Even when fairness evaluations are not co-designed with impacted stakeholders, findings

from the preliminary study in this chapter suggest that users may value awareness of

fairness goals and interventions on the platforms they interact with, regardless of their

inclusion in the design of those things. As a practical first step, platforms could intro-

duce transparency around fairness efforts, which not only fosters user trust but may also

enhance overall satisfaction with the system—offering a clear business case for such efforts.

In conclusion, while including end-users and providers in the fairness operationalization

process may not always be pragmatically feasible, doing so can enhance user trust, agency,

and satisfaction with the platform. It can also ensure that fairness evaluations more closely

align with lived experiences of unfairness. At the same time, it is essential to acknowledge

and navigate competing notions of fairness among stakeholders, as selecting particular

fairness proxies may inadvertently privilege some stakeholders over others. For example,

it is very likely that two dating app users might have different preferences for what they

deem to be “fair” on the platform they use (as we saw in Study #2). So, deciding to
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operationalize fairness for one users’ ideal over another is an explicit decision that can

lead to increased perceptions of fairness for some and not others. This dynamic is further

explored in Section 5.2. Next, I shift the focus from users to another group of stakeholders

who are critical to fairness operationalization: the practitioners.
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Chapter 5

The Practitioners’ Perspective

Overarching Research Question: What do practitioners know and need when opera-

tionalizing fairness in real-world recommender systems?

In this chapter, I describe the results from two interview studies with practitioners at

Kiva (Smith et al., 2023c) and Spotify (Smith et al., 2023b). I explore what challenges

practitioners face when conducting ML fairness work; what guidance might be needed

when scoping their fairness goals, eliciting fairness considerations from stakeholders, and

dealing with fairness conflicts among stakeholders; and how practitioners’ platform design

goals and decisions might differentially prioritize certain stakeholders over others. This

research also assesses what kind of guidance practitioners might need when selecting

appropriate fairness proxies and metrics for their given fairness scenarios to understand

critical differences between fairness goals and their associated metrics.
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5.1 Motivation

Although the perspectives of impacted stakeholders are an essential component of fair ML

work, it is equally important to understand how practitioners operationalize fairness into

their systems, and what guidance they need to do so effectively.

Challenges in Industry

Research in the ML fairness discipline has recently begun to explore how fairness work

might need to be adapted to fit the constraints of real-world industry settings. Several

studies with real ML practitioners in recent years have shed light on the difficulty that

practitioners face when incorporating fairness into their existing practices (Rakova et al.,

2021; Holstein et al., 2019; Richardson et al., 2021; Madaio et al., 2020). The general

consensus among this research is that practitioners are largely lacking the specific guidance

that is necessary to scope their fairness work, lacking the knowledge that is necessary to

conduct fairness work, and lacking the tooling necessary to easily incorporate and scale

fairness objectives in their large-scale systems.

Tooling in the context of this work includes open-source libraries that provide code to

implement fairness metrics, as well as protocols, questionnaires, and worksheets to help

educate and support decision-making in an algorithmic responsibility setting (Madaio

et al., 2020; Cramer et al., 2018a; Moss et al., 2021; Bellamy et al., 2019; Xu and Doshi,

2019; Bird et al., 2020; Richardson et al., 2021). However, despite all of the available

tools, practitioners still report a disconnect between these tooling efforts and what they

actually need in practice (Madaio et al., 2022; Law et al., 2020; Veale and Binns, 2017;

Lee and Singh, 2021; Richardson et al., 2021).

One major critique of ML fairness tools is that they do not provide the necessary guidance
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for practitioners to begin exploring their fairness goals (Lee and Singh, 2021). Open-source

libraries that provide metrics for practitioners are of little use if they do not know how to

define the impact they want to measure, or scope their measurement context. Additionally,

most ML practitioners are not trained in disciplines like ethics or philosophy (Saltz et al.,

2019), which creates another barrier to entry for this complex decision-making space.

Scoping fairness goals and constraints might seem very daunting without institutional

or academic knowledge of disparate impact or fairness metrics. In response to these

challenges, Saleiro et al. (2018) created a decision tree to help practitioners select an

ML fairness metric. However, this decision tree assumes that the practitioner has prior

knowledge of policy and ethics jargon, with some branches in the tree asking questions

like, “are your interventions punitive or assistive.” Additionally, this decision tree was

designed for the context of binary classification, not ranking or recommendations. In

the context of recommendation systems, fairness metrics and considerations are vastly

different from a binary classification setting, especially since outcomes are not necessarily

binary nor measurably favorable. There is rarely a “ground-truth” to compare the final

recommendation lists against beyond assuming user engagement as a positive prediction

(Beutel et al., 2019b). To combat some of these challenges, I aimed to iteratively create

an easier-to-understand, recommender-specific fairness scoping framework, as showcased

in Section 5.3.1, during Study #4.

Institutional Logics

Scholars in organizational studies widely concur that broader belief systems shape the

way that stakeholders operate and make decisions within organizations; these values-

driven organizing principles and patterns of practices are referred to as institutional log-

ics (Thornton et al., 2012). For example, classes of fairness derived from the research
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literature1 serve as institutional logics of fairness when they serve as organizing princi-

ples for how individuals enact fairness. Numerous studies have characterized the ways

in which multiple institutional logics co-occur within organizations—often in competition

and contestation with each other (e.g., (Besharov and Smith, 2014; Greenwood et al.,

2010; Pache and Santos, 2013; Reay and Hinings, 2009)). In the nonprofit context, for

example, organizations are commonly required to negotiate the competing institutional

logics that are part and parcel of being a mission-driven organization (e.g., prioritizing

services to clients) and logics that are derived from their often-public sector funders (e.g.,

fiscal efficiency and accountability) (Evers, 2005; Binder, 2007; Mullins, 2006). As both

a nonprofit organization and a financial institution responsible for managing individuals’

investments, Kiva sits squarely at the boundaries of multiple institutional traditions with

distinct institutional logics. As such, it is expected that multiple logics within this or-

ganization will manifest in different understandings of how to enact key values such as

fairness.

Connecting this body of research to the domain of computing, Voida et al. (2014) fur-

ther found that technologies also embody institutional logics in the ways they instantiate

particular values. Even when organizational stakeholders agree on the importance of a

particular value (such as fairness), that value may not be operationalized in technology

in a way that is harmonious with stakeholders’ various assumptions about and orienta-

tions towards how to put those values into practice. Such a mismatch creates tensions in

practice that can create significant challenges for organizations and the clients they serve.

This research, then, suggests that fairness-aware recommendation systems will need to be

able to harmonize across multiple, potentially-conflicting logics about how the value of

fairness should be operationalized.

1e.g., duty-based fairness or consequence-based fairness–see Section 2.2.5 for more information about

these classes of fairness.
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The Multiplicity of Co-Occurring Logics

Research has shown that not everyone thinks of fairness in a similar way (Narayanan,

2018; Smith et al., 2020). No fairness logics, then, are necessarily either right or wrong.

Indeed, in nearly any context, the co-occurrence of multiple fairness logics is likely the

norm and not the exception.

And yet, there has been relatively little recognition of the multiplicity of fairness logics

in the ML literature (Smith et al., 2023b). Most existing research considers the differ-

ential impact of a system across only a single protected demographic class (e.g., race or

gender). Even in cases where the impact of a system on multiple or intersectional groups

is considered (e.g., (Hébert-Johnson et al., 2018; Kearns et al., 2018; Zhu et al., 2018)),

the same concept of fairness is applied across all users, a decision that is at times justified

through the application of Aristotle’s concept of Justice as Consistency (Schauer, 2018),

which requires that similar individuals are treated similarly (Dwork et al., 2012).

In contrast to the abundance of ML research that designs fairness interventions for only

one class of stakeholders or applies only one concept of fairness, a subset of ML research

has explicitly noted the benefits of combining multiple fairness definitions (Beutel et al.,

2019a). In particular, multistakeholder recommendation system research has acknowl-

edged and embraced the multiplicity of stakeholders and fairness concerns that often

arise among different groups of stakeholders (Burke, 2017b; Abdollahpouri et al., 2020),

such as tensions between consumer-side fairness (Ekstrand et al., 2018) and provider-side

fairness (Sonboli et al., 2020c).
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5.2 Study #3: Fairness at Kiva

The Many Faces of Fairness: Exploring the Institutional Logics of Multistakeholder

Microlending Recommendation

(Smith et al., 2023c)

5.2.1 Introduction

In this work I explored the various kinds of fairness logics that arise in the domain of

microlending recommendation using the platform Kiva as a case study. The Kiva organi-

zation is described in further detail in Section 3.1.1. Through analysis of interviews with

23 employees at Kiva, my co-authors and I uncovered four major fairness frameworks that

were present when considering what the fairness goals of the Kiva organization are, and

how those goals might impact the design of their recommender systems. The methods of

this study are explained in more detail in Section 3.3.

Specifically, the research questions for this study were the following:

• RQ1: What fairness logics are present in Kiva’s sociotechnical ecosystem of loan

recommendation? Which stakeholders are prioritized by these different logics?

• RQ2: How might these fairness logics complement or conflict with one another?

• RQ3: In what ways do design interventions prioritize different fairness logics and/or

different stakeholders?

The analysis revealed that participants’ diverse considerations of fairness align with four

different fairness logics: consequence-based, contract-based, character-based, and duty-
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based. In the following section, I introduce these logics and explore where tensions arise

between and among them. I conclude with design implications and methodological recom-

mendations to assist practitioners with translating complex relationships among fairness

logics into multistakeholder recommendation system design.

5.2.2 Results

“What does it mean to be fair?” (P21).

Kiva’s mission to improve global financial inclusion is, in part, motivated by global, sys-

temic biases that create financial inequity, most often disproportionately for women and

girls. The organization seeks to address this inequity by providing capital to women

and other underfinanced populations (e.g., historically 80% of Kiva loans have gone to

women). Participants’ diverse accounts of how they enacted fairness in their work aligned

with the four classes of fairness outlined in section 2.2.5: consequence-based, contract-

based, character-based, and duty-based. In what follows, I characterize each class of

fairness as it is enacted by Kiva employees—each logic of fairness serving as an organizing

principle that shapes individual action and decision making. I note that these participants

speak from the perspective of their individual experiences and roles at Kiva; they do not

speak on behalf of the organization, itself. In what follows, I characterize each of these

fairness logics from the perspectives of the participants.

Consequence-Based Fairness Logic

Considerations of consequence-based fairness focus on achieving the best outcome, which

can be accomplished in two ways: (1) by maximizing benefit (e.g., by funding a greater

number of high impact loans); or (2) by minimizing cost (e.g., by funding a greater num-
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ber of low-risk loans). In general, consequence-based fairness logics consider stakeholders

such as borrowers and lending partners—when maximizing benefit is equivalent to recom-

mending more high-impact loans over low-impact loans; lenders—when minimizing cost

is equivalent to recommending more low-risk loans; and the organization—when both

maximizing impact and minimizing risk allows for more flow of capital, which enables the

sustainability and growth of the organization’s mission.

Benefit-Based Fairness Logic.

The first sublogic of consequence-based fairness is benefit-based fairness, where the un-

derlying goal is to maximize benefit.

Maximizing Benefit By Increasing Impact. Participants used the word “impact”

to describe how a loan might positively change a borrower’s life. In this analysis, I

use the word impact and benefit synonymously; while “impact” is used more often by

participants, “benefit” is the language typically used in fairness literature. P2 noted that

Kiva has created an “impact scorecard,”which uses a set of metrics (e.g., the type of loan,

the poverty index of the country, and the lending partner’s historical impact) to determine

a loan’s likely impact. P5 mentioned that one of Kiva’s goals is to increase funding for

the most impactful loans; however, relying solely on an impact score might also be unfair

in its own way:

“You have to choose one loan that’s the most impactful compared to all other

loans and it’s really hard to do that because everybody needs help to some

degree” (P5).

Another way to increase impact is to increase funds flowing through Kiva to their borrow-

ers: “we obviously want as much money to go to these borrowers as possible” (P8). The

implication here is that in order to maximize benefit, Kiva should recommend loans that
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lenders are most likely to fund over loans that are less likely to get funded.

Maximizing Benefit Through Purchasing Power. Another method for maximizing

benefit is to recommend loans from countries where the value of the dollar is worth more.

P4 suggested that some lenders prefer funding loans from low-income countries, believing

that the money will go farther and have a greater impact: “there is a perception that the

$25 that you lend can go further for someone in another country which isn’t wrong, but

it’s different” (P4). P5 elaborated that the mentality of “why [does Kiva give loans to

individuals] in the United States if you can reach 50 more people in Africa for the average

cost of the loan” (P5) can bias investment towards low-income countries to increase the

number of people served. P16 reaffirmed that people in high-income countries such as the

United States also have issues with equality of opportunity: “[there are] plenty of people in

the US who also don’t have equal opportunity” (P16) and worried that lenders’ preferences

to maximize purchasing power by lending outside of the US could limit the chances of

underserved people in high-income countries.

Cost-Based Fairness Logic.

A cost-based fairness logic strives to minimize the negative impacts of the lending process

(e.g., if a borrower does not receive a loan). Most of the loans that are posted on Kiva’s on-

line marketplace have already been funded through Kiva’s lending partners. Participants

noted that lending partners depend on being recapitalized through Kiva’s marketplace; if

they are not, it will impact their ability to make future loans. While this will not affect

the borrowers already featured on the platform (as they are already funded), it could

affect the partner’s decisions about which borrowers to finance with future loans.

Minimizing Cost By Minimizing Risk. participants most commonly suggested min-

imizing cost by reducing risks for lenders—recommending less risky loans. P8 explained

that if new lenders are repaid, they will know that they“did good”because“[the borrowers]
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were able to repay you” (P8). P3 added that recommending low-risk loans will not only

keep lenders coming back to the site but will also help mobilize more capital for lending,

generally—if a lender is paid back, they are more likely to reinvest that money in addi-

tional loans and the same dollar becomes a force multiplier for good. However, sometimes

global and local issues can affect a lending partner’s ability to repay a loan. P8 worried

that over-focusing on risk and repayment rates might potentially lead to lower funding

for borrowers living in countries that have volatile commodity markets. This participant

added that focusing only on repayment capabilities might also only help the lending part-

ners who are charging high-interest rates (which can hurt vulnerable borrowers). As a

result, and in contrast to a cost-based fairness logic, P8 felt that it is okay to “sacrifice a

bit of your risk aversion for the sake of being more impactful” (P8).

Contract-Based Fairness Logic

When participants’ fairness logics aligned with contract-based fairness, it was always

focused on enabling equality of opportunity—and nearly always for borrowers. Contract-

based fairness aligns with Kiva’s mission to improve global financial inclusion.

“The mission is to make sure those who are most financially excluded are the

ones getting funded [...] Now, something that would be in line with our mission

would be making sure those applicants are the first ones seen on the site as far

as US loans go” (P19).

P2 described this concept as “filling the gaps” in funding: “it’s not just that Kiva has less

investments, it’s that there are less investments in that country so that’s where I want to

focus. So for me, it’s all about the gaps, where are the gaps in funding” (P2). Several

participants noted specific interventions to address these gaps, including recommending



110

loans for women and borrowers from low-income countries (P1, P2, P3, P4, P9, P12, P13,

P22). P11 also mentioned interventions that are aimed at increasing inclusivity among

borrowers—for example, providing translation services to non-English speaking borrowers

and technical support for elderly borrowers.

However, enacting contract-based fairness is not as straightforward as it may seem. De-

spite being historically underfunded, on Kiva, female borrowers tend to be much more

likely to receive funding when compared to their male counterparts (P3, P9, and P12).

Similarly, P4 mentioned that small business owners in the US are also systematically

underfunded in the online marketplace, raising the question of whether contract-based

fairness applies to equal opportunity globally, or only within the context of Kiva’s mar-

ketplace.

Character-Based Fairness Logic

Considerations of character-based fairness most typically explore the decision-making pro-

cess that lenders go through when deciding who is “worthy” of a loan. Participants nearly

exclusively discussed this logic while reflecting on the user experience of lenders and the

ways in which borrowers are represented in the online marketplace. Participants believed

that different lenders were more or less comfortable applying a character-based fairness

logic and serving as an “arbiter” of which borrowers might be most “worthy:”

“There are some lenders who don’t like choosing [which loans to fund], because

they don’t believe in themselves as an arbiter of who deserves. And there are

other lenders who very comfortably sit in this place of evaluating who deserves

a loan and who doesn’t. . . . We see both of those mindsets play out in some of

these situations where loan worthiness is considered more visible or obvious in

certain contexts” (P23).
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P16 suggested that lenders on Kiva who have more microlending experience tend to prefer

to make decisions about who to fund: “There are some lenders who really care about

microfinance and they came to Kiva ten years ago when microfinance was at its peak and

they have specific ideas of what type of loan they’re looking for” (P16). However, P16

also shared that other lenders likely felt “paralyzed by the choice” when deciding who to

fund; that they were not comfortable “choos[ing] between two faces who [both] need help,

and that doesn’t feel good” (P16). Similarly, P1 shared that they know “friends and folks

who’ve started using Kiva. . . [and] they struggle with selecting [a borrower] because they

feel like they don’t have enough criteria to pick like who’s worthy” (P1).

Given participants’ inferences about lenders’ comfort levels with a character-based fairness

logic, many reflected on how to best support all lenders in a single online marketplace.

If lenders want to make a decision about what borrower to fund using a character-based

fairness logic, then Kiva might offer more information to support that decision making—

but what information? While the microfinance enthusiasts mentioned earlier tend to want

to see lending partners’ risk scores, many lenders rely on visual information, especially

the photo of the borrower (Jenq et al., 2015; Anderson and Saxton, 2016). While P3

explained that the borrower’s photo is an important UX component (though not used

algorithmically in any way to promote loans), it is also a place where discrimination and

bias are very likely to enter the decision-making process: “The best content really is the

best pictures on our website, . . . [but] what if [the borrower] didn’t feel like smiling that

day, what if culturally they’re just less likely to smile in a picture, these are all problems. . .

that I can’t solve” (P3).

For lenders who felt “uneasy” (P11) making decisions about who to fund (i.e., using a

character-based fairness logic), participants mentioned the design of auto-lending features

that would allow lenders to assign Kiva as a proxy for the decision. Participants also

mentioned that minimizing the amount of information presented about borrowers might
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also help these lenders, for example:

“A lot of lenders, probably a majority of lenders, do not care how we’re doing

this thing. They want to come to the website, find somebody whose story

appeals to them, do a nice thing, and like move on with their day. They don’t

want to know the risk rating. . . they maybe don’t even care what country, they

just don’t want all this information” (P3).

Duty-Based Fairness Logic

participants’ considerations of duty-based fairness align with the rules, duties, responsi-

bilities, and accountability that Kiva has towards its various stakeholders. I recognize

that duty-based fairness is more of a “meta” logic in that any rules that are chosen could

overlap or conflict with any other fairness logic. However, this high-level process of de-

ciding what an organization’s values and duties are, and which rules they should follow

to align with these values is an important part of enacting fairness at Kiva. I explore this

complexity throughout this section.

P25 shared that“one of our key core Kiva values is honor and integrity,”which, for them,

meant that Kiva has a duty to “do the most right thing in the most right way” (P25). But

“doing the right thing” means different things for Kiva’s many different stakeholders:

“So our algorithm is like determining whether or not people get air time, which,

in a high supply environment where there are more loans than dollars, which

is what we want. . . we want to maintain just a little more [loans] than we can

fund. . . . We’re responsible for who gets funded and who doesn’t. We’re cre-

ating the environment in which that happens, and there have been at different

times like sort of like free market-y ideas at Kiva like “it’s a marketplace, some
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stuff gets funded, some doesn’t, it’s not our fault,” which is — it’s completely

not true. Like we’re curating it to a huge extent, like the number of people in-

volved, the number of rules, systems, processes involved in getting a loan onto

the website is super high and the algorithm that presents them to lenders we

made so while, yes, it’s a marketplace and stuff, we are responsible for proper

rulemaking” (P3).

Different participants also prioritized different fairness logics when doing the“right thing.”

For P1, for example, doing the “right thing” meant maximizing contract-based fairness:

“If there’s a way in which our machine is further perpetuating systemic racism

or lack of access for certain people based on where they live or how they look

or whatever, like those are things that we want to be aware of” (P1).

For P2, doing the“right thing”meant protecting lenders’ money, which meant maximizing

cost-based fairness:

“Their focus is protecting lender money and protecting our repayment rate. . .

trying to ensure that our lenders will get their money back, and that our re-

payment rate stays high and we’re not losing too much money” (P2).

These two operationalizations of duty—while both important and potentially

complementary—define a tension or tradeoff in system design, a theme that I turn to

next.

Tensions Between Fairness Logics

When multiple fairness logics co-exist, participants often noted tradeoffs or tensions be-

tween the logics and between the decisions that would result. P19 characterized these
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Figure 5.1: Left: key tensions between fairness logics. Right: the four logics and stakeholders

that are prioritized by each. I note that duty-based fairness is excluded from the left side of

this figure because participants were not in consensus about how to prioritize Kiva’s duties in

enacting fairness. Depending on which duties participants’ emphasized, a duty-based logic could

either conflict or complement the others.

tensions as a “tough philosophical question”:

“Then comes the question of like, is [intervening on loans] being equitable, and

giving people like more opportunity who we feel are deserving of it? Or is that

us kind of like playing God and not allowing the market to determine whether

or not people should get funded like I don’t know the answer to that question.

That’s a tough philosophical question” (P19).

More specifically, in this section I identify three key tensions between fairness logics, as

visualized in Figure 5.1.

Tensions Between Benefit-Based and Cost-Based Fairness Logics

The first tension occurs within the consequence-based logic, when a choice may be neces-

sary between maximizing benefit (maximizing impact) and minimizing cost (minimizing

risk). Several participants explained how, working from a consequence-based fairness
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logic, it might not be possible to achieve both of these goals at once.

participants reported that Kiva has conducted internal research to better understand

which kinds of loans have the highest impact on individuals and their communities. One

thing that they learned is that many high-impact loans might also be high-risk, because

“moving [borrowers] out of financially vulnerable to financially stable” (P12) sometimes

requires lending to borrowers who are at a higher risk of not being able to pay the lender

back.

