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Abstract

Gender classification systems (GCSs) on social media platforms, such as X (formerly Twitter), infer users’ gender for
targeted advertising and personalization. However, these systems rely on binary classifications that fail to capture gender
diversity, often leading to misclassification (i.e. misgendering). This study is a comprehensive analysis of algorithmic mis-
gendering and its impact on user perceptions through a large-scale online global survey (N = 1523). In the first stage, we
assess the prevalence of misgendering on X by analyzing the accuracy of inferred gender classifications. Our findings re-
veal that women and LGBTQ+ users are disproportionately misclassified, which highlights structural biases in gender
inference systems. In the second stage, given that the emotional and social consequences of algorithmic gender inference
remain underexplored, we examine how users perceive and respond to misgendering. Using ordinal logistic regression
models, we find that individuals who experience misgendering report significantly more aversion to X’s gender policies.
Furthermore, increased platform engagement is linked to stronger opinions on gender inference, reducing neutrality to-
ward these systems. Beyond these findings, our study also reveals how opaque gender classification is, as many users
struggle to locate, understand, or challenge their inferred gender within X’s interface. This lack of transparency raises
concerns about agency, algorithmic literacy, data protection, and fairness. Based on our work, we suggest regulatory mea-
sures to ensure greater transparency and user control over gender classification, contributing to ongoing debates on al-
gorithmic discrimination and inclusive Al governance on current and future social media platforms.
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Introduction At the technical level, automated gender inference consist-
ently produces unequal error rates across different genders and
LGBTQ+ identities (Ruberg and Ruelos, 2020). Large-scale
audits of Twitter’s text-based classifiers have revealed higher
misclassification rates for women attributed to the over-
representation of male-coded language in training corpora

Gender classification systems (GCSs) on social media platforms,
such as X (formerly Twitter), infer users’ gender for targeted ad-
vertising and personalization (Argamon et al., 2007; Burger
etal.,2011; Uretal., 2012). These systems apply computational
techniques to classify gender based on text, images, or behav-
ioral data. Despite advancements in this technology’s accuracy,
however, GCSs typically operate within a binary framework, 'elaw, Center for Law and Digital Technologies, Leiden University,
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(Bivens and Haimson, 2016; Keyes, 2018). Non-heterosexual
and non-binary users are disproportionately misgendered be-
cause existing models struggle with queer self-presentation
online (Fosch-Villaronga et al., 2021; Hamidi et al., 2018).
Likewise, gender expressions that depart from cis-normative
binaries—such as androgynous avatars or mixed-gender pro-
nouns—systematically increase error rates (Schroeder, 2021).
This reflects a broader tension in machine learning: systems
trained on binary labels often underperform when encounter-
ing non-binary identities, resulting in compounded harm and
unfair outcomes (Fosch-Villaronga and Malgieri, 2024;
Wiegand et al., 2024). Given that X relies on comparable text-
ual, visual, and network-based features, we expect these pat-
terns to replicate. We, therefore, hypothesize that men
experience statistically fewer misclassifications than women
(H1); straight respondents are less likely to be misclassified
than non-straight respondents (H2) and that gender non-
conforming users are more likely to be misclassified (H3).

Misgendering is not merely a statistical error—it is experi-
enced as symbolic violence that undermines users’ dignity,
autonomy, and inclusion (Costanza-Chock, 2020; Fergus,
2020, McLemore, 2015). When users—particularly women
and LGBTQ+ individuals—are misclassified or observe
biased outcomes, they are more likely to perceive the system
as exclusionary and unjust (Criado-Perez, 2019; Hamidi et al.,
2018; Pino and Edmonds, 2024), which can erode trust in the
platform’s ethical orientation. These dynamics motivate our
hypotheses H4-H7, which examine how identity, engage-
ment, and experiences of misgendering shape user sentiment
and perceived trustworthiness of platform governance.

These hypotheses bridge technical audit studies with user-
centered research, offering a novel perspective on how algo-
rithmic bias is not only measured in terms of error rates but
also felt in terms of exclusion, injustice, and loss of trust.
To do so, we conducted a large-scale survey (N =1523) to as-
sess the extent of algorithmic misgendering. We reported the
results in Fosch-Villaronga et al. (2026) and here we present
the analysis of its emotional and perceptual impacts on users.

This article is structured as follows: Section 2 reviews
the literature on GCSs and user rights. Section 3 presents
our methodology, including survey design and statistical
modeling. Section 4 reports the results. Section 5 discusses
implications for platform governance and user autonomy.
Section 6 concludes.

Background information

Gender dassification systems and their binarism

A gender classification system (GCS) is a computational model
designed to categorize individuals into male or female categories
based on various data sources. These systems are widely used
across digital platforms, including social media, advertising,
and security applications. Usually, they take as a parameter the
biological sex of the user (the biological sexual traits apparent

or deduced at birth) (Karkazis, 2019) rather than their gender
identity (the perceptions that users have of themselves)
(Fosch-Villaronga et al., 2021, 2026). Currently, X mentions
on their website: “Gender. If you haven’t already specified a gen-
der, this is the one associated with your account based on your
profile and activity. This information won’t be displayed
publicly.”

The methods used to infer gender vary (Bivens and
Haimson, 2016), but common techniques include text-based
analysis, where algorithms examine word choices and phras-
ing to categorize users (Liu and Ruths, 2013; Mueller and
Stumme, 2016), as well as image-based analysis, which ap-
plies facial recognition to profile pictures (Al Zamal et al.,
2012). Additionally, social network structures are leveraged,
as the gender of a user’s connections is often used as a pre-
dictive factor based on the assumption that individuals
tend to interact within gendered clusters (Chen et al.,
2015). Many GCSs integrate multiple inference methods to
refine classification accuracy (Barlas et al., 2021), combin-
ing textual, visual, and behavioral data to reinforce predic-
tions (Sakaki et al., 2014). By examining these patterns,
gender inference algorithms determine the probable gender
of a user. Predictions can be based on interactions, such as
which tweets a user regularly likes, what search results
they engage with, or the time spent on specific threads.

The problem is that this approach stereotypically assumes
that certain words, topics, or social connections correspond
inherently to male or female identities, a notion deeply
rooted in cultural stereotypes and historical biases (Chen
et al., 2015; Sakaki et al., 2014). For example, if the dataset
predominantly links certain professions with a specific gen-
der—such as “mechanic” with men and “secretary” with wo-
men—the algorithm is likely to reinforce those associations.
Or, it can take men as the human standard, making women in
the data less visible (Criado-Perez, 2019). Datasets may rely
on proxy features like names, clothing styles, colors, or activ-
ities, as these are quantifiable and frequently correlate with
gender in stereotypical ways. Although itis difficult to assess
these coded assumptions, as the actual code source of X is not
publicly available, it is essential to recognize and investigate
what indicators give rise to these gendered inferences.

