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ABSTRACT

Measuring and assessing the impact and “fairness” of recommenda-
tion algorithms is central to responsible recommendation efforts.
However, the complexity of fairness definitions and the prolifera-
tion of fairness metrics in research literature have led to a complex
decision-making space. This environment makes it challenging for
practitioners to operationalize and pick metrics that work within
their unique context. This suggests that practitioners require more
decision-making support, but it is not clear what type of support
would be beneficial. We conducted a literature review of 24 pa-
pers to gather metrics introduced by the research community for
measuring fairness in recommendation and ranking systems. We
organized these metrics into a ‘decision-tree style’ support frame-
work designed to help practitioners scope fairness objectives and
identify fairness metrics relevant to their recommendation domain
and application context. To explore the feasibility of this approach,
we conducted 15 semi-structured interviews using this framework
to assess which challenges practitioners may face when scoping
fairness objectives and metrics for their system, and which further
support may be needed beyond such tools.
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1 INTRODUCTION

Recommendation and ranking systems have become extremely
prolific on the web. These often personalized systems leverage algo-
rithms to recommend content, items, or information that matches
users’ perceived preferences. However, previous work has high-
lighted how personalized systems might also lead to unintentional
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harm, such as degenerate feedback loops [23, 43], sexist stereotyp-
ing [21], or racial bias [1]. This realization has resulted in calls to
action for industry to audit, understand, and mitigate the potential
algorithmic impact of their recommendation systems. However, it is
not always clear for practitioners exactly how to do this, nor easy to
keep track of all related literature. One aspect of algorithmic impact
measurement is the proliferation of so-called ‘fairness’ metrics to
choose from. This paper introduces a decision framework aimed at
helping practitioners scope and identify such metrics for their given
context. We define the process of scoping fairness contexts and con-
straints, identifying proxies to measure fairness, and implementing
those measurements in practice as operationalizing,.

Scoping fairness in recommendations from a theoretical quali-
tative construct to a quantitative measurement is not an easy task
[22, 36]. Many fairness definitions have been introduced and
explored by the recommender system research community (e.g.,
[15, 18, 25, 28, 41]). Fairness definitions (or objectives, goals) consist
of different restrictions, assumptions, and requirements that must
be met in order for a machine learning (ML) 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 con-
text of the system and its users, the goals of stakeholders around
models, 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 [33, 34]. For example, a web-based
system recommending 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.

Jobin et al. [24] described the proliferation of Al ethics guide-
lines and found more than 80 documents containing principles or
guidelines, pointing to the need for more practical guidance beyond
principles. As the field has moved to operationalize principles into
practice, a multitude of complex, contextual fairness metrics have
been introduced. The wide variety of available metrics, coupled
with the lack of accepted standards or shared practice knowledge
[16, 44], leads to a challenging environment for practitioners to nav-
igate. These challenges can also lead to a widening gap between the
research community and practitioners concerning the availability
of metrics versus the ability to put them into practice.

We specifically focus on the challenges that practitioners en-
counter when scoping qualitative fairness objectives and identify-
ing metrics for evaluating their real-world recommender systems,
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before implementation begins. We describe how challenges during
these two steps might prevent practitioners from operationaliza-
tion and propose future work to address these barriers. During this
study, we focused on both recommendation and ranking algorithms;
we use these words interchangeably throughout this paper.

We conducted a literature review of 24 papers on recommen-
dation fairness to design a preliminary framework for scoping
qualitative and quantitative fairness objectives with related fair-
ness metrics. This framework consists of a decision tree to help
practitioners scope a potential harm in fairness terms and identify
related quantitative metrics. We then conducted semi-structured
interviews with 15 ML or ML-adjacent practitioners working in a
recommendation setting. We presented interview participants with
our scoping framework and facilitated feedback while observing
their use of the framework in the context of their recommendation
systems. Leveraging our framework allowed us to observe how
participants interacted with ideas, definitions, and methods com-
monly researched within this space. For the purpose of this paper,
we present the framework as a case study to help us understand
what on-the-ground challenges practitioners face when scoping
fairness-related harms and identifying fairness metrics in practice
and what support or guidance is most helpful for various decision-
making roles within a large tech organization. Specifically, in this
work, we explore the following research question:

What guidance do ML recommendation practi-
tioners need when scoping fairness objectives
and identifying related fairness metrics?