However, prioritizing high-risk loans could reduce the flow of money through the on-

line marketplace; if these higher-risk loans are not repaid, there will be less money for

lenders to re-loan to other borrowers. Thus, a tension is created: if Kiva prioritizes

maximizing impact, borrowers will benefit but lenders might not get repaid; if Kiva prior-

itizes minimizing risk, lenders will benefit, but certain borrowers might be systematically

underserved—which is against Kiva’s mission. Designing for consequence-based fairness,

then, requires choosing how to balance these two fairness logics.

One participant felt that both of these goals (maximizing benefit and minimizing cost)

could be accomplished simultaneously, by leaning on a very different operationalization

of impact:

“There is this perception, I think a lot of the time, that risk and impact are

kind of opposite sides of the spectrum. You can either be impactful or you

can be low risk. I think that’s a fallacy. I think they’re kind of two parallel

spectrums, spectra. Where you know you can be impactful, and you can be low

risk at the same time” (P8).

P8 gave as an example that if a lender were to lend $25 to a low-risk loan, then they

are more likely to get paid back, and can consequently lend that same $25 to more loans
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in the future—maximizing their overall impact while also minimizing their risk (P8). In

this scenario, benefit-based and cost-based fairness logics complement rather than conflict

with one another.

Tensions Between Contract-Based and Character-Based Fairness Logics

The second tension occurs between contract-based fairness and character-based fairness,

when prioritizing equality of opportunity might conflict with the funding preferences

of lenders. Participants described the challenges of improving equality of opportunity

(contract-based fairness) while also attending to lenders who have their own preferences

about who to fund or preconceptions about what kind of borrower should be funded

(character-based fairness). As P1 summarized:

“[Fairness interventions] wouldn’t be necessary if we didn’t have some people

who were deemed more worthy than others, and. . . those concepts do come

from lenders” (P1).

And P4 worried about relying solely on lenders to determine who is worthy of funding:

“The average person doesn’t understand the impact of one specific loan” (P4).

Numerous participants provided examples of how lenders’ preferences have manifested in

lending biases across different classes of Kiva borrowers:

• Types of businesses: P16, for example, has “heard [lenders] say like ‘I’m not

going to lend to a beauty salon because that doesn’t feel important to me.”’ (P16).

But making value judgements about what types of businesses are “worthy” or not

imposes Western biases on borrowers. P21 provides the example of lenders not

feeling comfortable lending to borrowers whose businesses would be illegal in the

United States: “if it’s not illegal in the country of origin and it’s not illegal due to
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international considerations, then what are our rights, from our point of view, to

prohibit that type of lending” (P21).

• Gender: Many lenders prefer to fund borrowers who identify as female, system-

atically underfunding men on Kiva. P12 points out that in certain countries, men

may actually need to be funded more than women, since they may be the only

household member who provides finances for their family because “gender roles are

very different in different countries around the world” (P12).

• Geographic regions: P9 noted that lenders also show regional preferences, for

example “Eastern Europe or certain parts of Asia”do not fund as quickly as lending

partners in Africa.

Each of these lender preferences creates a tension with ensuring equality of economic

opportunity for Kiva’s borrowers. P22 additionally worried that relying on lenders’ pref-

erences could unintentionally amplify lending biases on the online marketplace and result

in underserved (long-tail) groups of borrowers:

“I think it’s not all bad, but it is a cycle that we want to try to not perpetuate

too deeply” (P22).

And yet, pushing back on lender preferences too much might also have an adverse effect

on equality of opportunity. As P11 explained, “I think we found limits and how much

we can like push things on people” (P11). If lenders feel pushed too far and leave the

platform, then equality of opportunity cannot be achieved, since there would be no funds

left to give to borrowers.

Tensions Between Contract-Based and Consequence-Based Fairness Logics
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The third key tension occurs between contract-based fairness and consequence-based fair-

ness, when prioritizing equality of opportunity might be at odds with keeping enough

money flowing through its online marketplace to keep the nonprofit afloat, pay back its

lenders, and pay out to its borrowers and lending partners. P3, P11, and P25 all noted

that these pragmatic needs of the organization (consequence-based fairness) all have to co-

exist alongside Kiva’s mission of increasing financial inclusion (contract-based fairness).

Since a contract-based fairness logic prioritizes the “underdog,” emphasizing this logic

might, for example, entail nudging lenders toward higher risk loans than they might oth-

erwise be drawn towards. P15 believed that it is risky to try to change lenders’ behaviors

in this way because you might be “turning people off” (P15) from lending, and doing so

would conflict with the organizational need to keep money flowing through the online

marketplace. P3 also worried that if lenders are pushed to fund high-risk loans but are

not repaid, they might feel “betrayed or misled,” regardless of whether they were lending

to a higher-risk borrower for the sake of improving financial equity.

So while working from a consequence-based fairness logic might be best suited to sustain-

ing the organization, it might also reproduce financial inequality—which works against

Kiva’s mission. On the other hand, working from a contract-based fairness logic might

place Kiva in a position where there are fewer lenders and less funding overall, putting

the organization at risk. Balancing these tensions is a critical challenge for the design of

microlending recommendation, which I discuss in the next section.

5.2.3 Discussion

In this research, me and my collaborators applied logics of fairness as an analytic lens to

understand multiple, co-existing fairness considerations. We characterized four different

fairness logics and identified three key tensions that arise at intersections between them.
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These intersections between logics also represent sites of key design tradeoffs and oppor-

tunities to design for multiple co-occurring logics. In this discussion, I explore some of

these design opportunities and design tradeoffs. Of particular importance here is the task

of understanding how tradeoffs in design impact different stakeholders of Kiva’s recom-

mendation ecosystem.

Different fairness logics prioritize different classes of stakeholders, as shown in Figure 5.1.

Organizing decision making from a contract-based fairness logic centered around Kiva’s

mission of financial inclusion prioritizes borrowers. Organizing decision making from a

character-based fairness logic privileges lenders’ preferences for lending and their percep-

tions about what classes of borrowers and loans are “worthy” to be funded. Organizing

decision making from a duty-based logic impacts both lenders and borrowers/lending

partners, as Kiva has a responsibility to all of these stakeholders. And organizing decision

making from a consequence-based fairness logic prioritizes minimizing risks to increase

the flow of capital through the online marketplace, benefiting the organization and the

lender; it can also benefit borrowers if the emphasis is on maximizing impact; or all of

these stakeholders if the loans maximize impact and minimize risk simultaneously.

In what follows, I explore two design cases, where tradeoffs exist between fairness logics

and where opportunities for innovation can cater to multiple fairness logics at once. Many

of these design options already exist—in varied combinations—across Kiva’s online mar-

ketplace; here I detail them discretely in order to make explicit their relationships with

fairness logics.

The Presentation of Loans

One tradeoff relates to what kinds of information Kiva might provide to lenders in the

presentation of loan opportunities, their borrowers, and lending partners. As previously
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mentioned, Kiva already provides a wide range of information about each loan on the

platform, including:

• Basic information about the loan (e.g., total amount, expiration date, and what the

loan will be used for);

• Qualitative and visual information about the borrower (e.g., a photo, their personal

story); this design enacts a character-based logic; and

• Quantitative information about the borrower and their lending partner, including

repayment rates, risk and impact scores; this design enacts a consequence-based

logic.

Providing information like impact and risk scores can be helpful for certain lenders—

those motivated by a consequence-based fairness logic—but can also perpetuate biases

against lower-impact loans or higher-risk borrowers/lending partners, which undermines

the contract-based fairness logic. Providing information about a borrower’s personal life,

such as if they are a parent, might help some borrowers and hurt others, leaving this

design option open to introducing new biases for those working from a character-based

fairness logic. One could combine multiple forms of information in the presentation of a

loan in order to help organize decision making from multiple fairness logics. One could

also personalize the genres of information on the presentation of loan page for differ-

ent lenders based on what fairness logics they are inferred to enact when lending (i.e.,

engaging predominantly with information about a borrower (enacting a character-based

logic), engaging predominantly with data about the repayment rates of lenders (enacting

a consequence-based logic)).

Yet another design option would be to back away from interventions at the level of the

individual loan and provide more generalizable information about thematic loan categories.
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Kiva already provides options for lenders to filter loans categorically (e.g., “agriculture” or

“education”). At this categorical level, one could present information about the importance

of lending to each of these categories. For example, P9 pointed out that borrowers from

certain regions could be systematically underfunded on Kiva. If a certain loan category is

found to be underfunded, one could design a thematic cover page for all loan opportunities

within that theme, with information about why this class of borrowers is important. This

is similar to the “Spotlighted by Kiva” carousel that is already available on the platform,

which highlights loans that are likely to not receive full funding. Another similar, yet

alternative design could involve allowing lenders to choose to place a loan in this category,

leaving the decision of what specific loan should be funded to Kiva (for lenders who are

not comfortable enacting a character-based fairness logic) or providing additional context

for lenders who want to select their own loan opportunities. This design would enact a

combination of character-based, consequence-based, and contract-based fairness logics.

The Loan Discovery Page

As described above, Kiva currently uses a loan discovery page to help lenders find loan

opportunities via a set of themed horizontal carousels, typically with 10–12 loans each.

One set of design options revolves around choosing themes for these carousels, for example:

• Loans from categories, geographic regions, or borrower demographics that are the

same as those the lender has lent to previously; this theme enacts a character-based

fairness logic;

• Loans from categories, geographic regions, or borrower demographics that are more

likely to go un-funded, regardless of lenders’ funding preferences; this theme enacts

a contract-based fairness logic; and

• Loans with high impact scores; this theme enacts a consequence-based fairness logic.
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While all of these carousels could easily be included on the loan discovery page, the order

in which carousels appear can also be an object of design. Their ordering could prioritize

different fairness logics or could be personalized based on inferences about what fairness

logics the lender has enacted through their previous loans.

Another set of design options revolves around choosing the subset of loan opportunities

that are promoted on each carousel and the order in which they are displayed—their

ranking—for example:

• Ranking well-funded (“popular”) loans higher; this option enacts a character-based

fairness logic, though it tends to reinforce lender biases;

• Ranking under-funded loans higher; this option enacts a contract-based fairness logic

and mitigates the ‘popularity bias’ effect that can fall out of enacting a character-

based logic;

• Ranking high-risk loans (less likely to get repaid) higher; this option also enacts a

contract-based fairness logic but, instead, rebalances against some of the effects that

can fall out of enacting a consequence-based logic; and

• Ranking low-risk loans (more likely to get repaid) higher; this option enacts a

consequence-based fairness logic.

However, as multiple participants in our study shared, if one goes too far in “push[ing]

things” (P11) on lenders, the sustainability of the online marketplace is put at risk. As a

result, one might also want to explore ways of designing the loan discovery page—both

the carousels and the loan rankings within each carousel—to prioritize multiple of these

co-occurring fairness logics at once and experiment with weighting them in different ways

in different contexts (Liu et al., 2019; Sonboli et al., 2020c). Social choice theory, for

example, has been successfully used as a framework for algorithm design that combines
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multiple fairness logics (Sonboli et al., 2020b; Burke et al., 2020, 2022a). One might also

personalize the design approach by inferring which fairness logics lenders have previously

enacted in their lending decisions and weighting their recommendations based on a similar

balance of fairness logics (e.g., (Liu et al., 2019; Sonboli et al., 2020c; Li et al., 2021b;

Farastu et al., 2022)).

Selecting which logics to prioritize in what contexts on Kiva’s online marketplace and how

to operationalize these logics is a compelling challenge for future work.
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5.3 Study #4: Fairness at Spotify

Scoping Fairness Objectives and Identifying Fairness Metrics for Recommender Sys-

tems: The Practitioners’ Perspective

(Smith et al., 2023b)

5.3.1 Introduction

In this work I explored the challenges that practitioners face when scoping their fairness

goals and determining how to empirically measure those goals. Through a semi-structured

interview study with 15 ML practitioners at Spotify, my co-authors and I iteratively co-

designed a decision-tree framework that helps practitioners select which fairness metrics to

use based on their fairness goals in a recommendation setting. The methods are described

in further detail in Section 3.4. The full decision-tree framework can be found in the

Appendix in Section 7.4.

Specifically, the research question for this study was:

What guidance do ML recommendation practitioners need when scoping fairness ob-

jectives and identifying related fairness metrics?

The main contributions of this work are threefold: (1) a literature review of recommen-

dation and ranking fairness metrics, which I coalesced and categorized into Table 5.1

(consumer-side fairness metrics) and Table ?? (provider-side fairness metrics); (2) a pre-

liminary decision-tree framework organizing said literature to help practitioners scope

fairness objectives and identify fairness metrics; and (3) results from semi-structured in-

terviews with practitioners.
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Similar to previous observations on fairness in recommendation systems in practice (Beat-

tie et al., 2022), me and my collaborators found that there are no standard decision-making

processes for practitioner teams to approach operationalizing fairness metrics in recom-

mendation systems. We also learned that practitioners need more guidance when defining

fairness objectives and scoping those objectives into their associated metrics. I discuss

how to address these findings based on the current state of research on fairness in recom-

mendation systems and suggestions from participants in our study.

5.3.2 Results

In this section, I describe the challenges explicitly mentioned or implicitly observed while

practitioners attempted to scope fairness-related conceptualizations for their selected rec-

ommender system. I compare these challenges to those identified in previous research and

explore the implications of our results.

Scoping Qualitative Harms

Research literature popularly defines impact in terms of “fairness”, but I found that this

wording may not adequately reflect the various impacts practitioners need to evaluate in

an industry setting. This finding was uncovered while discussing the results of the scoping

worksheet with each participant to understand which potential impact they would like to

use while navigating the decision tree. I found that some had encountered challenges when

deciphering the ambiguity of the term “fairness” while scoping their fairness problem.

Interview participants expressed having difficulty knowing how to define“fairly” in a quan-

tifiable way. P14 described “fairly” as “legalese,” , noting that we would need a concrete

definition of fairness, such as “in proportion to the opportunity available to [providers],” in
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order to capture this concept accurately. P13 similarly described that they would need a

definition for “fair,” ideally based on market research and in line with company values and

business goals. This could include a conceptualization of, for example, concrete algorith-

mic impacts rather than ‘algorithmic fairness’. This suggests that it could be helpful for

practitioners to relate the choice of impact conceptualization, as well as metrics, to specific

company and stakeholder goals or values, which has also been discussed in previous work

(Madaio et al., 2022; Cramer et al., 2018b). This also points to the need for dedicated

business support, which is often more feasible in larger corporate settings, leaving smaller

organizations at a disadvantage due to less access to resources (Beattie et al., 2022).

Navigating the Decision Tree

Here I share the challenges participants faced when navigating between decision-making

nodes and branches in the decision tree. The full decision-tree framework can be found

in the Appendix in Section 7.4.

The Multistakeholder Constraint Branch

Beyond scoping qualitative harms and their associated fairness objectives, as noted above,

participants struggled to understand common nuances used in fairness research literature

to define various fairness constraints. When evaluating the multistakeholder constraint

branch, some participants were unsure if they should explore fairness metrics for providers

or consumers. Even though the decision tree offered examples of each stakeholder (e.g.,

providers could be content creators, consumers could be end-users), some of the practi-

tioners remained unsure of which stakeholder they should prioritize for measuring fairness.

Another example of this difficulty in choosing between stakeholders arose during P5’s in-

terview, who indicated a potential challenge determining if a system’s recommendations
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reinforced country stereotypes. During this interview, P5 assumed that a consumer fair-

ness metric would be most appropriate, since stereotypes might immediately impact those

who consume the recommended content. However, they also noted that provider-fairness

metrics might be equally appropriate for their context, especially if providers were being

stereotyped due to their country of origin. P4 experienced the same challenge. They

noted that fairness concerns could impact both providers and consumers simultaneously

because they are “two sides of the content ecosystem” (P4). This challenge aligns with

previous work (Madaio et al., 2022) that highlighted difficulties practitioners experience

when deciding which stakeholder population to prioritize for fairness interventions in a

multi-stakeholder environment. This suggests that practitioners may need more guidance

when selecting which stakeholders to prioritize when conducting fairness interventions,

particularly in scenarios where design tradeoffs may be necessary (Burke, 2017a).

The Group vs. Individual Constraint Branch

Participants also had difficulty navigating the branch addressing the individual and group

fairness constraint. Interestingly, a lack of knowledge about the difference between indi-

vidual and group fairness was sometimes accompanied by a heightened level of confidence

about this choice. For example, P2, P5, P8, and P14 all reported that one of the easiest

decisions for them to make during the interview was whether they were measuring group

or individual fairness—even though all of these participants chose an option for their

specific fairness context that appeared less aligned with literature definitions. I catego-

rized these participants’ “more aligned” options as metrics that matched the population

of users they had chosen for their context. For example, P5 specified that they wanted to

measure the impact of stereotypes on providers between different countries. In this case,

it would be more “aligned” to define the provider country as a group type and measure

group fairness. However, P5 chose to measure individual fairness instead.

For fairness problems that aligned with group provider fairness metrics, the decision tree
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prompted participants to choose whether they were interested in measuring fairness for

one group at a time or multiple groups at a time. This decision also appeared challenging

for some participants. For many fairness problems, both kinds of group fairness metrics

could be applicable. For example, P8 wanted to measure whether certain long-tail creators

were being unfairly represented in recommendation lists. This participant described that

they could measure fairness by comparing their long-tail artist group’s exposure against

a target distribution (one group at a time) or by comparing their long-tail artist group’s

exposure against another long-tail artist group (multiple groups at a time). P8 said that

both of these approaches might be equally appropriate, which made it difficult for them to

know which branch to choose. This experience again reaffirmed our suspicion that there

may be multiple, equally appropriate metric categories for a given fairness problem; which

might add more difficulty for practitioners when deciding which of these many metric(s)

to implement.

System Component Branch

The challenge of discerning nuances in fairness measurement terminology persisted when

practitioners were asked to choose between system components for measurement. This

branch splits based on the need for ranking or distribution metrics (e.g., measuring fairness

of item exposure across all recommendation lists versus measuring fairness of item expo-

sure in the top-k ranking of a specific recommendation list). At this point, the framework

asks practitioners if they are more concerned with “poor representation in any group’s

item distribution or candidate generation list,” (distribution metrics) or if they are more

concerned with “any group being low in rankings or engagement for top-k or candidate

generation lists,” (ranking metrics).

P4, P10, P13, and P14 all stated that this choice between distribution and ranking fairness

was the hardest decision they had to make in the decision tree. Both P4 and P13 were

unsure which option to choose, since their fairness problem could apply to both categories.
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P4, P10, and P14 shared that this decision was difficult as they felt they did not have the

specialized knowledge they needed concerning metrics that would fit their recommendation

system. For example, these three participants disclosed that they did not understand some

of the more technical vocabulary used to describe distribution versus ranking metrics. This

suggests that education efforts might be best focused to target the gaps in practitioners

knowledge: for some education about technical jargon and system components; for others

education about fairness terminology.

The Fairness Objective Constraint

When participants did not have the necessary knowledge to make an informed decision

on which fairness objective to finally choose, they sometimes chose the “easiest” path.

For example, one participant navigated through the decision tree by selecting the fairness

options and paths that were most familiar to them, even if they might have been missing

out on metrics that were better aligned with their given scenario. This participant further

described that the “easiest path” for them was one that tried to optimize “utility” in the

system, because that path aligned with terminology also used for business goals, and it

“would be easier to get PM buy-in if needed.” This suggests that practitioners may choose

metrics that are easy to understand, implement, or explain using existing business terms

or perspectives, which may be the main priority to move the needle. Previous work has

also described this phenomenon, where standard or well-known fairness definitions are

adopted and assumed to be applicable across contexts (Selbst et al., 2019).

Note that such considerations are valid—a very complex metric that is hard to understand

but technically correct is unlikely to change decision-making, however, it is essential to

clarify the consequences of such choices to assess whether a chosen metric is an appropriate

proxy. This challenge could also be attributed to our choice of binary options at several of

our decision-making nodes. Future tool iterations may benefit from allowing users greater

flexibility in choosing from multiple possibilities.
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Challenges Beyond the Framework

Throughout the interviews, I observed that there is not always a “correct” path or metric.

Rather, there might be many equally-appropriate ways to measure fairness for a given

scenario, all of which target evaluating different metric categories. When encountering

these challenges, I asked participants to describe who they would ask for decision-making

guidance. I found that participants were uncomfortable making fairness-related decisions

on their own, especially when they faced challenges deciding on constraints.

Some of the participants expressed a desire to involve a diverse group of roles in these types

of conversations, such as domain experts, model owners, product managers, engineers, user

researchers, and business leaders. This was shown by P10 and P13, who both wanted to

involve a “fairness expert” to help them feel confident in navigating this area. Beyond a

fairness expert, P13 wanted to involve a user researcher to help them refine the population

for fairness analysis as well as business leaders to help them align fairness tasks with

business goals. P14, a user researcher, wanted guidance from more quantitative data-

oriented counterparts such as data engineers, data scientists, and analytics engineers in

order to understand “the limitations of the model [because] they know what the data that

we collect is actually capable of capturing” (P14). P13 also further described that even

though it would be nice to make these decisions with a group of fairness experts, they

also did not want to exclude anyone who had little knowledge of fairness but was still

interested in participating in the decision-making process.

Decision-Making and Implementation Gap

During our interviews, some practitioners who focused more on implementation indicated

a need to involve other disciplines for fairness decisions in theory, but were less optimistic

about the extent to which colleagues could be helpful in practice. For example, P9 de-

scribed that these scoping decisions should ideally involve a combination of individual
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engineers or product developers working with a PM. However, in practice, P9 found that

even though the PM should be involved, in a prior workplace they had experienced that

fairness decisions ended up coming down to individual engineers implementing metrics.

P5 had a similar experience to this. They described that from their perspective, ideally,

fairness rationale and a more specific problem statement would come from a PM, but more

detail would be necessary to implement than what would likely be provided. This points

to the gap between conceptualization versus more detailed choices necessitated during

implementation and a need for more clarity in roles and expectations in this process.

As seen with many other participants, P7 (who is an ML-focused engineer) was struggling

to choose between the distributional and ranking metric constraints, and stated that part

of their difficulty making this choice was because “this is not just an ML problem, but

also a product decision” (P7). They said that in practice, they would probably go to their

PM to help them refine their fairness goals, and then would bring the fairness scenario up

with their entire engineering team. Then, they would probably try prototyping some of

the metrics, and would check their results with a data scientist. They described the whole

process as, “a lot of different decisions made by different people, together and separately”

(P7). This description of fairness work as a collaborative, interdisciplinary process has

also been explored in previous work (Passi and Barocas, 2019; Passi and Jackson, 2018),

where the authors describe how decisions in practice are often made by a combination

of different actors, such as data scientists, PMs, and user researchers, and are decided

through collaborations and negotiations. Similar to that previous work, both P7 and

P10 described their ideal collaborative process as one that highlights everyone’s area of

expertise.

