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Abstract

Many online hate groups exist to disparage others based on
race, gender identity, sex, or other characteristics. The ac-
cessibility of these communities allows users to join multiple
types of hate groups (e.g., a racist community and a misog-
ynistic community), raising the question of whether users
who join additional types of hate communities could be fur-
ther radicalized compared to users who stay in one type of
hate group. However, little is known about the dynamics of
joining multiple types of hate groups, nor the effect of these
groups on peripatetic users. We develop a new method to clas-
sify hate subreddits and the identities they disparage, then
apply it to understand better how users come to join differ-
ent types of hate subreddits. The hate classification technique
utilizes human-validated deep learning models to extract the
protected identities attacked, if any, across 168 subreddits.
We find distinct clusters of subreddits targeting various iden-
tities, such as racist subreddits, xenophobic subreddits, and
transphobic subreddits. We show that when users become ac-
tive in their first hate subreddit, they have a high likelihood
of becoming active in additional hate subreddits of a differ-
ent category. We also find that users who join additional hate
subreddits, especially those of a different category develop a
wider hate group lexicon. These results then lead us to train
a classification model that, as we demonstrate, usefully pre-
dicts the hate categories in which users will become active
based on post text replied to and written. The accuracy of this
model may be partly driven by peripatetic users often using
the language of hate subreddits they eventually join. Over-
all, these results highlight the unique risks associated with
hate communities on a social media platform, as discussion
of alternative targets of hate may lead users to target more
protected identities.

Introduction
Recently, there has been extensive work documenting on-
line hate communities and the impact that they have on the
users of social media platforms (Schmitz et al. 2024; Russo
et al. 2023). Such research is motivated by the combination
of substantial increases in hate crimes (Federal Bureau of In-
vestigation 2021), and the observation that radicalized indi-
viduals attribute their beliefs to online sources (Jensen et al.
2018). Much of the existing literature in this domain pro-
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vides either case studies of individual communities (Chan-
drasekharan et al. 2017; Schmitz et al. 2024; Russo et al.
2023) or broad analyses of groups centered around a com-
mon theme, such as the manosphere (Ribeiro et al. 2021).
Additionally, although prior work observes strong user over-
lap between manosphere and alt-right communities (Mamié,
Horta Ribeiro, and West 2021), such research does not show
how the themes discussed in these groups are influenced by
the users active in both communities.

Here, we extend the existing research corpus by curating
a comprehensive dataset of 168 hate subreddits and using
predictive models and clustering techniques to group them
by ideology (racist, misogynistic, xenophobic, transphobic,
homophobic, Islamophobic, antisemitic, ableist, and general
hate). In these subreddits, we analyze peripatetic users who
participate in multiple categories of hate subreddits, attempt-
ing to characterize them and understand the impact that they
have on Reddit’s ecosystem of hate. Our research questions
are as follows:

RQ1 Are users who participate in one hate community
likely to participate in hate communities of other types?

RQ2 What characteristics distinguish peripatetic and non-
peripatetic users?

RQ3 How might joining additional hate communities af-
fect user behavior?

RQ4 Given that a user has already participated in a hate
community, can we predict the types of hate communi-
ties in which they will participate in the future?

Our findings help answer each respective research ques-
tion: (RQ1) Using matched-pair analysis, we find that par-
ticipation in a given hate subreddit is associated with joining
other hate subreddits at a rate roughly two times higher than
that of matched users. (RQ2) Using BERTopic (Grooten-
dorst 2022) and lexicons of ingroup language, we find that
peripatetic users introduce into their initial subreddit topics
of discussion from the categories in which they eventually
participate. For example, a user who initially posts only in
a misogynistic subreddit, but subsequently also posts in a
racist subreddit, is more likely to introduce language charac-
teristic of racist subreddits into the misogynistic subreddit.
(RQ3) We find that users who join additional hate subred-
dits use lexicons associated with these newly joined subred-
dits. The result are more pronounced when users join hate

Proceedings of the Nineteenth International AAAI Conference on Web and Social Media (ICWSM 2025)

786



subreddits of a category that differs from that of the first
subreddit they joined. (RQ4) Finally, we develop a model
to predict the subreddit categories these peripatetic users
will join. This task is challenging, as we are differentiating
among users who already exhibit signs of hostility. We find
that the language of users who eventually become peripatetic
is strongly associated with the subreddit categories that they
subsequently join.

Overall, our results offer a novel perspective on how hate
communities may converge and become more “general” in
an online environment as a result of peripatetic user ac-
tivity. All data and code are in the following repository
https://github.com/dan-hickey1/peripatetic-hater.

Figure 1: UMAP plot of hate speech distributions for each
subreddit. Each point represents a subreddit, and their color
corresponds with the K-means cluster they have been as-
signed to.

Related Work
Types of Online Hate Communities
We begin our exploration of online hate communities by
building on other scholars’ prior research into specific cat-
egories of such communities; below we outline these cate-
gories and review work that has examined them.

Misogynist. Extensive work has investigated the various
identities targeted by online hate communities. One of the
most widely studied groups is the manosphere, a collec-
tion of communities centered around misogyny and anti-
feminism (Marwick and Caplan 2018; Habib, Srinivasan,
and Nithyanand 2022). Despite sharing this common theme,
there is a diversity of ideologies within the manosphere. In-
cels, for example, believe they are incapable of finding a
sexual or romantic partner, and blame women and society
for their misfortune (Daly and Reed 2022). This is in con-
trast with pick-up artists, who discuss strategies for seducing
women, and “men going their own way” (MGTOW), who
voluntarily decide to be celibate as they believe they should
distance themselves from women (Lin 2017). A recent anal-
ysis shows MGTOW and incel communities are growing in
popularity and are more toxic than other manosphere com-
munities, which are decreasing in popularity (Ribeiro et al.
2021). Critically, members of incel communities have en-
gaged in mass shooting events (Barcellona 2022).

