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Abstract The incorporation of fairness-aware machine learning presents a chal-
lenge for creators of personalized systems, such as recommender systems found in
e-commerce, social media, and elsewhere. These systems are designed and promul-
gated as providing services tailored to each individual user’s unique needs. How-
ever, fairness may require that other objectives, possibly in conflict with
personalization, also be satisfied. The theoretical framework of post-userism,
which broadens the focus of design in HCI settings beyond the individual end
user, provides an avenue for this integration. However, in adopting this approach,
developers will need to offer new, more complex narratives of what personalized
systems do and whose needs they serve.

1 Introduction

The turn toward questions of fairness in machine learning (Barocas and Selbst 2016;
Dwork et al. 2012; Mitchell et al. 2021) raises some important issues for the
understanding of personalized systems. Researchers studying these systems and
organizations deploying them present a common narrative highlighting the benefits
of personalization for the end users for whose experience such systems are opti-
mized. This narrative in turn shapes users’ expectations and their folk theories
(working understandings) about the functionality and affordances of personalized
systems (DeVito et al. 2017). Fairness requires a different kind of analysis. Rather
than focusing on the individual, fairness is understood in terms of distribution: how
is harm or benefit from a system distributed over different individuals and/or
different classes of individuals? These distributional concerns take the focus at
least partly away from the end user, and thus the implementation of fairness concerns
in personalized systems requires a re-thinking of fundamental questions about what
personalized systems are for and what claims should be made about them.
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A personalized system tailors its presentation to an evolving understanding of
what a user seems to want or need in the present moment. What are we to do when
the thing that the user wants contributes to unfairness? To make this question more
concrete, let us consider a particular class of personalized system, recommender
systems, which filter and prioritize information and items for users in a personalized
manner. Common examples include applications embedded in social media, stream-
ing audio and video, news, job hunting, and e-commerce sites. Consider a recom-
mender system embedded in an employment-oriented site such as XING or LinkedIn
that supports human resource professionals in locating job candidates for positions.
It may be that the user (the recruiter in this case) by virtue of their interactions builds
a profile that disadvantages applicants in a protected category: women, for example.
The recruiter’s recommendation lists are disproportionately filled with male candi-
dates, and they might not even realize the sequence of events bringing this about.
Worse yet, the prevalence of male candidates will likely cause the recruiter’s
interactions to be primarily with male applicants, generating even more evidence
(from the system’s perspective) of their interest in these candidates over female or
non-binary ones. The system thereby becomes what O’Neil (2016) calls a “weapon
of math destruction,” a computationally governed feedback cycle generating ever
societally worse outcomes.

From the standpoint of pure personalization, this outcome might appear to be a
success story: the user tells the system what they want and the system delivers,
getting “better” at doing so over time. However, it should be clear that this is a highly
undesirable outcome. A system that perpetuates systemic unfairness, even if only by
passing on biases from its input to its output, by definition becomes itself part of the
oppressive system (Kendi 2019). If we are interested in the beneficence of person-
alization, we cannot ignore this risk, and therefore we are called up on to re-consider
the concept of personalization itself. The concept of “post-userism” as articulated by
Baumer and Brubaker (2017) is a theoretical approach that calls into question the
user focus that has dominated study in human-computer interaction since the field’s
inception and raises the possibility that, in understanding and evaluating computing
systems, a larger and more complex framing may be essential. Our somewhat
dystopian, although hardly unrealistic, personalized recruiting system suggests
precisely that we need to look beyond the end user to understand how to build
recommender systems free from such harmful effects.

2 De-centering the User

To de-center the user in recommendation is to consider the possibility of additional
stakeholders whose objectives and goals should be integrated into the generation of
recommendations. The concept of the stakeholder emerges in the management
literature in the mid-1960s (as a contrast to the shareholder) defined by some authors
as “any groups or individuals that can affect, or are affected by, the firm’s objectives”
(Freeman 2010). A multiplicity of non-user considerations, especially business
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objectives, have entered into practical recommender systems designs from their first
deployments. However, businesses that employ such recommendation objectives
have generally been very reluctant to identify anything other than user benefit as a
driver for their technical decisions. An explicit consideration of multistakeholder
objectives and one that specifically incorporates fairness is much more recent
(Abdollahpouri et al. 2020).

What might a post-userist take on personalization look like? We examine
multistakeholder considerations that can help answer this question.

First, consider the recruiter-oriented recommender system outlined above. The
challenge here is to achieve provider-side fairness (R. Burke 2017): fair represen-
tation across those providing items to be recommended, in this case the job appli-
cants. So, a desired system design is one in which there are limits to the degree of
personalization that can be performed, even for a single user.