These participants described that PMs would be the most helpful for high-level fairness

decisions (e.g., the stakeholder constraint or the fairness objective constraint), while peo-

ple like ML engineers could be responsible for the more low-level implementation decisions
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(e.g., the system component constraint). Previous work has also highlighted that practi-

tioners are uncertain about who should be doing ethics work, and where the responsibility

for doing ethics work should fall within an organization (Metcalf et al., 2019). Organi-

zations might benefit from providing central guidance, including clarity on roles and re-

sponsibilities, while future academic work or case studies could explore the consequences

of organizational choices.

5.3.3 Discussion

Challenges Beyond the Framework

Throughout the interviews in this study, I observed that there is not always a “cor-

rect” path or metric. Rather, there might be many equally-appropriate ways to measure

fairness for a given scenario, all of which target evaluating different metric categories.

When encountering these challenges, I asked participants to describe who they would

ask for decision-making guidance. I found that participants were uncomfortable making

fairness-related decisions on their own, especially when they faced challenges deciding on

constraints.

Some of the participants expressed a desire to involve a diverse group of roles in these types

of conversations, such as domain experts, model owners, product managers, engineers, user

researchers, and business leaders. This was shown by P10 and P13, who both wanted to

involve a “fairness expert” to help them feel confident in navigating this area. Beyond a

fairness expert, P13 wanted to involve a user researcher to help them refine the population

for fairness analysis as well as business leaders to help them align fairness tasks with

business goals. P14, a user researcher, wanted guidance from more quantitative data-

oriented counterparts such as data engineers, data scientists, and analytics engineers in
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order to understand “the limitations of the model [because] they know what the data that

we collect is actually capable of capturing” (P14). P13 also further described that even

though it would be nice to make these decisions with a group of fairness experts, they

also did not want to exclude anyone who had little knowledge of fairness but was still

interested in participating in the decision-making process.

Decision-Making and Implementation Gap

During our interviews, some practitioners who focused more on implementation indicated

a need to involve other disciplines for fairness decisions in theory, but were less optimistic

about the extent to which colleagues could be helpful in practice. For example, P9 de-

scribed that these scoping decisions should ideally involve a combination of individual

engineers or product developers working with a PM. However, in practice, P9 found that

even though the PM should be involved, in a prior workplace they had experienced that

fairness decisions ended up coming down to individual engineers implementing metrics.

P5 had a similar experience to this. They described that from their perspective, ideally,

fairness rationale and a more specific problem statement would come from a PM, but more

detail would be necessary to implement than what would likely be provided. This points

to the gap between conceptualization versus more detailed choices necessitated during

implementation and needed clarity in roles and expectations in this process.

As seen with many other participants, P7 (who is an ML-focused engineer) was struggling

to choose between the distributional and ranking metric constraints, and stated that part

of their difficulty making this choice was because “this is not just an ML problem, but

also a product decision” (P7). They said that in practice, they would probably go to their

PM to help them refine their fairness goals, and then would bring the fairness scenario up

with their entire engineering team. Then, they would probably try prototyping some of

the metrics, and would check their results with a data scientist. They described the whole
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process as, “a lot of different decisions made by different people, together and separately”

(P7). This description of fairness work as a collaborative, interdisciplinary process has also

been explored in (Passi and Barocas, 2019; Passi and Jackson, 2018), where the authors

describe how decisions in practice are often made by a combination of different actors,

such as data scientists, PMs, and user researchers, and are decided through collaborations

and negotiations. Similar to that previous work, both P7 and P10 described their ideal

collaborative process as one that highlights everyone’s area of expertise.

These participants described that PMs would be the most helpful for high-level fairness

decisions (e.g., the stakeholder constraint or the fairness objective constraint), while peo-

ple like ML engineers could be responsible for the more low-level implementation decisions

(e.g., the system component constraint). Previous work has also highlighted that practi-

tioners are uncertain about who should be doing ethics work, and where the responsibility

for doing ethics work should fall within an organization (Metcalf et al., 2019). Organi-

zations might benefit from providing central guidance, including clarity on roles and re-

sponsibilities, while future academic work or case studies could explore the consequences

of organizational choices.
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Table 5.1: Consumer-side fairness metrics with their associated categories and constraints as

depicted in the decision tree. Some fairness metrics were assigned names if they were not

explicitly named in the associated paper.

Fairness

Category

Fairness Constraints &

Objectives

Metric(s) and References

Individual

Calibration

Recommendations

should match consumers’

previous interests.

Calibrated Fairness (Steck, 2018)

Utility

vs. Merit

System should distribute

utility for consumers (in-

dividual or groups) based

on their merit or need.

Generalized Cross Entropy (Deldjoo

et al., 2022)

Group Utility System should distribute

utility equally between

groups of consumers.

Non-Demographic Fairness (Hashimoto

et al., 2018), Average Accuracy (Ek-

strand et al., 2018), Differential Satis-

faction (Mehrotra et al., 2017), Pairwise

Accuracy (Beutel et al., 2019), epsilon

Fairness (Li et al., 2021a)

Group Error System should have sim-

ilar error rates between

groups of consumers.

Value Unfairness (Yao and Huang,

2017), Absolute Unfairness (Yao

and Huang, 2017), Underestimation

Unfairness (Yao and Huang, 2017),

Non-Demographic Fairness (Hashimoto

et al., 2018)

Group

Identity

Recommended items for

consumers should not be

related to group identity.

Non-Parity Unfairness (Yao and Huang,

2017), Discriminatory Skew (Ali et al.,

2019), Pairwise Accuracy (Beutel et al.,

2019), Counterfactual Fairness (Li et al.,

2021b)
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Table 5.2: Provider-side fairness metrics (part 1) with their associated categories and constraints

as depicted in the decision tree. Some fairness metrics were assigned names if they were not

explicitly named in the associated paper.

Fairness

Category

Fairness Constraints & Objec-

tives

Metric(s) and References

One-Group

Representation

Provider group representation in

recommendations should match

a pre-defined baseline distribu-

tion

Minimax KL Divergence (Das

and Lease, 2019), Average

Provider Coverage Rate (Liu

et al., 2019)

One-Group

Rank Utility

Groups of items should be

ranked according to their utility

for consumers.

Equal Expected Exposure (Diaz

et al., 2020), Inter-group Pair-

wise Accuracy (Beutel et al.,

2019)

One-Group

Rank

Proportions

Top-k ranking should contain a

specific proportion of items from

a specific provider group.

Skew at K (Geyik et al., 2019),

Top-K Fairness (Asudeh et al.,

2019), Normalized Discounted

Difference (Yang and Stoy-

anovich, 2017), Viable-Lambda

Test (Sapiezynski et al., 2019)

Multi-group

Item

Exposure

Provider groups should have an

equal item exposure distribution.

Minimax KL Divergence (Das

and Lease, 2019)

Multi-group

Item

Relevance

Provider groups’ probability dis-

tributions, preference ratings,

exposure, etc. should be propor-

tional to their items’ relevance.

Kolmogorov-Smirnov Statistic

(Zhu et al., 2018), Absolute

Difference in Mean Ratings (Zhu

et al., 2018)
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Table 5.3: Provider-side fairness metrics (part 2) with their associated categories and constraints

as depicted in the decision tree. Some fairness metrics were assigned names if they were not

explicitly named in the associated paper.

Fairness

Category

Fairness Constraints

& Objectives

Metric(s) and References

Multi-group

Rank

Proportion

Top-k ranking should

contain a specific pro-

portion of items from

provider groups.

Normalized Discounted KL-Divergence

(Yang and Stoyanovich, 2017), Nor-

malized Discounted Ratio (Yang and

Stoyanovich, 2017), Viable-Lambda Test

(Sapiezynski et al., 2019), Ranked Group

Fairness (Zehlike et al., 2017), Rank Parity

(Kuhlman et al., 2019)

Multi-group

Rank vs.

Relevance

Provider groups’ item

rankings should be

equally proportional

to their items’ rele-

vance.

Disparate Impact Ratio (Singh and

Joachims, 2018), Demographic Parity

Constraint (Singh and Joachims, 2018),

Disparate Treatment Ratio (Singh and

Joachims, 2018), Listwise Fairness (Zehlike

et al., 2017), Inter-group Pairwise Fairness

(Beutel et al., 2019)

Under-Over

Exposure

Provider groups

and/or items should

not be systemati-

cally under-exposed

or over-exposed in

recommendations.

Gini Index (Vargas and Castells, 2014)

Individual Rank

vs. Relevance

Item clicks, exposure,

ranking, etc. should

be proportional to

item relevance for

similar items.

Equal Expected Exposure (Diaz et al.,

2020), Disparate Treatment Ratio (Singh

and Joachims, 2018), Disparate Impact

Ratio (Singh and Joachims, 2018), De-

mographic Parity Constraint (Singh and

Joachims, 2018), Listwise Fairness (Zehlike

and Castillo, 2020), Equitable Individual

Amortized Attention (Biega et al., 2018)
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5.4 Conclusion

The findings from this chapter highlight several key implications for fairness evaluation

practices and future work in industry settings. For Study #4, we learned that there is no

single “correct,”“ideal,” or “optimal” fairness evaluation. Once fairness goals are selected,

there are many ways to measure them in practice, each involving different stakehold-

ers, systems, proxies, and metrics—all of which could be equally valid depending on the

context. This underscores the importance of providing guidance to practitioners when

conducting fairness evaluations.

Such guidance cannot prescribe exact actions (given the multitude of equally valid ap-

proaches) but can help practitioners weigh the trade-offs, benefits, and consequences of

their decisions. Providing structured reasoning frameworks for these evaluations could be

more beneficial than attempting to deliver definitive answers.

This principle also applies to the Kiva study (Study #3). Numerous ways to incorporate

fairness into Kiva’s platform design emerged, each potentially benefiting different stake-

holders. Consequently, the scoping decisions faced by Kiva practitioners were not about

whether to incorporate fairness but rather about how to do so—acknowledging that some

stakeholders might benefit more than others from specific operationalizations of fairness.

This means that fairness evaluations must navigate competing interests among organiza-

tional teams and external stakeholders regarding what constitutes fairness. It is unlikely

that any fairness operationalization will satisfy all stakeholders of a system, including

users, practitioners, and the organization as a whole. This is why I believe that creating

structured categories or lists of fairness considerations and offering prioritization guidance

for practitioners will be critical.

Central to this work is the need to justify fairness-related decisions made during the scop-
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ing and design process. Transparency about these decisions—and their consequences—is

needed. I also believe it is essential for practitioners to explicitly acknowledge that fair-

ness interventions will benefit some stakeholders while disadvantaging others. Therefore,

I recommend practitioners avoid implicitly optimizing specific fairness objectives without

openly addressing the inherent trade-offs involved in their operationalization.

The findings from Study #4 also emphasize the interdisciplinary and cross-functional

nature of effective fairness evaluations. Fairness experts are needed to define goals and

identify appropriate proxies based on the data and context. Modeling teams must assess

data availability and system constraints, while evaluators develop and measure fairness

proxies accurately. Domain experts contribute knowledge about stakeholder considera-

tions, PMs make final decisions and accept responsibility for outcomes, and qualitative

researchers ensure assumptions align with the lived experiences of impacted stakehold-

ers. This collaboration mirrors calls for interdisciplinary, cross-functional, and cross-team

collaboration in prior fairness research (Ali et al., 2023; Madaio et al., 2024).

Additionally, fairness can be integrated into recommendation ecosystems in various ways,

including through dataset creation, constraints on recommendation lists, re-ranking meth-

ods, and UI or platform design (e.g., carousels highlighting underserved providers). The

ways we evaluate and enhance system fairness can align with any of these strategies.

Practitioners need clearer guidance on these options and support in determining which

are most suitable for their context and goals.

The overarching takeaway from these studies is that fairness is not a one-size-fits-all con-

cept. Practitioners most need guidance on scoping the journey from: “I want my system

to be fairer,” to: “this is the kind of fairness I care about, this is how I will measure it, and

these are the stakeholders we will prioritize with this evaluation.” This critical early-stage

decision-making process, moving from fairness aspirations to operationalization, is where

guidance is currently most lacking and where future work should prioritize its efforts.
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Specifically, there is a need for tools and frameworks that focus less on prescriptive advice

and more on descriptive guidance–helping practitioners navigate the key scoping decisions,

understand the trade-offs inherent in their choices, and evaluate the broader impacts of

their fairness operationalizations on diverse stakeholders. By developing such resources,

we can empower practitioners to create systems that are not only more equitable but also

deeply aligned with the contexts and communities they serve.
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Chapter 6

The Experts’ Perspective

Overarching Research Question: What are potential best practices for operationalizing

fairness in real-world recommender systems, keeping in mind the practical constraints of

this setting?

6.1 Motivation

There are competing ideologies in the ML fairness research community as to whether

fairness work ought to focus more on ideal, theoretical conditions of fairness, or more

practical (albeit imperfect) conditions (Kommiya Mothilal et al., 2024; Wilkinson et al.,

2023). While research has proposed numerous fairness definitions, metrics, and meth-

ods (e.g., (Narayanan, 2018; Hutchinson and Mitchell, 2019; Chouldechova and Roth,

2020; Mehrabi et al., 2021)), the practical realities and consequences of applying these

concepts in industry settings create a challenging evaluation landscape for practitioners.

Industry practitioners often face competing pressures, including aligning fairness efforts

with business objectives, navigating resource constraints, and addressing limited access
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to stakeholder perspectives (Rakova et al., 2021; Scheuerman, 2024; Ali et al., 2023; Hol-

stein et al., 2019; Madaio et al., 2022). These challenges demand a nuanced approach to

fairness that acknowledges and works within real-world limitations.

Fairness evaluations in industry typically follow three stages of decision-making: (1) scop-

ing the evaluation, (2) measuring fairness, and (3) interpreting results (Barocas et al.,

2021; Smith et al., 2023a; Beattie et al., 2022), as shown in Figure 6.1. However, these

stages are complex and require extensive expertise in ML fairness, as well as interdisci-

plinary and cross-team collaboration (Ali et al., 2023; Madaio et al., 2024).

Figure 6.1: The different decision-making stages for designing and conducting ML fairness eval-

uations in real-world settings.

The Constraints of Industry

The main goals of machine learning in industry are to build, ship, update, and maintain

products and systems (Scheuerman, 2024; Ali et al., 2023). It has been shown that research

insights from fairness or responsible AI evaluations need to support product or company

goals in some way (Scheuerman, 2024), and work in this setting is always motivated by

and rewarded based on metrics tied to business objectives (Ali et al., 2023).

However, it can be challenging to prove fairness’ impact quantitatively, which can hinder

practitioners’ ability to link responsible AI efforts to the organization’s success (Rakova

et al., 2021). Previous work has also shown that resources for fairness evaluation are only

made available when business imperatives or goals align with this work (Rakova et al.,
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2021; Holstein et al., 2019), and so incentives for ML fairness tend to work best when

they come top-down from leadership (Holstein et al., 2019). ML fairness in industry is

primarily motivated by PR concerns (Widder et al., 2023; Madaio et al., 2022) and regu-

lations (Rakova et al., 2021), even though previous work has shown that many individual

practitioners would like to incorporate fairness into their ML systems if given the time

and incentives to do so (Madaio et al., 2020).

In addition, fairness work in industry often follows the approach of “move fast and break

things” (Holstein et al., 2019), and is thus “optimized for speed” (Madaio et al., 2024).

Real-world systems and product teams are also incredibly complex and frequently shifting,

which means that fairness work in practice also needs to consider the dynamic structure

of these systems and their associated development teams when designing and conducting

fairness evaluations (Beattie et al., 2022; Holstein et al., 2019; Ali et al., 2023; Madaio

et al., 2024).

Finally, there are noted power imbalances in industry settings, which means it is not always

easy to speak out about ethics or about how fairness work should be conducted (Widder

et al., 2023; Ryan et al., 2024; Widder et al., 2024; Madaio et al., 2020). Thus, practitioners

might not have the opportunity to make decisions about how fairness evaluations are

designed or conducted, and are at times required to perform evaluations within very

specific constraints and bounds over which they have no control.

Beyond the practical constraints of the industry setting, there are many other noted

challenges that practitioners face when conducting ML fairness work, as described at

length in Section 2.3.
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Theories of Change in ML Fairness Evaluation

How then, can we evaluate ML fairness given these challenges, business constraints, and

theoretical hurdles that render the problem impossible to solve holistically? The economist

Amartya Sen contrasts two ideas of justice, captured by the Sanskrit terms niti and nyaya

(Sen, 2009). A focus on nyaya tries to envision the ideal conditions for perfect justice

in a theoretical sense. Sen critiques Western moral philosophy for its emphasis on this

idealized pursuit. He contrasts it with the concept of niti, comparative improvement of

justice, which he argues can be sought and achieved without reference to a perfect ideal

and to which a perfect ideal may be little guide. I take inspiration from this argument

by exploring how ML fairness evaluation can be improved without demanding that these

practices match up with a theoretical ideal. This perspective aligns with the notion of

reform, or working within the system to improve it, rather than abolition, seeking to

dismantle the system to improve it; both perspectives are of interest to the ML fairness

research community (Wilkinson et al., 2023).

The Futures Cone, introduced by Dunne and Raby (2024), and shown in Figure 6.2, pro-

vides a framework for conceptualizing futures across a spectrum of probable, plausible,

and possible scenarios. While the model encourages imagining alternative and ideal fu-

tures to critique and expand our designs, industry settings often constrain fairness work

within the boundaries of what is probable and plausible due to business limitations. In

this chapter, I adopt this framework as a foundation to argue for a pragmatic approach

to fairness evaluation in ML systems–one that acknowledges these constraints while em-

phasizing actionable strategies within the probable and plausible domains. Although this

approach prioritizes feasibility over idealism, it allows practitioners to make incremental

progress toward fairness, recognizing that engaging in imperfect, pragmatic work is prefer-

able to inaction. Pushing the boundaries of what is plausible and possible for ML fairness

evaluation in industry is also crucial; I discuss potential avenues for this in Section 6.2.5.
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Figure 6.2: The Futures Cone from (Dunne and Raby, 2024).
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6.2 Study #5: The ML Fairness Experts’ Perspective

Pragmatic Fairness: Evaluating ML Fairness Within the Constraints of Industry

6.2.1 Introduction

Through a a semi-structured interview study with 21 ML fairness experts, I explored

the complex problem space of ML fairness evaluation in industry, using recommender

systems as a domain to investigate how practitioners address these constraints and what

opportunities exist to advance fairness under practical conditions. The methods for this

study are described in further detail in Section 3.5.

During this study I explored the following research questions, all within the context of

evaluating real-world recommender systems:

• RQ1: How do ML fairness experts conceptualize fairness, and what goals do they

associate with its evaluation?

• RQ2: What constraints arise in ML fairness evaluations within industry, and how

do they influence decision-making?

• RQ3: How do experts think fairness evaluations can be improved within the practical

constraints of industry?

The main contributions of this work include: (1) an exploration of how experts conceptu-

alize ML fairness and its evaluation goals; (2) introducing pragmatic fairness as a concept;

(3) providing examples of how pragmatic fairness is conducted; (4) providing examples of

how we can improve pragmatic fairness; and (5) an exploration of the limitations of prag-



147

matic fairness and how the research community can enhance efforts to evaluate fairness

in a satisfactory, though imperfect, manner.

6.2.2 What is Fairness and What is the Goal of Evaluation?

I begin by grounding the results of this work by investigating how participants in this

study conceptualized “fairness”within the context of recommender systems, as well as the

overarching objectives of conducting ML fairness evaluations in real-world applications.

In the literature, the overarching goal of incorporating fairness into machine learning

systems is to justifiably allocate the benefits and harms of a system among its stakeholders

(Crawford, 2017; Shelby et al., 2023), usually while avoiding disproportionate impacts on

groups and individuals who are already likely to experience societal marginalization.

In general, since recommender systems are multistakeholder, so are fairness conceptual-

izations in this domain. Related to the previous literature on multistakeholder fairness

in recommendation systems (Ekstrand et al., 2022), several participants in this study

also differentiated between provider-side fairness and consumer-side fairness. P7 defined

provider-side fairness through two considerations: (1) how often a provider’s items show

up in recommendation lists; and (2) how high these items are ranked in those lists: “I

think the problem is... mostly about visibility.... at the end it’s all about whether some-

one or something makes it to the final [recommendation] list, and if they do, where in

the list they appear.” P8 developed this definition further by explaining how we can per-

form disaggregated evaluations across groups of providers’ and their item distributions

to measure provider-side fairness: “is the content ... fairly distributed across a certain

parameter? [Are] our evaluation metrics fairly distributed across [providers]?” (P8).

In contrast, P7 explained how consumer-side fairness is about making sure there is no
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unwanted demographic bias in the recommendations that a consumer sees. “You could

also have fairness from the [consumer’s] perspective, like what type of content I am seeing

versus what type of content you are seeing. If what I’m seeing I think has some bias in

terms of... let’s say, gender or age... certain recommendations that might not be fair to

me... from the user perspective, it’s also whether what I’m seeing as a user is reflective

of my taste, regardless of certain... sensitive features” (P7). Similarly, P8 shared that

consumer-side fairness could also be focused on ensuring there is equality within the user

experience of the recommendation ecosystem: “you want to make sure that when you’re

doing these types of evaluations where you’re testing different systems against one another,

[you’re checking] whether [the system works for] every single age group or for every single

gender, or for different levels of expertise... To an extent, that is also fairness, right? It’s

a much higher-level fairness. It’s the fairness of the user experience... that is the user

centric fairness question” (P8).

Beyond formalizing fairness through the lens of impacted stakeholders, I also learned from

the participants that there are two high-level conceptualizations of fairness that can be

operationalized in systems: (1) theoretical, system-level fairness; and (2) lived experiences

of fairness. Here I describe both of these fairness conceptualizations and their limitations.

Theoretical, System-Level Fairness

Many participants defined fairness through the lenses of equality, equity, diversity, and

bias. These conceptualizations of fairness involve thinking of fairness as high-level, system-

wide constructs that we can quantitatively measure holistically for many users at a time.