In this sense, a core limitation of GCSs is their rigid binary
framework, which fails to account for non-binary, gender-fluid,
and other diverse identities (Alvarado Garcia et al., 2025).
Instead of recognizing gender as fluid and socially constructed,
these systems operate under the assumption that gender
is fixed, universally applicable, and easily categorized
(Vivienne et al., 2023). This oversimplification not only
excludes individuals who do not conform to traditional gender
binaries but also reinforces outdated gender norms through
algorithmic decision-making. This risks disproportionately
misgendering those with diverse gender and sexual identities,
such as those within the broader LGBTQ+' community
that incorporates a plurality of identities and experiences
(Keyes, 2018). Another pitfall is the risk of relying on “other”
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categorizations for LGBTQ+ individuals (Lorenz, 2021).
Moreover, as GCSs are typically optimized for statistical accur-
acy rather than fairness, their outputs prioritize alignment with
dominant patterns in training data rather than reflecting the di-
versity of human identities.

The myth of neutrdlity of gender dlassification systems

Social media platforms are not passive, neutral infrastructures
but active sociotechnical systems that shape and are shaped by
user interactions (Verbeek, 2012). Although their digital infra-
structure comprises algorithms, Al models, servers, and soft-
ware and hardware, their operation relies precisely on the
social aspect of the technology—people’s desire to connect
and share stories, ideas, and opinions. However, several studies
warn of the risks of echo chambers and the politicization of con-
tent due to the reinforcement effects of likes and interactions on
these platforms (e.g. Cinelli etal., 2021; Garimella et al., 2018).
This contradicts the perception that algorithms function in a
neutral, objective manner—instead, they actively reinforce
and shape identities, opinions, and experiences.

As a technology, social media has significant potential to in-
fluence its users. When viewed as a sociotechnical system
(Bijker, 1994), social media have also faced criticism for their ef-
fects on users’ well-being (Ellison etal., 2022). At the same time,
they have opened up new ways of (re)thinking of social media as
asociotechnical system (Ruppert, 2018). Within the sociotechni-
cal system that constitutes social media, identity—including
gender identity—is a fundamental part of how the technology
operates. Several studies, particularly within feminist tech-
noscience, highlight how technology and gender are co-
dependent variables that mutually shape one another (e.g.
Bray, 2007; Cockburn and Ormrod, 1993; Rentetzi, 2023;
Seraa and Bruijning, 2024). This dynamic is evident in how
users’ likes influence the content they are subsequently shown.
The algorithmic logic reinforces identity-shaping techno-
agency; for example, if a user likes car-related content, the
algorithm deems it optimal to display more car-related content.
Similarly, political likes on either end of the spectrum lead to
increased exposure to similar perspectives. For gender identity,
this algorithmic reinforcement is not neutral, as it is a deliberate
choice of the platform’s algorithm. Still, it is very influential and
can create confusion, particularly when the gender inferred by
social media does not align with a user’s self-perception. This
misalignment raises questions about how gender identity is
constructed and perceived within these platforms.

Transparency, user awareness, and regulatory
accountability

Despite the widespread use of GCSs, gender inference remains
highly opaque. This opacity operates on multiple levels. First,
the platform user experience (UX) design actively conceals in-
formation about gender inference. Over time, X has repeatedly

modified access pathways (Fosch-Villaronga et al., 2021),
making it increasingly difficult for users to locate or modify
their inferred gender. On the desktop version, retrieving this in-
formation requires navigating multiple menu layers. From the
homepage, users must click “More,” then “Settings and
Privacy,” followed by “Your Account,” then “Account
Information,” and finally enter their password before reaching
the screen displaying their inferred gender. This five-step,
password-protected process suggests an intentional effort to
bury gender inference settings deep within the platform’s inter-
face. On the mobile app, the situation is even worse, as there
appears to be no accessible pathway to view or modify gender
inference, effectively preventing users from even knowing
how the platform categorizes them.

Beyond UX design, companies are also vague about de-
termining these classifications. While gender inference dir-
ectly affects users, platforms provide limited or no
explanation of the logic behind these decisions. However,
transparency is a fundamental principle under EU legisla-
tion, particularly the EU Al Act and EU data protection
law, especially for the right to rectification, allowing users
to correct inaccurate or misleading personal data. Under
the General Data Protection Regulation (GDPR), platforms
must provide meaningful information about automated
decision-making processes. However, gender inference of-
ten remains a black box (Bekkum and Borgesius, 2023;
Wachter and Mittelstadt, 2019). Without clarity on what
signals determine inferred gender or how classifications
are assigned, users lack the necessary information to ques-
tion, rectify, or challenge misclassification—a fundamental
requirement for algorithmic accountability. This lack of
transparency extends to broader regulatory concerns.

The EU Digital Services Act (DSA) introduces transpar-
ency obligations that could improve accountability in these
systems. Under Art. 27 DSA, platforms must disclose the
main parameters of their algorithmic decision-making, includ-
ing how gender inference operates and whether users can
modify these settings. For Very Large Online Platforms
(VLOPs), Art. 38 DSA requires offering at least one non-
profiling recommender system, ensuring users can engage
with the platform without gender-based categorization affect-
ing content suggestions. Additionally, platforms must report
on the potential risks of algorithmic inference, including risks
of discrimination, bias, and fairness violations, and what mea-
sures are taken to mitigate these harms.

While these obligations represent a regulatory step for-
ward, challenges remain in ensuring that disclosures are ac-
cessible and meaningful rather than overly technical or
vague at risk that platforms restrict user awareness and limit
control over their digital identities.

The risks and consequences of misgendering algorithms

Platforms like X have their reasons for deploying GCSs.
These systems can be helpful in further enriching their
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datasets that can subsequently be used for predictions, pro-
filing, and automated decision-making (Custers, 2021).
Gender is not the only attribute that can be predicted and as-
cribed; attributes like age, intelligence, sexual orientation,
happiness, political orientation, and many more can be pre-
dicted, often with high levels of accuracy (Kosinski et al.,
2013). Social media platforms use detailed user profiles
and characteristics to offer personalized content to individ-
ual users and user groups, including customized offers with
personalized pricing (Schofield, 2019). While personalized
recommendations can enhance user experience, they can
also trap individuals in algorithmic filter bubbles, reinfor-
cing pre-existing beliefs and limiting exposure to diverse
perspectives (O’Neil, 2016; Pariser, 2011). Users may not
even be aware of how their digital identity is shaped by al-
gorithmic classification, increasing their vulnerability to
manipulation and disinformation (Plettenberg et al., 2020).