Our main contributions in this work are threefold: (1) a litera-
ture review of recommendation and ranking fairness metrics; (2)
a preliminary framework organizing said literature to help practi-
tioners scope fairness objectives and identify fairness metrics; and
(3) results from semi-structured interviews with practitioners.

Similar to previous observations on fairness in recommenda-
tion systems in practice [3], we found that there are no standard
decision-making processes for practitioner teams to approach oper-
ationalizing fairness metrics in recommendation systems. We also
learned that practitioners need more guidance when defining fair-
ness objectives and scoping those objectives into their associated
metrics. We discuss how to address these findings based on the
current state of research on fairness in recommendation systems
and suggestions from participants in our study.

2 BACKGROUND

In this work, we define qualitative fairness objectives as fair-
ness goal statements, such as those surfacing from an algorithmic
impact assessment of a machine learning system [34]. In contrast,
quantitative fairness objectives reflect quantitative definitions
of fairness found in the literature, which often are accompanied by
objective-specific fairness metrics (such as demographic parity or
top-k fairness) [53]. We note that “fairness” objectives and metrics
are often more closely related to minimizing “impacts” or “harms”
caused by a system, yet the term “fair” has been widely adopted
in the literature; fairness metrics may not necessarily capture all
algorithmic impact questions (e.g., fairness metrics may not address
recommendations’ potential direct and indirect cultural impact).
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Thus, a starting point for measuring fairness in a machine learn-
ing system is to declare what type of unfair impact or harm to
measure. Crawford [14] 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 ex-
posure of items, while harms of representation might refer to a
system’s unfair representation of reality for a given information
space [18]. Harm, impact, and unfair treatment are all related in
machine learning systems and, in some cases, can be empirically
observed through direct or proxy fairness metrics.

After determining a potential harm to target, practitioners will
need to “scope” an appropriate fairness proxy for their context.
This is a crucial step due to fairness being a subjective and non-
observable construct [22, 49]. This paper investigates whether and
how a framework for mapping qualitative fairness objectives to
quantitative measurements can help practitioners determine what
types of fairness metrics are most relevant in a given context.

2.1 Fairness Metric Constraints

The ML research community has steadily introduced and explored
new fairness definitions, and their associated metrics for responsible
Al efforts [2, 38]. 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 [15, 18,
25, 41]. This has resulted in the creation of a specific area of research
focusing on fairness within a recommendation or ranking context.
Here we outline some of the unique challenges for recommendation
systems in the form of “constraints” (or restrictions) that must be
chosen in order to appropriately align a fairness metric with a
specific fairness context.

2.1.1 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 [9]. The two most common stakeholder groups
are providers (those who provide or create content to be recom-
mended) and consumers (those who interact with or consume the
recommendations) [9]. Consumer-side or provider-side fairness can
sometimes conflict with one another [9].

2.1.2  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 [17]. Recent work has
highlighted that group and individual fairness both stem from sim-
ilar principles, but differ when measuring them in practice [6].
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. In
recommendation and ranking, different metrics can measure group
versus individual fairness within each stakeholder category; some
individual metrics can also be adapted to measure different kinds
of individual or group fairness [18].
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2.1.3 The System Component Constraint. Recommendation sys-
tems 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, while also understanding
how biases may change across the system [32, 50, 51, 56]. 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 results and po-
tential processing necessary [8]. This constraint compounds the
complexity of choosing fairness metrics for practitioners.

2.1.4 The Fairness Objective Constraint. Previous work has at-
tempted to categorize fairness metrics based on the fairness proxies
being measured. Verma et al. [53] classified RecSys fairness met-
rics as accuracy based, error based, and causal based. This paper
classified the majority of said metrics as accuracy based, where the
metrics “either state the condition for user satisfaction or provide a
measure of deviation from the ideal ranking.” Verma et al. [53] de-
scribes pairwise fairness metrics, introduced by Kuhlman et al. [26],
as error based metrics due to their measurement of false negatives
and false positives against assumed ground-truth rankings. Causal
based metrics require that item ranking is not related to group
membership. More recently, Ekstrand et al. [18] published an in-
depth review of fairness in recommendation systems, introducing
more nuanced ways to classify metrics beyond the three categories
originally suggested by Verma et al. [53]. Notably, Ekstrand et al.
[18] categorized pairwise fairness metrics with accuracy metrics,
alleviating the potential 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.