Anti-LGBTQ. Anti-LGBTQ communities are also preva-
lent on the internet, including trans-exclusionary radical

feminists (TERFs), an anti-transgender group. TERFs gen-
erally subscribe to a binary view of gender that is aligned
with biological sex (disregarding intersex individuals), and
see transgender people as a threat to women’s spaces (Jones
and Slater 2020). Scholars have demonstrated flaws in such
discourse and the harm it produces (Williams 2020). TERF
communities have been present on Reddit in the past, with
r/GenderCritical being the most prominent (Tiffany 2020).
Previous work has found these communities to be more toxic
than mainstream feminist communities (Balci et al. 2023),
and models have been built to automatically identify the dis-
course employed by them (Lu and Jurgens 2022).

Racist/xenophobic. Racist groups have been highly
prevalent on the internet, and on Reddit in particular (Chan-
drasekharan et al. 2017), as have a class of online groups
known collectively as the alt-right, an extreme political
movement that gained popularity through its utilization of
the unique characteristics of social media (Winter 2019).
The alt-right believes that the cultural identity of white in-
dividuals is at risk, with movements for social justice and
political correctness being seen as principal threats (Center
2023). Alt-right online communities have radicalized users
in part through the use of memes (Dafaure 2020), with
one analysis showing that communities linked to the alt-
right have a strong influence on the spread of memes in the
larger web ecosystem (Zannettou et al. 2018). The misogy-
nist movement “GamerGate” helped the alt-right movement
gain adherents (Bezio 2018), demonstrating a relationship
between seemingly distinct types of hate.

Radicalization Pathways and Gateway
Communities
Radicalization is explicable in terms of a number of
sociological and psychological effects (Borum 2011;
Maskaliūnaitė 2015; Neo 2016), which include: uncer-
tainty reduction (Hogg, Kruglanski, and van den Bos 2013),
achieving significance (Kruglanski et al. 2014), and the need
to be popular (Siegel et al. 2011). A recent study theo-
rized that many users initially participate in extreme polit-
ical subreddits as they are disillusioned with a polarized po-
litical landscape and desire to hold beliefs outside of main-
stream political viewpoints (Mann et al. 2023). Additionally,
a study that found highly-upvoted posts on r/The Donald
were likely to contain anti-Muslim sentiment argued that
the high number of upvotes normalized such viewpoints,
strengthening the bonds of the ingroup as they united against
an “other.” (Gaudette et al. 2021). A substantial corpus of ex-
isting research examines the micro-scale processes that drive
people to radicalization. At the level of categories of online
groups, scholars have studied whether certain communities
are “gateways” to more extreme communities, such as the
connection between the intellectual dark web and the alt-
right (Ribeiro et al. 2020), or between the manosphere and
the alt-right (Ribeiro et al. 2020; Barcellona 2022). Other
studies measure traits indicative of user radicalization or ex-
tremism that are adopted by members of certain hate groups,
finding that such traits increase once users participate in
hate subreddits (Habib, Srinivasan, and Nithyanand 2022;
Schmitz et al. 2024). Recommendation algorithms mean-
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while may not necessarily contribute significantly to radical-
ization as users who consume extreme content on YouTube
are driven to do so by external sources, and are characterized
by high racial and gender resentment even before engaging
with such content (Chen et al. 2023).

Movement Among Online Communities
A growing body of literature is devoted to understanding
how users participate in multiple communities on the same
platform. One theme in this research is the attempt to un-
derstand inter-community conflict, where members active
in one community make posts in other communities in or-
der to attack them (Efstratiou et al. 2023; Datta and Adar
2019). Some authors speculate that mass migrations of users
among communities on Reddit may disrupt the linguistic
evolution of destination communities, potentially influenc-
ing their likelihood of being banned (Habib et al. 2021).
More generally, Rollo et al. (Rollo et al. 2022) devise a
model of “attention flow” to quantitatively describe how
users on Reddit shift their focus among subreddits over time.
Scholars have also built models to predict whether users will
participate in particular online communities (Jin, Lee, and
Cheung 2010; Debaere, Coussement, and De Ruyck 2018),
with, for example, one study finding that the social support
that users in an online health community receive is predic-
tive of their remaining in that community (Wang et al. 2017).

The present study builds on previous research by examin-
ing a multitude of hate communities while assessing the con-
nections among all of them. In addition, we describe the ten-
dency of users to subsequently join specific additional hate
communities after initially joining a given hate community,
and measure the user behavior that predates such additional
participation. Finally, we build a model to predict which new
hate subreddits users will join.

Methods
Collecting a Dataset of Hate Subreddits
To properly understand how different categories of hate
subreddits influence each other, we define a set of hate
subreddits that promulgate hate for a variety of identities.
While researchers have previously curated exhaustive lists
of subreddits that represent a particular ideology, such as the
manosphere (Ribeiro et al. 2021) or the alt-right (Mamié,
Horta Ribeiro, and West 2021), there currently exists no
comprehensive dataset of hate subreddits that captures the
diversity of ideologies that can be observed on the platform.
We therefore create a large dataset of hate subreddits, each
labeled by the identity or identities that it targets. Our pro-
cess consists of first collecting a wide set of subreddits that
are likely to be hate subreddits, detecting the targets of hate
in each subreddit, and clustering subreddits together that
contain hate speech of similar types.

