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Abstract

Transphobic rhetoric is a prevalent problem on social media that
existing platform policies fail to meaningfully address. As such,
trans people often create or adopt technologies independent from
(but deployed within) platforms that help them mitigate the effects
of facing transphobia online. In this paper, we introduce TIDEs
(Transphobia Identification in Digital Environments), a dataset and
model for detecting transphobic speech to contribute to the grow-
ing space of trans technologies for content moderation. We outline
care-centered data practices, a methodology for constructing and
labeling datasets for hate speech classification, which we developed
while working closely with trans and nonbinary data annotators.
Our fine-tuned DeBERTa model succeeds at detecting several ide-
ologically distinct types of transphobia, achieving an F1 score of
0.81. As a publicly available dataset and model, TIDEs can serve as
the base for future trans technologies and research that confronts
and addresses the problem of online transphobia. Our results sug-
gest that downstream applications of TIDEs may be deployable for
reducing online harm for trans people.
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1 Introduction

In early January 2025, Meta announced an overhaul of their con-
tent moderation practices, which, in addition to ending their fact-
checking program and introducing a community notes system,
included “getting rid of a number of restrictions on topics like im-
migration, gender identity and gender” [40]. Despite framing the
announcement as an expansion of user freedoms, Meta chose to in-
clude several examples of hateful speech that would now be permit-
ted on Facebook, Instagram, and Threads, including calling trans!
people mentally ill on the basis of their “transgenderism”2[42]. Addi-
tionally, Meta’s new moderation guidelines show that posts calling
trans and nonbinary people “it” [55] or using violent anti-trans
slurs [11] no longer violate their policies. While Meta’s previous
Hateful Conduct policy explicitly acknowledged that hateful speech
online “may promote offline violence” [42], this reference has been
removed.

Meta’s new policies reflect a shifting political climate that in-
creasingly targets trans people. The past few years have marked
a significant increase in the number of anti-trans bills seeking to
restrict trans people’s access to gender-affirming healthcare, bath-
rooms, sports, and other facets of public life [38, 53, 61]. The preva-
lence of anti-trans rhetoric online is on the rise beyond Meta’s
platforms, with accounts like Libs of Tiktok and EndWokeness on
X (formerly Twitter) amassing millions of followers online while
inciting violence against trans people [13]. Trans people are espe-
cially vulnerable to online abuse and harassment, which they face at
higher rates than cisgender people, including cisgender LGBT peo-
ple [58], and they may also encounter general anti-trans rhetoric
during their day-to-day social media use.

While some social media platforms deploy automated content
moderation strategies to address hate speech [28, 31], some anti-
trans content is often unmoderated [30]. In 2023, X removed its pol-
icy against deadnaming trans people and ceased removing tweets
that fall under the category of hateful conduct [57]. Although the
policy was later reinstated [9], this case demonstrates that current
policies meant to protect trans people online are highly unstable,

'We use “trans” to refer to transgender people, including nonbinary transgender
people.

2The term “transgenderism” is associated with anti-trans conservatism, and used to
imply that being trans is an ideology rather than an identity that should be protected
[29].
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and that platforms may adopt anti-trans policies at any time—as
seen with Meta’s policy changes in early 2025. Platform policy
depends on a wide range of factors that rapidly change and, as
such, policy alone is not sufficiently reliable to ensure trans online
safety. Some trans users abstain from certain online platforms in an
attempt to avoid seeing transphobic posts [18], which may impede
them from experiencing social media’s positive effects [12, 67].

Because platforms often fail to effectively moderate anti-trans
content, trans people have developed various mechanisms and tools
to protect themselves from harassment and transphobia online.
For example, some users avoid transphobia by liberally blocking
transphobic users using blocklists (manually or algorithmically
curated lists of users to be blocked automatically) [26, 39]. Though
large transphobia blocklists have been developed and used in the
past [1, 68], the blocklist is a limited tool that is contingent on a
free, publicly-available API, as observed when X blocklists became
obsolete after the platform significantly restricted the features in
its free API tier [71]. In an online landscape that does not prioritize
marginalized users’ safety, many trans people protect themselves
by creating and adopting tools that allow them to choose whose
content they want to see or interact with. As technical, monetary,
and platform-governance related constraints continue to limit trans
people’s ability to remove transphobic users from their feeds, new
technologies are needed to foster trans safety online.

To meaningfully address online transphobic rhetoric, we must
first be able to detect it. While there are existing tools that are fre-
quently used to measure the toxicity of online speech, they are not
currently optimized to identify transphobia in its many different
forms. The Perspective API, a widely-deployed commercial tool for
hate speech detection, performs only slightly better than chance at
identifying trans-exclusionary radical feminist (TERF) transphobic
rhetoric [47], and it cannot distinguish between different kinds
of speech that target distinct marginalized groups. Past work on
transphobia detection in the field of Natural Language Processing
(NLP) has combined the tasks of homophobia and transphobia de-
tection [15, 43], yet these are overlapping but distinct prejudices
with distinct speech. Lu and Jurgens [47] created two models to rec-
ognize TERF transphobia, one which classifies X users and another
which classifies X posts. However, the tasks of detecting general
transphobia and TERF transphobia specifically have not yet been
combined to create a dataset and model that can comprehensively
detect different kinds of transphobia.

To further ongoing efforts to mitigate transphobia online, we
created the TIDEs (Transphobia Identification in Digital Environ-
ments) dataset, which incorporates data from Tumblr, Truth Social,
YouTube, and Reddit, and used it to fine-tune models for transpho-
bic detection. Our best-performing model succeeded in detecting
transphobic rhetoric, attaining an F1 score of 0.81. In building and
creating this dataset, we placed special emphasis on both collect-
ing data that captures the varied kinds of transphobia that trans
people face online and on meaningfully engaging with and fairly
compensating the data annotators. We worked with four trans and
nonbinary data annotators to arrive at a final dataset that was
carefully labeled by people who have personal experience with
encountering and detecting online transphobia. Our work and care-
centered approach have implications for informing research on
transphobia detection and hate speech detection by centering care
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for the needs and experiences of those affected by hateful speech
online.

1.1 Summary of contributions
We make the following contributions:

(1) We present TIDEs, a dataset and model for transphobia de-
tection that can identify a combination of different kinds of
transphobia from a range of different social media sources>.
We also include our codebook from data labeling as a re-

source for future research.