2.2 Challenges in Industry

Beyond the practical challenges practitioners face when selecting
appropriate fairness constraints, barriers exist that can make it chal-
lenging for practitioners to operationalize algorithmic responsibil-
ity in industry web technologies. Rakova et al. [42] previously noted
that apart from practical challenges in implementation, “[responsi-
ble] Al initiatives also require operationalization within — or around —
existing corporate structures and organizational change.” Integrating
fairness work into existing corporate or business structures can
sometimes be a difficult task, especially considering trade-offs that
may occur [9]. Perceived alignment with existing business goals and
resolving perceived tensions is vital [42]. Tensions also appear in
advice within the literature. For example, Holstein et al. [20] discuss
the gap between academic research and practical implementation.
Specifically, this research highlighted that domain-specific, scalable
standards would be greatly beneficial, as also discussed by [19, 29].
However, some research has objected to scaling, standardizing, or
automating ML fairness in practice, due to the context-dependent
nature of fairness work [30, 54].
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Researchers and practitioners have turned towards tooling to
combat some of these challenges. Tooling in the context of this
work includes open-source libraries that provide code to imple-
ment fairness metrics, as well as protocols, questionnaires, and
worksheets to help educate and support decision-making in an
algorithmic responsibility setting [4, 7, 12, 34, 37, 44, 55]. However,
despite all of these available tools, practitioners still report a dis-
connect between these tooling efforts and what they actually need
in practice [27, 31, 33, 44, 52].

One major critique of ML fairness tools is that they do not pro-
vide the necessary guidance for practitioners to begin exploring
their fairness goals [31]. Open-source libraries that provide met-
rics for practitioners are of little use if they do not know how to
define the impact they want to measure, or scope their measure-
ment context. Additionally, most ML practitioners are not trained
in disciplines like ethics or philosophy [47], 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. [46] 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 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 consid-
erations are vastly different from a binary classification setting,
especially since outcomes are not necessarily binary nor measur-
ably favorable. There is rarely a “ground-truth” to compare the final
recommendation lists against beyond assuming user engagement
as a positive prediction [5]. To combat some of these challenges, we
aimed to iteratively create an easier-to-understand, recommender-
specific fairness scoping framework. We explore how practitioners
interacted with this framework and how their feedback informed
its design in Section 4, and opportunities for improvement.

3 METHODS

To capture the complex challenges practitioners face when scoping
and identifying fairness metrics, we 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 helps practitioners decide between various fairness
constraints to scope which quantitative fairness context and metric
category is most appropriate for their goals.

These artifacts enabled us to guide practitioner interviews and
categorize challenges they were encountering, and which part of the
framework caused confusion or spurred feedback. We created 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 [7,
46]. To the best of our knowledge, we were unable to find versions
of these types of tools for recommendation or ranking systems.
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We observed challenges that practitioners may encounter by
conducting guided interviews where practitioners mapped a poten-
tial fairness-related harm to avoid, to a group of potential metrics
for their specific context. An overview of our interview process and
how it incorporated the use of these artifacts is shown in Figure 1.

Pre-Interview

oF -

Decision Tree

During Interview

@

>>

Discussion

Scoping Worksheet Spreadsheet

Figure 1: Interview process and artifacts used.

To glean more nuanced observations from interviews, we iter-
ated 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., [34]); upon iterations, we
addressed practical challenges that participants had explicitly men-
tioned or that we had implicitly observed. Our framework iterations
allowed us to observe less obvious nuances in how practitioners
operationalize fairness in later interviews in the study.

3.1 Designing the Original Prototype

Before conducting interviews, we created a low-fidelity prototype
of our tools. The purpose of these prototypes was to help us un-
cover the practical challenges that practitioners might face when
confronting fairness evaluation for the first time in a real recom-
mendation setting.