These problems are further exacerbated when accuracy
is limited (Custers, 2003). Profiling processes like GCS
may amplify bias and inaccuracies and entrench related
consequences such as inequalities and discrimination. In
case of misgendering, it is not only hard to break out of ex-
isting categories and their respective filter bubbles, it may
also mean that individuals who are misclassified may re-
ceive content, advertisements, or interactions mismatched
with their identity, affecting their ability to engage authen-
tically online (Hamidi et al., 2018). Repeated misclassifica-
tion can lead to emotional distress and identity invalidation,
particularly for those who do not conform to binary gender
categories (Fergus, 2020; McLemore, 2015). Furthermore,
it might harm some of the business cases of online plat-
forms, in case they are less efficient in their targeting.

At the legal level, gender (unlike sexual orientation) is
not a special category of data under Art. 9 GDPR, meaning
platforms face fewer restrictions in processing it (Bekkum
and Borgesius, 2023; Wachter and Mittelstadt, 2019). In
other words, gender is not considered a sensitive attribute.
Nevertheless, gender is a well-established prohibited dis-
crimination ground across most jurisdictions (Burri and
Prechal, 2009). Due to a lack of transparency, discrimin-
ation may be complex to detect, and enforcement of anti-
discrimination legislation may be complicated. The protec-
tion offered by data protection laws may also be complex,
given that it is unclear whether inferred data are personal
data (Custers and Vrabec, 2024). If so, people have a right
to access the inferred gender, including a right to receive
meaningful information about the logic involved in data
analytics and a right to rectification (Selbst and Powles,
2018). However, invoking these rights requires that people
know the GCSs used.

Furthermore, these rights may have their limitations.
Typically, the right of access does not include access to
the data of others, making it hard to check how inferences
were made (Bottis et al., 2019). Invoking the right of recti-
fication may not be ideal for some people, as it requires

disclosing additional information about their gender to
show how the inferred gender should be rectified
(Hauselmann and Custers, 2024). As a result, misgendering
is not just a technical failure—it is an issue that raises pro-
found ethical concerns about identity recognition, inclusion,
and digital rights.

Methods

Study sample

The data used in the article constitute a cross-sectional no-
vel database (N = 1642) (Fosch-Villaronga et al., 2026). We
built the survey using Qualtrics and distributed in English.
Participants were recruited via Prolific and had to have a
working X account. The answers were collected in
November 2023 and processed in 2024. For data quality
and rigor, we removed participants who did not provide
their Prolific identification number (N = 30), did not com-
plete the survey (N=52), or had duplicate entries based
on the Prolific identification variable (N =16), leaving us
with N = 1553 valid responses (SO). The average response
time was 5 min and 16 s. The survey’s main goal was to ex-
plore how individuals perceive gender-based inferences and
the challenges of overcoming automated gender assump-
tions resulting from interface design.

After collecting demographic information —such as age
(M =30.7, SD =9.9) and continent (Europe: 60.9%, Africa:
27.5%, North America: 4.7%, Asia: 3.8%, Oceania: 1.0%,
South America: 1.4%)— we asked participants about four
specific aspects related to gender: gender identity (i.e.
how one internally defines their gender), biological sex
(i.e. the physical characteristics one is born with), sexual
orientation, and, finally, gender expression (i.e. the external
presentation of gender through actions, clothing, and other
behaviors). For gender identity, 48.3% identified as men,
47.1% as women, 3.1% as non-binary, 0.7% as transgender,
0.5% as other, and 0.3% reported no gender. Regarding bio-
logical sex, 50.0% were female, 49.7% male, and 0.2%
intersex. For sexual orientation, 67.9% identified as
straight, 17.6% as bisexual, 7.5% as gay, 2.6% as other,
2.3% as asexual, and 2.3% as questioning. Regarding gen-
der expression, 48.0% reported a masculine expression,
44.7% feminine, 6.0% non-binary, and 1.3% other.

Then, patterns related to both time and user activity on X
were collected by analyzing not only the topics users
tweeted about (e.g. work-related content, social or political
issues) but also how frequently participants used the plat-
form. Next, participants were asked whether they had spe-
cified a gender during the registration process or not. At
this stage, the sample is divided between those who re-
ported assigning a gender to their profile during registration
(S1) and those who did not (S2). The latter group (S2) was
used to study the phenomenon of misgendering. To capture
how users experience the perception of misclassification,
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Table I. Examples of coded sentiment categories for the question: How do you feel about not being able to remove gender from

Twitter?
Sentiment Responses
Very negative  “| hate it”, “| feel angry”, “Oppressed”, “Very bad”, “Outraged”, “Helpless and sad”, “Horrible”, “Very concerned”.

Negative “I think it is wrong”, “l do not agree with this we should be able to remove this info”, “It is wrong”, “It’s absurd”,
“Concerned”, “| think it’s an unfair thing”, “Irritated”, “Not happy”.
Slightly “Somehow wrong”, “Bit annoying”, “That’s a bit annoying for somebody”, “Might be unfair to others”, “Slightly bad”,
negative “Not so good”, “Not very happy”.
Neutral “Neutral”, “Don’t care”, “l don’t mind it”, “It doesn’t bother me”, “Not interested”, “Not a big deal to me”, “No
effect”, “Indifferent”, “No matter”, “Not bothered”, “Honestly, | don’t care”
Slightly “I'm fine with it”, “Ok”, “Fine”, “Accepting”, “Fine by me”, “it’s not a problem for me”, “Okey”
positive
Positive “Good”, “Positive”, “Great”, “| agree”, “I like that”, “| feel good”, “Like it”, “Cool”
Very positive *“  “It’s very good”, “Wonderful”

participants were asked to log in to their X account, check
the gender that appeared assigned in their profile, and report
if, under its consideration, this was right or wrong.
Finally, S1 and S2 were pooled together again to analyze
user perceptions. In this sense, user feelings regarding X’s
gender policies were assessed through two key survey ques-
tions: “A. Should Twitter assume your gender?” and
“B. How do you feel about not being able to remove gender
from Twitter?” Both were measured using a 7-point Likert
scale (Strongly agree — Strongly disagree). Question B was
originally collected as an open-ended response and later
manually coded into a 7-point Likert scale.® To ensure con-
sistency and rigor in the coding process, we developed and
applied a coding framework based on clear criteria. Two
factors were taken into consideration: firstly, (1) the emo-
tional valence expressed (e.g. negative, neutral, positive),
secondly the intensity of language (e.g. use of modifiers
like “very” or “somewhat”). Neutral classifications were as-
signed in cases where evaluative language was absent.
Table 1 shows examples of the encoding followed.*
Question A was also reformulated as an open-ended re-
sponse, allowing for a text-based analysis to identify key
points that could reveal patterns among users. Thus, to pro-
vide a comprehensive overview of users’ perceptions, we
decided to divide the content of the questions above to ana-
lyze participants’ feelings toward such practices and the de-
gree of neutrality expressed by users. To this aim, the
sample was again divided into three groups: S4, which
was used to study levels of neutrality, and S5 (Question
A) and S6 (Question B), where neutral responses were ex-
cluded to provide a clearer picture of users’ feelings.
Samples used in this article are illustrated in Figure 1.