To identify potential hate subreddits, we collect curated
lists from various sources. First, we find lists of hate subred-
dits or banned subreddits previously identified in the litera-
ture (Mamié, Horta Ribeiro, and West 2021; Ribeiro et al.
2021; Vidgen et al. 2021; Schmitz et al. 2024). As these pa-
pers cite subreddits such as r/AgainstHateSubreddits to find

potential hate groups, we supplement these lists with more
subreddits by searching “list of hate subreddits” on r/Again-
stHateSubreddits and finding each post listing hate subred-
dits within the first 100 search results as of October 2023.
We then collect the entire history of comments and submis-
sions from each potential hate subreddit using the Pushshift
API (Baumgartner et al. 2020). All subreddits with fewer
than 1,000 users are removed from further analysis in or-
der to have sufficient data for each subreddit, this choice re-
moves less than 2% of all users in the dataset. Additionally,
as many banned subreddits could be unrelated to hate (such
as subreddits concerned with the black market), one annota-
tor (who is also an author of this paper) viewed 10 random
comments and 10 random submissions from each subreddit,
filtering out subreddits that were clearly unrelated to hate. At
the end of this process, 168 subreddits remained. The links
to all subreddits analyzed, as well as the finalized list of sub-
reddits, are available in the repository.

We next define identities targeted in each hate subred-
dit based on groups identified in United States federal hate
crime law 1, where a hate crime is defined as “a crime mo-
tivated by bias against race, color, religion, national origin,
sexual orientation, gender, gender identity, or disability.” We
then further divide the “religion” category into two cate-
gories, representing hate speech directed at Jews and hate
speech directed at Muslims, respectively, as hate speech di-
rected at these groups often additionally targets their race or
national origin. Our final list of hate speech categories thus
consists of antisemitism, Islamophobia, ableism, misogyny,
xenophobia, racism, homophobia, and transphobia.

To find the prevalence of each category targeted in each
subreddit, we train a hate speech detection model using the
Measuring Hate Speech corpus (Sachdeva et al. 2022a). The
Measuring Hate Speech corpus consists of 50k posts col-
lected from X, YouTube, and Reddit. Each post has been
coded by multiple annotators as to the identities targeted by
the post, as well as whether the post constitutes hate speech
(under several different levels/definitions of hate speech).
To train our prediction model, we use the Demux architec-
ture, a multi-label transformer-based architecture that gen-
erates embeddings for the names of labels, leveraging as-
sociations between related labels to improve prediction per-
formance (Chochlakis et al. 2023). The names of the labels
are prepended to each input sequence, and the text of the
posts and labels are embedded using BERT-base. We note
that after analyzing 50 posts per subreddit using the Google
Translate API 2, the average percentage of English posts per
subreddit is 97%, implying an English-language BERT is
appropriate.

These embeddings are input into a two-layer neural net-
work with the sigmoid activation function applied to gen-
erate predictions. The model is fit using the binary cross-
entropy loss function. We use a hidden layer size of 128,
a dropout value of 0.1, and the Tanh activation function
in the hidden layer based on similar hyperparameters that

1https://www.justice.gov/hatecrimes/learn-about-hate-crimes,
accessed 15 Sep, 2024

2https://cloud.google.com/translate, accessed 15 Sep, 2024
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achieve high performance on this exact dataset (Sachdeva
et al. 2022b), and we noticed minimal changes in perfor-
mance when testing other values for the hyperparameters.
As a baseline, we also train a basic BERT model with the
same hyperparameters and compare the performance of the
two models. We train both models using an NVIDIA RTX
A6000 GPU.

Given that the “targeted identity” labels in the Measuring
Hate Speech corpus are only intended to capture whether
an identity group is mentioned by a post and not whether
that post constitutes hate speech(Sachdeva et al. 2022b), we
combine a model to predict identity group label with other
labels from the measuring hate speech corpus (negative sen-
timent, disrespect, insults, attacks on identity groups, and
a canonical “hate speech” label). Based on the annotations
described below, we found that the best performance was
obtained using a model that defines hate against a targeted
identity as one that detects both negative sentiment and a
targeted identity in the text. All reports of model perfor-
mance and analyses are therefore generated using this clas-
sifier. Other labels (i.e., disrespect, etc) yield similar results.
To illustrate that these classifiers are similar, we display the
matrix of Spearman correlations among the predicted prob-
abilities of these classifiers in Table 5.

To validate our method of detecting hate speech, three
human annotators, fluent in English, labeled 10 comments
and 10 submissions each from a set of 25 random hate sub-
reddits. The annotators assessed the number of comments
and submissions containing hate speech in each category for
each subreddit. To determine whether a given post consti-
tutes hate speech, the annotators referred to the United Na-
tions’ definition of hate speech3. The annotators achieved a
Krippendorff’s alpha score of 0.52 (Hayes and Krippendorff
2007), implying relatively poor inter-rater reliability, con-
sistent with other papers on hate speech (Vidgen et al. 2021;
Sachdeva et al. 2022a), and indicative of the difficulty to as-
sess identities targeted. For each category, we calculate the
R2 value between the average values of human annotations
and the number of posts predicted as hate speech for that cat-
egory by Demux. Demux confidence thresholds for negative
sentiment and identity targeted are varied to maximize the
F1 score of predictions on the test set of the Measuring Hate
Speech corpus. Table 3. To obtain estimates of uncertainty
for the performance of our classifier, we train the model five
separate times, using a different random split of 70% train-
ing data, 15% testing data, and 15% validation data each
time. The thresholds that have the highest average F1 score
across all five runs are chosen. When comparing predictions
obtained via these thresholds to our human annotations, we
obtain an average R2 value of 0.49. The R2 values of each
category, as well as the values obtained using alternative hate
speech detection approaches, are listed in Table 4.

In addition to using thresholds that maximize F1 scores
in the Measuring Hate Speech corpus, we also consider the
thresholds that maximize the average R2 value of human an-
notations. This results in an average R2 value of 0.77 across

3https://www.un.org/en/hate-speech/understanding-hate-
speech/what-is-hate-speech, accessed 15 Sep, 2024

all categories. However, it is unknown whether the perfor-
mance of these thresholds will generalize to the subreddits
in our sample beyond the random 25 subreddits that we an-
notated, as the selected thresholds may be overfit to this set
of subreddits. Given that it is unclear which set of thresholds
will generalize to our entire set of subreddits, we repeat all
downstream analyses using the set of thresholds that opti-
mize the average R2 value.