To create these prototypes, we conducted a literature review
to inform the creation of our decision tree prototype, particularly
its high-level metric category leaf nodes. Our literature review
formed the foundation for designing a process needed to scope a
quantitative fairness context and identify a fairness metric category
for said context. We created our original corpus by searching on the
Google Scholar repository using the keywords “fairness,” “ranking,”
“recommendation,” “recsys,” “fair,” and “metric.” We also added to our
paper repository through snowball sampling; when we encountered
a citation in one paper that referenced fairness metrics or definitions
introduced in another paper, we added it to our repository. This
process generated a corpus of 42 papers. We filtered this initial
corpus to only include papers that introduced a new fairness metric.
This removed papers that introduced re-ranking algorithms, or used
previously defined fairness metrics. We also excluded papers that
made assumptions that did not apply within practical large-scale
recommendation 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
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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 we leveraged
for the creation of our prototype can be found in the "Literature
Review" section after the References section.

3.1.1  Scoping harms for Interviews. Before interviewing partici-
pants, we 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. We
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 also asked to an-
swer questions about their current role, their connection with the
system they had chosen, and their comfort and knowledge of fair-
ness metrics. Note that these interviews were purposely framed to
focus on fairness-related algorithmic harms rather than positive
impacts, to gain better insight into how to support practitioners
that are asked to evaluate commercial systems to mitigate potential
negative outcomes.

3.1.2  Prototyping the Decision Tree. Our original designs of the de-
cision tree attempted to confront some of the challenges that previ-
ous research had uncovered regarding scoping quantitative fairness
definitions. For the decision tree, we wanted to help practitioners
scope their pre-defined qualitative harm formulated from the ques-
tionnaire into a quantitative harm with respect to common fairness
terminology. To do this, we 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 dis-
tributional fairness. These branches were designed as a way to
organize the content we found during our literature review, where
each branch corresponds with a related fairness constraint that we
encountered in the literature. This decision tree also accounts for
the fairness constraints we described in Section 2.

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 litera-
ture 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 constraints found
in our literature review. We do not designate a system component
constraint branch for scoping consumer or individual provider fair-
ness definitions due to the lack of literature for those specific paths.
The leaf nodes represent specific fairness objectives 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
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fairness objectives: (1) does the top-k ranking contain 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 prac-
titioner 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.
Table 2 provides an overview of these fairness categories and their
associated constraints, objectives, and metrics. The final design of
the decision tree included in this paper is the result of five iterations
during our interviews, and iteration while drafting this final paper
to facilitate follow up research into wider use beyond the study’s
specific organization setting. Note that this 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.

3.2 Interviews

We conducted a total of 15 semi-structured interviews with machine
learning (ML) or ML-adjacent practitioners working in content
recommendation in one organization. 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 refer-
enced in this paper can be found in Table 1.

All interviews were conducted online via Google Meet, and par-
ticipants were not additionally compensated for their voluntary
participation. Rutakumwa et al. [45] showcased that opting to not
record interviews while maintaining robust written documentation
can preserve participant privacy while ensure results do not change.
As such, our interviews 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. The research team conducted in-
ductive, thematic analysis [11] on interview notes, and categorized
participant responses and observations into themes and sub-themes,
which we detail in the following section.

4 RESULTS & DISCUSSION

In this section, we describe the challenges explicitly mentioned or
implicitly observed while practitioners attempted to scope fairness-
related conceptualizations for their selected recommender system.
We compare these challenges to those identified in previous re-
search and explore the implications of our results.