P5 described fairness as “everybody [getting] what they deserve,” but then proceeded to

describe that this was “very complicated and ultimately politically loaded because... peo-

ple have different ideas of what people deserve and people have different ideas of who is
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deserving and why. So that’s the challenge.” This participant described that one way to

mathematically confront this challenge could be to find an optimum between equality of

opportunity and equality of outcome.

“So one of the principles that I really try to get across to people is you need to

separate predictions and policy... What are the properties of your prediction?

What kind of ... errors does it make? Where do you fall on the [pareto] frontier

between equality of opportunity and equality of outcome or other trade-offs?

There’s this whole set of questions that are, in a sense, purely technical or I

mean – to use a dirty word – purely objective in the sense that you’re trying

to match an observable reality” (P5).

This distinction between opportunity versus outcome (also known as equality versus eq-

uity) was also named by P14, who shared that “there are political traditions that hold that

fairness is everybody getting the same, and there are political traditions that hold that fair-

ness is giving people what they need... and so like many systems before them, the values

of the developers kind of get baked in and the values of system developers in academia in

the United States skew a little bit toward... the ‘fairness as justice’ perspective... equity...

where people get what they need. And so you see that lens a lot in places like FAccT, but

it’s not necessarily true in industry” (P14).

Another theoretical formalization of fairness shared during interviews was the concept of

diversity. For example, P11 shared that for them,“fairness is also similar to diversity. [I]

want to [expose] as many [items] as possible... In my research, I want to [expose] diverse

opinions on the same topic and surface them to the top results for different people... We

want minority sellers, we want the new emerging sellers or brands to be [exposed] to the

users, we want to give some chance to those tail items” (P11).

P12 also described how fairness in recommendations could be related to diversity, and
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shared how this formalization can actually be good for online marketplaces: “if you define

fairness with respect to diversity, then we know that diversity is definitely very useful in

many, many cases... For any kind of marketplace you do need that diversity... Because

obviously just because you like one genre that doesn’t mean that’s what you’re gonna watch

or listen to all the time... So, if you think [of diversity] as a mapping to fairness, then

yes... people are already always interested in fairness” (P12).

This participant also described how fairness could be related to bias, and how this formal-

ization allowed for easier statistical evaluations. “Most times we have associated fairness

with the notion of bias, and basically saying that a fair system is the one that lacks bias..

to be honest... the nice thing about that is it allows us to more systematically do experi-

ments. So the nice thing about... bias [is that] you can measure [it] quantitatively... you

can use statistical parity or you can use exposure or group size, all kinds of things... And

if your fairness is strictly associated with [bias], you can say... the system is fairer than

this system or we did this thing and it has a fairer ranking or recommendation” (P12).

P11 echoed this, and shared that they also think of bias as a more objective measure of

fairness: “personally I think that bias is more like objective. You can actually measure...

like quantitatively say this bias is towards this population” (P11).

However, P12 also critiqued this approach as “naive,” in part because it was unclear to

them if bias represents how “how fairness plays out in the real world.” (P12). I return to

this concept of fairness in the real world shortly in Section 6.2.2.

P12’s critique of bias was not the only critique that participants shared about mathemat-

ical formalizations of fairness. P9 wondered if “our notion of fairness mathematically cor-

respond[s] to the way normal people think about fairness,”and claimed that“if we optimize

for some academic notion of fairness that does not correspond to the way the community

itself thinks about fairness, then what have we really done?” (P9). P20 similarly shared
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their “anthropological critique of fairness” that calculating fairness mathematically is “not

a realistic approach to the experience of fairness and the social reality of using a recom-

mender system and being affected by one” (P20). This pariticipant elaborated further on

this idea by describing that mathematical definitions of fairness are“all approximations of

a variety of values that people have that are not held as mathematical definitions... People

do not hold ‘rigorously provable’ as ideals in their heart” (P20).

In addition, P13 felt that attempting to quantify fairness was almost like trying to “chase

this number, whatever the number might be, without necessarily asking if that is the main

problem [you] might face on their system” (P13). This participant felt that trying to

achieve a certain numerical threshold of fairness could distract practitioners from focus-

ing on other, more salient types of harm in their system. P4 also shared their opinion that

“mathematical formulations [of fairness] are great in gambling games and game theory ap-

plications” but they “just haven’t found them to be that useful when you try to implement

[fairness metrics] in practice” (P4). This critique was bolstered by an example of recom-

mendations on dating apps, where there is a notion of popularity, merit, and relevance

that fairness metrics struggle to take into account. This participant felt that “you could

come back and come up with any mathematical model of fairness, but if you don’t inject

the reality that there are some people who are immensely popular, and by virtue of that

popularity, have leverage in getting to choose... who they match with... then [fairness

metrics are] not going to work” (P4).

Alongside these critiques, P8 also pointed out that mathematical fairness is necessarily

reductionistic, and often requires us to choose arbitrary values for metric heuristics that

have “no link to any real world value.” P12 similarly felt that measuring fairness forces

us to “sacrifice that realism in a way,” and shared that even if we are optimizing for some

mathematical notion of fairness, there is still the limitation that we are likely not actually

improving“individual or societal or group fairness in the real world” (P12). However, even
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though P12 felt that there is a “disconnect between what’s realistic and what’s scientific,”

they did share that several benefits of mathematical formalizations of fairness, including

that it allows us to “clearly define metrics,” to “measure things,”“report things,” and to

more easily “compare things” (P12).

Even though mathematical formalizations of fairness allow us to more easily evaluate

system-level fairness, P8 described their concern that if this fairness operationalization

was not perceptible for users, then there might be no point in doing it.

“One thing that I think we’re not doing enough in recommender systems re-

search in general is thinking about things in terms of discernibly, right? We’re

optimizing algorithms and... to the extent where we’re [improving] perfor-

mance by like 0.01%, what kind of impact does that have on real people? So

I’m almost thinking like, if you have that difference in NDCG, my question al-

most becomes...does it matter? Like can you actually measure an observable

difference in user experience? Whether that is click through behavior or... per-

ceived recommendation quality, or even system satisfaction, can you actually

link those differences to differences in those values?” (P8)

In line with P8’s critiques, I now turn towards these user values, satisfaction, and perceived

recommendation quality, and explore what this kind of fairness could look like in real-

world recommender systems.

Lived Experiences of Fairness

In contrast to theoretical, or mathematical notions of fairness, many participants described

how fairness could be operationalized through the lens of individual’s lived experiences

and perceptions of what they deem to be fair–to try to more accurately capture an in-
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dividual’s perceptible experience of fairness. For example, P19 shared that “[fairness is]

an abstract concept... if you ask what is your lived experience with a system–like what is

your lived experience using autocomplete on your phone... what is your lived experience

with obtaining loans... rather than asking about fairness... It’s about asking about lived

experience versus asking opinions about an abstract concept” (P19).

Several participants described that they thought perceptions of fairness was a more mean-

ingful construct to evaluate, in part because it is actually perceptible to the users. For

example, P9 shared that one problem they had struggled with was whether their “notion

of fairness mathematically correspond[ed] to the way normal people think about fairness”

(P9). P21 similarly liked“the idea of figuring out what is actually meaningful to people and

their lives, and then thinking about... things to measure to help us improve [our fairness

metrics] based on that” (P21). One example of how to evaluate fairness based on users’

perceptions was provided by P9, who described the idea of a just notable difference.

“This idea of a ‘just notable difference’... people may not notice the difference

between like a .05 and a .08 in some unfairness metric... but they would

notice... 0.05 versus 0.25. That’s very noticeable in the data... They might

notice ‘hey, compared to my friends, I’m getting much [better] results’. So

thinking about that as a standard rather than what is this threshold for good

or like what is the relevant amount of change [or] minimal increase [we want]

in a model?” (P9).

P8 described how you can measure individuals perspectives of fairness by asking users for

their “gut feeling” about whether or not they think the system is fair for them.

However, one participant critiqued this framing of fairness, and shared how they thought

that “users feeling like they’re being treated fairly is not the same thing as fairness... It’s

user satisfaction (P20).
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Continuing this critique of lived perceptions of fairness, P3 described how you might

create a theoretically equitable system that is still perceived as unfair by individual users,

only because it does not match their preferences. P3 shared an example in the context of

Google search results:

“For example... [it] might be that I don’t want to hear any news from right-

leaning news websites, and every time I [use] Google, if those things show

up, I get frustrated and I don’t want to use Google. But the ideal fair weight

would be to... weight left news sites and right news sites equally, so that no

matter who uses Google, it’s always the same mix at the top. This would be

fair from a holistic population standpoint, but it would be unfair if you scope

your definition of customer experience to [an] individual basis. Because all of

a sudden, if I really don’t want any right-wing news websites, I can no longer

change or specify that... It has made that decision for me. And then that’s

where I feel it actually becomes unfair” (P3).

P7, P8, P11, and P13 described that people’s perceptions of fairness are incredibly subjec-

tive and might differ by age, culture, gender, and other demographic axes. P7 additionally

felt that people’s perceptions of fairness will often be biased to benefit themselves, rather

than historically disadvantaged groups of people, as is the case with theoretical fairness.

“Often people don’t have a fair judgement of themself. So if I’m a niche provider and I

have got 1000 impressions, I might not be happy with this even though I know... that’s

exactly how much I deserve. But I just want to express my negative opinion just to say

you need to change your algorithm as a tool to give feedback... [because] maybe if they

change the algorithm I will get more [impressions]” (P7).

P18 described how this tension between perceptions of fairness and system-level, the-

oretical notions of fairness might be because system-level fairness requires us to have
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aggregated metrics about groups of people to determine how fair the system is, something

that we cannot identify from individual experiences.

“This is a challenge... individual perception and the system level effects may

not be aligned very well... Many concepts of fairness are not very perceptible

from the individual perspective. Procedural types of fairness often are, like I

understand the process by which the system decided to recommend my stuff, and

I think that is treating me fair in a process kind of way. But process fairness

doesn’t necessarily provide any guarantees about, say, the overall equity of the

overall distribution of resources... That’s a phenomenon that really only arises

over, say, a group of providers in aggregate, or a group of people in aggregate.

So there’s a fundamental challenge here. What we’re trying to optimize... is

often not something that very cleanly maps to anyone’s experience. So it’s

hard... there can be a bunch of different goals.” (P18).

P13 shared that another challenge with incorporating lived experiences of fairness is that

it can be hard to determine if someone’s experience of unfairness is a “one-off” versus a

replicable and repeated “statistical bias”within the system as a whole.

All of these results reinforced that fairness definitions, goals, proxies, measurements, and

evaluations are not straightforward in real-world settings. The concept of “fairness oper-

ationalization” could mean a variety of approaches and outcomes depending on the inter-

pretation of fairness from the practitioners themselves. The choice of whether to evaluate

the system for an imperceptible, though theoretically justifiable, notion of fairness versus

users’ perceptions of fairness is one that practitioners must make. This decision highlights

that there is no singular “right” or “wrong” way to evaluate fairness; rather, each choice

involves tradeoffs and carries distinct consequences for the system’s various stakeholders.



156

The Goals of ML Fairness Evaluation

Barocas et al. (2021) previously described three considerations when determining what

the goals of an ML fairness evaluation should be. First, is the intention of the evaluation

to demonstrate performance disparities between groups or to uncover potential causes

of performance disparities? Second, is the evaluation focusing on previous disparities

that have happened to specific people, or focused on potential future disparities that

could affect a generalized group of people? And third, is the evaluation intended to be

confirmatory (to provide conclusive evidence) or exploratory (not intended to provide

conclusive evidence)? Beyond these categorizations, the participants in this study shared

several, more nuanced, goals that could emerge for fairness evaluations in practice.

First, one goal of fairness evaluation shared by participants was to start conversations

about what could be wrong with a model/system to assess whether interventions might

be necessary. P4 said that “if you don’t measure it, you don’t know if it’s a problem”–

implying that fairness evaluation is one step towards identifying if certain problems or

harms actually exist in the system. Similarly, P13 shared that “if you don’t know if your

system is flawed, you cannot even know how to fix it.” P9 felt that fairness evaluations

were a useful way to “start a conversation about whether there are some performance

issues or fairness related performance issues in the model.”

Another goal of fairness evaluations shared by participants was to work towards creating

a more equitable system overall for different stakeholders. For example, P18 said in

the context of provider-side fairness, “one significant goal is like, as we’re building and

deploying these systems, are we contributing to a world in which a broad set of people from

a broad set of backgrounds with various different interests and visions etcetera, are able to

have equitable access to customers and listeners and audience and all of those things that

the recommender mediates access to?” (P18). In contrast, this same participant described
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that for consumer-side fairness, “under serving a group of users is a market vulnerability”

and so “from a consumer side, we can look at our [fairness] goal [as] we don’t want to be

undeserving some of our users” (P18). Similarly, P12 said one of their goals for fairness

evaluation was to “make sure that nobody is harmed in an obvious way, so even if the

system still had certain harms, those were not “because [of ] certain demographics... it’s

just a characteristic of [the] overall system... [So] practically you kind of start defining

it in that context, as opposed to societal fairness... No group gets special treatment. No

groups get [differential] harm... Let’s aim for that” (P12).

Another goal described by participants was a duty towards trying their best to make sure

their system did not amplify certain inequalities in the world over time, such as P10 who

said one of their goals with fairness evaluation was to not make “the existing bias worse”,

or P20, who shared that they thought there might be an “an obligation, like an ethical

obligation to recommend” less popular providers in recommendations, and that fairness

evaluations are one method to help us achieve that goal. P16 also described how even

though users might not always be able to perceive certain fairness operationalizations,

“it’s important to still not feed into the system... [because] things get worse over time.

Like sure, it might not matter now, but in 50 years. Like could we have done something

to make a minute difference?... [Like] the butterfly effect” (P16).

These varied conceptions of ML fairness and its evaluation goals underscore the complexity

of this space for both academics and industry practitioners. The term “fairness” itself

is highly fluid, taking on diverse meanings when applied to the evaluation of machine

learning systems. With this foundation, I now turn to examining the practical constraints

that industry practitioners face and how these further shape and influence ML fairness

evaluations.
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6.2.3 The Path From Constraints to Satisficing

In this section I describe three constraints that heavily impacted the participants’ decision-

making when designing ML fairness evaluations in industry settings: (1) balancing com-

peting interests; (2) lacking power and/or access to necessary supports; and (3) prioritizing

decisions based on what could enable buy-in from leadership and/or the organization. I

describe how the participants navigated these constraints by satisficing—seeking satisfac-

tory rather than ideal outcomes (Simon, 1978), and explore the nuances of this approach.

Constraint #1: Balancing Competing Interests

One unique aspect of doing fairness work in industry is that it requires balancing com-

peting interests between the fairness evaluation team and the product/modeling teams,

which involves fitting in with pre-existing workflows, timelines, and employee bandwidths.

Several participants shared that fairness work could not happen within industry without

getting support from product/modeling teams. For example, P13 said, “if you do not

own the model... there’s not much you can do without having the support of the [product]

team.”

In industry, fairness evaluators are often separate from modeling teams. P9 described

how modeling teams have“very different incentives” than fairness auditors, and are highly

motivated to ship products quickly, which may conflict with fairness auditing that can

slow production down. P9 noted that this “very big conflict of interest” is one benefit to

keeping the fairness evaluation team separate from the modeling team. P13 also shared

their experience that sometimes modeling teams might say they are interested in fairness

evaluation, but that they “do not have the bandwidth this quarter... [so] please come

back in three to six months,” which P13 said, “is totally reasonable.” P2 also noted that
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fairness work often depends on“being opportunistic,”because resources like data contracts

or budgets may disappear unexpectedly.

Fairness work also faces competing interests between stakeholders, such as consumers and

item providers. P12 explained that increasing recommendation diversity (one potential

heuristic for fairness) could sacrifice personalization accuracy, which is crucial for engage-

ment and revenue. Similarly, P20 noted that prioritizing less popular providers might

conflict with business imperatives to generate revenue, leading to decisions that “might

have no reason to be aligned with fairness.” These challenges are consistent with previous

research, which found that business imperatives often drive fairness decisions (Madaio

et al., 2022).

Moreover, improving fairness for one stakeholder group might reduce fairness for another.

For example, P11 explained that in a music recommender system, balancing personal-

ization for end-users with fairness for providers–such as giving new artists a chance to

be recommended–requires careful consideration. As P11 noted, “we have to strike a bal-

ance between different parties, fairness, and also the system performance.” P12 similarly

pointed out how balancing fairness for end-users and advertisers is crucial, stating, “what

we are looking for is a good balance where we can retain [both] the users and the adver-

tisers.”

Constraint #2: Lack of Power and/or Access to Necessary Supports

Another constraint of ML fairness in practice that is fairly well-known is that those who

conduct fairness evaluations in practice are often not those who have decision making

power at an organization (Metcalf et al., 2019). For example, P7 explained how as a

fairness evaluator, they might not have any power to decide which fairness definitions are

evaluated in the system, because “each country [has] specific laws for what’s considered
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underrepresented groups or what’s considered harm, so those definitions may most likely

sometimes come from... higher level... as [an algorithm designer or evaluator], you might

not decide on the [fairness] definition, because that’s given to you.” Or, as P15 described,

“it is more often than not sort of a top down decision... maybe a project manager or

product manager is defining what that [fairness] success criteria is.” This lack of power

could limit practitioners’ abilities to influence and potentially improve fairness evaluation

approaches.

Some of the participants reported that beyond a lack of power, practitioners also often

lack access to necessary supports for fairness evaluations. For example, it is common

that practitioners lack the demographic data they might need to conduct disaggregated

fairness evaluations (Andrus et al., 2021). P9 and P13 shared their challenges conducting

evaluations in industry without the demographic data they would need to perform disag-

gregated evaluations for group fairness. P13 said that without the data they needed, they

“had to always come [up with] or find more creative ways to do this kind of analysis.”

In addition, P17 shared how they would love to base their fairness evaluations off the real

experiences of impacted users, but in practice they do not have access to these people

or this data. P15 said that even though it would be ideal to elicit fairness concerns

from users, in practice this was not practical because asking users about their experiences

was too big of a PR risk, especially if users were being asked to provide opinions about

unreleased products or features, this could be too big of a risk for the company even if users

were required to sign NDAs. P10 also shared how they did not have access to resources

to elicit perspectives from enough users to get a meaningful sample to generalize their

experiences into larger system-level evaluations: “[small user studies] would just [have] so

much variance in it that we would not be able to draw firm conclusions.” P3 similarly felt

it would be ideal to get feedback about fairness from users, but realistically, they “can’t

deploy [the model] on 4000 people from every country in the world within two weeks before
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it has to ship, and so for practical reasons, oftentimes [the volume of] these user studies...

is incredibly small”, so “if you want to do a good user study, it’s really hard.”

Constraint #3: Getting Buy-In

Another essential component to enabling fairness work as described by the participants

was to get buy-in from leadership, so that this work is mandated in a top-down manner.

For example, P10 explained that even the most altruistic practitioners might struggle to

prioritize fairness work if it conflicts with existing incentives: “even if everyone in their

heart is thinking [fairness] is the right thing to do... they’re also thinking: I have so much

to do and I have all these other competing priorities... and this one is going... to get me

promoted [so] how am I gonna fit in all this fairness stuff?” (P10).

Since most companies deploying recommender systems are for-profit, many participants

noted that to gain leadership buy-in, fairness evaluations had to align with financial

incentives or at least not contradict them. P9 had witnessed this when setting fairness

goals: “I think how [fairness goals are decided] right now is to provide the best customer

experience so the company makes the most money.... there is always like one ultimate

overarching goal, which, given capitalism, is usually money.” P3 echoed this, saying that

in industry, “money is the thing that dictates everything.” P12 emphasized that in for-

profit organizations,“revenue is a priority... there always needs to be that tie to the bottom

line,” and practically, this means fairness must be tied to “business metric[s] moving in

the right direction.” P17 acknowledged that, despite criticisms, this financial focus is a

practical constraint: “if we’re generating revenue, great, it means we can stick around...

but if we don’t generate anything... we’re gone, and then none of this [fairness] work gets

done [either]” (P17).

Participants highlighted simplicity as a key factor for securing leadership buy-in for fair-
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ness work, even if it meant sacrificing more impactful evaluations. This aligns with prior

research suggesting that fairness metrics in industry must be simple to gain organizational

support (Beattie et al., 2022). For instance, P1 said, “for practitioners in industry, you

want to just always pick the low hanging fruits, you want to pick the simplest ideas and...

with the minimum effort you want to get the maximum profit basically” (P1). P10 added

that while executives can grasp technical information, “it’s easy for them to get lost in

the details... so the easier it is to describe and explain a metric, the easier it is to get

everyone on board with using it.” P15 also emphasized the importance of balancing appro-

priate fairness metrics with the ability to “easily communicate to leadership around what

does this fairness metric mean.” P18 noted that while simplicity might lead to “worse”

fairness evaluations, it offers a practical starting point that can later evolve into more

sophisticated measures, allowing for the development of better operationalizations over

time.

Pragmatic Fairness

All of the constraints listed above influenced the decision-making of the participants when

designing and conducting fairness evaluations, and led them towards satisficing in their

work. Satisficing is a decision-making strategy that seeks a satisfactory or adequate

outcome, rather than the optimal one (Simon, 1978). This term combines the words

“satisfy” and “suffice” to describe how individuals and organizations operate within the

constraints of limited information, time, and cognitive resources–and acknowledges the

acceptability of imperfection. For example, P16 shared how even though some of their co-

workers wanted their fairness metrics and thresholds to be“perfect,” in industry, there is no

time nor ability to reach a perfect operationalization. This participant also described how,

fortunately, in industry,“not everything’s set in stone,” so even if an unsatisfactory fairness

evaluation or intervention occurs, it can always be changed in the future to something
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that is more fitting.

In addition, several participants described how in the real-world, it is not possible to

holistically measure (un)fairness nor to fully solve/prevent fairness-related harms. This is

due to both the subjective nature of fairness and the reductionistic assumptions we must

make to measure it in practice. For example, related to evaluations, P5 said that even a

theoretically fair system will still always “be unfair on at least one axis,” because, as P18

described,“there’s just too many different ways [ML systems] can be unfair.” Both P6 and

P14 similarly felt that even though there is not a“single solution,” (P6) for how to evaluate

fairness, “at some point you just have to make some hard decisions,” (P14) and this is a

necessary part of doing fairness work in the real world. Related to improving fairness, P1

said, “whatever you try to fix, it’s still going to be unfair to a lot of other people... so you

have to kind of choose your battles.” It has been previously argued, both theoretically and

philosophically, that fairness can never truly be achieved (e.g., (Fazelpour and Lipton,

2020)). Practitioners now grapple with this reality, while still needing to make decisions

and conduct evaluations to the best of their ability. Thus, fairness work in the real world

often involves accepting that idealistic improvements for everyone may not be possible, but

incremental progress can still be made within the constraints that shape decision-making.