To separate these subreddits into distinct categories, we
employ k-means clustering. For each subreddit, we sample
and annotate 1K comments and 1K submissions. Each sub-
reddit is assigned a vector of length eight, where each entry
represents the proportion of posts targeting at a given iden-
tity. Because some categories, misogyny in particular, had
a high false positive rate, we transform each estimate into
a z-score where z0̄ means the proportion of posts targeting
an identity is exactly the mean proportion of posts targeting
that identity across all subreddits. We run the k-means algo-
rithm for values of k ranging from two to twenty and choose
the number of clusters that yield the highest silhouette score
(eight clusters). The z-scores for each cluster are shown in
Figure 2 and a UMAP plot of the distributions of identities
targeted for each subreddit is shown in Figure 1. If we vary
the model thresholds to maximize the R2 scores and cluster
subreddits we find qualitatively similar clusters where the
adjusted mutual information score between two sets of clus-
ters is 0.62. We repeat all downstream analyses using this set
of clusters and observe qualitatively similar results.

We release the set of subreddits, their clusters, and the
average number of posts containing hate speech of each
category for each batch of posts, available at the follow-
ing URL: https://github.com/dan-hickey1/peripatetic-hater.
Upon publication, we intend to adhere to FAIR principles
(FORCE11 2020) by making the data publicly available and
easily accessible via GitHub. The data will be in a widely
used format (CSV) or accessible via public repositories.
Caution should be exercised when using the dataset, as sev-
eral subreddit names contain offensive phrases directed to-
ward marginalized groups.

We label as peripatetic users those individuals who post
in an alternative category of hate subreddit at some point af-
ter their initial post in a given hate subreddit. Because we
seek to explore predictive markers of such peripatetic be-
havior after users have already participated in an antisocial
environment, we restrict our focus to users who post in an
alternative category of hate subreddit within six weeks of
posting in their first hate subreddit, as we believe early peri-
patetic behavior will be more closely linked to the text ex-
pressed in the initial stages of hate subreddit participation.
For robustness, we also show in the Appendix our results
when setting the threshold to six months and when not set-
ting any threshold.

As automated accounts are likely to be ubiquitous across
categories of subreddits but are not relevant to the ques-
tions at hand, we filter out probable bots from our dataset.
Our method follows Schmitz et al. 2024 and is performed
by removing accounts with the following keywords: “bot,”
“auto,” “transcriber,” “gif,” “link,” and “twitter.” (Broadly,
these qualitatively appear to remove many bot accounts. Or-
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Figure 2: Z-scores of the identities attacked in each cluster. Clusters are titled by the category of hate with the highest z-score
(most over-represented).

ganic accounts may include some of these words, such as
Twitter, but we find the word “twitter” is so rarely used,
∼ 100 accounts, as to not affect results either way). In to-
tal, our dataset contains approximately 4.2M users, 226K of
whom post in an alternate category of hate subreddit within
six weeks of their first post in a hate subreddit, and 3.3M of
whom only post in one category of hate subreddit. We report
more detailed statistics in Table 2.

User Matching
To understand whether users who initially post in hate sub-
reddits are at risk of becoming engaged in hate subreddits of
other types, we employ a process to match each user from
a given hate subreddit (a “joiner”) with a similar “counter-
part” user who did not engage in a hate subreddit before
the joiner, as described in Schmitz et al. 2024. While we
cannot answer whether joining one hate subreddit will lead
a user to join a different type of hate subreddit, matching
members of hate subreddits to users who are similar pro-
vides a strong baseline for assessing whether there is sub-
stantial overlap among the user bases of hate subreddits. Our
matching process is summarized as follows: For each hate
subreddit, we find non-hate subreddits in which users from
the given hate subreddit are most active relative to the total
size of the subreddit and then sample potential counterparts
from those subreddits. Each user from the hate subreddit is
matched to a counterpart using Mahalanobis distance match-
ing. For a given hate subreddit, we only consider users who
have posted in the subreddit as their first hate subreddit. The
features used to measure the Mahalanobis distance between
users are each user’s total Reddit “karma” (the number of
total upvotes minus the number of total downvotes they re-
ceive on their posts), their total number of submissions, their
total number of comments, their account creation date, and
the total number of posts they made in the top 50 non-hate
subreddits in which the members of the given hate subred-
dit were most active. For each counterpart user, all features
were measured before the month the joiner posted in the hate

subreddit. From these sets of users, we calculate the propor-
tion who post in subreddits of a different type than the given
hate subreddit that are joined within our chosen time thresh-
old of six weeks following the users’ first post in the given
subreddit. We report the proportions for each category of
subreddit as a whole. As counterpart users by definition do
not participate in the hate subreddit of their treatment coun-
terpart, we record whether or not they become active in a
different type of hate subreddit within the same time period
as the hate subreddit user to whom they are matched.

In addition to quantifying the level of movement across
subreddits through sets of matched users, we also calculate
how likely users are to move to a certain category of sub-
reddit given their original category. For each category, we
calculate the proportion of peripatetic users who eventually
move to each alternate category divided by a preferential at-
tachment null model (Barabási and Albert 1999) in which
peripatetic users join a category proportional to its number
of users. This process provides us with a ratio for each pair
of origin and destination subreddits, where a value greater
than one indicates an unexpectedly greater influx of users
from the origin subreddit category, and a value less than one
indicates an unexpectedly smaller influx.

Peripatetic Users and Ingroup Language
To explore how ingroup language spreads among subreddits,
we use the Sparse Additive GEnerative (SAGE) model of
text to extract keywords characteristic of each community
(Eisenstein, Ahmed, and Xing 2011). To find the words most
characteristic of a set of subreddits, SAGE compares the text
from the subreddit to a baseline corpus. For each category
of hate subreddit, we obtain the top 300 most characteristic
words from SAGE, using the text from the other categories
combined as a baseline corpus.