4.1 Scoping Qualitative Harms

Research literature popularly defines impact in terms of “fairness”,
but we found that this wording may not adequately reflect the
various impacts practitioners need to evaluate in an industry set-
ting. 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 deci-
sion tree. We found that some had encountered challenges when
deciphering the ambiguity of the term “fairness” while scoping
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their fairness problem. Interview participants expressed having
difficulty knowing how to define “fairly” in a quantifiable way. P14
described “fairly” as “legalese,” , noting that we would need a con-
crete definition of fairness, such as “in proportion to the opportunity
available to [providers],” in 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 can include a conceptualization of, for
example, concrete algorithmic impacts rather than ‘algorithmic
fairness’. This suggests that it could be helpful for practitioners
to relate the choice of impact conceptualization, as well as met-
rics, to specific company and stakeholder goals or values, which
has also been discussed in previous work [13, 33]. This also points
to the need for dedicated business support, which is often more
feasable in larger corporate settings, leaving smaller organizations
at a disadvantage due to less access to resources [3].

4.2 Navigating the Decision Tree

Here we share the challenges participants faced when navigating
between decision-making nodes and branches in the decision tree.

4.2.1 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 cre-
ators, consumers could be end-users), some of the practitioners
remained unsure of which stakeholder they should prioritize for
measuring fairness. Another example of this difficulty in choosing
between stakeholders arose during P5’s interview, who indicated
a potential challenge determining if a system’s recommendations
reinforced country stereotypes. During this interview, P5 assumed
that a consumer fairness metric would be most appropriate, since
stereotypes might immediately impact those who consume the rec-
ommended 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 [33] that highlighted difficulties practi-
tioners experience when deciding which stakeholder population
to prioritize for fairness interventions in a multi-stakeholder envi-
ronment. This suggests that practitioners may need more guidance
when selecting which stakeholders to prioritize when conducting
fairness interventions, particularly in scenarios where design trade-
offs may be necessary [9].

4.2.2 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 individual 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
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Table 1: Participants from the interview study and their roles. The “Participant ID” column corresponds to the alias that we use

to identify each participant throughout the paper.

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

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. We
categorized 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 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 an-
other 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 expe-
rience 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.

4.2.3 System Component Branch. The challenge of discerning nu-
ances in fairness measurement terminology persisted when prac-
titioners 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
exposure in the top-k ranking of a specific recommendation list). At
this point, the framework asks practitioners if they are more con-
cerned 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 distri-
bution 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. P4, P10, and P14 shared that this decision was difficult as
they felt they did not have the specialized knowledge they needed
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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.

4.2.4 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 practi-
tioners 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 de-
scribed this phenomenon, where standard or well-known fairness
definitions are adopted and assumed to be applicable across con-
texts [48]. 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 flex-
ibility in choosing from multiple possibilities.

4.3 Challenges Beyond the Framework

Throughout our interviews, we 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 encoun-
tering these challenges, we asked participants to describe who they
would ask for decision-making guidance. We found that participants
were uncomfortable making fairness-related decisions on their own,
especially when they faced challenges deciding on constraints.
Some of our participants expressed a desire to involve a diverse
group of roles in these types of conversations, such as domain ex-
perts, 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
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Table 2: Fairness metrics with their associated categories and constraints as depicted in the decision tree. Some fairness metrics
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were assigned names if they were not explicitly named in the associated paper.

Stakeholder | Fairness Fairness Constraints & Objectives Metric(s) and References
Category
Individual Recommendations should match consumers’ | Calibrated Fairness [18]
Callibration previous interests.
Utility System should distribute utility for consumers | Generalized Cross Entropy [6]
Consumer . e . .
vs. Merit (individual or groups) based on their merit or
need.
Group Utility | System should distribute utility equally be- | Non-Demographic Fairness [10], Average Accu-
tween groups of consumers. racy [8], Differential Satisfaction [15], Pairwise
Accuracy [3], epsilon Fairness [12]
Group Error System should have similar error rates between | Value Unfairness [21], Absolute Unfairness
groups of consumers. [21], Underestimation Unfairness [21], Non-
Demographic Fairness [10]
Group Recommended items for consumers should not | Non-Parity Unfairness [21], Discriminatory
Identity be related to group identity. Skew [1], Pairwise Accuracy [3], Counterfac-
tual Fairness [13]
One-Group Provider group representation in recommen- | Minimax KL Divergence [5], Average Provider
Representation | dations should match a pre-defined baseline | Coverage Rate [14]
distribution
One-Group Groups of items should be ranked according to | Equal Expected Exposure [7], Inter-group Pair-
Provider Rank Utility their utility for consumers. wise Accuracy [3]
One-Group Top-k ranking should contain a specific propor- | Skew at K [9], Top-K Fairness [2], Normalized
Rank tion of items from a specific provider group. | Discounted Difference [20], Viable-Lambda Test
Proportions [16]

Multi-group
Item
Exposure

Provider groups should have an equal item ex-
posure distribution.