TIDEs can support trans people in doing something that they al-
ready do on a daily basis when they use the internet: classify trans-
phobic content. Transphobic content marks unsafe online territory
that most trans people choose to avoid. Our transphobia classifier
lays the groundwork for future tools and applications that address
this problem, such as new systems that shield or alert users to
transphobic content online or large scale computational analysis of
transphobia on social media.

(2) We introduce the concept of care-centered data practices,
which we define as intentional care practices for working
with data annotators, data collection, and data annotation.
We employed care-centered data practices to create TIDEs
and we detail our processes so that future researchers can
adopt our approach.

The care-centered data practices described in this paper were crucial
to how we approached the task of creating a transphobia classi-
fier. They shaped how and from which sources we collected data,
how we annotated it, and how we engaged and worked with data
annotators. Many of the decisions we made during TIDEs’s devel-
opment (including collecting multi-site data, hiring a trans and
nonbinary annotation team, and holding annotation consensus
meetings that yielded significant discussion) are not commonly em-
ployed in dataset construction and hate speech detection tasks. We
argue that care-centered data practices enrich dataset development
and research on hate speech classifiers within NLP, especially that
which seeks to benefit marginalized communities. Approaching this
work with care is a crucial step in improving dataset construction
and ensuring that researchers involve data workers through fair
labor practices that do not reproduce harm.

2 Related Work

Our paper builds on prior work on trans technologies, online safety
for trans people, and hate speech classifiers by combining the three,
to contribute a new trans technology that is a hate speech classifier
that supplements content moderation efforts. Here we discuss the
various technologies that have influenced and motivate the need
for a robust transphobia classifier.

2.1 Trans Technologies

Trans technologies address issues faced by trans people [33, 36]
and are aligned with the queer notions of transition, multiplicity,
fluidity, and ambiguity [34]. Trans technologies are often born
out of urgent necessity to increase trans people’s safety or access
to basic resources [36]. As a novel tool for improved transphobia

3TIDEs is available at http://www.francescalameiro.com/tides.
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detection online, TIDEs can be deployed in various ways, such
as removing transphobic content from user feeds or conducting
network analyses to understand the spread of transphobic rhetoric.
By creating TIDEs, we advance work that creates safer online spaces
for trans people; thus, TIDEs qualifies as a kind of trans technology.

2.2 Online Safety for Trans People

2.2.1 Transphobia Online and Content Moderation. Trans people
rely on social media to build community [17, 65, 67], find and share
gender-affirming care resources [7], and express their identities
[7, 32]. However, they also encounter harassment and transpho-
bic speech online [19, 58], which may impact how they use and
benefit from social media. Content moderation, widely used on
social media, is a strategy to mitigate online harms. Most platforms
generally screen user-generated content and remove, censor, or
suppress content that they or user-moderators deem illicit [27, 28].

Content moderation currently falls short in the face of perva-
sive anti-trans content online. Platform efforts to moderate hateful
content may simply be insufficient to adequately address it, de-
spite best efforts. Before Meta enacted its new transphobic policies,
the company prohibited slurs, dehumanizing speech that equates
marginalized people to sexual predators and terrorists, promotion of
conversion therapy, targeted misgendering, and other kinds of hate-
ful speech on its platforms [51], but it failed to adequately remove
content that violated these policies [30]. This problem is pervasive
across many platforms; while X’s hate speech policy technically
forbids the targeted usage of the word “groomer” against trans peo-
ple, the platform does little to enforce this rule [14]. Furthermore,
hateful content can remain unaddressed even on user-moderated
platforms like Reddit, which relies on user-driven content moder-
ation, charging a group of users (“moderators”) to moderate each
subreddit [66].

Beyond failing to remove harmful posts, platforms sometimes
change their policies to actively allow or promote hateful content,
as observed by X’s decision deeming “cisgender” a slur [59] and
Meta’s new policies. X not only allows transphobic content to be
prominently displayed, but also censors any posts containing the
word. Additionally, trans and Black users experience dispropor-
tionately high rates of content removal online [35]. Due to poor
content moderation practices, marginalized users often sense that
their best interests are not considered [22, 35, 49]. As such, Thach
and colleagues [69] have introduced the concept of trans-centered
moderation, an approach that seeks to improve content moderation
by centering and addressing the needs of trans people.

2.2.2  Systems for mitigating transphobia. As platforms and official
content moderation strategies and systems are often unable to
protect trans users and in some cases and have actively harmed
them, many trans users use and create third-party systems to protect
themselves online [69].

Shinigami Eyes [41] is a browser extension that marks anti-trans
and trans-friendly social media accounts, pages, and websites by
highlighting them with distinct colors (by default, red for anti-
trans and green for trans-friendly). The creator of Shinigami Eyes
states that it was “created through a mix of manual labeling and
machine learning” [41]. Users can right-click on any online entity to
mark it as anti-trans or trans-friendly. Shinigami Eyes alerts users
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when they come across content that was created by a transphobic
person or source, regardless of whether the specific content they are
seeing is transphobic. The anonymous developer describes being
motivated to combat the increasingly subtle forms of transphobia
that have become more prominent with increased trans visibility,
including trans-exclusionary radical feminism (TERF) [8, 41]. While
transphobic rhetoric from conservatives is usually easy to spot,
transphobia from self-proclaimed feminists or queer people may be
harder to discern [47]. Despite its benefits, Shinigami Eyes does not
prevent the user from coming across transphobic content; rather, it
primes them to be alert to the possibility of transphobic rhetoric
within another user’s post. Additionally, the system’s list of user
classifications is not publicly available, meaning that third parties
cannot validate the dataset or use it to develop new tools. Shinigami
Eyes is also focused on identifying transphobic users or entities,
rather than individual pieces of content or ideas, a limitation that
could be addressed in future work [62].

The Aegis Security System [2, 69] is a content moderation trans
technology that helps to shield online communities from harass-
ment. Aegis enables trans Twitch and Discord communities to
report users who engage in homophobic and transphobic harass-
ment and hate raids, facilitating content moderation for specific
LGBTQ-centered online communities by permanently banning abu-
sive users. Aegis is currently a community-centered, invite-only
system, meaning that an individual user cannot use the system
to block transphobic users. Rather, a Twitch streamer or Discord
moderator must apply to use Aegis in the community that they host.
Nonetheless, Aegis is an exciting tool that can positively impact
trans and queer online communities.