Using the lexicon of ingroup language associated with
each category of hate subreddit, we seek to understand how
users who post in multiple categories of hate subreddits in-
troduce such language to different types of communities.
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We identify the hate subreddit category each user first posts
and the category they will eventually post in within six
weeks. We then compare the language employed by peri-
patetic users in the first three days and prior to posting in
other hate subreddits to the language used by those who ex-
clusively posted within a single category in the first three
days. This threshold captures users’ initial post behavior af-
ter adopting the initial subreddit but long before moving to
a new hate subreddit category. To check robustness, we also
collected all posts from users after joining the first hate sub-
reddit but before posting in any other hate subreddit cate-
gory. All results from these variations are qualitatively sim-
ilar, as shown in the Appendix.

For each combination of origin and destination subred-
dits, we count the number of terms used from the lexicon
of the destination category relative to the number of terms
used from all other categories. These are counted separately
for peripatetic users and non-peripatetic users. By counting
the number of terms associated with each category, we are
able to calculate the odds ratio that a peripatetic user em-
ploys terms from their destination category within the orig-
inal category before they posted in the destination category,
relative to non-peripatetic users. We assess the statistical sig-
nificance of differences in language use between users who
will eventually become peripatetic and those who will not
via Fisher’s exact test. As there are some pairs of subred-
dits with relatively few peripatetic users, which can result in
noisy odds ratios, we only report odds ratios for pairs of sub-
reddits in which there are more than 20 peripatetic users that
move from the origin subreddit to the destination subreddit.

We also measure the relative increase in ingroup language
use from an alternate category after peripatetic users become
active in said alternate category. For each peripatetic user,
a symmetric window of time is used to measure behavior
before and after becoming peripatetic (e.g., if a user posts
in a misogynistic subreddit three weeks after posting in a
racist subreddit, their behavior in that three weeks is mea-
sured as the “before” period and their behavior three weeks
after posting in the misogynistic subreddit is measured as
the “after” period).

Extracting Topics of Discussion Used by
Peripatetic Users
In addition to understanding how content associated with
hate subreddits in which peripatetic users eventually post
appears in their postings in their initial community, we
are also interested in the general themes expressed by
peripatetic users, unbounded by a specific source. To un-
derstand these themes, we employ topic modeling using
BERTopic (Grootendorst 2022). BERTopic uses pre-trained
transformer models to embed text, then clusters those em-
beddings to form topics. The topics are then summarized
using the highest TF-IDF words for each cluster. For each
hate subreddit, we fit a topic model using the first three days
of posts for each user and prior to joining another subred-
dit category. As a preprocessing step, we remove URLs and
the strings “[deleted]” and “[removed]” from all posts. Posts
containing only URLs or these strings were removed from
the dataset entirely. We use the “outlier reduction” feature of

BERTopic to assign posts that were not assigned to a topic
when initially fitting the model to the closest topic based on
the cosine similarity of the text embeddings. We then merge
the topic models of all subreddits of the same category. After
merging the topic models, we count the number of posts in
the top 100 topics that peripatetic users and non-peripatetic
users employ. For each topic, the odds of a peripatetic user
making a post that fits within the given topic are calculated
relative to the odds of a non-peripatetic user making a post
on the same topic. When comparing the odds ratios of topics,
only topics that appear in at least ten percent of the subred-
dits within the given category are considered, as some topics
may come from individual subreddits that are more or less
likely to contain peripatetic users.

Predicting Participation In Hate Subreddit Types
To probe the dynamics wherein users join additional cat-
egories of hate subreddits, we initially seek to establish
whether certain factors are predictive of a user joining a dif-
ferent category of hate subreddit in the first place. Specifi-
cally, as we establish how language spreads among the cate-
gories of hate subreddits, we are interested in how the text to
which users are exposed, and the text that they themselves
employ, is indicative of their participation in each type of
hate subreddit. To examine the text to which users are ex-
posed, we utilize the posts to which the user replies, as we
are confident that the user has read these posts. However, it is
important to note that this approach a) excludes a great deal
of text that the users likely read within the given subreddit,
and b) may reflect self-selection, as the text to which users
reply is likely to be especially related to their interests. We
frame this as a multi-label classification problem, where we
build a neural network trained on the embeddings of each
type of text, and have the neural network predict whether
a user subsequently joins a subreddit in each category. The
ground truth labels are thus binary labels indicating whether
a given user posted in each subreddit category within six
weeks of participating in their first hate subreddit. The text
each user writes or replies to in any subreddit within three
days of posting in their initial hate subreddit (including their
first post in that subreddit) and prior to joining a new hate
subreddit is embedded and fed into our model as input fea-
tures (we explain embedding below).

As we are primarily interested in users posting in other
categories of subreddits, and not continuing to post in their
original category, we do not consider a user making mul-
tiple posts in their original category as a positive example.
Using this strategy, we compile a dataset of approximately
100k randomly sampled users, 70% of which was used for
training, with 15% being used each for validation and test-
ing. As some categories (ableist and antisemitic) have very
few examples of peripatetic users, we exclude them from
the prediction model. In total, the model therefore predicts
six categories.