Minimax KL Divergence [5]

Multi-group
Item
Relevance

Provider groups’ probability distributions, pref-
erence ratings, exposure, etc. should be propor-
tional to their items’ relevance.

Kolmogorov-Smirnov Statistic [24], Absolute
Difference in Mean Ratings [24]

Multi-group
Rank
Proportion

Top-k ranking should contain a specific pro-
portion of items from provider groups.

Normalized Discounted KL-Divergence [20],
Normalized Discounted Ratio [20], Viable-
Lambda Test [16], Ranked Group Fairness [22],
Rank Parity [11]

Multi-group

Provider groups item rankings should be

Disparate Impact Ratio [17], Demographic Par-

Rank vs. equally proportional to their items’ relevance. | ity Constraint [17] , Disparate Treatment Ratio
Relevance [17], Listwise Fairness [22] , Inter-group Pair-
wise Fairness [3]
Under-Over Provider groups and/or items should not be | Gini Index [19]
Exposure systematically under-exposed or over-exposed
in recommendations.
Individual Item clicks, exposure, ranking, etc. should | Equal Expected Exposure [7], Disparate Treat-

Rank vs. Rele-
vance

be proportional to item relevance for similar
items.

ment Ratio [17], Disparate Impact Ratio [17],
Demographic Parity Constraint [17], Listwise
Fairness [23], Equitable Individual Amortized
Attention [4]

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
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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.
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4.3.1 Decision-Making and Implementation Gap. During our inter-
views, 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 col-
leagues could be helpful in practice. For example, P9 described 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 imple-
menting 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 de-
tail would be necessary to implement than what would likely be
provided. This points to the gap between conceptualization ver-
sus 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 process as, “a lot of different decisions
made by different people, together and separately” (P7). This descrip-
tion of fairness work as a collaborative, interdisciplinary process
has also been explored in [39, 40], 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 people like ML engineers
could be responsible for the more low-level implementation deci-
sions (e.g., the system component constraint). Previous work has
also highlighted that practitioners are uncertain about who should
be doing ethics work, and where the responsibility for doing ethics
work should fall within an organization [35]. Organizations might
benefit from providing central guidance, including clarity on roles
and responsibilities, while future academic work or case studies
could explore the consequences of organizational choices.

5 LIMITATIONS

Although the results of this work have broader implications for the
WWW community, our research has limitations that could impact
its generalizability. First, our interview study was conducted on 15
participants at one organization for development of domain-specific
decision-making support. Though previous work has shown that
small sample sizes can yield useful results for formative HCI re-
search [10], our results still reflect the perspectives of those partici-
pants and might not generalize to other practitioners. Additionally,
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while we tried to recruit a diverse group of roles, the majority
of our participants were machine learning engineers or data sci-
entists. Future work could explore additional perspectives from
product decision-makers or project and product managers. Finally,
our decision-making framework was iteratively designed in a spe-
cific context, and might not take into account constraints in other
domains.

Since we designed our framework to act as an exploratory case-
study, no empirical evaluation has been conducted on the final
iteration, and there could be metrics or constraints missing from
the decision-tree. We purposely focused on metrics that authors
conceptually positioned as ‘fairness’-related. Expansions includ-
ing other framings, such as ‘disparate algorithmic impact, would
be helpful to be able to contrast additional available metrics. We
recommend that future work refines these tools and framings, and
investigates additional metrics or constraints in different domains.