Statistical analysis

The aim of our statistical analysis is twofold. The first stage
tries to capture the patterns of misgendering along collec-
tives done by the GCS used by X. This first approximation
is necessary to analyze later on and understand both the

neutrality and perceptions regarding the usage and limits
of this technology among users. In this sense, two different
types of modelization are used. For the empirical models of
the first stage, we used logistic regressions, where our de-
pendent variable takes the value of 1 if the gender that ap-
pears in the X account of the participants matches their
self-reported gender and 0 otherwise.

However, ordinal logistic regression, precisely the propor-
tional odds (PO) model (McCullagh, 1980: 110), was em-
ployed for the second stage, which tended to analyze
neutrality and perceptions. The Ordinal Logistic Regression
model estimates the effects of a set of independent variables
on the logarithm of the probability that the dependent variable
assumes low values rather than high values (Eboli and
Mazzulla, 2009: 45, Harrell, 2015: 313). This model is what
Agresti (2010) calls a cumulative link model. In this sense,
the PO model is attractive for dependent variables whose or-
dinality is based on an underlying continuous dimension,
probably unobserved (Eboli and Mazzulla, 2009: 45). This
makes it particularly useful for modeling Likert scale out-
comes, as in our study, where responses are ordered but not
necessarily equidistant (Capuano et al., 2016).

Through this methodological design, we aim to analyze
the following hypotheses. Regarding misgendering pat-
terns, we posit that male users experience statistically less
misclassification than female ones (H1), straight respon-
dents experience statistically less misclassification than
non-straight respondents (H2), and, finally, that users who
exhibit a gender expression that does not fit into a binary
understanding of gender tend to be more misclassified (H3).

On the other hand, concerning the user’s perceptions, we
expect that a high level of engagement with the application
is associated with decreased neutrality (H4), experiencing
misgendering is associated with more negative feelings to-
ward X’s gender-related policies (HS), female users are
more concerned than male users and show more negative
sentiment toward X practices than male users (H6), and, fi-
nally, LGBTQ+ users express more concern compared to
non-LGBTQ+ users, and show more negative sentiment
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account.

Participants were recruited via Prolific and had to have a working X

N = 1642

entries based on the prolific identification variable

S0 — We removed participants who did not provide their Prolific
identification number, did not complete the survey, or had duplicate

N = 1553
(No | Don't remember) $2
Q — When you registered on Twitter, did you assign a gender for your N=723
profile? Answer options: (1) Yes (2) No (3) | don't remember
N = 1553 (Yes) $1
N =830
Q - A. Should Twitter assume your gender? and B. How do you feel
about not being able to remove gender from Twitter? Answers
options: (Strongly Disagree | 1 — Strongly Agree | 7)
SO |N = 1553
Neutrality | S4 Feelings A | S5 Feelings B | S6
N=1510 N=1119 N =997
Figure |. Operationalization of the data used in the analysis.
H3 H
. " I 5
Gender expression Misclassification
Cisgender | Non-Cis Yes | No
H2
Sexual Orientation H7 Feelings (+|-)
Straight | Non-Straight 1(SD) -6 (SA)
&
H1
Neutrality
Biological Sex H6 (1—4)
Female | Male
Engagement
Time ~ (0, 1
01 H4

Figure 2. Relations between variables and hypotheses in this study.

toward X practices than non-LGBTQ+ users (H7). The re-
lation between variables and hypotheses is summarized in
Figure 2. Table 1 shows the set of regression models used
to validate the hypotheses above.

Results

Misgendering algorithms (M1-M4, HI-H3)

Regarding H1, among the 367 women surveyed, 47 (13%)
felt that the gender assigned to them was incorrect,

compared to 25 men (7%) out of 355. This discrepancy in-
dicates that women are more frequently misclassified than
men (y?=6.05, p<0.05). We re-evaluated misclassification
rates to control for potential confounding variables by ex-
cluding respondents who identified outside the binary gen-
der framework. Within this refined group, 26 women (8%)
out of 339 and 13 men (4%) out of 341 reported misclassi-
fication (¥>=3.99, p<0.05), further reinforcing the trend.
On the other hand, to validate H2 and H3, we divided the
sample into two groups: respondents identifying as LGBTQ
+ (n=269) and those who do not (n=444). Among



Fosch-Villaronga et al. 7
Table 2. P-value adjustments and effect size for Chi-square tests (HI-H3).
Bonferroni Holm Significant Significant Cramer’s

Comparison b p-value Adjusted p Adjusted p (Bonferroni) (Holm) \'%

Female vs. Male (full 6.05 0.014 0.070 0.028 No Yes 0.092
sample)

Female vs. Male 399 0046 0.230 0.046 No Yes 0.077
(binary-only)

LGTBQ+ vs. 3069 <001 <0.01 <0.01 Yes Yes 0.207
Non-LGTBQ+

Straight vs. Non-straight 2828 <0.01  <0.0l <0.01 Yes Yes 0.202

Cisgender vs. 91.52 <0.01 <0.01 <0.01 Yes Yes 0.356
Non-Cisgender

Table 3. Overview of the models used in this study.