For each user in the dataset, all of the text that they post
in their initial subreddit category is chronologically concate-
nated into the same document, with each post separated by
the [SEP] token. The text to which the users reply is sep-
arately concatenated in the same way. Each document is
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embedded into a 768-dimensional vector using Longformer
(Beltagy, Peters, and Cohan 2020). The vectors are then con-
catenated, resulting in a 1,538-dimensional input layer for
the neural network. As some data are missing from Pushshift
(Gaffney and Matias 2018), there are some cases in which all
of the posts to which a user replied could not be retrieved;
in those cases, a single token (‘UNK’) was used as a place-
holder for the parent text. The category of subreddit in which
each user initially posted, as well as the categories in which
the users to whom they replied posted prior to their interac-
tion, are input as a one-hot encoding vector into the neural
network at the second layer. The final neural network has
three layers, with 780 dimensions in the second layer (where
12 of the input features derive from the one-hot encoding de-
scribing the initial subreddit and the subreddits of the parent
users) and 384 dimensions in the third layer (i.e., each inter-
mediate layer divides the number of features from the text
vectors by a factor of two, with additional features in the
second layer due to the one-hot encoding). At each hidden
layer, a dropout of 0.6 is used, as well as the leaky ReLU
activation function. The sigmoid activation function is used
at the final output layer, and the model is fit with the binary
cross-entropy loss function. We perform the training on an
internal computing cluster using an NVIDIA RTX A6000
GPU.

In addition to training a model utilizing both the context
and author vectors, we train a model utilizing each vector
independently. The same activation functions and dropout
values are used, and the number of dimensions is divided by
the same factor within each intermediate layer.

Finally, as there is variation in the performance of
the model among individual runs, we take random splits
of training, validation, and testing. This entails using
a different seed for the Python library, sklearn’s
train test split function. After each new split, we
train the model to calculate the ROC-AUC. This is per-
formed 50 times to determine the mean and standard errors
of the ROC-AUC. In addition, we only report performance
for each category considering users who did not originate in
that category, as we do not consider movement within the
same category.

Results
Subreddit Clustering.Figure 2 shows the average number
of posts predicted as hate speech for each cluster identified
by the k-means algorithm. From the distributions, it is clear
that the clusters mostly align with individual bias categories,
such as race or gender. However, some categories exhibit a
combination of bias categories: whereas the “general hate”
category is not particularly high in any bias category, the
“anti-LGBTQ” category is high in both homophobia and
transphobia. With the exception of these categories, we re-
fer to each category of subreddits as the highest-scoring bias
category in each subreddit. The counts of subreddits and
users per cluster are displayed in Table 2. Figure 1 shows
the distributions of average hate scores for each subreddit
plotted in two-dimensional space. Observing the plot, the
categories form distinct clusters.

Upon qualitative inspection of the subreddits within each
cluster, they seem to thematically fit with the types of hate
predicted as most prevalent within each cluster. For example,
the anti-LGBTQ cluster contains TERF subreddits such as
r/GenderCritical or homophobic subreddits such as r/homo-
phobes. The general hate cluster contains edgy humor sub-
reddits such as r/CringeAnarchy and r/ImGoingToHellFor-
This, and the xenophobic cluster contains subreddits such
as r/The Donald which express strong anti-immigrant senti-
ment. The racist cluster contains subreddits such as r/Great-
Apes and r/CoonTown, in which anti-Black racism is fre-
quent.

Figure 3: Proportion of users who post in alternative subred-
dit categories within six weeks after becoming active in their
initial hate subreddit category. Error bars represent standard
errors.

RQ1: Users who participate in one type of hate sub-
reddit are likely to subsequently participate in hate sub-
reddits of another type. Figure 3 displays the proportion of
newcomers who post in hate subreddits with matched treat-
ment/counterpart pairs. It is apparent that, on average, the
users who post in each hate subreddit subsequently partici-
pate in many more subreddits of another type than do users
who do not post in the given hate subreddit (two times higher
depending on the type of subreddit; unweighted mean across
all eight categories: 2.1). Using the two-proportion Z test to
assess differences between treatment and counterpart groups
for each category, we find that the observed results are ex-
tremely unlikely to happen by chance, with p-values < 10−5

for each result.
RQ1: Categories of hate subreddits show preferences

for other categories.Figure 4A displays the rate at which
members who originate in each subreddit category subse-
quently post in other categories of subreddits. From the fig-
ure, it is apparent that, for most categories, users are more
likely than chance to participate again in the category they
originated in. Additionally, antisemitic, racist, Islamopho-
bic, and xenophobic subreddits exhibit higher user overlap
with each other than expected by chance. Users in the ableist
category show a preference for general hate subreddits and
vice versa.
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Figure 4: Heatmaps representing peripatetic user behavior (A) Rate of users from the original subreddit type that subsequently
posted in the alternate subreddit. (B) Odds ratios of peripatetic vs. non-peripatetic users using language from the alternate
hate subreddit lexicon within the origin subreddit type. (C) Change in use of language from alternate hate subreddit lexicons
after posting in alternate hate subreddits. In (B) and (C), cells with numbers in them represent statistical significance (p-values
< 0.05).

RQ2: Users who will become peripatetic introduce
language associated with alternate hate subreddits to the
hate subreddit category in which they initially posted.
Figure 4B displays the odds of peripatetic users posting ma-
terial, in the category to which they first contributed, that
employs language common in the peripatetic user’s sub-
sequent subreddit category, relative to the odds that non-
peripatetic users employ such language in the first category.
The heatmap reveals that, for the most part, the results are
statistically significant and are associated with peripatetic
users employing more ingroup language associated with the
destination subreddit relative to non-peripatetic users. While
there are some pairs of categories where we observe the op-
posite result, these tend not to be statistically significant.

RQ2: Peripatetic users discuss specific topics at dif-
ferent rates than non-peripatetic users. Figure 5 displays
the ten most common topics within each category of sub-
reddit. Among these topics, it is apparent that many of the
topics are related to the bias categories identified by our hate
speech detection model. For example, the top topic in the an-
tisemitic category is represented by the word “holocaust.” In
the misogynistic category, discussions about feminism, and
perceived attractiveness, and topics represented by misogy-
nistic slurs are among the most frequent. In contrast, the gen-
eral hate category contains discussion about various identi-
ties, including topics related to race and feminism.