6 CONCLUSION & FUTURE WORK

Scoping and identifying fairness metrics for recommender systems
in practice is a complex task that requires guidance. Through an
extensive literature review, framework design, and semi-structured
interviews, we explored which challenges practitioners face when
scoping a qualitative construct to a quantitative measurement for a
specific context. We detail iterative requirements that may emerge
when offering decision support that outlines concrete metric con-
straints and characteristics. We found that this type of guidance can
also clarify which additional information practitioners need when
formalizing their fairness definitions and goals in a way that aligns
with their organization’s values and in determining which metric
constraints match those goals. For example, it is also important
to accompany metrics guidance with guidance on who should be
making decisions in practice, which support is available, and how
education or tooling can cater to an audience with a variety of
backgrounds—even within the same organization. Questions that
occur while navigating different metric categories can help high-
light what information is already known, or where process support
may be necessary.

To alleviate some of these barriers, tooling and education efforts
are crucial to support practitioners. Solutions for these challenges
are not necessarily straightforward, as they require striking a bal-
ance between standardizing processes while also situating stan-
dards within the unique context of each system and its associated
platform; this tension in standardizing measurement and processes
in practice is a great candidate to explore in future work. We also
recommend that future research focuses on working with industry
practitioners and live recommendation systems to understand the
real-world needs and obstacles practitioners face when incorpo-
rating algorithmic impact or fairness metrics into their workflows
and systems. Ideally, such practical collaborations could help lower
the barrier to implementing literature-proposed metrics so they
are more available to create real-world impact. We hope this work
can inspire future research directions to help practitioners evaluate
approaches to algorithmic impact assessment to accurately capture
the real experiences of people that encounter their systems and
the practical constraints of online ranking and recommendation
systems infrastructure.
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Decision Tree Framework (Consumers)

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.

Instructions

Begin with a specific harm or unfair impact use-case for your recommender, ranking, or search system, then follow the decision-
tree to find your options for appropriate fairness metrics to measure that impact. Once you find your way to a "leaf" node labeled
"METRIC CATEGORY," you can find more information about those metric(s) and their associated academic papers by referencing
their Fairness Category in Table 2. You can zoom in/out and scroll on this page to see text more easily.

Please note that the metrics linked from this decision tree are presented as options for your fairness measurement based on what is commonly
used in literature. They are not meant to be prescriptive nor all-encompassing and we recommend you discuss these choices with relevant
stakeholders before deciding on your metric(s). There may be more than one appropriate metric category for your use-case!

Key
Words marked with (%) START HERE
Which population might be treated
Protected/Sensitive Attribute: This is an item ( unfairly in this scenario? )
or user group that is related to your fairness
measurement. It can align with
protected/sensitive classes that should not ¥ ¥

be discriminated against (e.g., gender, race,
or ethnicity).

CONSUMERS PROVIDERS

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

Utility: Generally refers to a users' benefit
from the system. It can be defined in many
ways depending on the users, data, and
system in question. Examples include
consumer clicks, accurate rating predictions
or recommendation lists that match user
preferences, relevant exposure of
recommended content, etc.

continued on next page...

S
r g

Do you want to measure if similar
individual consumers are being treated
similarly?

OR
Do you want to measure if different
groups of consumers are being treated
similarly?

INDIVIDUALS

Relevance: How appropriate this item is for
recommendation in a given context. For
example, a relevant item could be one that
matches a consumer's interests, or it could
be an item that is likely to be engaged with by
a consumer.

Example: We want to know if all
individual users who listen to a specific
podcast in the system are treated the
same, regardless of any other
identities/labels they have

’
GROUPS

Merit/Need: In some fairness contexts, you
might be interested in measuring fair
treatment based on criteria such as
contribution or need. An example of this
could be if some users pay for a subscription

What fairness properties would
Example: We want to know if you like to measure?
Spanish-speaking users are
being treated the same as

English-speaking users

and you would like to maximize their utility Fairness airess
from the system. Measurement:
Measurement:
Does the system
— 1n Do recommended
distribute utility* for .
i i h items match
What falrn'ess propertles:vould C?:flllr:‘erfnwr.(t)*arf consumer's previous
you like to measure? S ) MEiE @ interests?
need?

METRIC CATEGORY
Individual

4 N A 4

Fairness
Measurement:
Does the system

equally for these
groups of
consumers?

distribute utility*

Fairness
Measurement:
Does the system
have similar error
rates for these
groups of
consumers?