Model Dependent Independent Hypothesis Sample

MI1—4 Misgendering (1/0) Biological sex, sexual orientation and gender expression. HI, H2 and H3 S2

M5 Feeling A* (1-6) Misgender, Biological sex and Sexual Orientation HS5, H6 and H7 S5

Mé Feeling B® (1-6) Misgender, Biological sex and Sexual Orientation HS5, H6 and H7 S6

M7 Neutrality A (1-4) Engagement©, Biological sex and sexual orientation H4, H6 and H7 S4

M8 Neutrality B (14) Engagement, Biological sex and sexual orientation H4, H6 and H7 S4

2 Should Twitter assume your gender?
® How do you feel about not being able to remove gender from Twitter?
¢ Engagement refers to the time spent using the application.

non-LGBTQ+ individuals, 429 (92%) reported being cor-
rectly classified, while 22 (5%) experienced misclassifica-
tion. In contrast, 240 (85%) of LGBTQ+ respondents
were correctly classified, whereas 50 (15%) reported mis-
classification. A chi-squared test confirmed a statistically
significant difference (¥2>=30.69, p<0.05), demonstrating
that LGBTQ+ individuals are significantly more likely to
be misclassified than their non-LGBTQ+ counterparts. In
this sense, a person is classified as part of the LGBTQ+
community if they identify as non-straight or have a gender
expression that does not conform to a binary gender frame-
work. Based on these findings, we further examined how
misclassification varies across two key factors: sexual
orientation and gender expression.

If we analyze H2 and H3 separately, these results remain
consistent. Thus, among heterosexual respondents, 433
(95%) out of 457 reported being correctly classified, while
only 24 (5%) experienced misclassification. In contrast,
among non-heterosexual respondents, 218 (82%) out of
265 were correctly classified, while a significantly more sig-
nificant proportion, 48 (18%), reported misclassification. A
chi-squared test (y*>=29.28, p<0.05) confirmed a statistic-
ally significant difference, indicating that non-heterosexual
individuals are substantially more likely to be misclassified
than their heterosexual counterparts. Moreover, when com-
paring cisgender (n=637) and non-cisgender (n=86) re-
spondents, 599 (94%) cisgender participants were correctly
classified, while 52 (6%) reported misclassification. In

contrast, among non-cisgender individuals, only 52 (60%)
were correctly classified, whereas 34 (40%) experienced
misclassification (y>=91.52, p<0.05). Table 2 summarizes
this first round of statistical tests. We controlled for Type I
errors by applying both the Bonferroni and Holm adjust-
ments (Holm, 1979). The majority of comparisons re-
mained statistically significant after correction, reinforcing
the robustness of the observed associations. The effect
size is calculated through Cramer’s V. In this regard, me-
dium to large effects are observed in the comparisons be-
tween LGBTQ+ and non-LGBTQ+ individuals, straight
and non-straight individuals, and especially between cis-
gender and non-cisgender individuals.

As discussed, four logistic regression models (M1-M4)
were conducted to examine the distribution of misgendering
across independent variables (biological sex, gender ex-
pression, and sexual orientation). To enhance the robustness
of the models, demographics (age and continent), engage-
ment (time spent), and the primary topic driving an indivi-
dual’s X usage were incorporated as control variables. The
results from four logistic regression models (M1-M4) are
shown in Table 3.

Firstly, M1 examines the impact of biological sex on the
likelihood that a respondent affirms their assigned gender.
Using female respondents as the reference group, the results
indicate that being female significantly decreases the likeli-
hood of reporting alignment with the assigned gender com-
pared to male respondents (p=—0.69, p=0.01). Secondly,
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M2 incorporates gender expression as a predictor, explicitly
assessing the effect of non-cisgender expression. The re-
sults show a highly significant effect (p=-2.27, p<
0.001), suggesting that individuals who do not conform to
cisgender norms are substantially less likely to report align-
ment with their assigned gender. Thirdly, M3 shifts the fo-
cus to sexual orientation, comparing heterosexual and
non-heterosexual respondents. The findings indicate that
non-straight individuals are significantly less likely to report
correct classification than their straight counterparts (=
—1.29, p<0.001). Finally, M4 integrates all three predic-
tors—biological sex, gender expression, and sexual orienta-
tion—into a combined analysis. Gender expression remains
the most significant predictor (p=-2.00, p<0.001), em-
phasizing its strong influence on alignment between as-
signed and self-identified gender. However, sexual
orientation loses significance in this model (p=-0.48, p
=0.17), suggesting its effect may be mediated by gender
expression. Biological sex remains non-significant (=
—0.50, p=0.09), though it trends toward marginal
significance.

Perceptions

Once we detect the systematic misclassification of certain col-
lectives (Section 4.1), our interest delves into analyzing the
feelings and perceptions that such practices generate in users.
This second analysis stage helps us identify how and why
users have a specific position concerning GCSs and, by exten-
sion, detect problems that could be addressed through policy
and regulatory recommendations (Section 5). To do this, a
double approach is followed. Firstly, an exploratory text-
based analysis is conducted to identify user concerns and to-
pics of interest. The information extracted from this first stage
has also been used to redefine and posit our working hypoth-
esis (H4 to H7). Secondly, the hypotheses mentioned above
are studied quantitatively, as explained in Section 3. Table 4
shows the distribution of responses for questions Should
Twitter assume your gender? and How do you feel about
not being able to remove gender from Twitter?

Neutrality in responses for both questions as shown in
Table 5 is measured using a four-level scale: (1) Strongly
Non-Neutral for “Strongly disagree” or “Strongly agree,”
(2) Moderately Non-Neutral for “Disagree” or “Agree,”
(3) Slightly Non-Neutral for “Somewhat disagree” or
“Somewhat agree,” and (4) Fully Neutral for “Neither agree
nor disagree.” Table 6 shows the distribution for the vari-
able “neutrality” in both questions.

Text-based anadlysis. Q33 (How do you feel about Twitter
ascribing you a gender female/male based on your
Twitter activity?) is encoded in an open format, enabling re-
spondents to elaborate on their answers. Although these re-
sponses have been manually transformed to the
aforementioned 7-item Likert scale that later on is used in

Table 4. Distribution of responses for questions should Twitter
assume your gender? And how do you feel about not being able to
remove gender from Twitter?

Strongly Strongly
Question disagree 2 3 4 5 agree
A? 32% 30% 12% 8% 9% 7%

B 6% 58% 14% 15% 6% 0%

? Should Twitter assume your gender?
® How do you feel about not being able to remove gender from Twitter?

the quantitative analysis approach (Section 4.2.2), some in-
teresting insights could be extracted from the responses gi-
ven by X users.

As indicated, through question 33, users were asked
about their feelings regarding X ascribing their gender
based on their activity. A significant number of respondents
simply indicate their opinion regarding this fact. In this
sense, ‘Awful,” “Bad,” “Wrong,” “Terrible,” or “Unfair”
are among the most common responses within this cluster
of respondents. However, other respondents elaborate
more on their answers, showing response patterns that could
also serve the aim of this article. In this sense, we have iden-
tified three core ideas: (1) being misgendered is perceived as
a harmful action that could lead to concrete damage to indi-
viduals, (2) the legal interest that is perceived as more af-
fected by such practices is privacy, and, (3) a significative
number of users declare surprise regarding the commission
of these type of practices. Consider that, besides the number
of responses about this topic, which could seem small com-
pared to the sample size; the response was neither subject to
any restriction nor influenced by any exogenous variables.
Thus, the existence of patterns among respondents who
freely respond indicates the existence of certain latent traits
that could be further explored.