The topics that peripatetic users are most and least likely
to address relative to non-peripatetic users are depicted for
each category in Figure 6. In general hate subreddits, top-
ics represented by misogynistic slurs, and those discussing
incels or relationships are most highly associated with peri-
patetic activity, indicating that the users discussing these
topics may later move to subreddits in the misogynistic cate-
gory. Meanwhile, the topics most positively associated with

peripatetic haters in the racist subreddits are comparatively
more extreme than those more likely to be employed by non-
peripatetic users. In the Islamophobic category, topics rep-
resented by misogynistic slurs and the word “girl” are more
likely to be used by peripatetic users.

RQ3: Joining additional hate communities is associ-
ated with users developing a broader hate-group lexicon.
Complementing these results, Figure 4C shows the odds ra-
tio of ingroup language after users join other hate subred-
dits (either of the same or a different category). These re-
sults show that peripatetic users have a broader hate group
lexicon. We caution that this result is not causal, as we do
not have a control group of users who do not join addi-
tional hate subreddits. These results nonetheless motivate a
root concern: not only is joining one hate subreddit harm-
ful (Schmitz, Burghardt, and Muric 2022; Schmitz et al.
2024), but joining additional subreddits presents compound-
ing harm to users. In addition to exploring the change in
language use of peripatetic users, we also considered their
changes in activity rates. However, we found no significant
difference in activity rates before and after users became
peripatetic, nor was the change in peripatetic users’ activ-
ity substantially different from the activity of non-peripatetic
users who continued posting in their original category.

RQ4: The text that users post, and to which they reply,
is predictive of whether they will post in additional cate-
gories of hate subreddits. Table 1 lists the performance for
our model predicting whether a user will post in a given cat-
egory of subreddit distinct from their initial category. “Tar-
get” refers to posts made by the user for whom the prediction
is being made, while “context” refers to posts to which they
reply. Uncertainties represent standard errors. For almost all
categories of subreddits, the model performs best when sup-
plied with text written by the users and the text to which they
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Figure 5: Most frequent topics by category of subreddit. The number of posts within each topic is displayed on the x-axis of
each figure. Stopwords were removed from topic representations.

ROC-AUC
Category All Target Context

General hate .62 +/- .002 .60 +/- .002 .58 +/- .002
Misogynistic .61 +/- .002 .60 +/- .003 .56 +/- .003
Anti-LGBTQ .63 +/- .009 .63 +/- .009 .58 +/- .009

Racist .68 +/- .009 .66 +/- .009 .60 +/- .010
Xenophobic .67 +/- .002 .65 +/- .002 .58 +/- .003

Islamophobic .67 +/- .006 .64 +/- .006 .62 +/- .006

Table 1: Model performance.

replied, compared to either input type in isolation. Notably,
the text and metadata of posts users write is more predictive
of peripatetic activity than the text and metadata of the users
to whom they reply.

Discussion
This study provides a comprehensive view of the user dy-
namics among multiple types of hate communities on Red-
dit. These results suggest that hate manifested in the cur-
rent historical moment among English-speaking users of this
platform can be categorized into eight dimensions roughly
reflecting each major identity from federal definitions of tar-
geted groups. While these results largely corroborate the
federal targets of hate, we acknowledge that there could be
more identities that we did not capture. How this generalizes
to other social media, and how it relates to psychological
perceptions of hate, constitute rich avenues for future work.

Importantly, our results indicate that users who initially
participate in one hate community are prone to participate
in additional categories of hate communities and that par-
ticipating in additional categories of hate is associated with
a broader hate group lexicon. Using AI tools, we are able

to predict which users will join additional hate communities
compared to baselines. Part of this predictive power may be
because, from the outset, users who will become peripatetic
employ more of the language associated with the other hate
communities that they will eventually join. Below we dis-
cuss the possible implications of these results concerning
how hate communities can influence each other online.

RQ1: users are likely to participate in multiple com-
munities of hate. Figure 3 shows that users who originate
in one type of hate community are more likely to partici-
pate in an alternate type of hate community than are similar
users who did not participate in the original hate community
type. This result implies that each type of hate community
serves as a “gateway” to other hate communities. In other
words, the presence of each type of community could fur-
ther amplify the growth of the others, as their user bases
appeal to each other. The preferences certain types of hate
communities have for each other provides insight into why
this may be. For example, racist, xenophobic, antisemitic,
and Islamophobic subreddits all have strong user overlap
with each other, likely because these types of hate are sim-
ilar in that they tend to attribute deprecated characteristics
to these essences. For example, hate speech directed at Jews
and Muslims will often target their perceived race or national
origin along with their religious identity.

Future work should explore the reasons why users from
each category of hate are more likely to join other hate sub-
reddits – for example, due to recruitment (Russo, Ribeiro,
and West 2024). Additional research is also needed to de-
termine whether hate group categorizing could help identify
previously unknown active hateful communities or clusters,
possibly leading to quicker moderation.

RQ2: characteristics distinguishing peripatetic and
non-peripatetic users. Given the results displayed in Fig-
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Figure 6: Topics with the five highest/lowest log-odds ratios of use between peripatetic users and non-peripatetic users. Positive
values indicate topics that are over-represented among peripatetic users. Topics with an adjusted p-value greater than 0.05 ac-
cording to Fisher’s exact test are lighter to show statistical insignificance. Stopwords were removed from topic representations.

ure 4B, it is tempting to conclude that joining additional hate
groups leads peripatetic users to import hate terms and ideas
when posting in the subreddit in which they first became
active. We explored this possibility, but could not find con-
clusive evidence of the causal direction. Two non-mutually-
exclusive explanations therefore seem plausible: 1) users
who become peripatetic were interested from the outset in
the hate categories of the subreddits that they eventually
joined, or 2) users who eventually post in other subreddits
may have been consuming content from those subreddits
long before they first contributed to them, hence said con-
tent may have influenced their posts in the first subreddit
that they joined. Regardless of which of these various pos-
sibilities applies, given that a) social influence likely occurs,
and b) consuming content from, and contributing content to,
multiple communities is facilitated by their presence on a
single platform, the harm posed by hosting multiple types of
hate communities on one platform may be greater than the
sum of the harm posed by each community. In this scenario,
hate subreddits serve as recruitment venues for each other,
both enhancing the growth of their respective user bases and
leading to a convergence of hate beliefs over time. Finally,
our work on movement complements prior work on under-
standing the formation of collective identity within these
groups (Gaudette et al. 2021). Future work could explore
how collective identity affects the likelihood that users be-
come peripatetic.