For several years, blocklists served as tools that enabling indi-
vidual users to block large numbers of people online. On Tumblr,
users shared blocklists containing hundreds of TERF users as a way
to avoid contact with TERF communities on the platform [1, 68],
and on X, Erin Reed popularized a transphobe blocklist with over
50,000 accounts and a TERF blocklist with over 200,000 accounts
[60]. Unlike Shinigami Eyes, blocklists are definitive because they
remove a list of targeted users from users’ feeds. However, block-
lists require APIs, and in the past relied on free or low cost API
tiers. When X changed its API pricing model, many user-developed
automated blocklist tools became obsolete. There is no longer a
free, automated way to block new users on X, highlighting the
instability of both platforms themselves and community tools that
rely on mainstream platforms.

TIDEs directly builds on the ideas behind blocklists, Aegis, and
Shinigami Eyes by empowering users to shield themselves and
their online communities from harassment and transphobic speech.
Unlike blocklists, TIDEs can moderate content without relying
directly on unstable tools developed by platforms. Unlike Aegis,
TIDEs can be adopted by individuals, in addition to larger online
communities. Unlike Shinigami Eyes, TIDEs focuses on post-level
rather than user-level transphobia detection, as suggested by [62].
Though each system has advantages and disadvantages, TIDEs
serves as a novel tool for transphobia detection within self- or
community-governed content moderation.
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2.3 Hate Speech Detection

We outline previous work on hate speech classification in the field
of NLP, and some of that work’s shortcomings for the particular
task of transphobia detection.

2.3.1 Hate speech classifiers. In the past eight years, language
models built upon the transformer architecture [70], such as BERT
(Bidirectional Encoder Representations from Transformers) [23]
and RoBERTa (Robustly Optimized BERT-Pretraining Approach)
[45], have been used as powerful base models for a variety of NLP
tasks.

Although fine-tuned models are powerful tools with the potential
to improve hate speech detection and content moderation online,
they have some shortcomings [44]. Racism classifiers, for example,
sometimes disproportionately flag Black users as being racist when
using reclaiming slurs [64]. Effective hate speech detection must
account for marginalized communities reclaiming “offensive” lan-
guage typically used against them [24]. It is crucial that hate speech
detection does not reinforce the very issues it seeks to address by
penalizing marginalized users.

2.3.2 Transphobia Classifiers. Within NLP, a limited body of re-
search has focused on hate speech detection classifiers for transpho-
bia. Chakravarthi et al. [15] conducted a shared task on homophobia
and transphobia detection in social media comments, using a dataset
of mixed Tamil-English YouTube comments labeled as “homopho-
bic,” “transphobic,” or “non-anti-LGBTQ+ content.” This shared
task was part of a broader project aiming to develop hate speech
detection tools for low-resource languages. It includes only 13
“transphobic”-labeled instances in English. The researchers trained
various base models, including BERT [54], RoBERTa [48], and en-
semble models comprised of both BERT, RoBERTa, and HateBERT
[56]. Kumaresan et al. [43] trained similar, YouTube data based
models that detect homophobic and transphobic language in Malay-
alam and Hindi, in addition to English, Tamil, and Tamil-English.
This prior work enables comparison of different base models for
transphobia detection, and lays the ground for future fine-tuned
models trained with larger datasets that solely focus on detecting
transphobia. Researchers have also used machine learning systems
to specifically detect TERF speech [47]. Lu and Jurgens [47] used a
Twitter dataset to successfully detect both TERF users and TERF
rhetoric. This is an important finding, because TERF transphobia is
often characterized by subtle language that can remain undetected
by toxicity detection tools such as Perspective APL

Prior work demonstrates that hate speech detection tools can de-
tect transphobia on social media. We extend it by creating a robust,
multi-domain transphobia dataset and classifier, which includes
both TERF rhetoric and other kinds of transphobia, to improve
transphobia detection, which can help address transphobic speech
online.

3 Method

We describe the process of developing TIDEs, including data collec-
tion, data labeling, and model training. We detail the care-centered
data practices we employed, which impacted the construction of
the dataset and our labeling work with data annotators, and which
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differ from the methods traditionally employed for hate speech
detection tasks.

3.1 Data Collection

To build a dataset that captures a varied sample of online transpho-
bic content, we chose a multi-site approach, gathering text posts
from four social media platforms: YouTube, Reddit, Tumblr, and
Truth Social. These platforms were chosen on the basis of their
popularity and the ease of accessing post data. The dataset contains
YouTube comments on popular trans creators’ videos, Reddit posts
and comments from trans-related and political subreddits, Tumblr
posts with transphobic tags, and Truth Social posts containing the
word “transgender.” The sampling decisions described here were in-
formed by our own understanding of discourses about trans people
online, resulting in significantly different data collection strategies
for each platform. Next, we outline our data collection methods for
each platform.

3.1.1  YouTube. YouTube comments were collected from a dataset
of videos uploaded by 39 English-speaking trans YouTube content
creators with large followings. We sourced this list of content cre-
ators from a study that our colleagues conducted (not yet published),
that asked a large sample of trans young people to list trans content
creators they follow. We collected 38 comments from each content
creator’s most popular video, excluding videos that were not explic-
itly about trans topics.* By focusing on videos about trans topics,
we were able to collect a greater number of comments where com-
menters referred specifically to transness and trans people, both
in transphobic and not transphobic ways. Comments were sorted
and collected by “Most Recent” using the YouTube APL YouTube
sorts comments by “Top Comments” by default, generally display-
ing comments in order of the amount of engagement they receive.
On trans content creators’ videos, the “Top Comments” tend to be
positive comments from fans and other sympathetic viewers. By
instead collecting the most recent comments from each creator’s
most popular trans-related video, we obtained more transphobic
comments.

3.1.2  Reddit. Reddit posts and comments were collected from 25
subreddits. Subreddits fell into four categories: trans-related (n =
16), LGBT-related (n = 3), anti-SJW (n = 3)°, and political discussion
(n = 3) (see Table 3). We selected subreddits using two strategies:
first by consulting community-curated lists of transphobic subred-
dits and second by searching for the keywords “trans” and “gender”
in an archive of all subreddits. While selecting subreddits to col-
lect data from, we loosely categorized them as transphobic or not
transphobic. We do not intend these subreddit categories to pre-
scriptively imply that every user that posts in a specific subreddit
must necessarily be transphobic or not, but rather to source a mix
of transphobic and not transphobic posts.