As discussed in Section 2, repeated misclassification can
lead to emotional distress and identity invalidation, particu-
larly for those who do not conform to binary gender cat-
egories (Fergus, 2020; McLemore, 2015). This is an idea
stressed by a significant number of respondents. Thus, com-
ments such as: “I’m not transgender so this doesn’t bother
me, however I can imagine it would be quite harmful if a
trans person was misgendered by twitter,” “I don’t like it,
I’'m not really bothered with people/systems calling me a fe-
male but some people might feel hurt when the assumption
is wrong,” “I feel it could hurt someone else who does not
feel represented by that gender choice I think this is con-
venient for twitter however hurtful to its users,” constitutes
clear examples of the extended idea that besides its legal
consequences, misgendering produces tangible and measur-
able harm upon individuals. This idea supports the necessity
to explore the analysis of collectives that are systematically
misgendered deeply.

Furthermore, privacy concerns are one of the legal inter-
ests that users perceive as more affected by this practice.



Fosch-Villaronga et al.

Table 5. Distribution of neutrality for questions should Twitter assume your gender? And how do you feel about not being able to

remove gender from Twitter?

Question Strongly Non-Neutral Moderately Non-Neutral Slightly Non-Neutral Fully Neutral
A? 27.7% 28.1% 14.7% 24.5%
B® 38.9% 31% 17.4% 3.9%
? Should Twitter assume your gender?
® How do you feel about not being able to remove gender from Twitter?
Table 6. Logistic regression analysis (M| to M4).
Ml M2 M3 M4
Variable Yi) SE  p-val )i) SE  p-val ¥ij SE  p-val )] SE  p-val
(Intercept) 3.12 1.29 0.0155 3.24 1.36 0.0172 3.90 1.34 0.0036 3.77 1.37 0.0059
Biological Sex (Female) —0.69 0.28 0.0139 - - - - - - —0.50 0.30 0.0944
Gender Expression (No - - - —2.27 0.30 <0.0001 - - - —2.00 0.34 <0.0001
Cisgender)
Sexual Orientation - - - - - - —-1.29 030 <0.0001 —-048 035 ns
(No-Straight)
Controls Yes Yes Yes Yes

Null deviance:
Residual deviance:
AIC

463.09 on 716 DF
411.16 on 698 DF
449.16

463.09 on 716 DF
363.16 on 698 DF
401.16

463.09 on 716 DF
398.00 on 698 DF
436

463.09 on 716 DF
357.88 on 696 DF
399.88

Notes: ns=p>0.1.

Comments like “Feel like it would be an intrusion into my
privacy,” “I feel like my privacy would be invaded,” “I
want to keep my privacy,” “I feel that my privacy is being
violated somehow,” “Not that big of a deal for me in terms
of gender identity but mostly a privacy problem,” “Insecure
about my privacy,” “I feel it is a detriment to my privacy,”
reflects that idea essentially. Related to this, profiling is an-
other problem that users stress. In this sense, it is possible to
observe responses like “Seems like profiling” or “I don’t
like being profiled by social media.”

Surprise among respondents, in a certain way, confirms
the outlined opacity of these kinds of practices (Section
2.3). An important number of users declare being surprised
by the existence of gender assignment. Illustrative examples
of these could be found in commentaries like: “Odd,”
“Strange,” “Would be kinda weird and unnecessary,”
“Strange concept,” or “It feels weird because I have not
mentioned my gender prior.” Thus, although GCSs are
widely used across digital platforms, users demonstrate ig-
norance when reading about the usage of these practices.
Indeed, the absence of knowledge regarding the usage of
GCSs and the technology in itself (“Weird, I don’t know
how that works”) could lead to a broader misunderstanding
or to making presumptions not based on evidence regarding
how this technology works. See, for instance, the commen-
tary: “I find it a bit weird that twitter assigned me a male; I
almost feel like it was sexist because I post about research/
politics mainly - is twitter implying that these are male ac-
tivities and not female?”. So, despite transparency duties

(Section 2.3), users remain uninformed about such prac-
tices, which underlines the inefficiency of transparency-
based interventions.

Ordinal logistic regression analyses. Table 7 summarizes the
final ordinal logistic regression models for feelings (M5
and M6) and neutrality (M7 and M8). The models were es-
timated using proportional odds logistic regression using R
(version 4.4.2). Logit was used as a link function.

Age and topics have been used as controls for all models.
For all the analyses, the topics for which X is used were not
significant. Age was not significant for models M5 and M6,
but shows a slight negative correlation with neutrality for
ages between 26 and 37. For the remaining models and
age categories, the odd proportional tests were not signifi-
cant, suggesting that the effects were proportional across
the categories of the outcome variable.

Regarding H4, time spent using the application is not a
significant predictor in M5 and M6, suggesting no meaning-
ful impact on responses in these models. However, consist-
ent with our hypothesis (H4), in M7 (OR=0.83),
individuals who engaged with the system for extended per-
iods were 17% less likely to select a higher response cat-
egory, indicating a negative association with neutrality or
agreement. This trend persisted in M8 (OR =0.87), though
the effect was slightly weaker, with a 13% lower likelihood
of expressing neutrality or favorable agreement.

Furthermore, being misgendered is a significant predictor
in most models, with affected individuals consistently
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Table 7. Summary of ordinal logistic regression analysis.

M5 (Feelings)

M6 (Feelings)

M7 (Neutrality) M8 (Neutrality)

Gender Inference
Dependent Variable

Lack of option

Gender Inference Lack of option

p SE  p-val p SE p-val p SE  p-val p SE  p-val
Biological Sex (Female) -0.63 0.1l <0.00l -004 0.13 ns -046 0. <0.0001 -0.30 O.I 0.0027
Sexual Orientation (Not -023 0.12 <0.055 -053 0.14 0.00015 -02 0.10 0.045 —-0.53 0.1l <0.000l
Straight)

Misgendered -047 022 <0.0032 -I1.13 027 <0.0001 -032 02 ns -0.50 022 0.0023
Age® [23, 26] —0.17 0.16 ns 0.17 0.18 ns —0.17 0.14 ns -02 0.14 ns
Age [27, 30] -023 0.16 ns -0.08 0.19 ns -0.27 0.14 0.054 —-0.39 0.15 0.0094
Age [31, 37] -0.1 0.17 ns -005 020 ns -025 0.15 0.095 —0.16 0.I5 ns
Age [38, 79] 027 0.17 ns 0.13 020 ns —0.10 0.I5 ns —0.16 0.I5 ns
Actuality (i.e. News, politics) 0.18 039 ns —042 043 ns 0.1 033 ns -0.37 033 ns
Social —0.12 039 ns —-037 043 ns 0.16 0.32 ns —-0.27 033 ns
Time —0.01 0.06 ns 0.06 0.06 ns -0.19 0.05 0.00015 -0.14 0. ns

Notes: Reference category has been omitted for simplicity. ns=p>0.1.

