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1 Introduction

The marginalization of queer1 individuals by society is not a new problem. However, technological advances, par-
ticularly in artificial intelligence and machine learning (AI/ML), have accelerated this trend. For a few years now,
initiatives have been developed to raise awareness of queer issues in AI/ML and foster a community of queer re-
searchers [11]. Yet the problems associated with machine learning for queer identities remain largely ignored.

When systems are developed for the masses, divergent identities that do not fit the model are excluded from the
technology and therefore from the society that revolves around it. This is even truer for machine learning systems,
based on data that, for queer people, does not always exist; which learn patterns that, statistically, only work for larger
groups; and whose sole purpose is to fit individuals into boxes, assigning them labels that often do not correspond
to queer identities. For the most part, these problems are inherent to the nature of machine learning systems, which
clashes with that of queer identities. We reach here the difference in ontological categories between computer science
and social science – we have to deal with two levels of theoretical construction: building constructs from individuals’
constructs, whom give interpretive meaning to their word.

In this work, we summarize the challenges faced by machine learning practitioners in including considerations for
queer identities in system design. We also provides insights into why the subject is not being researched more, and
how the field of machine learning might adapt to meet these challenges.

2 What are the problems

Fitting into labels One of the main goals of supervised machine learning is to predict a certain class for a certain
input point. To that end, the system is trained on a variety of data for which their respective labels are known.
Labels, whether for determining different classes or assigning them to data instances, are decided by humans. They
are sometimes called “ground truth” or “gold standard” to reflect their presumed impartiality. Yet the “right answer”
in a given context is always decided by a subjective human being [14]. Therefore we often see classifications that
do not fit queer individuals, either because there is not a correct box – such as the classification between male and
female, dismissing all non-binary identities [12]; or because the wrong label is assigned – as with trans people, often
misgendered by their human counterparts.

Plurality of queerness The difficulties in labels also comes from the multiplicity and dynamic nature of queer
identities. In the words of Mary L. Gray, “there is no one way of being queer, [...] our identity isn’t a staple”, while
ML systems try to emulate well defined and static decisions [24]. Therefore, even if there is a label that corresponds
to the individual, such as “queer”, the heterogeneity of the data within this label will pose problems for a ML system,
with the risk of a Simpson’s paradox [4] appearing if the label is too large.

Underrepresentation ML systems perform poorly on small groups, such as dark-skinned women [5] and non-binary
people [19], among others: intersectional experiments show that the smaller the group, the lower the performance [5].
It is a question of both data quantity and statistical methods. Indeed, ML systems adopt a one-size-fits-all approach
that can pose problems for learning and evaluating the performance of underrepresented groups [22].

1We define “queer” as individuals who have a non-normative sexual orientation, gender identity and/or sexual characteristics.
We aim to encompass all LGBTQ+ individuals – Lesbian, Gay, Bi, Trans, Queer and beyond.
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Lack of data In one of the few studies on the impact of AI onto queer communities, [21] addresses the problem
of “unobserved characteristics”, i.e. the absence of certain attributes in datasets that could nevertheless benefit queer
communities. This is the case, for example, with sexual orientation and gender identity, which would be useful to
know when making health decisions. [21] explains this lack of attributes by over-protective data regulations – as
in Europe, where it is forbidden to process “sensitive” data – and by the non-measurable nature of some of these
attributes. Similarly, several researchers, such as [9], advocate the collection of data on queer individuals, in order to
make them visible and serve as a lever for action. This lack of data is even truer in parts of the world with less access
to the internet, or where being queer is more penalized, legally and socially.

Privacy abuses While there is a lack of data on queer people, protecting data and especially sensitive attributes is
also a pressing issue. Indeed, disclosure of a person’s sexual orientation or gender identity can be a matter of life and
death in many countries. A few years ago, [23] sought to recognize a person’s sexual orientation from their facial
features. In addition to being scientifically flawed [2, 8], seeking to display these attributes can be harmful to queer
individuals, putting them in danger if their identity is exposed without their consent.

Biased representations A large portion of biases in model outputs originate from the data, whether due to histori-
cally skewed distributions, collection and sampling, measurement or preprocessing [20]. A skewed representation of
data can have harmful consequences, as illustrated by the COMPAS system in the U.S., which indicates a higher risk
of recidivism among black offenders than among white offenders [1], as black people are more often incarcerated.
Similar results are likely to emerge in the future for queer individuals, who are statistically more likely to be incarcer-
ated [7], have less higher education [18], have low incomes [25], be homeless [13] or face health disparities [3].

3 Why is the topic not more researched

The academic fields of AI/ML fairness and queer studies have grown considerably in recent years, and the subject is be-
ing explored by para-scientific communities, such as artists [15] and the creation of support and discussion groups [11].
Yet at the academic level, the intersection between the two remains largely uncharted.

This lack of interest is primarily due to the fact that queer communities represent only a small percentage of the
population. There is, therefore, less incentive to push these issues forward, especially for AI/ML solutions that need
to work for the greatest number of people.

As well as being few in number, queer individuals are not well represented in the computer science community either,
or in STEM2 in general. They are also likely to have a more negative experience of the workplace [6], leading to a
loop situation in which the field is even less attractive to queer individuals. This can result in issues specific to queer
communities being ignored, unintentionally, by non-queer individuals working on AI/ML systems, because they feel
less concerned.

4 Hopes and future research

The easiest fix to queer issues in AI/ML is probably the technical dimension. There is already a vast literature dealing
with the imbalance of datasets and underrepresented groups [10], and bias mitigation [17], but it still needs to be
fleshed out. Training methods and evaluation metrics are currently being developed for underrepresented groups [22].
Research is also being carried out into privacy protection methods for ML, although these are still in their infancy [16].

However, problems persist when it comes to taking into account the particularity of queer issues and not just looking
at the big picture of AI/ML fairness. There is still work to be done in terms of visibility of queer issues and awareness-
raising. For instance, ML practitioners need to be more concerned about labeling issues, defining population groups
or simply not developing harmful systems overall. Better integration of queer individuals into the computer science
community and greater visibility for the work of queer researchers will be essential to shed light on these issues.

The impact of AI/ML on queer communities needs special attention, because of the specific challenges it poses. If, as
a society, we want to progress technologically, we cannot do so by leaving people behind. Meeting those challenges
will thus require a shift in point of view, to consider the few behind the many. A complete change in how we design
and implement AI/ML systems will be necessary, reconsidering fundamentals, such as the simple use of labels and
groups, as well as reconnecting with the social and ethical dimension of these systems.

2Science, Technology, Engineering and Mathematics
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