4For example, if the content creator’s most popular video was a cover of a song and
their second most popular video was about a gender affirming surgery they underwent,
we chose to collect comments from the second video. We define “videos about trans
topics” as videos where the content creator is primarily discussing their trans identity,
social or medical transition, “coming out,” or any other topic linked to their transness.
SSJW stands for social justice warrior, a derogatory term that is used to describe people
who care about social justice. While anti-SJW rhetoric is not necessarily transphobic,
trans people have been associated with the term SJW.
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Out of the 16 trans-related subreddits included, 10 of them were
also categorized as not transphobic and 6 of them were catego-
rized as transphobic. Not transphobic trans-related subreddits like
r/ask_transgender and r/transgender were chosen to represent
posts that discuss trans topics, often shared in online communities
where transphobia is not tolerated. Conversely, transphobic trans-
related subreddits like r/GenderCritical and r/assignedmale
were chosen to represent explicitly transphobic posts, often shared
in online communities where transphobia is not only common but
also what binds the community together in the first place. Out of
the three LGBT-related subreddits included, two of them were cate-
gorized as not transphobic and one was categorized as transphobic.
r/ActuallylLesbian is a transphobic lesbian community subreddit
that explicitly excludes trans women, which led to the creation of
the alternative, trans-friendly subreddits r/ActuallLesbians and
r/ActuallLesbiansOver25. All three anti-SJW subreddits included
were classified as transphobic because they were chosen from the
aforementioned community-curated lists of transphobic subreddits.
However, we acknowledge that anti-SJW subreddits are generally
less transphobic than trans-related transphobic subreddits because
their topic of focus can include but is not necessarily trans people.
Lastly, we did not categorize the three political discussion sub-
reddits as transphobic or not transphobic because they facilitate
political discussions on many topics and welcome diverse opinions.
We chose to collect data from these subreddits to capture general
discussion about trans issues on forums that are not specifically
focused on trans topics. To capture relevant posts from these sub-
reddits, we searched for trans-related keywords (see Appendix).
We chose a mix of general terms related to trans people as well as
terms that have become relevant because of anti-trans news trends.

3.1.3  Tumblr. Tumblr posts were collected from the following tags:
#gender critical, #1gb, #lgbdropthet, #terfblr, #troons, and
#radical feminists do interact. We used Tumblr data to en-
sure that TERF rhetoric would be represented in the dataset, as the
platform has a substantial active TERF community. We did not col-
lect data from the more popular hashtag #terf because, at the time
of data collection, it was being spammed by bots, and the resulting
data was overwhelmingly unusable. Additionally, popular Tumblr
tags tend to get used for posts on a broad range of topics, leading to
less relevant content for the purposes of collecting TERF data. As
such, we chose to begin with #gender critical, a term that has
essentially become synonymous with TERF as the latter term has
gained a negative connotation. From the #gender critical tag,
we selected a few additional tags that were also used in #gender
critical posts. On Tumblr, it is common to use many tags on a
single post to increase its reach and ensure it appears on the feeds
of like-minded users. We collected posts from these TERF-related
tags and excluded any duplicates.

3.1.4  Truth Social. Truth Social posts were collected by running
a search query for “transgender” using the Truthbrush API [50].
We opted for this simple data collection method because Truth
Social, which is owned by Donald Trump’s Trump Media & Tech-
nology Group, is a smaller platform with a majority right-wing and
transphobic user base.
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3.2 Data Labeling

The dataset was labeled by the first author and four data anno-
tators who were compensated at $20/hour. All annotators were
trans or nonbinary social media users. We choose to disclose the
annotators’ background and compensation because we view these
factors as integral to both the construction of a robust dataset and
the well-being of the workers who contributed to it. We sought to
adopt data annotation practices that are congruent with the larger
project of combating transphobia. Thus, we avoided hiring under-
compensated data workers, and instead chose to hire annotators
that could become meaningful members of the project team.

Before hiring each annotator, we screened them for their famil-
iarity with online transphobia by having an initial meeting with
them. We explained the project to each annotator, addressing any
of their questions or concerns and ensuring they understood our
goal and the work’s potential effects on their well-being. Addition-
ally, we ensured that annotators understood that they could stop
working on the dataset at any point without penalty. We discuss the
implementation and implication of these practices of care toward
annotators in the Discussion section.

Each instance in the dataset was labeled by the first author and
one other annotator as “Transphobic” or “Not transphobic.” Figure 1
and Table 2 (in Appendix) describe the characteristics of our dataset
by platform. The “Not transphobic” class includes both posts about
trans and non-trans related topics. After every instance was labeled
by two annotators, they held consensus meetings to discuss discrep-
ancies in these annotations. This process surfaced various kinds
of rhetoric present in the dataset that were particularly difficult to
label as transphobic or not, particularly those that were very bor-
derline transphobic or not. We initially disagreed and then resolved
the discrepancies in labeling on 250 Tumblr instances, 66 YouTube
instances, 99 Truth Social instances, and 128 Reddit instances.

Take, for example, the instance: “I don’t know why people say
he is a girl he looks like a guy” Label: Transphobic. Initially, one
annotator labeled this post as transphobic and the other labeled it as
not transphobic. The first annotator read this post as being about a
trans woman who is being misgendered, while the second annotator
read it as being about a trans man who the poster is defending by
saying he should not be misgendered because he looks like a man.
Without context, we cannot say which reading is correct. However,
we ultimately chose to label this instance as transphobic because
the poster is flippantly discussing and assuming a trans person’s
gender identity from their presentation. At the very least, this is a
misguided and unnecessary way to discuss a trans person and their
appearance, even if it was meant to be affirming.

There were other types of difficult-to-label posts, such as posts
that are overtly anti-men or anti-queer (as a word and identity).
Neither of these sentiments is necessarily transphobic, but anti-men
and anti-queer sentiments are often expressed by transphobic peo-
ple, in both directly and indirectly transphobic ways. Many trans-
phobes choose to express hatred for “men” as a stand-in for trans
women. Some lesbian, gay, or bisexual cisgender people choose to
express their hatred for people who identify as “queer” as a stand-in
for trans people. While annotators reached a final decision for every
instance, challenging posts that fell under topics like these were
additionally coded with descriptive sub-codes [63] representing
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the rhetorical categories they fell under (e.g., “uninformed”, “anti-

man”, “anti-queer”). We further discuss these more granular labels’
purpose and implications in the Discussion section.

3.2.1 Codebook for Transphobic Data Annotation. Before the data
annotation process began, we created a preliminary codebook that
identified basic examples of common transphobic rhetoric (e.g.,
misgendering, calling trans people mentally ill). After hiring data
annotators, we shared this version of the codebook with them,
clarifying that it was not a comprehensive list of all types of trans-
phobia, and encouraged them to contribute to the codebook as they
annotated. Since we worked with trans and nonbinary annotators
because of their understanding and familiarity with online trans-
phobia, we asked them to exercise their judgment when annotating
transphobic instances in the dataset and adding to the codebook.
We have included this codebook in Appendix C.