I define pragmatic fairness as the path from constraints to satisficing in industry settings.

This approach acknowledges the practical limitations and trade-offs inherent in real-world

fairness evaluations and emphasizes the importance of making actionable decisions within

those constraints. By satisficing, practitioners aim to address fairness concerns to a degree

that is both feasible and impactful, even if the solutions are not perfect or comprehensive.

Pragmatic fairness thus reflects a commitment to incremental progress, balancing compet-

ing priorities, and adapting to the dynamic and resource-limited environments in which

ML systems operate. This concept highlights the need for flexibility and compromise,

underscoring that striving for better–rather than perfect–fairness is essential for driving
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meaningful change in industry contexts.

6.2.4 Pragmatic Fairness in Action

Based on the responses from participants, and building on frameworks mentioned in pre-

vious literature (Smith et al., 2023a; Beattie et al., 2022), in this section I explore how

participants in our study conducted pragmatic fairness work (made decisions that led

to satisficing as a result of the pragmatic constraints of industry). The participants

conducted pragmatic fairness work through three decision-making stages of fairness eval-

uation: (1) scoping fairness; (2) measuring and quantifying fairness; and (3) interpreting

evaluation results. I have provided Table 6.1 which outlines all of the examples that I

provide in this section, based on the specific pragmatic fairness constraints and decision-

making stages they align with.

Scoping Fairness Concerns

Here I outline several examples of how pragmatism shaped participants’ choices about

which potential fairness concerns to focus their evaluation efforts on. First, several par-

ticipants described the importance of starting off with known harms and policies to get

the evaluation going quickly, such as P2 who shared that it was more pragmatic to start

with the obvious concerns instead of “generating [a] laundry list of everything that could

go wrong,” since the evaluator will not have “all the time in the world” to do a “whole

assessment of all the different stakeholders that potentially could be harmed or helped with

[an] application.” This method aligns with the constraint of balancing competing inter-

ests, as the company’s incentives may prioritize launching the evaluation quickly, even if

the ideal approach would involve taking the time to develop a more comprehensive list of

fairness concerns.
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Table 6.1: Examples of decisions that align with pragmatic fairness constraints throughout the

stages of fairness evaluation. I discuss the idealistic counter-examples to each of these throughout

Section 6.2.4.

Stage Constraint Examples of Pragmatic Fairness Decisions

Scope:

Concerns

Competing

interests

Focusing first on the known harms/risks of the

system

Getting buy-in Deciding fairness concerns retroactively or reac-

tively

Lack of

power/access

Internal red teaming

Scope:

Stakeholders

Getting buy-in Choosing stakeholder groups based on the mar-

ketplace

Lack of

power/access

Choosing only a few axes to analyze

Measure &

Quantify

Lack of

power/access

Choosing system-level metrics instead of disaggre-

gated evaluations

Getting buy-in Choosing more simple metrics

Interpret Competing

interests

Optimizing fairness with respect to the business

performance baseline

Another method for pragmatically determining fairness concerns was to use feedback from

impacted stakeholders on social media. P16 described this kind of method as“retroactive,”

but necessary to “understand what type of problem you’re looking for.” P15 shared they

also get “feedback either from tweets or social media or... customer service,” and similarly

described this process as “retroactive.” This retroactive feedback approach aligns with the

constraint of needing to get buy-in, because it focuses on addressing business concerns

related to public relations (PR) and customer satisfaction, which could help practition-

ers justify fairness evaluation efforts and gain leadership support. However, I note that

retroactively determining fairness concerns does require harm to occur before it can be

addressed, which presents a potential adverse impact of this approach. This illustrates a

tradeoff in pragmatic fairness: ideally, fairness evaluations would occur without harming

impacted stakeholders. However, when practitioners are only permitted or incentivized
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to evaluate fairness after harm has occurred, this approach may still offer some value.

Another common approach for participants to identify fairness concerns was to have in-

ternal team discussions and to conduct internal red-teaming to understand how a system

might differentially harm certain user groups. This approach stemmed in large part from

a lack of access to impacted users within the evaluation team. For example, P10 described

how their team has a “collection of test accounts with different sorts of settings... profile,

country and... devices... ways to sort of simulate the experience of a broader selection of

people. So we’ll have, you know, a test account who is a nurse in Bangladesh or some-

thing. And follow some pages related to, you know, nurses in Bangladesh and then see

what the model recommends to get a feeling for what someone in that country might really

experience” (P10). This participant mentioned that they did understand this was not the

same as actually recruiting users with those profiles, but that it gave them a “sense of

what someone else’s experience might be like” in the event that they did not have access

to those impacted users themselves.

Similarly, P15 shared how their team would do internal red teaming to get a sense of

which“risks that might be apparent [by] tweaking and just playing around with the model.”

This participant said that their team also tries to interview internal people like engineers,

product team members, and marketing team members to better assess the“risk landscape”

of a feature (P15). P4 similarly had team discussions about potential concerns, also to

make sure their model had not drifted from the original goal of the system. P16 noted

that the ideal way to do this kind of internal red teaming was to “have a diverse group

of people in the room... so you’re not just all thinking about it the same way.” This

was a noted limitation of internal red teaming, that teams would not be able to fully

understand the experience of impacted stakeholders through mock accounts, however—

given the constraint of lack of access to impacted stakeholders—this method was noted

to be pragmatically useful.
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Scoping Stakeholders

The next step when scoping fairness evaluations is to identify which stakeholder groups

are going to be involved in the evaluation. Two participants gave examples of how to make

these decisions under the constraints of pragmatic fairness. P5 shared how stakeholder

groups in the literature and in academia are often aligned with “traditional social justice

concerns” like “race, gender [or] other protected classes,” but that in practice, the axes

that they want to evaluate recommendation fairness for might look very different. In

this example, P5 shared how these axes might be more related to the stakeholders of the

marketplace, such as “large versus small music producers,” or “genres of music,” or “high

versus low quality songs” in the context of a music recommendation system. This example

reflects how practitioners could get greater buy-in from leadership when they align their

evaluations with the organization’s business priorities and financial goals, since it frames

fairness work as directly relevant to the company’s business context.

I note, however, that these axes may not be as unrelated to traditional social justice

concerns as they initially seem. For example, the distinction between large and small

music producers might reflect disparities in racial or ethnic representation, socioeconomic

status, or access to resources such as marketing and distribution networks. Similarly, gen-

res of music may be associated with specific cultural or linguistic groups, and judgments

of “high” versus “low” quality songs might embed biases tied to factors like the quality

of recording equipment, which can disproportionately disadvantage lower-income music

producers. These intersections highlight another tradeoff of pragmatic fairness: while it

would be ideal to critically examine how fairness axes are defined in practice to avoid

unintentionally reinforcing broader inequities, sometimes practitioners may need to eval-

uate along certain axes to secure buy-in. In such cases, taking action based on what the

business deems important may be more beneficial than doing nothing.
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Also related to choosing evaluation axes, P15 shared how in their experience, they have

developed a standardized list of “12 or 15 different potential identity characteristics that

one may have or identify as” and that with “unlimited time [and] resources, [they] would

maybe test across all of these for every feature,” but instead, in practice they have to

think about how they can get the “biggest bang for [their] buck with the resources [they

have]” (P15). This example highlights how practitioners are constrained by limited time

and data access, which may force them to prioritize certain axes of fairness evaluation

over others, even if comprehensive evaluation across all possible axes would be ideal.

Measuring and Quantifying Fairness

The next step in fairness evaluation is to measure and quantify fairness by selecting

datasets, proxies, and metrics. Several participants mentioned the challenges of find-

ing the demographic data needed to perform disaggregated evaluations in practice, and

P9 and P13 shared that system-level fairness metrics were a pragmatic alternative that

helped them measure unfairness in recommender systems without having to separate the

evaluation by demographic groups. For example, P9 described how metrics like the Gini

coefficient can help “give you some idea about inequalities on the platform that don’t nec-

essarily tie to traditional notions of ... demographic based fairness.” This example worked

within the pragmatic fairness constraint of lacking access to needed demographic data.

In the event that a practitioner does have access to demographic data (the ideal scenario),

one participant noted that group fairness is easier to explain and communicate to their

colleagues, which made it simpler to get buy-in for an evaluation: “we find just like from

a communication standpoint, group fairness is like the one that people kind of understand

the best and still captures a lot of the difference[s] in user experience that we might see in

the field... for the most part, we try to [choose metrics that] we can easily communicate

to leadership” (P15). In line with this constraint of choosing simple metrics to get buy-in,
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P12 had also experienced this when choosing to measure fairness through the lens of bias:

“to be honest... the nice thing about [measuring fairness through bias] is it allows us to

more systematically do experiments.” Even though this participant critiqued bias as a

“naive” approach to measuring fairness, they did admit that this reduction at least “made

things possible” (P12).

Interpreting Evaluation Results

When interpreting evaluation results, the next decision-making step is to choose a fair-

ness threshold and/or baseline, a minimum value that must be met for the system to

be deployed or shipped to end-users. One widely shared experience with pragmatic fair-

ness evaluation between P9, P10, and P15 was the idea of omitting fairness thresholds

entirely, and instead optimizing fairness within the bounds of a pre-existing business met-

ric’s threshold1, such as P10 who shared: “I would say let’s maximize fairness, subject to

a constraint of not dropping performance more than X. So I think of those performance

metrics as a constraint.” P15 similarly described that they “improve performance of fair-

ness but still be within this like very explicit performance, like quality, threshold.” P9

added that they do not try to “make a model with zero unfairness” (since this is not pos-

sible), instead it is more about “handling the rational business context of: we did what we

could in order to choose the most fair model possible that still allows us to meet business

performance needs” (P9).

This fairness optimization process also involves collaborating with various teams and

product owners, and P10 described how this can become an“organizational politics thing,”

because at large companies, “a lot of stakeholders care about a model’s output, [and] there

might be a whole team devoted to the needs of the person creating posts and a whole

1Approximating the solution to a multicriteria optimization problem by constraining values along one

dimension is a well-known technique (Ehrgott, 2005).
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separate team devoted to the needs of the person viewing the post and those teams both

want what’s best for their people” (P10). This participant went on to describe an example

where they needed to balance the needs of one team’s business metrics against their own

team’s fairness metrics: “we could imagine we could set a guardrail of, you know, no

more than point something percent drop in some metric of feed engagement... that is the

maximum amount that we can harm the viewers’ experience in order to fix some fairness

element of the post creators’ experience” (P10). These examples align with the constraint

of balancing competing interests, since they involve negotiating between the fairness goals

of the system and the performance requirements set by business teams. Perhaps in an

ideal scenario, business metrics could be optimized with respect to not dropping fairness

more than a certain amount. However, since business objectives are often prioritized over

fairness concerns, this approach provides a pragmatic way for practitioners to manage

trade-offs without compromising entirely on fairness.

6.2.5 Improving Pragmatic Fairness

In this section, I explore participants’ ideas about how to improve pragmatic fairness

while considering that this work inherently involves satisficing, making practical decisions

that lead to imperfect outcomes. I conclude with a broader discussion about how the ML

fairness research community can enhance pragmatic fairness efforts.

Including Users

One method to improve pragmatic fairness is to make more intentional efforts to include

users in the process of fairness evaluation. P15 described how “anecdotal results can be

extremely [helpful]” for motivating leadership to prioritize fairness evaluations. P9 also

shared a quote from the book Measuring Culture (Lena et al., 2019) which says “every
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quantitative measurement begins as a qualitative observation”, and so this participant

thought that “all [quantitative] metric-based results of fairness should... inherently be

supported by more qualitative observation and more qualitative work” (P9). I note that

some user involvement is more plausible than others in industry settings. For example,

some companies already conduct focus groups with power users and find these methods to

be useful, while conducting larger participatory co-design workshops with many impacted

stakeholders might be harder and less likely pragmatically. However, recent work has

shown promising methods for including users in the design of fairness evaluations, such

as using focus groups to design fairness metrics with impacted stakeholders (See Study

#2 in Section 4.3), incorporating responsible AI considerations into user experience (UX)

efforts (Wang et al., 2023), or designing user-focused fairness evaluations to complement

model/evaluation-focused ones (Deng et al., 2023).

Although approaching users might not always be an option for evaluators, sometimes the

resources are there, and in these cases, several of the participants described some of the

best methods for doing so. For example, P2 described how important it is to make sure

the people who reach out to users have the proper skills to conduct qualitative research:

“don’t send someone who can do perfect machine learning models out there to talk to

some punk band about how they feel about recommendations... this is not right” (P2).

In addition, P21 shared that it is important to balance giving users enough technical

information to provide useful feedback, while not overwhelming them with too many

technical details of the system. “You need to... think about to what extent to sensitize

people to technical constraints and limitations. If you sensitize people to the constraints,

you empower them to help design realistically implementable approaches. On the other

hand, it can be challenging to do this effectively... you don’t want to just give a fire hose

of technical information... achieving the right balance is a delicate craft” (P21).
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Citizen Panels & Citizen Assembly

Another idea brought up by P5 and P14 was to facilitate citizen panels and assemblies as

a method to make more democratic decisions about challenging fairness problems (such

as which fairness metrics to use, or which fairness thresholds to set). P5 described citizen

panels as the following: “the idea here is you get a bunch of citizens together, and ideally

you randomly select them... and you give them access to subject matter experts and you

know lots of background material and then you have them in this small group discuss

and debate [a] policy and make [a] choice... It’s being... explored for exactly these types

of problems where neither governments nor industry nor activists should be making the

choice. What you want is a somehow representative group of regular people who are

particularly well informed” (P5). This participant also noted that both Open AI and Meta

have funded citizen panels and assemblies to help them solve problems on their platforms,

so this approach has precedent in real-world settings (AI, 2024; Ovadya, 2021, 2023). P14

also shared an example of how these kinds of panels could help with decisions like which

fairness metrics are the most appropriate for a given use-case: “you can imagine fairness

decision-making that could look like that... you’ve got two or three particular fairness

metrics you might use [with] significant trade-offs... [you could] spend half a day doing

this and then you get them to talk it out and make a decision and that’s what you go with”

(P14).

However, I note that while the idea of citizen panels evokes democratic principles, it can

fall short in practice (Delgado et al., 2023). As seen with OpenAI and Meta’s use of such

methods, these processes may give the appearance of democracy, but they are tightly

constrained, limiting public input to a narrow set of decisions (e.g., voting on model

outputs or design choices). This leaves little room for citizens to contest the model’s

existence or critique the process itself (Young et al., 2024). Despite these limitations,

citizen panels can still offer a pragmatic solution within the constraints of the system, but
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I recognize that this approach may also close down opportunities for more fundamental

critiques. Pragmatic fairness often involves compromises, and while such methods may

provide some form of democratic participation, they may not address deeper issues or allow

for the kind of substantive public debate needed for true democratic decision-making.

Evaluating Construct Validity

Another improvement to pragmatic fairness is to evaluate construct validity, when prac-

titioners double check that their evaluations are actually measuring what they think they

are measuring, so that they can trust their interpretation of the results of the evaluation.

P9 described how one simple way to assess construct validity was to do a sniff-test (also

introduced in prior literature (Jacobs and Wallach, 2021)) to see if their metric “actually

make[s] sense”, and then to do empirical assessments to make sure that “the things we’ve

seen in the dataset that we expect to be correlated with... the target attribute are related,

just to get a sense of like whether the way you’re measuring your... attribute sort of

aligns with like what you qualitatively think about [fairness]” (P9). P18 also shared some

examples of simple ways to assess construct validity that are similar to a sniff-test, such

as writing out “in English from the perspective of a stakeholder, what does this metric

going up or down mean?” P18 said it can also be helpful to “think about what moves the

metric.... so what different changes to the recommendations or changes to... whatever

you’re measuring will move the metric up or down? ... How could you move the metric

without advancing your original goal? Or perhaps even undermining the original [goal]?”.

This participant described that these methods can “be your sign you’re not measuring

what you were trying to measure” or can “lead you to the places the metric is mismatched

with your goal” (P18).

P10 also described how highly-skilled human review of fairness evaluations (such as hired

contractors or domain experts) is“the gold standard to figure out, when we’re doing some-
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thing very messy and qualitative to the model, to decide whether we’re doing the thing we

meant to be doing” (P10). This participant further shared how these qualitative methods

of human review are less pragmatic in part because they are “expensive and slow and hard

to get enough samples to really say meaningful things about [the system],” and then went

on to still say that “despite all of those limitations, it is the only way to be really sure the

model is doing what you think it’s doing” (P10).

Starting a Fairness Evaluation

Several participants shared suggestions for improving the beginning stages of fairness

evaluation. P17 highlighted the benefits of involving fairness evaluators early in product

development to “progressively increase and create more robust tests as [they] know what

the risk surfaces are... as opposed to just, you know, doing a one off [evaluation]” (P17).

P15 emphasized that knowing how evaluation results will be used helps structure the

evaluation: “as a team, knowing how our evaluations are going to be used also is important

[for] how to structure them... even like setting the stage... at the onset, can help motivate

the team towards working towards those evaluations if they know that maybe their findings

should have an impact into... how the feature is developed” (P15). P13 suggested tying

fairness work to organizational success to avoid it being seen as something that “slows

down” product development, instead presenting it as: “if we do this, the organization will

be better” (P13).

Lastly, P21 proposed using more specific language in fairness evaluations, recognizing

when the term “fairness”might limit the scope. They explained: “I sometimes see almost

any stakeholder need, almost anything that isn’t about generating profit, described as ‘fair-

ness’. But at some point [a team I was working with] realized, no, wait, we should just

say what we mean... And then they would actually tease apart and define the different

aspects they’ve been referring to as ‘fairness’, [and] then actually thinking about how to
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address these particular issues. So I have seen a big difference between teams that use

‘fairness’ in a scoped way versus teams where it somehow ends up becoming everything

[besides] business needs” (P21). The critique that the term ”fairness”might constrain our

ability to effectively evaluate a system for harm is a significant consideration—one that I

revisit in Section 7.1.
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6.3 Conclusion & Pathways Forward

Pragmatic fairness parallels the concept of “muddling through,” introduced by Lindblom

(2018), which captures the reality of decision-making as a continuous, imperfect process

prioritizing practicality and adaptability over unattainable idealized rationality. While

this approach to fairness is open to criticism—particularly because it aims to satisfice

within business constraints rather than strive for ideal solutions—its value lies in ad-

dressing real-world complexities. Fazelpour and Lipton (2020) argue that many existing

fairness metrics are grounded in ideal theory, which assumes a perfectly just world and

often neglects the nuanced challenges of societal application. Such idealized frameworks

risk producing interventions that, in practice, are ineffective or even harmful. To counter

this, the authors advocate for a non-ideal theoretical perspective that accounts for societal

injustices and practical constraints. I position pragmatic fairness as an empirical exten-

sion of these philosophical arguments, offering a complementary lens to operationalize

fairness in real-world contexts.

I acknowledge that pragmatic fairness inherently involves trade-offs. Simplifying proxies

and metrics, creating mock user accounts, and treating fairness as a reactive rather than

preventative process are all examples of pragmatic approaches that risk exacerbating

harm to impacted stakeholders. Nevertheless, I argue that there is space within the ML

fairness research community for both idealistic and pragmatic visions of ML fairness, both

nyaya and niti, in Sen’s terminology (Sen, 2009). Not all work in this field can focus on

critiquing and dismantling real-world systems, nor can it overlook the harms that arise

from operating within them. It is important to strike a balance between working within

the system and working to fundamentally change the system.

I propose that pragmatic fairness can serve as a foundation for inspiring future work aimed

at improving fairness within the constraints of industry. By highlighting constraints and
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providing tangible examples, I hope to help ML fairness researchers align their work with

the real-world motivations, limitations, and power dynamics that shape its application.

For instance, future research could enhance internal red-teaming efforts to better cap-

ture the perspectives and concerns of impacted stakeholders, particularly in cases where

practitioners lack direct access to these groups. Additionally, there is a pressing need

for educational resources on ML fairness tailored to organizational leadership, reducing

the burden on practitioners to secure buy-in. Another valuable contribution could be to

develop guidance to help practitioners prioritize fairness concerns while balancing busi-

ness objectives, ensuring that fairness efforts align with, rather than hinder, product and

organizational goals.

While achieving perfection within existing constraints may be unrealistic, pursuing

marginal improvements is both meaningful and essential. I hope the examples and insights

provided in this chapter serve as starting points for refining pragmatic fairness practices,

while recognizing that broader advancements in fairness evaluation extend beyond the

scope of this work and merit further exploration.
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Chapter 7

Bigger Picture

“Measure what is measurable, and make measurable what is not so.”

– Galileo Galilei

This dissertation has examined the challenges and opportunities of incorporating fair-

ness into the design of multistakeholder recommender systems and machine learning more

broadly. Based on insights from users, practitioners, and ML fairness experts, I have

explored potential best practices for fairness operationalization in real-world, multistake-

holder recommender systems that takes into consideration the varied needs of an organi-

zation and its stakeholders.

In this dissertation, I have also introduced the concept of pragmatic fairness, which out-

lines the path from business-driven constraints to making satisfactory, though imperfect,

decisions when evaluating ML fairness in industry settings. Through this lens, I have

explored how fairness evaluation might successfully balance theoretical ideals with indus-

try realities, highlighting tradeoffs and pointing toward future work that aims to bridge

this gap. This conclusion chapter synthesizes my key insights from all five studies in this

dissertation, and offers a roadmap forward for researchers and practitioners working at
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the intersection of fairness and machine learning.

7.1 Takeaways & Implications

In this section, I synthesize the major takeaways and implications of this dissertation,

offering insights into the practical and conceptual lessons learned through my research

and their broader significance for the field of responsible AI.

Fairness Is Not One-Size-Fits-All

First, I have learned and relearned that fairness will never be a one-size-fits-all construct.