? The age distribution was designed using a dual criterion: first, to achieve a balanced distribution across the sample, and second, to incorporate a
generational perspective that enables us to control for potential hidden patterns that may be generationally driven. Based on this approach, we established

the following age groups: (1) 23—-26: This group is composed of Generation

Z, (1) 27-30: A transitional group (late Gen Z and early Millennials) capturing

individuals in a key developmental shift from early adulthood to more stable adult roles, (3) 31-37: This range includes Millennials in their prime adult
years, often associated with career consolidation, family formation, and increased societal engagement, and (4) 38-75: A broader group encompassing

Generation X and Baby Boomers.

reporting lower agreement or neutrality compared to those
who were not misgendered (H5). Specifically, in M5 (OR
=0.63), misgendered individuals had 37% lower odds of
expressing positive or neutral feelings. The effect was stron-
gest in M6 (OR =0.32), where their odds were 68% lower,
indicating a substantial negative association regarding the
algorithm’s control over gender inference. Also, in M8
(OR=0.61), misgendered individuals had 39% lower
odds of reporting neutrality or positive agreement regarding
the lack of an option to change their inferred gender.

Biological sex was a significant predictor in all analyses
except M6. Specifically, female respondents were more
likely to report either negative feelings (M5: OR =0.53)
or lower levels of neutrality (M7: OR=0.63; M8: OR =
0.74) compared to male respondents (H6). In this sense,
for female respondents, the odds of agreeing with the algo-
rithm’s inference of gender are 47% lower than for male re-
spondents and approximately 38% lower for being neutral.
Regarding the lack of control over the outcome, female re-
spondents have 27% lower odds of holding a neutral opin-
ion than male respondents.

Finally, sexual orientation was also a significant pre-
dictor across all models (H7), with non-straight individuals
consistently showing lower odds of positive or neutral re-
sponses compared to straight individuals. Individuals who
do not identify as straight were consistently less likely to re-
port positive or neutral feelings than their straight counter-
parts (M5: OR=0.79; M6: OR =0.59; M7: OR =0.82; M7:
OR =0.59). Specifically, non-straight individuals had 21%
lower odds of expressing a positive attitude toward gender
inference. Regarding the algorithm’s control over out-
comes, their odds of a higher response category were

41% lower, indicating a strong negative association.
While the effect was smaller but still notable for neutrality
(18% lower odds), the reduction remained substantial in
M8, where non-straight individuals were 41% less likely
to report neutrality or positive agreement regarding the
lack of an option to change the inferred gender.

Conclusions

Our findings indicated that certain marginalized groups,
namely women and the LGBTQ+ community, are system-
atically misclassified and therefore misgendered by GCSs
(Fosch-Villaronga et al., 2026). Disproportionate inaccur-
acies affecting these historically discriminated groups high-
light a persistent data gap (Sperber et al., 2023) in
information about aspects of women’s and gender and sexu-
ally diverse people’s lives and bias in favor of men and
straight people, exacerbating existing prejudice.

Analysis of user responses collected in this study reveals
that gender misclassification is in and of itself perceived as a
significant harm for those who experience it. Furthermore,
gender misclassification has a perceived knock-on effect,
risking subsequent emotional distress and identity invalida-
tion, which is especially detrimental to gender and sexually
diverse individuals (Fergus, 2020; McLemore, 2015). Our
analysis shows that while some respondents reported indif-
ference to misclassification, others acknowledged its poten-
tial harm, particularly for transgender individuals. This is
particularly concerning for gender-diverse people who of-
ten turn to social media due to a lack of traditional support
for self-preservation, improved physical safety, protection
from harassment, and community building (Katyal and
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Jung, 2021) as it undermines perceived psychological
safety online. These findings align with broader discussions
on psychological privacy harms (Citron and Solove, 2022;
Kilovaty, 2021), as misclassification can lead to distress, a
diminished sense of identity, and exclusion. Thus, ensuring
algorithmic accuracy is not merely a technical challenge
that needs to be confronted and a legal requirement outlined
in the EU Al Act, but a fundamental issue of safety, fair-
ness, and human dignity.

Beyond emotional and psychological harms, gender
classification systems (GCSs) also pose significant privacy
and profiling risks that extend into the legal and regulatory
domain. Under regulations like the GDPR, inferred gender
paradoxically isn’t classified as “sensitive” data (unlike race
or sexual orientation) and thus lacks special protection.
However, users in our study perceived gender inferences
as deeply personal and identified privacy concerns as one
of the legal interests most affected by automated gender
classification. Many respondents voiced a loss of agency
and unease with these hidden data collection practices.
This sentiment applies even in those cases where those
practices lead to more accurate outcomes, as echoed by re-
search showing that highly accurate algorithmic profiles can
leave individuals feeling surveilled and powerless (Zhang
et al., 2025). Respondents furthermore questioned the ne-
cessity and utility of gender inference for service delivery,
suspecting it serves mainly advertising or profiling pur-
poses. Indeed, even legal scholars note that using “legitim-
ate interest” as a basis for inferring gender is contentious
and not justified, underlining the lack of any evidence that
such gender profiling is truly necessary (Fosch-Villaronga
et al., 2020). These findings align with broader critiques
of automated decision-making systems, which warn that
opaque profiling practices can reinforce gender binarism,
undermine autonomy, surveil individuals, and threaten
safety (Hamidi et al., 2018).

The opaque design of social media interfaces further com-
pounds these legal and ethical challenges, often concealing
how gender inferences are made and where they are stored.
In this sense, our results confirm the opacity of social media
UX design when it comes to inferred gender: users find it
challenging to locate where such information is displayed
or to change it. Findings underscore this challenge—many
participants are unaware of their inferred gender until
prompted, and they struggle to navigate the labyrinthine set-
tings to modify it. This surprise indicates that current trans-
parency mechanisms are inadequate; people simply do not
know how these inferences are being made. Even when dis-
closed, the controls are limited: users can edit their assumed
gender in some cases, but they cannot entirely prevent the
profiling without opting out of broad personalization features
(Fosch-Villaronga et al., 2020). Such design choices keep
users in the dark and hinder autonomy.