3.3 Model Training

After finalizing the dataset, we split it into train, development,
and test sets with an 80:10:10 ratio. We tested two models: a Lo-
gistic Regression model and a fine-tuned DeBERTa model [37].
The DeBERTa model was fine-tuned using the AdamW optimizer
[46] with a learning rate of 3.19e-05, weight decay of about 0.07,
and a batch size of 16. The model was fine-tuned over 10 epochs.
For the Logistic Regression baseline, we tokenized the text using
deberta-v3-small’s tokenizer and produced count vectors repre-
senting the resulting lists of tokens. We report the tokens associated
with the highest and lowest coefficients in the Appendix, Table 4.
We compared these models against the Perspective API as a baseline,
using the toxicity and identity attack metrics.

4 TIDEs: a Dataset and Model for Transphobia
Detection in Digital Environments

4.1 Dataset

The final TIDEs dataset (See Table 2, Figure 1) contains a balanced
mix of posts across the two different classes, with 54.8% not trans-
phobic posts (n = 1,907) and 45.1% transphobic posts (n = 1,572), for
a total of 3,479 posts. Truth Social had the highest proportion of
transphobic posts, while Reddit had the highest proportion of not
transphobic instances.

Our diversified data collection methods succeeded in represent-
ing different transphobic ideologies in the dataset. When collecting
data for TIDEs, it was crucial to avoid flattening transphobic data
into one cohesive category. If a transphobia classifier is not trained
on TERF data, for example, it will fail to detect a significant amount
of transphobic rhetoric that greatly impacts trans people. As such,
we have deliberately chosen to outline the goals and process of
collecting data from each source so that we may move toward a
dataset that represents transphobia in its varied and complex forms.
Throughout the process of data annotation, we identified that the
majority of transphobic instances included rhetoric aligned with
three primary groups: right-wing transphobes, TERF transphobes,
and casual transphobes. Truth Social was strongly linked to right-
wing transphobes. These are users who are politically aligned with
the U.S. Republican Party as it is currently led by Donald Trump.
They are transphobes who subscribe to conservative beliefs and

1416

Lameiro et al.

youtbe —

truth social n
reddit 766
0 200 400 600 800 1000
Count
Transphobic @ Not Transphobic

Figure 1: Dataset distribution across source and label

support the numerous legislative attacks on trans people. Simi-
larly, trans-exclusionary radical feminist (TERF) [8] rhetoric was
frequently found in the Tumblr data, and in some Reddit instances.
TERFs tend to be women and associated with the U.S. “left,” self-
identifying as feminist and believing that trans people and “gender
ideology” pose a threat to women and feminism. They often target
trans women specifically. TERFs frequently use coded language
such as “TIM”/“TIF” (trans-identified male/trans-identified female)
and “TRA” (trans rights activist) to derogatorily refer to trans peo-
ple. Lastly, we captured transphobia from casual transphobes, by
which we mean people who hold some transphobic beliefs and may
sometimes express them online, but who are not overtly committed
to spreading transphobic rhetoric directly driven by a strong com-
mitment to far-right conservative beliefs or TERF beliefs. Casual
transphobic rhetoric was most concentrated in the YouTube data,
though it was found across all data sources.

We collected two types of data. First, we collected comments that
are directed or in response to other users: YouTube comments left
on videos (n = 727) and Reddit comments addressing other users’
videos or posts (n = 594). Second, we collected Reddit, Tumblr,
and Truth Social posts meant as general statements, opinions, or
questions (n = 2158).

4.1.1 Additional labeling. Data annotator consensus meetings
highlighted several categories of posts that were difficult to ob-
jectively label as transphobic or not. Take for example “anti-man”
posts, which express negative views about men generally or a given
behavior that a poster may associate with men. Many women and
trans and nonbinary people who are not men may post online about
their frustrations with men in a patriarchal society and, as such, we
chose to label some of these posts as not transphobic. However, this
is a noteworthy example because some TERFs may post about their
grievances with “men” or “males” in a coded manner that refers to
trans women and nonbinary people.

“The sooner you as a Woman accept that males are
biologically incapable of emotional intelligence, love
or empathy; the sooner you set yourself free”
Label: Transphobic
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This post includes no explicit reference to trans people, but because
the use of the terms “males” and “biologically” to state that men
cannot feel basic human emotions, we agreed that this instance
to very likely be transphobic. Even if the text was meant to target
cisgender men and not trans women, there is still a strong impli-
cation of biological determinism and essentialism that is highly
incompatible with trans identity.

In terms of potential applications for TIDEs and what a trans-
phobia classifier should do, we considered that some potential users
may definitely consider “anti-man” posts to be transphobic, offen-
sive, or essentialist, while other users may not mind them at all.
We descriptively coded these instances during consensus meetings
with sub-codes, arriving at the following categories: anti-queer (n
= 16), bio-essentialist (n = 15), uninformed (n = 15), radical feminist
(n = 11), and sex-based language (n = 11).° We chose to add this
layer of qualitative coding to reflect some common characteristics
of different instances in the dataset. Further descriptive coding of
the dataset could allow for more granular labels among and across
the three primary groups of transphobes.

Table 1: Performance on recognizing transphobic posts

Model Acc Prec Rec MacF1 F1
Perspective API  0.63 0.91 0.59 0.60 0.72
(toxicity)

Perspective API  0.71 0.80 0.68 0.70 0.74
(identity attack)

Logistic 0.79 0.87 0.70 0.79 0.77
Regression

DeBERTa 0.82 0.89 0.74 0.82 0.81

4.2 Model Performance

Overall, the TIDEs model succeeded in detecting transphobia in
the dataset, outperforming our baselines. The DeBERTa model
achieved an F1 score of 0.81, with precision of 0.89 and recall of
0.75. The Logistic Regression model attained an F1 score of 0.77,
with precision of 0.87, and recall of 0.70. Using the toxicity metric
on the best-performing threshold (0.1), the Perspective API attained
an F1 score of 0.72, with precision of 0.91, and recall of 0.59. Using
the identity attack metric on the best-performing threshold (0.1),
the Perspective API attained an F1 score of 0.74, with precision of
0.80, and recall of 0.68. Model performance metrics are summarized
in Table 1.

The DeBERTa model outperformed the Logistic Regression
model, indicating that, in come contexts, transphobia is covert
enough that the purely lexical cues in a bag-of-words model do not
sufficiently describe it. Figure 2 shows the model performance on
data from each individual source domain. The model performs best
on Tumblr and Truth Social data and worst on Reddit and YouTube
data, especially on recall. As a comparative baseline, the Perspective
API was able to identify some transphobia when set to a very low
threshold, though it performed worse than the TIDEs model.