There will never be a universal method to measure fairness that satisfies every individual

and stakeholder within a system. Individual users often have different fairness preferences,

as do groups of impacted stakeholders, practitioners balancing competing business needs,

and the organization at large, which may prioritize revenue, regulatory compliance, and

public perception over all else. I have seen these differing needs and perspectives towards

fairness firsthand throughout all of the studies in this dissertation. Although I gathered

perspectives from 102 participants in total for this dissertation, each participant brought

unique experiences, preferences, and conceptualizations of fairness, with no two individuals

sharing exactly the same perspective.

This variability of fairness preferences also makes it incredibly challenging for practitioners

to decide whose preferences to prioritize. For example, in Study #3, I observed that

certain fairness logics may be inherently incompatible. For instance, choosing to rank

high-risk loans higher on the Kiva platform could benefit high-risk borrowers and generate

positive outcomes for individuals living in volatile commodity markets. However, this

approach also increases the risk of loan defaults for lenders, potentially reducing the funds
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available for future lending within the online marketplace. In contrast, ranking low-risk

loans higher is better for lenders, but further marginalizes and excludes borrowers who

live in high-risk areas. This complexity highlights how different fairness implementations

can prioritize certain stakeholders over others, often leaving practitioners without a clear

“best” or “optimal” solution.

I also discussed this lack of an “optimal” solution in Section 2.2.3. As Selbst et al. (2019)

note, “there is no way to arbitrate between irreconcilably conflicting definitions [of fair-

ness] using purely mathematical means.” This complexity is compounded by measurement

challenges, as different user groups interact with systems in diverse ways, often skewing

metrics despite efforts to account for such differences (Mehrotra et al., 2017; Stray et al.,

2022). For instance, Stray et al. (2022) demonstrate how metrics like dwell time can sys-

tematically misrepresent certain demographics, such as older versus younger users. This

means that even measurement can be a fairness issue itself. These challenges reveal that

fairness cannot always be perfectly defined, measured, or optimized, yet practitioners

must still make decisions about how to operationalize it.

“I think it’s hard, generally, [to decide] who deserves fairness more than the

others. The answer is... everybody at the same time. But there needs to be a

decision. Somebody has to make a decision” (P1, Study #5).

This presents both opportunities and challenges for operationalizing fairness. On one

hand, we have a diverse array of approaches to evaluating and embedding fairness into

systems, where no single method is inherently correct or incorrect but rather more or less

suited to the specific context. On the other hand, it highlights the unsolvable nature of

this work–there will never be a definitive solution to the problem of fairness, and every

approach will involve trade-offs that impact stakeholders in different ways.

This is why I believe there is a critical need for more guidance on scoping fairness eval-
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uations to identify which aspects of fairness are most relevant for a given context and

how to prioritize competing ideals. This was especially apparent after conducting Study

#4, where many practitioners who I spoke to shared how they would struggle to de-

cide between various ML fairness evaluation approaches in large part because they all

seemed equally important and applicable to their evaluation goals. This was also appar-

ent in Study #3, where many fairness logics might be equally appropriate to enact on

a platform–all of which might differentially prioritize certain stakeholders. Practitioners

would benefit from guidance on how to choose which fairness logic to enact in a given

context.

I envision this guidance taking the form of workshops or facilitated discussions that bring

together impacted stakeholders, domain experts, modeling teams, and ML fairness eval-

uators. These sessions could help everyone collaboratively identify all potential viable

approaches, prioritize them based on the group’s diverse and often competing priorities,

and provide structured support in justifying the chosen approach. This and other kinds

of scoping guidance would help practitioners navigate the inevitable trade-offs between

optimizing fairness for some while acknowledging that not all needs can be simultaneously

met.

Users’ Perspectives on Fairness

Another important implication of the work in this dissertation is the role that impacted

stakeholders and users could and should play in fairness evaluation design.

I see two distinct approaches for including users in the design of fairness evaluations: (1) to

gather feedback on the overall design of fairness operationalization; or (2) to understand

users’ specific lived experiences of unfairness. The first approach could be pragmati-

cally accomplished through participatory methods such as focus groups with power users,
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surveys, or democratic methods as discussed in Section 6.2.5. Although many of these

methods may currently fall short in practice, they pose promising directions for future

work to pragmatically include stakeholders in fairness evaluations going forward.

While the second approach (understanding users’ experiences of unfairness) shows sig-

nificant promise–as evidenced by Study #2 of this dissertation–it comes with a notable

challenge: users’ perceptions of fairness often reflect their overall satisfaction with the

system rather than an objective sense of what they “deserve.” For instance, in Study #2,

content creators frequently described feeling they were treated unfairly when they did

not achieve the views, engagement, or exposure they desired. This phenomenon, which

I term “selfish conceptions of fairness,” creates a complex evaluation landscape. Systems

designed to meet individualized expectations of fairness would face inherent limitations,

as it is virtually impossible to satisfy every user’s ideal outcome. Future research would

benefit from exploring ways to integrate this individualized perspective of fairness into

system design while balancing the reality that users often prioritize their own interests.

During this dissertation, I also identified two distinct enactments of fairness: (1) percep-

tions of fairness, grounded in the lived experiences of impacted stakeholders, where fairness

interventions are designed to be perceptible and meaningful to users; and (2) theoretical

notions of fairness, aimed at improving systems more holistically through high-level fair-

ness considerations that may not be immediately perceptible to users but seek to create

long-term, systemic benefits. There are a variety of research studies that have focused

on capturing peoples’ perceptions of ML fairness (e.g., (Woodruff et al., 2018; Alkhathlan

et al., 2024; Kingsley et al., 2022; Harris et al., 2023; Kasinidou et al., 2021; Binns et al.,

2018)), and similarly there have been many studies that have focused on capturing theo-

retical notions of ML fairness (e.g, (Hardt et al., 2016; Berk et al., 2021; Agarwal et al.,

2018; Dwork et al., 2012; Buolamwini and Gebru, 2018; Zafar et al., 2017; Kleinberg et al.,

2016; Grimmelmann, 2010; Zehlike et al., 2017; Singh and Joachims, 2018) just to name
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a few), and one study also conducted a fascinating attempt to combine both theoretical

notions and perceptions of ML fairness (Srivastava et al., 2019).

I believe the ML fairness research community would benefit from more open discussions

about these different conceptualizations of fairness. Without clearer delineations between

fairness grounded in opportunities, outcomes, processes, or perceptions–efforts to opera-

tionalize fairness risk becoming more complex than they already are. Moreover, a deeper

understanding of the trade-offs and consequences of prioritizing one approach over an-

other is crucial. By anchoring research within one or more of these frameworks, we can

better refine and strengthen our approaches to fairness operationalization.

Idealistic vs. Pragmatic Fairness

The distinction between idealistic fairness and pragmatic fairness stands out as a key take-

away in this dissertation, especially as highlighted in Study #5, and previously discussed

in Section 6.2.5. These two approaches–aspiring to ideal fairness versus implementing

practical (though imperfect) solutions–are not mutually exclusive but complementary.

Idealistic fairness pushes the boundaries of what is possible, challenging systems to strive

for fairness that is theoretically perfect, while pragmatic fairness recognizes the real-world

constraints and imperfections that shape the operationalization of fairness in complex set-

tings. This dual approach is crucial because fairness is inherently contextual, and there

is no one-size-fits-all solution that can address every concern from all stakeholders. Ideal

fairness offers the vision and aspiration necessary for long-term progress, while pragmatic

fairness ensures that systems can actually function in practice and address pressing in-

equalities in a way that is actionable. This dual focus is vital because it allows fairness to

be both aspirational and achievable, ensuring that systems are not only ethically designed

but also practically viable.
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Throughout this dissertation, several participants also emphasized that idealistic assump-

tions about fairness can sometimes hinder effective operationalization. For example, in

Study #2, one participant suggested that dating app recommendations would be fairer

if they promoted greater diversity, helping to address issues like sexual racism. However,

they pointed out that this idealistic vision assumes all users are kind, respectful, and

accepting—an assumption that does not align with reality. Implementing such a system

could inadvertently lead to harmful outcomes, such as hateful messages or interactions

when users are shown diverse profiles they consider unattractive, “not in their league,” or

misaligned with their prejudices toward certain identity demographics. A similar senti-

ment emerged in Study #5, where a participant noted that fairness operationalization for

dating apps must account for the inherent popularity of certain profiles—an unavoidable

reflection of the broader inequities in our society. These are both great examples of how

focusing on idealistic solutions when operationalizing fairness might lead to unintended

consequences, and that there is utility in recognizing the practical realities of unfairness

in society when designing fairness evaluations and interventions.

That said, I believe there is an opportunity to address societal unfairness through thought-

ful technology design—or at the very least, to avoid exacerbating it. Operating within an

inherently unfair system does not mean we must perpetuate its inequities. With careful

consideration of the context in which recommender systems operate, we can identify ways

to gradually mitigate some of this unfairness. For instance, as demonstrated in Study #3,

fairness can be promoted within a recommendation ecosystem through UI design, such as

by incorporating carousels that highlight items from underrepresented provider groups.

Similarly, in Study #1, some participants suggested embedding an organization’s fair-

ness goals directly into the website to raise user awareness of provider-side fairness issues

and to encourage actions that align with these goals. There are numerous strategies for

addressing fairness, discrimination, or harm on a platform that extend beyond datasets,

recommendation models, or re-ranking algorithms. These UI-focused approaches hold
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significant promise, and I encourage future research to explore fairness operationalization

through interface design.

In this dissertation, I argue that the ML fairness research community must strike a balance

between idealistic and pragmatic fairness to ensure that our efforts are both meaningful

and impactful. Operationalizing fairness within business constraints alone runs the risk

of stifling innovation and limiting the potential for broader societal change. If fairness re-

search focuses too heavily on pragmatic solutions, it may inadvertently reinforce existing

power structures and fail to address deeper systemic issues that require idealistic aspira-

tions and transformative goals. On the other hand, prioritizing idealistic fairness without

accounting for the real-world limitations of practitioners could result in a lack of tangible

progress. When fairness ideals are disconnected from practical implementation, there is a

risk of creating frameworks that are theoretically appealing but difficult to translate into

meaningful action.

While I am a strong advocate for idealistic philosophical exploration as a purely intellec-

tual pursuit—I believe it is essential to understand fairness at a deep, conceptual level—I

maintain that integrating both idealistic and pragmatic approaches is essential for the fu-

ture of fairness research in ML. This balance can encourage a dynamic dialogue between

theory and practice, where idealistic concepts can inform and inspire pragmatic solutions,

and vice versa.

In line with this approach, I also believe practitioners could benefit from speculative de-

sign practices (Dunne and Raby, 2024), which involve imagining alternative futures and

challenging conventional thinking. Speculative design, as an approach, encourages us to

envision possible futures in which fairness is realized in unexpected ways, pushing us to

think beyond the constraints of current technologies and societal norms. By integrating

speculative design into fairness evaluation design, practitioners can explore the bound-

aries of what is possible and consider how fairness might be realized even within industry
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constraints. This method encourages creative, transformative thinking that can inspire in-

novative solutions to fairness challenges, rather than being limited by existing paradigms.

Additionally, by working through speculative scenarios, practitioners can engage with

diverse stakeholder groups to anticipate the potential impacts of different fairness ap-

proaches, thereby strengthening the robustness of fairness evaluations and ensuring that

they are forward-thinking and adaptable to future technological and social shifts.

Together, the combination of idealistic fairness, pragmatic considerations, and speculative

design practices offers a promising path forward for the ML fairness community, one that

can generate both theoretical depth and practical impact.

The Limitations of Fairness

Finally, I want to highlight several limitations associated with focusing exclusively on

fairness as the primary lens for responsible AI. While fairness is undoubtedly a crucial

aspect of AI systems, it is only one of many beneficial properties that should be considered

when evaluating the broader ethical implications of these technologies. Other factors, such

as mitigating additional representational and allocative harms, improving transparency

and explainability, and addressing the negative societal impacts of AI systems, are equally

important. These concerns go beyond fairness, as they address the broader and more

complex landscape of responsible AI.

For example, transparency and explainability are essential to fostering user trust and

enabling accountability, but they do not always directly relate to fairness (Doshi-Velez

et al., 2017). I do note that in this dissertation work, there did appear to be an important

connection between transparency, explainability, and perceptions of fairness from users.

For instance, during Study #2, a participant from the dating app focus group expressed

that greater transparency about how the recommendation algorithm works would make
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the system feel more fair to them, even if the system itself was not theoretically fair

in practice. This sentiment was echoed by participants in Study #1, who indicated that

transparency regarding fairness goals was important to them, even if they were not directly

involved in defining those goals. These findings suggest that addressing other responsible

AI considerations, such as transparency and explainability, could enhance user perceptions

of fairness, even when improving fairness itself may not be the primary objective.

I also learned during this dissertation work that using the word“fairness”when conducting

resonsible AI work can be a limitation itself. This was showcased during Study #5, when

one participant pointed out that using the lens of “fairness” to evaluate a system for harm

could limit the scope of the evaluation in a negative way. This also arose during Study

#4, when several practitioners from Spotify noted that the word “fairness” was confusing

for them, and they thought it would be eaiser to just frame their evaluation based on

the exact criteria they were trying to capture. These perspectives highlight the need for

a more holistic view of responsible AI operationalization that extends beyond fairness.

Focusing solely on fairness may result in overlooking other critical harms, such as those

related to safety, privacy, and autonomy, which can be just as detrimental, if not more so,

in specific contexts (O’Neil, 2017).

The reductionist framing of fairness as a main ethical concern could also lead to the

reification of fairness metrics that fail to capture the lived experiences of individuals who

are most affected by AI systems. For example, during Study #2, I observed that several

focus group participants developed “fairness metrics” that reflected their lived experiences

of unfairness, yet these metrics did not align with traditional or theoretical conceptions

of fairness. This showcases the gap between how we perceive fairness or unfairness in our

everyday lives and theoretical definitions of fairness, suggesting that our efforts to quantify

fairness may not always capture the full complexity of these perceptions. Consequently, it

is crucial for the machine learning fairness research community to critically evaluate the
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benefits and limitations of framing certain ethical concerns through the lens of fairness.

Future work might consider how decoupling fairness evaluations from theoretical and

normative frameworks could provide a more nuanced and context-specific approach to

responsible AI. By shifting towards a broader framework that incorporates a wider range

of ethical concerns, researchers could develop more comprehensive evaluations that better

capture the real-world impacts of AI technologies. For instance, integrating concepts from

justice, ethics of care, and human-centered design could help guide the development of AI

systems that prioritize the well-being of all stakeholders involved. Embracing this shift

would allow us to move towards creating AI technologies that augment human capabilities

and foster social good, rather than exploiting vulnerable populations or reinforcing existing

power imbalances.

7.2 Where Do We Go From Here?

As fairness in machine learning continues to evolve, numerous open questions remain

about how to best operationalize fairness, incorporate stakeholder perspectives, and bal-

ance competing values in real-world systems. Below, I outline some of the most pressing

challenges in the form of questions, and propose potential pathways forward.

How can we reconcile differences between perceptions of fairness and theoretical notions

of fairness?

One key challenge that arose from this dissertation is how to bridge the gap between

subjective experiences of fairness and formalized fairness metrics. A promising avenue

for future work could be to translate end-user perceptions into quantitative measures.

For instance, the fairness metrics designed by providers in Study #2 could be refined in



189

collaboration with data scientists, statisticians, and other domain experts to transform

qualitative insights into actionable system-level fairness measures. These metrics could

then be tested empirically to assess their feasibility.

Alternatively, instead of focusing on individual-level perceptions of fairness, we could

design studies where users engage with existing fairness frameworks and provide struc-

tured feedback on their applicability. By shifting the conversation toward system-wide

fairness concerns, we may be able to incorporate user needs without being constrained

by the inherently subjective—and sometimes self-serving—nature of individual fairness

perceptions.

What would it look like to incorporate users’ fairness needs into ML design?

Something I have learned from this dissertation work is that addressing users’ fairness con-

cerns in recommender systems may not always require algorithmic interventions. Instead,

UI/UX and platform design changes could play a crucial role. For example, platforms

could introduce configurable fairness settings, allowing end-users to adjust how much

fairness is incorporated into their recommendations. Accompanying this with educational

resources would help users understand fairness goals and their impact on personalization.

For providers, greater transparency and explainability are crucial. Enhancing visibility

into how and why content is surfaced—or not—could empower providers to make informed

decisions about how they interact with the recommendation ecosystem. Some providers

may prioritize accurate exposure over sheer reach, so offering tools to understand au-

dience demographics could better align recommendation outcomes with provider needs.

Additionally, platforms could implement feedback mechanisms that allow end-users and

providers to report perceived unfairness. This could include mechanisms for user feedback

to understand: (1) when users feel they are being treated unfairly; (2) why they feel this
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way; and (3) what they believe they would need to correct this unfairness. This would

also be an opportunity to learn about the experiences and needs of users without having

to overcome the obstacles that often prevent user studies from happening in industry.

How can we disentangle user perceptions of fairness from user satisfaction? Should we?

Conflating fairness with user satisfaction risks allowing fairness concerns to be driven by

individual desires rather than broader ethical considerations. While fairness and satisfac-

tion may sometimes align, they serve distinct purposes. If fairness is to be conceptualized

as more than just user preference optimization, then we must develop strategies to disen-

tangle the two.

One potential approach is educational: for example, content providers competing in a

zero-sum recommendation environment could be made aware of the trade-offs involved. If

a provider believes they deserve higher ranking, they should also recognize that this would

mean demoting another provider. Encouraging such reflection may help separate fairness

from mere self-interest and guide fairness evaluations that consider broader stakeholder

impacts.

Should all technical ML practitioners be fairness experts?

Not all ML practitioners need to be fairness experts, but some must be—and we need a

more structured division of expertise. Ideally, fairness work should involve three types of

expertise: social science and humanities scholars who understand ethics, value tensions,

and qualitative aspects of fairness; technical experts who deeply understand ML models,

data pipelines, and algorithmic capabilities; and interdisciplinary practitioners who can

bridge these two groups, facilitating communication and ensuring fairness concerns are

technically and socially informed.
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In practice, many fairness experts emerge organically within organizations rather than

through formal training. However, structured pathways for developing fairness exper-

tise—through coursework, mentorship, and role specialization—could strengthen fairness

efforts in industry.

What should be done to support ML practitioners in applying fairness pragmatically?

One of the biggest challenges for fairness operationalization is the lack of structured guid-

ance to help ML practitioners navigate complex trade-offs in real-world systems. While

there has been significant academic work on fairness metrics and interventions, practi-

tioners often struggle to apply these insights due to misalignment with business priorities,

data constraints, and unclear organizational incentives.

A common approach to addressing this gap has been the development of open-source

fairness toolkits, but these resources have limitations. In practice, fairness toolkits often

provide guidance that is too abstract or high-level to be actionable because the creators

lack access to the proprietary data, system constraints, and business objectives that shape

real-world ML development. Without this contextual knowledge, toolkits risk offering

recommendations that are impractical or disconnected from the realities of deployment.

Future efforts could explore more context-aware, industry-specific guidance that acknowl-

edges these constraints and provides more tailored pathways for implementation.

Another promising direction is increasing transparency within industry about fairness

efforts. One participant from Study #5 shared with me that they have seen practitioners

in companies with strong internal support for fairness work consider publicly sharing

details about their initiatives. If organizations with robust fairness programs become

more open about their work—whether through publications, conference talks, or corporate

social responsibility reports—this could establish new industry norms. By making fairness
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work more visible, organizations that neglect fairness considerations may face reputational

risks, potentially creating a competitive incentive to engage with fairness proactively. If

fairness becomes an expectation rather than an optional luxury, companies that fail to

invest in it may be perceived as lagging behind.

Finally, a crucial but often overlooked factor is how fairness education is marketed to

industry leadership. Many companies deprioritize fairness work because it is seen as a

compliance issue rather than a business imperative; this mimics institutional barriers that

computing educators face when incorporating ethics into their classrooms because of ethics

being seen as unrelated to computing curricula (Smith et al., 2023d). However, fairness

interventions can improve brand image, prevent negative PR, and increase user trust, sat-

isfaction, and retention—all of which directly contribute to revenue. If fairness education

and workshops are framed as strategic assets that reduce regulatory risk, improve public

perception, and drive long-term user engagement, leadership may be more willing to invest

in practitioner education. Future efforts should explore how to effectively communicate

the business case for fairness, ensuring that practitioners receive the institutional support

needed to incorporate fairness into ML development in meaningful ways.

How might focusing on fairness in process, rather than just fairness in outcomes, im-

prove ML fairness work?

Many fairness concerns raised by the providers in Study #2 related not just to fairness of

outcomes but also to the fairness of the underlying decision-making process. Yet, because

users typically only see outcomes, when we ask users’ about the fairness of a system, they

often rely solely on subjective assessments of these outcomes.

Future research could explore how increasing transparency about system processes impacts

fairness perceptions. For example, instead of asking users to describe their perceptions of
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fairness with respect to the outcomes they experience on the platform, we could present

users with descriptions of fairness processes and ask them to share their perspectives on

whether they believe those processes to be fair or not. This could provide a way to assess

fairness at both the individual and system levels while also reducing reliance on subjective

outcome-based fairness assessments.

Another related question that has come up throughout this dissertation is whose needs

should be prioritized when operationalizing fairness? The answer to this question is not

clear nor simple; prior research has shown that practitioners, users, and the general public

have different perspectives about what they value with respect to responsible AI efforts

(Jakesch et al., 2022). Part of improving fairness in ML processes might also include being

more transparent and explicit about whose values and needs are prioritized and why.

How can we balance working within the system versus working to fundamentally change

that system?

At the 2023 FAccT conference, the“Theories of Change”CRAFT session (Wilkinson et al.,

2023) revealed deep divisions within the fairness research community regarding whether

responsible AI ought to be done through reform versus abolition. Many researchers in

this discipline advocate for dismantling biased systems entirely, while many others work

within existing institutions to mitigate harm.

Both perspectives are necessary. Activists and policymakers who push for systemic change

help our discipline ensure that larger ethical shifts occur, while practitioners who are

embedded in industry play a critical role in making immediate improvements. If only the

former exists, while we wait for larger shifts to occur, industry may cause more harm that

goes unchecked. If only the latter exists, incremental change may occur, but the system

as a whole may remain fundamentally flawed. I believe a balance must be struck. In
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order to effectively conduct fair ML work, we must foster collaboration between these two

ideologies in our research community rather than viewing them as mutually exclusive.