The system would need to ensure that each recommendation list has at least a
minimal degree of diversity across different protected group categories. One would
expect that an end user/recruiter would need to know going in (and might even
require as a matter of law or company policy) that the recommender is enforcing
such fairness constraints.

A more relaxed version of this provider-side constraint might appear in a con-
sumer taste domain, such as the recommendation of music tracks in a streaming
music service. The organization might have the goal of fair exposure of artists across
different demographic groups or across different popularity categories (Mehrotra
et al. 2018). List-wise guarantees might not be important, as there may be some users
with very narrow musical tastes and others who are more ecumenical. As long as the
goal of equalizing exposure is met, the precise distribution of that exposure over the
user population might be unimportant. In this case, it may be desirable to differen-
tiate between types of users for the purposes of fair exposure as in Liu et al. (2019) or
to more precisely target the types of diversity of interest to individual users (Sonboli
et al. 2020). A system that worked in this manner might need to inform users that
non-personalization objectives such as fairness are operative in the recommenda-
tions it produces.

An important distinction between the cases above is that music tracks are
non-rivalrous goods: a music track can be played for any number of users, and its
utility is unaffected by the number of recommendations or their occurrence in time.
A job candidate is different. A highly qualified candidate may be present in the job
market for a very limited period of time. A recruiter who is recommended such a
candidate as soon as their resume appears in the system gets greater utility from the
recommendation than does a user who gets it later. A situation in which a highly
qualified candidate appears only to a limited number of recruiters is more valuable to
them than a situation in which their recommendations are shared with a larger group.
One could imagine that the recruiter-users would be rightly concerned that the
inclusion of multistakeholder considerations in recommendation could put them at
a disadvantage relative to the purely personalized status quo. I say “might” here
because the close study of multistakeholder recommendation is sufficiently new that
it is unclear what the interactions are between recommendation quality as
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experienced by users and the fairness properties of the associated results. Prelimi-
nary results in some applications indicate that simultaneous improvements in both
dimensions may be possible (Mehrotra et al. 2018). Where there is a tradeoff
between accurate results and fair outcomes, we may need to consider the distribution
of accuracy loss as a fairness concern across the users of the system (Patro et al.
2020).

The picture changes when we consider consumer-side fairness. Here we are
interested in fairness considerations across the end users themselves, and this
requires a community orientation in how the recommendation task is understood.
We can draw on employment as an example yet again, now in terms of
recommending jobs to users.

The tension between personalization and other goals becomes complex when we
consider that users’ behaviors themselves, the raw data over which personalization
operates, may themselves be subject to measurement inconsistency. For example,
female users are known to be less likely to click on ads that contain masculinized
language about job performance (e.g., “rock star programmer”), but this says nothing
about their underlying capabilities for such jobs (Hentschel et al. 2014). Even more
fundamentally, there may be differences among users in their experience of the data
gathering required by personalized systems; individuals experiencing disempower-
ment may identify the surveillance capacities that enable personalization as yet
another avenue of unwanted external control (V. I. Burke and R. D. Burke 2019).

Even if we postulate that profiles can be collected in a fair and acceptable manner,
it still may be the case that a system performs better for some classes of users than
others. Improving fairness for disadvantaged groups may involve lower performance
for others, especially in a rivalrous context like employment, where, as noted above,
recommending something to everyone is not desirable. For example, a recommender
system might optimize for fairness in such a way that a particularly desirable job is
shown more often to members of a disadvantaged group and less often to others.
How should a user think about bearing some of the burden in terms of lower utility of
providing fairer recommendations to other users in the system? Accepting such
behavior in a system requires adopting a pro-social orientation toward the commu-
nity of fellow platform users, something that may not be easy to cultivate in a
multistakeholder recommendation context.

Finally, we should note that the perspectives of recommendation consumers and
item providers do not exhaust the set of stakeholders impacted by a recommender
system. Authors such as Pariser (2011) and Sunstein (2018) have noted the way in
which algorithmic curation of news and information has potential far-reaching
impacts on society and politics. Incorporating this wide set of stakeholders draws
the focus of a recommender system even further from personalization as a defining
characteristic.
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3 Conclusion

This discussion shows that the need to incorporate fairness into personalization
systems requires more than just technical intervention. The way users think about
these systems will need to change radically, and the onus lies on technologists to
provide new terminology and new narratives that support this change. A key step
may be to acknowledge the multistakeholder nature of existing commercial appli-
cations in which recommendation and personalization are embedded and to chal-
lenge the simplistic user-centered narratives promulgated by platform operators.
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Commons license, unless indicated otherwise in a credit line to the material. If material is not
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the copyright holder.

150 R. Burke

http://creativecommons.org/licenses/by/4.0/

	Personalization, Fairness, and Post-Userism
	1 Introduction
	2 De-centering the User
	3 Conclusion
	References