These numbers are lower bounds, since we only added these additional codes to posts
that required extra discussion to reach consensus.
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Figure 2: TIDEs model performance on each source domain

Further iteration on the dataset and model would be needed be-
fore it could be deployed for content moderation tasks that remove
or hide content. Table 5 in the Appendix shows some examples of
misclassifications from the testing set. Since our dataset included
a very wide range of rhetoric, the model detects many kinds of
transphobia, but it still struggles to detect transphobia in some
subtle (row 2) or harder to parse (row 1) instances. Conversely,
there were some false positives on shorter posts with less context
(row 4) and similarly on harder to parse posts. Nevertheless, our
metrics demonstrate good performance on a model that combines
many different kinds of transphobic data. TIDEs can detect a high
percentage of transphobic rhetoric, which indicates its potential for
being deployed in limited settings where content is flagged rather
than censored. Model performance was best on the two source do-
mains that had the highest proportion of transphobic data (Tumblr
and Truth Social).

5 Discussion

We outlined the process of creating TIDEs, a transphobia classifier
for social media contexts, through the use of care-centered data
practices. Our model performance metrics demonstrate that a single
classifier is able to detect transphobic rhetoric from a variety of
different sources and actors, highlighting the potential for it to be
deployed to address transphobia across social media contexts, with
some limitations. As a result of our care-centered approach, we
understand transphobic rhetoric online as a multifaceted issue that
can manifest in different forms and contexts, and we capture these
in the TIDEs dataset.

In this section, we discuss both the development and implication
of care-based practices, as well as the contribution of TIDEs as a
publicly available system. We then address limitations and possible
directions for future work.

5.1 Adopting Care-Centered Data Practices

In constructing and labeling the TIDEs dataset, we intentionally
adopted several practices of care [21] that are not commonly used
when building datasets for classifiers. We draw from de la Bella-
casa’s notion of matters of care, which views practicing care as a
collaborative, political, ethical process, and which has inspired new
approaches to data and technology research [10, 20].
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Drawing from our process creating TIDEs we introduce the
concept of care-centered data practices, which span hiring and work-
ing with annotators, collecting data, and labeling data. We define
care-centered data practices as practices grounded in care for a
marginalized group (in this case trans people), and which shape
every stage of the construction of a dataset. Care-centered data
practices allowed us to revisit commonly-used methods in data
work and consider how they could be adapted to better support
trans people in the context of transphobia detection. Next, we dis-
cuss the motivation behind these practices and the benefits that we
observed from their adoption.

5.1.1 Care-centered hiring and working with data annotators. Trans
and nonbinary social media users have significant experience with
encountering online transphobia and, as such, we chose to hire an-
notators from these groups. As researchers conducting work that is
meant to promote inclusion and safety for marginalized communi-
ties, we explicitly chose to ground our work in practices that center
not only annotator expertise, but also their well-being. While we
believe that our care-centered data practices had a positive impact
on the data, resulting in a carefully constructed dataset, our priority
was to ensure that annotators would be safe and comfortable.

Prioritizing annotator well-being can help to mitigate the neg-
ative impacts of hate speech annotation [3]. Annotators were en-
couraged to space out labeling across several sessions and take
frequent breaks [52]. We explicitly told annotators that they could
choose to stop working at any point with no penalty. All of these
decisions helped annotators understand the stakes of their work
and protect themselves. Annotators were meaningfully involved
throughout the entirety of the project; they understood the goal of
the dataset and classifier and how their annotations would be used.
Checking in frequently and working closely with annotators was
crucial for safeguarding their well-being.

During consensus labeling sessions, annotators reflected on their
labeling process and how they throughout, following similar prac-
tices to those highlighted in [6] and [5]. As Andalibi and Forte
[4] have discussed, it is crucial that researchers be aware of the
negative impacts that conducting difficult research may have on
them. While prior work has emphasized the importance of build-
ing peer support networks among researchers [16], we highlight
that data annotators are often not considered part of a research
team, and as such they are excluded from these networks. Research
teams may not consider the impact that hate speech annotation
may have on annotators, not only because annotators are not con-
sidered part of the research team, but also because there is typically
very little interaction between researchers and annotators who
are hired on platforms like Amazon Mechanical Turk. We address
this by not only thinking deeply about and making intentional
decisions to prioritize annotators’ well-being, but also by making
them part of our research team. We encourage research teams who
frequently construct annotated datasets, especially those seeking to
serve marginalized communities, to integrate annotators from the
communities they study into their research teams, and to consider
annotator well-being a central ethical concern.

5.1.2  Care-centered data collection. Detecting transphobia is a
complex task because transphobic actors with varying ideologies
express their transphobia in considerably different ways. Grounded
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in care for trans communities [21], we captured a range of trans-
phobic ideologies by collecting training data from several platforms
with differing post formats and user bases. Through this process, we
were able to include data from right-wing transphobes, TERF trans-
phobes, and casual transphobes. Our approach extends prior work
that has separated these tasks [15, 47] by joining them into one,
thus making it possible to detect complex and varied transphobic
speech.

These data collection decisions are practices of care, because
we approach this research problem in a way that accounts for
the many complex ways transphobia emerges and affects trans
people. Due to the variety of transphobic users’ posts represented,
our dataset contains a wide variety of transphobic arguments with
differing motivations. We avoid thinking of transphobia as a form of
bigotry that is simply expressed and easily recognizable. Instead, we
reckon with the fact that a useful transphobia detection tool must be
developed with an awareness of the idiosyncrasies of transphobia,
so that non-conventional speech does not go undetected. Without
acknowledging the complexity and variety of transphobic rhetoric
online, we would risk creating a classifier that may perform well
in tests, but that cannot be applied in social media contexts to
detect non-extreme forms of transphobia. In this sense, our work is
grounded in a situated understanding of what makes transphobia
complex and difficult to detect, and we plan to grow the applications
of TIDEs beyond the scope of this paper.

5.1.3 Care-centered data labeling. We resolved discrepancies in la-
beling between annotators by holding consensus meetings, where
the two annotators who labeled each portion of the dataset dis-
cussed each specific case where their labels differed. By reading
each of these instances together and discussing them at length,
we reached a carefully constructed final dataset that annotators
fully agreed on, with additional comments on particularly difficult
instances. Spending additional cost and time to reach consensus
on data annotation is not a standard practice in NLP hate speech
classification tasks, but it allowed for deeper engagement with the
data and the data annotators. Further, dedicated discussions that
considered what transphobia is and how it manifests served as
processes that demonstrated care for the annotators and for the
data.