7.3 Summary

There is no doubt that incorporating fairness into machine learning systems is an impor-

tant consideration in the design of these technologies. The process of operationalizing the

value of fairness into a technical system requires translating theoretical, unobservable, and

contested concepts into empirically observable proxies. However, this translation process

is not straightforward, and if done poorly, runs the risk of causing more harm rather than

alleviating it.

In the domain of recommendation, operationalizing fairness is a relatively new endeavor

that lacks critical guidance for practitioners. This lack of guidance coupled with the

proliferation of available fairness metrics and the business-minded constraints of industry

has led to a complex decision-making space that can leave practitioners unsure where to

even begin conducting fairness work.

Through five qualitative research studies with users, practitioners, and ML fairness ex-

perts, I have explored and reported the challenges, needs, desires, considerations, and

implications of these perspectives on the design of ML fairness operationalization for

real-world recommender systems.

Through this work, I gained several key insights. First, I learned that end-users and

providers of recommendation systems want to be included in fairness design, and their

contributions can be invaluable to the process. Second, practitioners need clearer guidance

when scoping fairness evaluations, particularly when navigating multiple equally valid

approaches. Finally, a balance between idealistic aspirations and pragmatic constraints is
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essential for effective fairness operationalization. By embracing these lessons, I believe we

can create responsible AI systems that are better aligned with the diverse needs of their

stakeholders and the broader society they aim to serve.

7.4 Concluding Remarks

I was first introduced to machine learning fairness seven years ago through Hardt et al.

(2016)’s groundbreaking paper on measuring equality of opportunity in supervised learn-

ing1. This influential work sparked my initial exploration into fairness metrics, particularly

from a quantitative perspective. I was captivated by the idea that a philosophical concept

could be captured through quantitative evaluation. Seven years and one dissertation later,

my belief in the value of this approach remains steadfast.

However, I’ve come to realize that numbers alone are insufficient. While they enable large-

scale evaluations and allow for optimization of systems based on very specific criteria, they

fall short of capturing the complex, lived experiences and unique needs of real people and

their communities. This is where stories become invaluable. This dissertation is a tribute

to those stories: the diverse perspectives, experiences, and visions of the individuals deeply

involved in the operationalization of ML fairness.

I’ve designed, discussed, and collaborated with over one hundred research participants:

ML fairness experts, practitioners, and users of recommender systems—and they have

taught me what machine learning fairness is, and what it can be.

I have now reached the point where I bring this dissertation to a close. I truly hope this

1During this time, I also created a tutorial that provides an introduction to the basics of quantifying

ML fairness that is based on this paper by Hardt et al. (2016), it was intended to be used in introductory

data science courses, and is still available for use at github.com/jesmith14/fairness-ml-tutorial.

https://github.com/jesmith14/fairness-ml-tutorial
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work is useful to my research community, to practitioners, and ideally—to those who are

most impacted by technology.

I do not believe that we will ever be able to actually measure fairness, not in a holistic

way at least. However, I do believe that if we can foster mindful collaborations between

users, practitioners, and experts while balancing idealistic and practical approaches to

ML fairness, we can work towards measuring the immeasurable—or, at the very least; we

can do our best to keep trying.

Fin.
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(I drew this picture in 2019, during the first year of my PhD program.)
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Maurice Jakesch, Zana Buçinca, Saleema Amershi, and Alexandra Olteanu. 2022. How
different groups prioritize ethical values for responsible AI. In proceedings of the 2022
ACM conference on fairness, accountability, and transparency. 310–323.

Dietmar Jannach and Christine Bauer. 2020. Escaping the mcnamara fallacy: towards
more impactful recommender systems research. Ai Magazine 41, 4 (2020), 79–95.

Christina Jenq, Jessica Pan, and Walter Theseira. 2015. Beauty, weight, and skin color
in charitable giving. Journal of Economic Behavior & Organization 119 (Nov. 2015),
234–253. https://doi.org/10.1016/j.jebo.2015.06.004

Ray Jiang, Silvia Chiappa, Tor Lattimore, András György, and Pushmeet Kohli.
2019. Degenerate feedback loops in recommender systems. In Proceedings of the 2019
AAAI/ACM Conference on AI, Ethics, and Society. 383–390.

Faisal Kamiran and Toon Calders. 2009. Classifying without discriminating. In 2009 2nd
international conference on computer, control and communication. IEEE, 1–6.

Toshihiro Kamishima, Shotaro Akaho, and Jun Sakuma. 2011. Fairness-aware learning
through regularization approach. In 2011 IEEE 11th international conference on data
mining workshops. IEEE, 643–650.

Stamatis Karnouskos. 2021. The role of utilitarianism, self-safety, and technology in the
acceptance of self-driving cars. Cognition, Technology & Work 23, 4 (Nov. 2021), 659–
667. https://doi.org/10.1007/s10111-020-00649-6

https://plato.stanford.edu/archives/fall2007/entries/ethics-virtue/
https://plato.stanford.edu/archives/fall2007/entries/ethics-virtue/
https://doi.org/10.1016/j.jebo.2015.06.004
https://doi.org/10.1007/s10111-020-00649-6


208

Maria Kasinidou, Styliani Kleanthous, Pınar Barlas, and Jahna Otterbacher. 2021. I
agree with the decision, but they didn’t deserve this: Future developers’ perception of
fairness in algorithmic decisions. In Proceedings of the 2021 acm conference on fairness,
accountability, and transparency. 690–700.

Michael Kearns, Seth Neel, Aaron Roth, and Zhiwei Steven Wu. 2018. Preventing fairness
gerrymandering: Auditing and learning for subgroup fairness. arXiv:1711.05144 [cs.LG]

Michael Kearns, Seth Neel, Aaron Roth, and Zhiwei Steven Wu. 2019. An empirical
study of rich subgroup fairness for machine learning. In Proceedings of the Conference
on Fairness, Accountability, and Transparency (FAT* ’19). ACM Press, New York, NY,
USA, 100–109. https://doi.org/10.1145/3287560.3287592

Os Keyes, Jevan Hutson, and Meredith Durbin. 2019. A mulching proposal: Analysing
and improving an algorithmic system for turning the elderly into high-nutrient slurry.
In Extended Abstracts of the 2019 CHI Conference on Human Factors in Computing
Systems (CHI EA ’19). ACM Press, New York, NY, USA, Article alt06, 11 pages.
https://doi.org/10.1145/3290607.3310433

Sara Kingsley, Proteeti Sinha, Clara Wang, Motahhare Eslami, and Jason I Hong. 2022.
”Give Everybody [..] a Little Bit More Equity”: Content Creator Perspectives and Re-
sponses to the Algorithmic Demonetization of Content Associated with Disadvantaged
Groups. Proceedings of the ACM on Human-Computer Interaction 6, CSCW2 (2022),
1–37.

Jon Kleinberg, Sendhil Mullainathan, and Manish Raghavan. 2016. Inherent trade-offs in
the fair determination of risk scores. arXiv preprint arXiv:1609.05807 (2016).

Cory Knobel and Geoffrey C Bowker. 2011. Values in design. Commun. ACM 54, 7
(2011), 26–28.

Ramaravind Kommiya Mothilal, Shion Guha, and Syed Ishtiaque Ahmed. 2024. Towards
a non-ideal methodological framework for responsible ML. In Proceedings of the 2024
CHI Conference on Human Factors in Computing Systems. 1–17.

Joseph Konstan and Loren Terveen. 2021. Human-centered recommender systems: Ori-
gins, advances, challenges, and opportunities. AI Magazine 42, 3 (2021), 31–42.

Melvin Kranzberg. 1986. Technology and history:” Kranzberg’s laws”. Technology and
culture 27, 3 (1986), 544–560.

Caitlin Kuhlman, Walter Gerych, and Elke Rundensteiner. 2021. Measuring group ad-
vantage: A comparative study of fair ranking metrics. In Proceedings of the 2021
AAAI/ACM Conference on AI, Ethics, and Society. 674–682.

Caitlin Kuhlman, MaryAnn VanValkenburg, and Elke Rundensteiner. 2019. FARE: Diag-
nostics for Fair Ranking Using Pairwise Error Metrics. In The World Wide Web Con-
ference (San Francisco, CA, USA) (WWW ’19). Association for Computing Machinery,
New York, NY, USA, 2936–2942. https://doi.org/10.1145/3308558.3313443

https://doi.org/10.1145/3287560.3287592
https://doi.org/10.1145/3290607.3310433
https://doi.org/10.1145/3308558.3313443


209

Alexander Larry and Michael Moore. 2016. Deontological ethics. In The Stan-
ford Encyclopedia of Philosophy. Metaphysics Research Lab, Stanford University,
Stanford, CA, USA. https://plato.stanford.edu/archives/win2016/entries/

ethics-deontological/

Manzoor Laskar. 2013. Summary of social contract theory by Hobbes, Locke and
Rousseau. SSRN. https://doi.org/10.2139/ssrn.2410525

Po-Ming Law, Sana Malik, Fan Du, and Moumita Sinha. 2020. Designing Tools for Semi-
Automated Detection of Machine Learning Biases: An Interview Study. arXiv preprint
arXiv:2003.07680 (2020).

Tomo Lazovich, Luca Belli, Aaron Gonzales, Amanda Bower, Uthaipon Tantipongpipat,
Kristian Lum, Ferenc Huszar, and Rumman Chowdhury. 2022. Measuring disparate
outcomes of content recommendation algorithms with distributional inequality metrics.
arXiv preprint arXiv:2202.01615 (2022).

Min Kyung Lee. 2018. Understanding perception of algorithmic decisions: Fairness, trust,
and emotion in response to algorithmic management. Big Data & Society 5, 1 (2018),
2053951718756684.

Min Kyung Lee, Anuraag Jain, Hea Jin Cha, Shashank Ojha, and Daniel Kusbit. 2019a.
Procedural justice in algorithmic fairness: Leveraging transparency and outcome control
for fair algorithmic mediation. Proceedings of the ACM on Human-Computer Interac-
tion 3, CSCW (2019), 1–26.

Min Kyung Lee, Daniel Kusbit, Anson Kahng, Ji Tae Kim, Xinran Yuan, Allissa Chan,
Daniel See, Ritesh Noothigattu, Siheon Lee, Alexandros Psomas, et al. 2019b. WeBuil-
dAI: Participatory framework for algorithmic governance. Proceedings of the ACM on
Human-Computer Interaction 3, CSCW (2019), 1–35.

Michelle Seng Ah Lee, Luciano Floridi, and Jatinder Singh. 2020. From fairness metrics
to key ethics indicators (keis): a context-aware approach to algorithmic ethics in an
unequal society. Available at SSRN (2020).

Michelle Seng Ah Lee and Jat Singh. 2021. The landscape and gaps in open source fairness
toolkits. In Proceedings of the 2021 CHI conference on human factors in computing
systems. 1–13.

Jennifer C Lena, Omar Lizardo, Terence E McDonnell, Ann Mische, Iddo Tavory, Fred-
erick F VE Wherry, Christopher A Bail, and Margaret Frye. 2019. Measuring culture.
Columbia University Press.

Yung-Ming Li, Jyh-Hwa Liou, and Yi-Wen Li. 2020. A social recommendation approach
for reward-based crowdfunding campaigns. Information & Management 57, 7 (Nov.
2020), 103246. https://doi.org/10.1016/j.im.2019.103246

E Allan Lind and Tom R Tyler. 1988. The social psychology of procedural justice. Springer
Science & Business Media.

https://plato.stanford.edu/archives/win2016/entries/ethics-deontological/
https://plato.stanford.edu/archives/win2016/entries/ethics-deontological/
https://doi.org/10.2139/ssrn.2410525
https://doi.org/10.1016/j.im.2019.103246


210

Charles Lindblom. 2018. The science of “muddling through”. In Classic readings in urban
planning. Routledge, 31–40.

Weiwen Liu, Jun Guo, Nasim Sonboli, Robin Burke, and Shengyu Zhang. 2019. Per-
sonalized fairness-aware re-ranking for microlending. In Proceedings of the 13th ACM
conference on recommender systems. 467–471.

Michael Madaio, Lisa Egede, Hariharan Subramonyam, Jennifer Wortman Vaughan, and
HannaWallach. 2022. Assessing the Fairness of AI Systems: AI Practitioners’ Processes,
Challenges, and Needs for Support. Proceedings of the ACM on Human-Computer
Interaction 6, CSCW1 (2022), 1–26.

Michael Madaio, Shivani Kapania, Rida Qadri, Ding Wang, Andrew Zaldivar, Remi Den-
ton, and Lauren Wilcox. 2024. Learning about Responsible AI On-The-Job: Learning
Pathways, Orientations, and Aspirations. In The 2024 ACM Conference on Fairness,
Accountability, and Transparency. 1544–1558.

Michael A Madaio, Luke Stark, Jennifer Wortman Vaughan, and Hanna Wallach. 2020.
Co-designing checklists to understand organizational challenges and opportunities
around fairness in AI. In Proceedings of the 2020 CHI Conference on Human Factors
in Computing Systems. 1–14.

Ninareh Mehrabi, Fred Morstatter, Nripsuta Saxena, Kristina Lerman, and Aram Gal-
styan. 2021. A survey on bias and fairness in machine learning. ACM computing surveys
(CSUR) 54, 6 (2021), 1–35.

Rishabh Mehrotra, Ashton Anderson, Fernando Diaz, Amit Sharma, Hanna Wallach,
and Emine Yilmaz. 2017. Auditing search engines for differential satisfaction across
demographics. In Proceedings of the 26th international conference on World Wide Web
companion. 626–633.

Merriam-Webster. 2002. Merriam-webster. On-line at http://www. mw. com/home. htm
8, 2 (2002).

Jacob Metcalf, Emanuel Moss, et al. 2019. Owning ethics: Corporate logics, silicon valley,
and the institutionalization of ethics. Social Research: An International Quarterly 86,
2 (2019), 449–476.

Jacob Metcalf, Emanuel Moss, Elizabeth Anne Watkins, Ranjit Singh, and
Madeleine Clare Elish. 2021. Algorithmic impact assessments and accountability: The
co-construction of impacts. In Proceedings of the 2021 ACM conference on fairness,
accountability, and transparency. 735–746.

Thaddeus Metz. 2011. Ubuntu as a moral theory and human rights in South Africa.
African human rights law journal 11, 2 (2011), 532–559.

Smitha Milli, Luca Belli, and Moritz Hardt. 2021. From optimizing engagement to mea-
suring value. In Proceedings of the 2021 ACM Conference on Fairness, Accountability,
and Transparency. 714–722.



211

Emanuel Moss, Elizabeth Anne Watkins, Ranjit Singh, Madeleine Clare Elish, and Jacob
Metcalf. 2021. Assembling accountability: algorithmic impact assessment for the public
interest. Available at SSRN 3877437 (2021).

David Mullins. 2006. Competing institutional logics? Local accountability and scale and
efficiency in an expanding non-profit housing sector. Public Policy and Administration
21, 3 (Sept. 2006), 6–24. https://doi.org/10.1177/0952076706021003

Arvind Narayanan. 2018. Translation tutorial: 21 fairness definitions and their politics.
In Proc. conf. fairness accountability transp., new york, usa, Vol. 1170. 3.

Devesh Narayanan, Mahak Nagpal, Jack McGuire, Shane Schweitzer, and David De Cre-
mer. 2024. Fairness perceptions of artificial intelligence: A review and path forward.
International Journal of Human–Computer Interaction 40, 1 (2024), 4–23.

Cathy O’Neil. 2017. Weapons of math destruction: How big data increases inequality and
threatens democracy. Crown.

Aviv Ovadya. 2021. Towards Platform Democracy: Policymak-
ing Beyond Corporate CEOs and Partisan Pressure — belfer-
center.org. Available at: https://www.belfercenter.org/publication/

towards-platform-democracy-policymaking-beyond-corporate-ceos-and-\

partisan-pressure. [Accessed 22-12-2024].

Aviv Ovadya. 2023. Deliberative Polls, Citizen Assemblies, and an Online
Deliberation Platform — reimagine.aviv.me. https://reimagine.aviv.me/p/

deliberative-poll-vs-citizen-assembly-meta-pilot. [Accessed 22-12-2024].

Anne-Claire Pache and Filipe Santos. 2013. Embedded in hybrid contexts: How individ-
uals in organizations respond to competing institutional logics. In Institutional logics
in action, part B, Michael Lounsbury and Eva Boxenbaum (Eds.). Emerald Group
Publishing Limited, Bingley, UK, 3–35.

Yoon-Joo Park and Alexander Tuzhilin. 2008. The long tail of recommender systems
and how to leverage it. In Proceedings of the 2008 ACM Conference on Recommender
Systems (RecSys ’08). ACM Press, New York, NY, USA, 11–18. https://doi.org/

10.1145/1454008.1454012

Samir Passi and Solon Barocas. 2019. Problem formulation and fairness. In Proceedings
of the conference on fairness, accountability, and transparency. 39–48.

Samir Passi and Steven J Jackson. 2018. Trust in data science: Collaboration, translation,
and accountability in corporate data science projects. Proceedings of the ACM on
Human-Computer Interaction 2, CSCW (2018), 1–28.

Gourab K Patro, Lorenzo Porcaro, Laura Mitchell, Qiuyue Zhang, Meike Zehlike, and
Nikhil Garg. 2022. Fair ranking: a critical review, challenges, and future directions.
arXiv preprint arXiv:2201.12662 (2022).

https://doi.org/10.1177/0952076706021003
https://www.belfercenter.org/publication/towards-platform-democracy-policymaking-beyond-corporate-ceos-and- \ partisan-pressure
https://www.belfercenter.org/publication/towards-platform-democracy-policymaking-beyond-corporate-ceos-and- \ partisan-pressure
https://www.belfercenter.org/publication/towards-platform-democracy-policymaking-beyond-corporate-ceos-and- \ partisan-pressure
https://reimagine.aviv.me/p/deliberative-poll-vs-citizen-assembly-meta-pilot
https://reimagine.aviv.me/p/deliberative-poll-vs-citizen-assembly-meta-pilot
https://doi.org/10.1145/1454008.1454012
https://doi.org/10.1145/1454008.1454012


212

Dino Pedreshi, Salvatore Ruggieri, and Franco Turini. 2008. Discrimination-aware data
mining. In Proceedings of the 14th ACM SIGKDD international conference on Knowl-
edge discovery and data mining. 560–568.

Kevin M Quinn, Burt L Monroe, Michael Colaresi, Michael H Crespin, and Dragomir R
Radev. 2010. How to analyze political attention with minimal assumptions and costs.
American Journal of Political Science 54, 1 (2010), 209–228.

Amifa Raj and Michael D Ekstrand. 2022. Measuring Fairness in Ranked Results: An
Analytical and Empirical Comparison. In Proceedings of the 45th International ACM
SIGIR Conference on Research and Development in Information Retrieval. 726–736.

Inioluwa Deborah Raji, Emily M Bender, Amandalynne Paullada, Emily Denton, and
Alex Hanna. 2021. AI and the everything in the whole wide world benchmark. arXiv
preprint arXiv:2111.15366 (2021).

Bogdana Rakova, Jingying Yang, Henriette Cramer, and Rumman Chowdhury. 2021.
Where responsible AI meets reality: Practitioner perspectives on enablers for shifting
organizational practices. Proceedings of the ACM on Human-Computer Interaction 5,
CSCW1, Article 7 (April 2021), 23 pages. https://doi.org/10.1145/3449081

John Rawls. 1991. Justice as fairness: Political not metaphysical. Equality and Liberty:
Analyzing Rawls and Nozick (1991), 145–173.

John Rawls. 2001. Justice as fairness: A restatement. Harvard University Press.

John Rawls. 2020. A theory of justice: Revised edition. Harvard university press.

Trish Reay and C Robert Hinings. 2009. Managing the rivalry of competing institutional
logics. Organization Studies 30, 6 (June 2009), 629–652. https://doi.org/10.1177/

0170840609104

Manoel Horta Ribeiro, Raphael Ottoni, Robert West, Virǵılio AF Almeida, and Wagner
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Study #2

Included in this section of the Appendix:

• The collaboration document used with content creator participants during focus
groups in study #2.

• The focus group protocol for content creator participants from study #2.
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Welcome to our collaboration document! 
We will be referencing and filling out this document together 
throughout the duration of our focus group. 

Focus Group Agenda 
 

Time Activity 

10:00 - 10:10 Arrivals and Logistics 

10:10 - 10:20 Introductions 

10:20 - 10:45 Unfairness Activity 

10:45 - 10:50 5 Minute Break 

10:50 - 11:05 Fairness Goals and Definitions Activity 

11:05 - 11:25 Fairness Metrics Activity 

11:25 - 11:30 Closing Thoughts & Discussion 

 
 

First page of the focus group study collaboration document.
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Arrivals and Logistics 
10:00 - 10:10 

Thanks for being here! We’re excited to get started. 
 
While we wait for everyone to arrive at the focus groups session, please spend a few 
minutes filling out this survey. 
 

LINK TO FORM 
 
All of the questions in this survey are optional. We ask demographic questions so that 
we can report the demographics of our participants in the resulting research 
publication, to be transparent about the generalizability of our findings and to improve 
the scientific rigor of our study. 
 
Once you finish filling out the form, you can spend a few moments familiarizing 
yourself with this document to see what is coming up next! 
 

Helpful Definitions and Terms 
 

Fairness: impartial and just treatment of individuals or groups of people. 

Algorithm: a combination of rules and guidelines that a computer has to follow. 

Recommender System: an algorithmic system that curates large quantities of items 

(such as content/videos/images) and recommends them to an end-user (e.g.,  TikTok’s 

“For You” page). 

Ranking Systems: the final part of a recommender system, this chooses a ranking for 

the top recommended items (e.g., it selects the top 5 items to recommend to you next). 

Providers: people who provide items to be recommended (e.g., content creators). 

Consumers: people who consume recommended items (e.g., Instagram users). 

Metric: a quantitative estimate of something (e.g., a measurement of number of views 

or a measurement of video engagement). 

Exposure: how much your content is shown to viewers / end-users. 

 

 

Second page of the focus group study collaboration document.
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Introductions 
10:10 - 10:20 
 
Take a few minutes to brainstorm the following questions and prepare to introduce 
yourself to the group. You can share as little or as much of the following as you’d like: 
 

●​ Who are you? 
●​ Which recommender systems do you use regularly as a content creator? 