Fairness Measurement:

Are recommended items different

for these different consumer

groups because of their group
identity? (e.g., are female
consumers recommended

different content than male users?)

Fairness
Measurement:
Does the system
distribute utility*
based on merit or need
for these groups of
consumers?

METRIC CATEGORY
Group Utility

METRIC CATEGORY

Group Error

METRIC CATEGORY
Group Identity

3658

METRIC CATEGORY
Utility vs. Merit

Calibration




e o ° Publication Note: This version of the Decision Tree
D ec I SI o n T ree F ram ewo rk ( P rOVI d e rS) 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.

START HERE

CONSUMERS
Which population might be treated \
Users who consume recommended unfairly in this scenario?
items. Examples: Listeners, Job-seekers, Y ) J l
Video watchers, End-users PROVIDERS

continued on previous page... Users who create the recommended items.
Examples: Content creators, Musicians, Podcasters,

&
€
Movie producers

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

GROUPS INDIVIDUALS

Example: We want to know if all individual content
creators who have content relevant for a given
user/query are being treated the same

Example: We want to know if content
creators in group A are being treated
the same as content creators in group B

similarly?
What properties would you like to
Which group(s) are you interested in measure?
measuring fairness for?
Fairness Measurement: Fairness Measurement:
i Are similar items
1GROUP AT A TIME COMPARING 2 OR MORE GROUPS AT Are clicks, exposure, ,
A TIME ranking, etc. systematically under-
Example: We want to know if proportional to item exposed or over-
content creators' distribution in Example: We want to compare impact relevan_ce* for similar exposed in QUF R
recommendations matches their of the system for content creators items? recommendations?
distribution in the training data from several different groups
METRIC CATEGORY METRIC CATEGORY

Under-Over
Exposure

Individual Rank vs.
Relevance

Are you more concerned about poor
representation of this group in the overall
recommended items distribution and/or

Are you more concerned about poor
representation of this group in the
overall recommended items distribution

NOT SHOWING UP IN LISTS

and/or candidate generation model? candidate generation model?
OR OR > Example: Is there poor
Are you more concerned about this Are you more concerned about this group being representation in any group's
overall item distribution and/or in

ranked low in top-k lists and/or candidate

generation lists? the candidate generation list?

group being ranked low in top-k lists
and/or candidate generation lists?

A 4
NOT MAKING IT TO NOT SHOWING UP IN . .
What fairness properties would you
TOP OF LIST LISTS like to measure?
Example: |s any group Example: |s there poor NOT MAKING IT TO TOP
low in rankings or representation in this OF LIST
engagement for top-k _group's overallitem Fairness Measurement: Fairness
lists and/or car?d|date d|str.|but|on and/qr in Fhe Example: Is any group low Are probability Measurement:
generation lists? candidate generation list? in rankings or engagement distributions, Are any of these
for top-k lists and/or preference ratings, provider groups
candidate generation lists? exposure, etc. systematically under-
METgIC CGATEGORY proportional to item exposed or over-
ne rou? relevance* for these exposed in our
[ PEEEE D provider groups? recommendations?

What fairness properties would you
like to measure?

METRIC CATEGORY
Under-Over

METRIC CATEGORY
Multi-group Item

What fairness properties would you
like to measure?

Relevance Exposure
Fairn i . q
airness Fairness Fairness Measurement: Fairness Measurement:
Measurement: Measurement: A . A 4
Are items from this Doosihatani Does the top-k ranking Are clicks, exposure, K
N » tp' contain a specific ranking, etc. Fairness Measurement:
u X : ) : i
aciord?n to their ran |fng cron a:_::. an proportion of items proportional to item Do these provider
wtilit g* . sgf;;:ispf;?: trl:i)s from these provider relevance* for these roes v Ein EgjuEl
Y groups? provider groups? item exposure
consumers? group? distribution?

METRIC CATEGORY
Multi-group Item
Exposure

METRIC CATEGORY
Multi-group Rank vs.
Relevance

METRIC CATEGORY
Multi-group Rank
Proportion

METRIC CATEGORY METRIC CATEGORY

One-Group Rank One-Group Rank
Utility Proportions
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