The careful process of creating TIDEs foregrounded the context-
and reader-dependent nature of transphobic rhetoric. We annotated
difficult instances with sub-codes to better capture the data’s com-
plexity. Instead of prescriptively and definitively deciding whether
all “anti-man” or “anti-queer” instances are transphobic or not, we
have labeled these instances as “anti-man” or “anti-queer”, so that
users of the dataset may have access to this additional level of detail.
While every instance has a final “transphobic” or “not transphobic”
label, the instances that yielded further discussion include notes that
users may use as they wish. As such, we contribute a perspective
on data annotation that makes use of qualitative coding methods
(e.g., [63]) and prioritizes careful consideration of trans people’s
varying opinions over arriving at a falsely cohesive understanding
of what is and is not transphobic.

Additionally, considering the potential real world applications of
TIDEs surfaced multiple discussions within our research team about
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the practice of singling out a specific form of bigotry such as trans-
phobia and creating a classifier specific to it. While labeling the data,
we found that many posts, especially on Truth Social, were racist in
addition to being transphobic, or were racist without being trans-
phobic. The majority of these posts were anti-Black and a smaller
number were anti-immigrant. These posts, as well as the general
prevalence of racist rhetoric in the dataset, foreground the impor-
tance of understanding transphobia in conjunction with racism.
Blackness and transness are often lumped together by racists and
transphobes as markers of a progressive society that they are in
ideological disagreement with (e.g. “Why most of terrorist shoot-
ers are blacks and “transgenders”?”). This complicates hate speech
detection tasks like this one, where a single type of bigotry like
transphobia is singled out. As anti-racist researchers, we struggled
to conceive of a transphobia classifier that we would use in our
daily lives that would flag transphobia and not white supremacy.
Additional research on this topic could generate new, more expan-
sive ways of understanding and classifying hate speech in NLP that
can account for the relationship between different kinds of hateful
content.

In conjunction, these three types of care-centered data practices
(while hiring and working with data annotators, while collecting
data, and while labeling data) positively shaped how we engaged
with the process of transphobia detection, and allowed for a more
thoughtful project for the benefit of trans communities. Our work
is grounded both in a situated understanding of what makes trans-
phobia complex and difficult to detect and a perspectivist approach
to data annotation and hate speech classification [25]. While many
kinds of speech are undoubtedly transphobic, care for trans people
entails reckoning with the different experiences and perspectives
within the trans community, which in turn shape how different
trans people understand transphobia.

5.2 Public data and models for transphobia
detection

By creating TIDEs, we sought to release a model that can serve as the
basis for future work that addresses the issue of online transphobic
rhetoric. Our goal is not only to demonstrate that different kinds of
transphobia can be detected by the same model, but also to share
that model with researchers and people who wish to build upon
it. Some of the motivation for the creation of TIDEs came from
conversations with other researchers at the intersection of trans
studies and technology about how useful a tool like this would be
for many different applications. We view TIDEs and systems like
it as potential crucial points of intervention for users facing hate
speech in day-to-day social media use. It is for this reason that we
chose to finetune our own model with the input of trans and non-
binary people, instead of simply using the API of a commercial large
language model. This system can be improved upon, iterated on,
and used to develop tools to address transphobia detection without
relying on companies or services that may become hostile against
trans people in the future. We will build on this work in the future
by working with trans social media users to co-design a browser
extension that makes use of TIDEs.

One of the primary challenges with hate speech detection is
the quick pace at which new coded language develops on social
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media. Our dataset contains many context-dependent posts that
we identified as transphobic because of their relevance in current
transphobic discourse. New transphobia campaigns will continue to
emerge, and with them new language that our current dataset is not
trained on. To address this challenge and continue to improve the
dataset, we will implement a community labeling feature for TIDEs
(similar to the one employed by Shinigami Eyes) in our future trans
technology that uses TIDEs to alert users of transphobic content.
This will allow users to label transphobic posts that they come
across that are not adequately flagged by the model. Moving toward
community-centered labeling and moderation practices is crucial
for creating systems that can last beyond a few months and be used
in real-world contexts. This is a form of trans-centered moderation
[69], and a research space that we hope will continue to grow.

Our practices in developing and releasing the TIDEs dataset and
model reflect our commitment to conducting research that centers
and benefits trans social media users. We sought to create a realistic
and multi-site dataset of online transphobia, and we are choosing to
share it publicly to encourage future work that builds and improves
upon TIDEs. This trans-centered research is, first and foremost,
about creating tangible tools that can help trans people experience
a less toxic internet.

5.3 Limitations

TIDEs as an intervention is focused on individual responses to trans-
phobia in the face of a lack of protection from platforms. Our work
here is not centered around proposed changes to platform policy
that would significantly shift how platforms handle transphobia.
As such, even if TIDEs is used in the future to create a novel tool
that helps protect trans social media users from toxicity by hiding
it or flagging it through an interface, the transphobic content in
question would still be present on the platform.

Additionally, transphobic discourse online is a manifestation of
transphobia as a structural form of oppression. While we believe
that there is value to deploying technological tools for transphobia
detection, we acknowledge that this is a limited response to a prob-
lem that cannot be simply addressed through technology. We strive
to achieve balance between addressing the root causes of prevalent
issues such as transphobia while also developing technology that
works to alleviate or address the immediate effects of transphobic
speech online.

6 Conclusion

TIDEs makes a contribution to trans-centered content moderation
efforts by serving as a novel tool for transphobia detection which
we hope to build on and share with other researchers. Throughout
its development, we adopted practices of that allowed us to engage
with the data and annotators through a lens of care for trans people.
This contributed to a rich dataset that surfaces interesting and
useful data without sacrificing annotator well-being. Ultimately,
our work is a step toward developing trans technologies that can
work for trans people and address transphobic content online.
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A Dataset Characteristics

Table 2 provides the distribution of annotations across source do-
mains. Table 3 lists the broad categorizations that were used in
identifying subreddits (see §3.1.2).