In light of this opacity, calls for improved transparency
and explainability have emerged as potential solutions to

restore user autonomy and address information asymmetry.
Clear disclosure and explainability around the working of
GCSs about the gender inferences they produce can help
bridge the information asymmetry between companies
and users, putting individuals in a better position to under-
stand and contest how they are categorized (Liitz, 2024). In
theory, this improved transparency could empower some
users to correct misclassifications or demand opt-out op-
tions—a reaction supported by prior work showing that
people who feel surveilled by accurate profiling are more
inclined to adjust their privacy settings or ad preferences
(Zhang et al., 2025). However, our work shows that simply
informing users that a binary gender has been assigned of-
fers little comfort or accuracy for those who do not fit the
binary model, as many systems still only offer and distin-
guish between “male” or “female” categories. While laws
like the GDPR and the EU Al Act mandate transparency
to ensure users are aware of their interaction with an Al sys-
tem and give them rights to access or rectify their data, in
practice, users face notable hurdles in asserting control
over their gender representation. Notably, the EU Al Act re-
quires explainability measures to be implemented into the
design and development of an Al system in such a way as
to ensure deployers can easily understand its operation, in-
terpret its output, and use it appropriately (article 13).
However, this requirement only applies to so-called “high-
risk” Al systems (article 6) and their deployers (Article
3(4)), both of which do not apply to the users of X in any
case. Despite mandated accountability for social media plat-
forms engaging in automated gender classification prac-
tices, our findings suggest a disconnect between these
formal requirements and the reality of an opaque, binary-
focused system that limits users’ practical ability to manage
their own digital identity.

Moreover, our results show that user perceptions regard-
ing gendering practices depend heavily on whether people
are gendered correctly or incorrectly. People who are mis-
gendered find these practices problematic, perceiving
them as a form of discrimination, and feel vulnerable.
However, people who are gendered correctly report indif-
ference (in their own words, they are mostly ‘fine’ with
this practice). In the end, the majority of the people either
provide their gender themselves or are gendered correctly,
which means the group of misgendered people is relatively
small. However, the groups of people that are at risk of
being misgendered are exactly the groups that already are
generally considered more marginalized, such as women
compared to men, non-straight persons compared to straight
persons, and non-cisgender persons compared to cisgender
persons. These vulnerabilities may be exacerbated because
of intersectionality (Weldon, 2008), in which intersecting
and overlapping social identities may amplify issues, such
as privacy issues (e.g. predicting gender that people may
not want to disclose) and discrimination issues (e.g. using
predicted gender as a basis for decision-making). In general,
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GCSs may violate aspects of human dignity, as misgender-
ing may affect perceptions people have regarding their iden-
tity, autonomy, self-esteem, and personal development.
From this perspective, misgendering practices have a
much broader impact than only discriminatory aspects
(Orwat, 2024).

Despite these significant harms, the relatively small size
of the affected population means that platforms and policy-
makers may lack sufficient incentives to enact meaningful
change. Platforms and regulators/legislators are often influ-
enced by the average consumer’s or voter’s views. In demo-
cratic societies, it is essential to focus on majorities and
consider the needs and preferences of minorities, particu-
larly vulnerable minorities (Wheatley, 2005). Also, from a
moral perspective, this is important. Any moral perspective
has as a starting point that the vulnerabilities of others (or,
more in general, the vulnerability of human beings and the
human condition) are taken into account (Frankena, 1973).
From these perspectives, it can be argued that both plat-
forms and governments have a moral responsibility to regu-
late gendering practices in such a way that they prevent
misgendering as much as possible (which might include re-
fraining from these practices or prohibiting them) and to
protect vulnerable groups for which these practices are
problematic and harmful.

In light of these findings, transparency alone may be in-
sufficient to legitimize these practices. While regulators
may focus on ensuring greater transparency and user con-
trol, our results suggest that user perceptions should be
more critical in guiding regulatory interventions.
Misgendering not only reinforces discriminatory outcomes
but also risks deepening social exclusion for already vulner-
able groups. Consequently, policymakers should reassess
the legality of gender inference in certain contexts under
privacy and anti-discrimination laws. This could shift the
debate toward stricter limitations on these practices—such
as implementing opt-out mechanisms, requiring explicit
user consent, or even prohibiting gender classification in
specific contexts—better to protect user autonomy, dignity,
and inclusion. That said, we acknowledge the practical lim-
its of influencing platform behavior—particularly on X,
where recent shifts reflect growing hostility toward gender
diversity. While direct change may be unlikely, document-
ing misgendering remains essential for informing public de-
bate, legal scrutiny, and future platform design elsewhere.

In conclusion, this study has demonstrated that algorith-
mic gender classification on X frequently misgenders mar-
ginalized and minority population groups, with errors
disproportionately affecting women and LGBTQ+ indivi-
duals and those who do not fit within the gender binary.
Our findings reveal that users are not neutral concerning
misgendering awareness; those who experienced misgen-
dering reported heightened aversion toward the platform’s
gender inference practices, often expressing frustration,
harm, and a loss of agency. Knowing they are misgendered

leads to aversion towards gender classification systems.
Importantly, our work illustrates that misgendering is not
merely perceived as a regulatory oversight and technical
failure but as a violation of individuals’ freedom to define
and control their identity. These insights expose the power
asymmetry between users and social media platforms,
where individuals are subjected to opaque gender inference
practices with minimal control or awareness.
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Notes

1. Lesbian, gay, bisexual, transgender, gender diverse, intersex,
queer, asexual and questioning persons.

2. Please note that the three exclusion criteria are not mutually ex-
clusive. This is why, if they are subtracted to the original sam-
ple size, the result is not the same. In this case, 28 respondents
neither provided their prolific identification number nor fin-
ished the survey.

3. Three researchers converted the variable into a 7-point scale.
The open-ended questions were converted into a 7-point scale,
where the categories represent feelings towards 'not being able
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to remove gender from Twitter’. While we did not calculate a
formal intercoder reliability statistic, several steps were taken
to ensure consistency and rigor in the coding process. We de-
veloped and applied a coding framework based on several clear
criteria, including the emotional valence expressed (e.g. nega-
tive, neutral, positive), the intensity of language (e.g. use of
‘very” or “somewhat”), and the overall tone.
Neutral classifications were assigned in cases where evaluative
language was absent or unclear.
4. Raw data is available from the authors upon request.
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