Which platforms do you regularly post on? 
●​ What kind of content do you create and share online? 
●​ Share a story of something you have created and shared online before. 
●​ What is your experience with the platforms that you post on? 
●​ Think about when you first started posting on this platform vs. now, do you see a 

difference in your process and how you evaluate your content exposure? 
●​ Do you generally understand how the recommendation algorithms work on 

these platforms?  
●​ Have you ever tried to “hack” the algorithm? 

 
 
Feel free to take notes here to reference as you introduce yourself: 
 

Name/Alias Note Taking Space 

Jess This is an example of where I’d put my brainstorming notes 

Aishwarya This is an example of where I’d put my brainstorming notes 

  

  

  

  

 
 
 
 
 
 

 

Third page of the focus group study collaboration document.
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Unfairness Activity 
10:20 - 10:45 

5 Minute Brainstorming Session. 
Brainstorm the following questions on your own and write down your thoughts in the 
provided space below. 
 
Keep in mind that content is exposed on platforms like TikTok/Instagram/YouTube 
through recommendation and ranking algorithms. These algorithms decide which 
content gets shown to prospective viewers. 
 

Questions (think of as many examples as you can): 
●​ Have you ever felt like algorithms on platforms such as Instagram, TikTok, 

YouTube or Twitch have treated you or other content creators unfairly? If so, 
how? 

●​ What about these experiences felt unfair? 
●​ Have you ever felt like algorithms on platforms such as Instagram, TikTok, 

YouTube or Twitch have treated you or other content creators fairly? If so, how? 
●​ What about these experiences felt fair? 

 
 

Take notes here: 
 

Name/Alias Note Taking Space 

Jess This is an example of where I’d put my brainstorming notes 

  

  

  

  

 

 

Fourth page of the focus group study collaboration document.
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Fairness Concerns List (Do Not Fill This in Yet) 
●​ Fairness Concern 1 
●​ Fairness Concern 2 

 

Chosen Fairness Concern: (Do Not Fill This in Yet) 

_________________________________________________________ 
●​ What makes this specific concern “unfair”? 
●​ What would it look like if “fairness” was accomplished in this scenario? 
●​ What actions would need to be taken to make this experience “fair”? (e.g., 

algorithmically, platform design, governance) 
●​ Are there any tradeoffs that might result from this action? Does making the 

platform “more fair” for some people make it “less fair” for others? Who? Why? 
 
 

 

Fifth page of the focus group study collaboration document.
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5 Minute Break 
10:45 - 10:50 
 
Take a quick break from the screen, grab 
some water or a snack, and come back 
ready to complete the final 2 activities! 
 
 

 

Sixth page of the focus group study collaboration document.
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Fairness Goals and Definitions Activity 
10:50 - 11:05 
 

Platform of Choice: (Do Not Fill This in Yet) 

5 Minute Brainstorming Session. 
Brainstorm the following questions on your own and write down your thoughts in the 
provided space below. Refer to the example below if you need guidance. 
 

Questions (think of as many examples as you can): 
●​ What might be some examples of “fairness goals” for this platform? 
●​ Write down your own definition of “fairness” as it relates to this platform and 

those goals. This should be one sentence long and very concise. 
 

Take notes here: 
 

Name/Alias Note Taking Space 

Jess (Example) ●​ Fairness Goals: 
○​ Do not perpetuate racism 
○​ Every content creator should have an equal 

opportunity to be shown to prospective viewers 
○​ Do not allow hate speech 

●​ Fairness Definition: Our platform seeks to ensure that 
everyone has an equal opportunity for their content to 
gain exposure, as long as it does not perpetuate hate 
speech, violence, or criminal activity. 

  

  

  

  

 
 

 

Seventh page of the focus group study collaboration document.
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Fairness Metrics Activity 
11:05 - 11:25 
 

Platform of Choice: (Do Not Fill This in Yet) 

10 Minute Brainstorming Session. 
Brainstorm the following questions on your own and write down your thoughts in the 
provided space below. Refer to the example below if you need guidance. 
 

Questions (think of as many examples as you can): 
●​ Come up with your own quantitative and/or qualitative fairness metrics for this 

platform to measure how “fair” or “unfair” the platform is. For each metric, 
answer the following questions: 

○​ What data needs to be collected to measure fairness in this way? 
○​ What user populations (demographics) might need to be compared 

against one another? Why? 
○​ How will you know if “fairness” has been achieved? 
○​ How will you know if the platform is still not “fair” enough? 

 

Take notes here: 
 

Name/Alias Note Taking Space 

Jess (Example) Metric #1: Racism Metric 
●​ Goal: Measure if the platform is exposing content from 

creators of all races at the same proportion. 
●​ Data: Would need to collect data on the race of each 

content creator, and data about which content is being 
exposed over others. 

●​ Populations: Would clump content creators into groups 
based on their race, and then would compare each groups’ 
item exposure. 

●​ Fairness Achieved: If no race is exposed more than 10% 
above other races, fairness is achieved. The algorithm 
should not make assumptions about someone’s race, this 
should be self-selected. 

Eighth page of the focus group study collaboration document.
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●​ Unfairness Remains: If any race is being exposed more 
than 10% above other races, the platform is still not fair 
enough. 

  

  

  

  

 

 

Ninth page of the focus group study collaboration document.
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Closing Thoughts & Discussion 
11:25 - 11:30 
 

Thanks so much for participating! 
 
Feel Free to leave your content creator handle below if you’d like 
to stay connected with others from this focus group session! 

●​ Instagram: @jessiejsmith 
●​  
●​  
●​  

 
 
 
If you have any questions about this research or want to know about the results 
of this study later on, you are always welcome to reach out to the research team: 
 

Jessie.Smith-1@colorado.edu 
 
 

Tenth page of the focus group study collaboration document.
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Content Creator Focus Group Protocol 

20 Minutes: Intro Activity 
 

●​ 10 minutes: Introduce the research project 
○​ Play background music…? 
○​ Ask everyone to fill out the form about their demographics, and their email that 

they’d like to receive their gift card from / type of gift card 
○​ Let everyone know the goal of the research study + what to expect: In this study, 

we are trying to understand your experiences with algorithmic systems that 
recommend and rank your content and choose when to expose it to an audience. 
We are going to discuss how these systems can be designed to treat you more 
fairly, and we will brainstorm ways to measure how fair the system is. 

○​ Go over the agenda/plan for the focus group 
○​ Ask for consent to start the recording 

●​ 10 minutes: Have everyone introduce themselves and their current relationship with 
recommender systems as a content creator. They should each answer the following 
questions: 

○​ Who are you? 
○​ Which recommender systems do you use regularly as a content creator? (e.g., 

which platforms do you post on?) 
○​ Share a story about something they have created and shared online 
○​ Other possible brainstorming ideas: 

■​ What is their experience with these platforms and their algorithms? 
■​ Do they generally understand how the algorithms work? Do they ever try 

to “hack” the algorithms? Etc.. 

 

25 Minutes: Unfairness Activity 
●​ (5 minutes) Have them do a solo brainstorm session where they try to answer the 

following questions in the shared document: 
○​ Have you ever felt like algorithms on platforms such as Instagram, Tiktok, 

Youtube, or Twitch have treated you or other content creators unfairly? If so, 
how? Have they treated you fairly? If so, how? 

○​ What about this experience felt unfair? 
○​ Tips:  

■​ Tell them to think of as many examples as they can (not just 1!) And that 
they can use others for their examples, it doesn’t have to be stuff that has 
personally happened to them 

First page of the focus group study protocol.
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■​ Tell them they can also think about news articles or scandals where 
unfairness happened and use those as examples if they can’t think of any 
personal examples. 

●​ (10 minutes) Group Discussion: Have them discuss the following things: 
○​ Have participants share the examples that they came up with while brainstorming 
○​ Based off your personal experiences, in what ways might these algorithms treat 

content creators unfairly? Fairly? 
○​ What are the general fairness concerns that providers on these platforms have? 
○​ Deliverable: Research team will write down a list of all the fairness 

concerns related to this recommendation domain on the shared document 
as people are sharing. Tips: if they are struggling to come up with ideas, 
encourage them to discuss the ways that this platform causes algorithmic harm, 
ways that it perpetuates stereotypes, ways that it allocates resources and 
opportunities unequally, etc. 

 
●​ (10 minutes) Group Activity: Collectively select 1 example from the fairness concerns 

list that was just created by the group. Have the group discuss the following: 
○​ What makes this specific concern “unfair”? 
○​ What would it look like if “fairness” was accomplished in this scenario? 
○​ What actions would need to be taken to make this experience “fair” 

(algorithmically, in terms of platform design, or just generally like governance)? 
○​ Are there any tradeoffs that might result from these actions (e.g., does making it 

“more fair” for some people make it “less fair” for others? Who? Why?) 
 

 

[5 MINUTE BREAK] 
 

15 Minutes: Fairness Goals and Definitions Activity 
●​ (5 minutes) Have everyone in the group collectively choose a single platform 

related to their domain (e.g., TikTok, YouTube, Instagram). Tell them do a solo 
brainstorm session where they try to explore the following questions: 

○​ What might be some examples of “fairness goals” for this platform? (For 
example: “Not perpetuating racism” could be a fairness goal) 

○​ Write your own definition of “fairness” as it relates to this platform and those 
goals. This should be one sentence long and very concise. 

●​ (10 minute) Group Discussion (NOT IN THE SHARED DOC): 
○​ Have everyone share their fairness definition, and any fairness goals they wrote, 

look at what others wrote in the document 
○​ How does everyone feel about their fairness definitions and goals? What conflicts 

or tensions or alignments arose? What challenges did you face? 

Second page of the focus group study protocol.



235

○​ How would you ideally want practitioners of [insert platform name] to 
determine fairness goals and definitions like the ones you just came up 
with? 

■​ Who should be involved in this process? 
■​ What methods should be used, and what questions should be 

asked? 
 

20 Minutes: Fairness Metrics Activity 
●​ (10 minutes) Have everyone do a solo brainstorming session where they try to 

answer the following questions (for the specific platform that was chosen in the 
last activity): 

○​ Come up with your own quantitative and/or qualitative “fairness metrics” for this 
platform to empirically measure how “fair” or “unfair” the platform is. This includes 
answering the following questions for each potential metric: 

■​ What data needs to be collected to measure fairness? 
■​ What user populations (user demographics that we have access to) need 

to be compared against one another? Why? 
■​ How will you know if “fairness” has been achieved? How will you know if 

the platform is still not “fair” enough? 
○​ Tip: tell them they can look at the example and also at what others are typing for 

inspiration while they are brainstorming! 
●​ (10 minute) Group Discussion. Have them discuss the following questions (NOT IN 

THE SHARED DOC): 
○​ Have a few people share their ideas for metrics and their experience creating 

them. 
○​ How does everyone feel about the fairness metrics that were presented here? 
○​ What conflicts or tensions or alignments or challenges arose? 
○​ How would you ideally want practitioners of [insert platform name] to 

determine fairness metrics like the ones you just came up with? 
■​ Who should be involved in this process? 
■​ What methods should be used, and what questions should be 

asked? 
 

Conclusion 
I will wrap up the focus groups with a quick 5 minute class discussion about some of the 
challenges that people faced, and their general experience / takeaways. 

●​ Explain that payment is going to happen soon, and you will reach out via email to let 
them know how. 

●​ Give them the option to share their handles and stay in touch with one another 
●​ Explain to them what the next steps of this research are and if they have any questions 

about the research or the results they are welcome to reach out at any time. 

Third page of the focus group study protocol.
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Study #4

Included in this section of the Appendix:

• The decision tree framework that resulted from Study #4 for both providers and
consumers.
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Decision Tree for Consumers from Study #4.
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Do you want to measure if similar
individual providers are being treated

similarly? 
OR 

Do you want to measure if different
group(s) of providers are being treated

similarly?

Example: We want to know if all individual content  
 creators who have content relevant for a given

user/query are being treated the same

INDIVIDUALS

What properties would you like to
measure?

Fairness Measurement: 
Are similar items

systematically under-
exposed or over-

exposed in our
recommendations?

Fairness Measurement: 
Are clicks, exposure,

ranking, etc.
proportional to item

relevance* for similar
items?

METRIC CATEGORY
Under-Over

Exposure

METRIC CATEGORY
Individual Rank vs.

Relevance

GROUPS

Example: We want to know if content
creators in group A are being treated

the same as content creators in group B 

Which group(s) are you interested in
measuring fairness for?

1 GROUP AT A TIME

Example: We want to know if
content creators' distribution in
recommendations matches their
distribution in the training data

COMPARING 2 OR MORE GROUPS AT
A TIME

Example: We want to compare impact
of the system for content creators

from several different groups

Are you more concerned about poor
representation of this group in the

overall recommended items distribution
and/or candidate generation model?

OR
Are you more concerned about this
group being ranked low in top-k lists
and/or candidate generation lists?

METRIC CATEGORY
One-Group

Representation

NOT MAKING IT TO
TOP OF LIST

Example: Is any group
low in rankings or

engagement for top-k
lists and/or candidate

generation lists?

What fairness properties would you
like to measure?

Fairness
Measurement: 

Are items from this
group ranked

according to their
utility* for

consumers?

METRIC CATEGORY
One-Group Rank

Utility

Fairness
Measurement: 
Does the top-k

ranking contain a
specific proportion
of items from this

group?

METRIC CATEGORY
One-Group Rank

Proportions

Are you more concerned about poor
representation of this group in the overall
recommended items distribution and/or

candidate generation model?
OR

Are you more concerned about this group being
ranked low in top-k lists and/or candidate

generation lists?

NOT SHOWING UP IN
LISTS

Example: Is there poor
representation in this
group's overall item

distribution and/or in the
candidate generation list?

Example: Is there poor
representation in any group's

overall item distribution and/or in
the candidate generation list?

NOT SHOWING UP IN LISTS

Fairness Measurement: 
Do these provider

groups have an equal
item exposure
distribution?

Fairness Measurement: 
Are probability
distributions,

preference ratings,
exposure, etc.

proportional to item
relevance* for these

provider groups?

METRIC CATEGORY
Multi-group Item

Exposure

METRIC CATEGORY
Multi-group Item

Relevance

NOT MAKING IT TO TOP
OF LIST

Fairness Measurement: 
Does the top-k ranking

contain a specific
proportion of items
from these provider

groups?

Fairness Measurement: 
Are clicks, exposure,

ranking, etc.
proportional to item
relevance* for these

provider groups?

METRIC CATEGORY
Multi-group Rank

Proportion

METRIC CATEGORY
Multi-group Rank vs.

Relevance

Example: Is any group low
in rankings or engagement

for top-k lists and/or
candidate generation lists?

Fairness
Measurement: 

Are any of these
provider groups

systematically under-
exposed or over-

exposed in our
recommendations?

METRIC CATEGORY
Under-Over

Exposure

What fairness properties would you
like to measure?

What fairness properties would you
like to measure?

Which population might be treated
unfairly in this scenario?

Users who create the recommended items.
Examples: Content creators, Musicians, Podcasters,

Movie producers

Users who consume recommended
items. Examples: Listeners, Job-seekers,

Video watchers, End-users PROVIDERS

START HERE
CONSUMERS

continued on previous page...

Decision Tree Framework (Providers)
Publication Note: This version of the Decision Tree
is not meant as a final product. It is a draft tool for
the research community to further explore metric
options available and their constraints.




Decision Tree for Providers from Study #4.
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Study #5

Included in this section of the Appendix:

• The protocol for interviews with ML fairness experts from Study #5.
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Interview Protocol for Study #5 

Preamble 
Will say this out loud at the beginning of every interview 
 
Welcome to the interview for uncovering best practices for fairness measurement in machine 
learning, using the case study of recommendation! During this interview, I will be asking you 
some questions about your experience with fairness in machine learning and recommendation 
systems, and we will discuss how you think fairness evaluations should be designed and 
conducted. 
 
Before we begin, I want to confirm that you have seen and read the consent form for this study, 
and that you consent to participate in this research?  
 
[If Yes] → Great! I am going to remind you that you have the option to not answer any questions 
that are asked during this study, and you are also allowed to leave the interview at any time.  
 
May I begin recording this conversation? 

Starter Questions (Part 1) 
Goal: Warmup the participant and get them in the headspace of their evaluation experience and 
how they wish it had been better in the past. 
 
Questions: 

●​ What types of machine learning technologies and domains are you familiar with when it 
comes to fairness work? 

●​ Do you have any hands-on experience with conducting fairness evaluations and/or 
operationalizing fairness? 

●​ What challenges have you encountered when operationalizing or evaluating fairness in a 
machine learning system? 

●​ What tools and resources have been helpful when scoping fairness goals, defining 
contextual fairness, or empirically measuring this definition (operationalizing fairness)? 

○​ What has been helpful about these tools? 
○​ What has not been helpful about these tools? 

●​ Can you tell me about a time when you thought a  fairness evaluation was done well? 
What aspects of this evaluation were done “well” in your opinion? 

○​ Potential follow-up / helper question: Tell me about a time when fairness 
evaluation was done poorly? How could this have been better? 

First page of the interview protocol from study #5.
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Experiences vs. Ideal vs. Challenges Questions (Part 2) 
Goal: Learn how fairness evaluations are currently designed, how experts think they should be 
designed, which obstacles are preventing that ideal method, and which guidance would help 
practitioners achieve those ideal methods. 
 
Script: We are now going to spend the bulk of this interview going through each individual step 
of setting up a fairness evaluation. I’ll begin by asking you about your experience with a given 
step of fairness measurement, and then I will ask you what you think would be the ideal best 
practices for that step. If we notice any differences between your experiences and your ideal 
best practices, we’ll discuss why those differences might exist, and what might alleviate any 
challenges that are standing in the way. 
 

Experience 
 
How have you or others on an evaluation team 
made concrete decisions about… 

Ideal 
 
What do you think are the best practices for ML 
recommendation practitioners to… 

How have you identified potential fairness 
concerns or harms of the system you are 
evaluating? 

How do you think practitioners should identify potential 
fairness concerns or harms of their systems? 

How have you chosen what your fairness goals 
are? 

How do you think practitioners should come up with 
fairness goals and considerations? 

How have you decided which user/stakeholder 
populations to focus on with respect to fairness 
concerns / goals? 

How do you think practitioners should select which 
user/stakeholder populations to focus their fairness 
goals on? 

●​ Potential follow up: In the event that different 
stakeholders might have competing fairness 
goals, how should practitioners select who to 
prioritize in practice? 

 

How have you elicited fairness concerns or 
needs from stakeholders? 
 
Follow up: If you haven’t done this, why haven’t 
you? 

How do you think practitioners should elicit fairness 
preferences from real users and stakeholders of the 
system? 

How have you determined what your fairness 
definitions are? (Note that fairness definition 
here could be something like “equal opportunity”, I 
am not speaking about the “mathematical fairness 
definition”) 

How do you think practitioners should define 
fairness/unfairness based on those goals and 
considerations? 

Second page of the interview protocol from study #5.
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How have you decided which fairness metric(s) 
to use or to create for your evaluation? 

How do you think practitioners should create or find 
metrics that capture their definitions of fairness? 

●​ Potential Followup: What information would be 
most useful for practitioners to easily adopt 
existing metrics into their current evaluation 
pipeline? What kind of guidance might be 
necessary? 

When you conduct fairness evaluations, do you 
typically start with a fairness goal/concern and 
then work towards a metric? Or start with a 
definition and works towards a metric? Or start 
with a metric and work backwards? What order 
are tasks done in? 

How do you think practitioners should map their 
specific fairness goals to associated metrics and 
objectives that must be met by the system? 
 

How have you determined what your fairness / 
unfairness thresholds are? (how do you 
determine when the results of an evaluation are 
fair enough or not fair enough?) 

How should practitioners decide when the system is 
“fair enough” or “not fair enough” for deployment (e.g., 
through selecting fairness thresholds)? 

●​ Potential Followup: Who should be making 
these decisions? Should they be monitored? 

How have you prioritized different/competing 
definitions of fairness? 

What do you think are the most ideal ways for 
practitioners to grapple with value tensions? What if 
they have multiple, competing fairness goals they want 
to achieve with their system? How should they prioritize 
these and how should this impact their evaluation? 

●​ Potential Followup: What about guidance for 
dealing with value tradeoffs? How can we help 
practitioners recognize the different values at 
play and make decisions about which ones to 
prioritize? 

Who would you say are typically involved in 
fairness evaluations you have been a part of? 
Who are all of the decision makers? Who 
conducts evaluations themselves? 

Who do you think should be involved in fairness 
evaluation? 

●​ Potential Follow ups:  
●​ How should this fairness evaluation team be 

formed or built and how should they 
collaborate? 

●​ Who should be the decision makers and who 
should be responsible for the evaluations 
themselves? 

●​ Why X role? What kinds of expertise would X 
role help with ideally? 

How have you assessed whether or not your 
fairness metric is actually measuring the thing 
they are trying to measure (construct validity)? 

How do you think practitioners should assess whether 
or not their fairness metric is actually measuring the 
thing they are trying to measure? 
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Which parts of this evaluation process are usually 
documented in your experience? 

Which parts of this evaluation process should be 
documented? 

 
Language for Challenges / Barriers / Needs 
[If there is a difference between their experience and their ideal best practice for a given step 
during the questioning above, ask this for each step!] 
Did you notice any differences between your experiences and your description of ideal / 
best practices for fairness measurement? 

●​ If so, what obstacles might have prevented you or others from utilizing best practices in 
your fairness evaluations? Technical constraints? Organizational constraints? 

●​ What would you need in order to do these ideal / best practices? 
●​ What kinds of guidance would be most helpful for you and/or other practitioners to 

conduct robust fairness evaluations for recommender systems? 
○​ What kind of tooling is necessary to provide low-level, context-specific guidance 

and high-level, generalizable and scalable guidance? 
○​ What kinds of resources that aren’t tools would be helpful for this? (e.g., 

worksheets, papers, checklists, mentorship…) 
○​ How can guidance be given that works for different datasets, systems, and 

contexts? 

Concluding Questions (Part 3): 
Goal: If there is time, allow the participant to give any lingering comments / ideas that were not 
yet discussed. 
 
Questions: 

●​ Do you think there were any aspects of fairness evaluation that we did not discuss that 
are important to include? 

●​ Any other thoughts or comments you’d like to add that are lingering from our 
conversation? 

●​ Do you know anyone else who has expertise in recommendation fairness or ML fairness 
generally who might be a good fit for this study? 

○​ If so, would you mind sending them the recruitment information and letting them 
know they can reach out to me if they are interested in participating? 
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