Table 2: Dataset distribution across source and label

Source Transphobic  Not transphobic ~ Total
Youtube 135 592 727
Tumblr 464 409 873
Truth Social 850 140 990
Reddit 123 766 889
Total 1572 1907 3479
Table 3: Subreddit categories
Subreddit Community Category

actual_detrans
ask_transgender

Trans-related (not transphobic)
Trans-related (not transphobic)

gender Trans-related (not transphobic)
GenderCynical Trans-related (not transphobic)
genderfluid Trans-related (not transphobic)
trans Trans-related (not transphobic)
transgender Trans-related (not transphobic)
Transgender_Surgeries Trans-related (not transphobic)
TransSpace Trans-related (not transphobic)
TransSupport Trans-related (not transphobic)
assignedmale Trans-related (transphobic)
Gender_Critical Trans-related (transphobic)
GenderCritical Trans-related (transphobic)
GenderCriticalGuys Trans-related (transphobic)
GenderCynicalCritical =~ Trans-related (transphobic)
TumblrAtRest Anti-SJW

TumblrCirclejerk Anti-SJW

TumblrInAction Anti-SJW

actuallesbians LGBT-related (not transphobic)
ActualLesbiansOver25  LGBT-related (not transphobic)
Actuallylesbian LGBT-related (transphobic)
Ask_Politics Political discussion

Askpolitics Political discussion

politics Political discussion

B Keywords used for political subreddits

“gender identity” , “gender ideology” , “nonbinary” , “non-binary” ,
“gender dysphoria”, “gender-affirming care”, “transphobia”, “trans-
phobic”, “pronouns”, “bathroom bills”, “sports bans”, “trans health-
care bans” , “puberty blockers” , “hormone replacement therapy” ,
“HRT”, “transition-related care” , “detransition” , “detransitioners” ,
“drag queens”, “trans kids” , “parental rights” , “grooming” , “woke
ideology”, “biological sex” , “indoctrination” , “radical gender the-
ory”, “protect our children”, “parental consent” , “J.K. Rowling” ,
“Matt Walsh” , “the Trevor project”, “terf” , “drag queen story”
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C Codebook

Instructions given to annotators: Here are some broad categories for
transphobic speech. Please keep in mind that this list is incomplete.
You should use your own judgment and expertise when labeling,
and you should add categories and examples here if you encounter
them.

Pronouns/Names

e Misgendering

e Deadnaming

e Making light of pronouns (e.g., complaining about or mock-
ing pronouns)

e Improper language: “transgenders,” “
sexual,” “transvestite.” “cross-dresser”

o Implying that trans people are deceptive, hiding their identi-
ties, or “in disguise”

transgendered,” “tran-

Medical

e Hateful comments about medical transition

o Referring to transition as mutilation

e Invasive questions about a person’s transition (e.g., asking
or speculating on whether someone has undergone specific
procedures)

e Concerns about medical interventions for trans children (e.g.,
“save the children” rhetoric) or claims that those performing
gender-affirming healthcare are harming children

Religious
e Associating trans identity with sin, hell, demons, etc.

o Religious shaming (e.g., telling trans people to find God, or
that they will not go to Heaven)

TERF Rhetoric

e Terms like “TIMs,” “TIFs,” “TRAs,” or “gyns”

e “Concerns” about transition

e “Sex is real” as code for “only sex matters,” and therefore
trans identity is not real or valid

e Calls to abolish gender when the intent is to erase trans

people

Dogwhistles

e “What is a woman?”
e “41%, a transphobic joke referencing a statistic on the trans
suicide rate

General Hateful Conduct

e Wishing harm upon trans people
e Associating trans people with violence, crime, or deviance
e Statements like “There is no such thing as transgender”

Political

e Statements like “Transgender isn’t in the Bill of Right” used
to justify that trans people “don’t exist”

e Concerns about a liberal “transgender agenda,” “transgen-
derism,” or “gender ideology”
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e Positive reactions to anti-trans legislation or news

e Making assumptions about the gender identities of politi-
cians or engaging in “transvestigation”

e Conspiracy theories about trans people, such as:

— Claims that “the FBI threatened a nurse who accused the
nation’s largest children’s hospital of illegally billing tax-
payers for transgender medicine”

— Mention of a so-called “trans program” (e.g., unfounded
theories like imagining a “Charles Xavier school for trans

people”)

News Media

o If there is a headline with no context, evaluate the headline
itself:

— Is the headline transphobic or perpetuating a transphobic
narrative? For example, if the headline is about a crime
committed by a trans person, does it explicitly draw atten-
tion to the trans person’s identity in a way that implies
that they committed that crime because of their identity?
If so, label it as “transphobic.”

— Otherwise, (for example, if the headline is about a trans
athlete going to the Olympics and it does not use trans-
phobic terms) mark it as “not transphobic””

D Logistic regression features

The highest weighted features (positive and negative) from the
logistic regression model are given, along with model coefficients,
in Table 4.

Table 4: Top 10 strongest tokens associated with the trans-
phobic (left) and not transphobic (right) classes.

Feature Coefficient Feature Coefficient
transgender 291 good -1.08
attracted 1.22 choice -1.18
cult 1.21 stupid -1.17
gb 1.15 ban -1.14
follow 1.12 materialism -1.06
rad 1.08 desire -0.98
fem 1.06 respect -0.96
month 1.05 surgeries -0.96
gy 1.04 rules -0.95
disgusting 1.03 let -0.94
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E Model performance

E.1 Misclassifications

Table 5 provides four representative examples of model misclassifi-

cations.

Table 5: Examples of model misclassifications

Label

Pred.

Post content

Trans-
phobic

Trans-

phobic

Not

Not

Not

Not

Trans-

phobic

Trans-
phobic

“she is very mature, whether she has a male
voice or not i see her as a woman because she
was assigned that gender at birth, hope shes
doing better now”

“To just swap at will would be pretty cool,
you’ve got to admit. Anyway I've completely
lost track of everything, does transgender mean
anything anymore? If they are going to receive
adequate help then there needs to be some
agreement on what is dysphoria/ transgender
and what severity is worth any treatment”
“Fun fact, the Nazis targeted transgender folks
as well. So MAGAs hateful crusade against
them is 100% on point for being the fascists
they are”

“You are transgender, right?”

E.2 Cross-source testing

We also experimented with iteratively holding out one source do-
main during training, given the importance of the different forms
of transphobia expressed on each platform. Hyperparameter tuning
in this case involved 10 trials for each model, rather than 25. Results
are given below in Table 6.

Table 6: Performance of the best model trained on only the
other three sources for each source.

Source Accuracy MacroF1 Weighted F1 ~ F1

YouTube 0.71 0.63 0.69 0.46
Tumblr 0.53 0.53 0.52 0.48
Truth Social 0.43 0.40 0.50 0.54
Reddit 0.27 0.21 0.12 0.43
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