RQ3: Joining additional hate communities may fur-
ther radicalize users. Figure 4C shows an increase in peri-
patetic users’ use of terms associated with the additional cat-
egories of subreddits they join. This may imply that users
internalize the language of these various dimensions of hate.
These features could be a first sign that users may join ad-

ditional hate groups (Schmitz et al. 2024) and is consistent
with, although not proof of, theories that propose social net-
works act as a net to drive individuals to deeper forms of rad-
icalization (Borum 2011; Maskaliūnaitė 2015; Neo 2016).
Furthermore, other theories explore why people join extreme
communities in the first place (Mann et al. 2023). Future
work could explore whether the motivations for participating
in hate communities put forth by these theories play a role
in differentiating peripatetic and non-peripatetic hate users.

RQ4: Predicting peripatetic movement. Table 1 illus-
trates our model’s prediction performance for the types of
hate subreddits users that will eventually join. The relatively
poor performance of the model suggests that stochastic or
unobservable factors strongly influence who becomes a peri-
patetic hater. Nonetheless, for each category, performance
is above the baseline, indicating that peripateticism is not a
purely stochastic decision. Users are either partly motivated
to join based on their past multi-hate category opinions rep-
resented in writing, or their writing indicates that they are
more vulnerable to being influenced to join other types of
hate. This technology is the first step towards understanding
users’ motivations for joining multiple hate subreddits and
sheds light on where interventions designed to reduce the
harm of hate subreddits might most productively focus.

In sum, our exploration of the dynamics of users in Red-
dit hate communities reveals the existence of both hazards
and opportunities. On the one hand, these dynamics sug-
gest that, over time, online hate groups might converge or
coalesce, potentially both accelerating their growth and in-
creasing the probability of tangible offline harms. On the
other hand, understanding the movement of users among
hate communities and how peripatetic users introduce lan-
guage that cross-fertilizes hate groups may aid in develop-
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ing avenues for both identification and intervention aimed at
inhibiting the growth and coalescence of hate communities,
thereby curtailing the spread of hateful beliefs and reducing
the risk of offline harms.

Limitations and Future Directions
While our study effectively categorizes hate subreddits and
demonstrates processes of content diffusion across these cat-
egories, there are still notable limitations to our work. First,
our hate detection methodology could be improved, espe-
cially for transphobia. Our results may also vary with al-
ternative models we did not test, and these results may not
generalize to non-English hate subreddits. Our model also
lacks exhaustive analysis of hyperparameter tuning. While
we found that the variations explored so far do not substan-
tially change results, a more exhaustive analysis could im-
prove the model further. Finally, while we filter out likely
bots from our dataset, we do not distinguish between users
who post in support of a group’s ideology and users who
employ counterspeech (Mathew et al. 2019).

Future work can expand on our results by exploring mo-
tivations for joining additional hate subreddits in greater de-
tail. For example, a stronger and more explainable predic-
tive model, which explains why the model made the predic-
tions it did, could help platforms develop proactive content
moderation strategies by reducing problematic content on
social media before it has been disseminated (Habib et al.
2021). Additionally, as prior research shows that the pro-
portion of users in a given subreddit who previously posted
in banned subreddits is predictive of whether that subreddit
will be banned in the future (Habib et al. 2021), future work
can more closely investigate how peripatetic users may con-
tribute to subreddit bans.

Acknowledgements
The authors would like to thank Hillel Cogan, Emily Had-
dad, Derrick Liu, Daniel Penn, Rafael Arellano, and Dan
Faltesek for their valuable work annotating hate speech.

References
Balci, U.; Ling, C.; De Cristofaro, E.; Squire, M.; Stringhini,
G.; and Blackburn, J. 2023. Beyond Fish and Bicycles: Ex-
ploring the Varieties of Online Women’s Ideological Spaces.
In WebSci, 43–54. ACM.
Barabási, A.-L.; and Albert, R. 1999. Emergence of Scaling
in Random Networks. Science, 286(5439): 509–512.
Barcellona, M. 2022. Incel violence as a new terror-
ism threat: A brief investigation between Alt-Right and
Manosphere dimensions. Sortuz, 11(2): 170–186.
Baumgartner, J.; Zannettou, S.; Keegan, B.; Squire, M.; and
Blackburn, J. 2020. The Pushshift Reddit Dataset. CoRR,
abs/2001.08435.
Beltagy, I.; Peters, M. E.; and Cohan, A. 2020. Long-
former: The long-document transformer. arXiv preprint
arXiv:2004.05150.
Bezio, K. M. 2018. Ctrl-Alt-Del: GamerGate as a precursor
to the rise of the alt-right. Leadership, 14(5): 556–566.

Borum, R. 2011. Radicalization into violent extremism I: A
review of social science theories. JSS, 4(4): 7–36.
Center, S. P. L. 2023. Alt-right. https://www.splcenter.org/
resources/extremist-files/alt-right. Accessed: 2024-09-01.
Chandrasekharan, E.; Pavalanathan, U.; Srinivasan, A.;
Glynn, A.; Eisenstein, J.; and Gilbert, E. 2017. You Can’t
Stay Here: The Efficacy of Reddit’s 2015 Ban Examined
Through Hate Speech. CSCW, 1(CSCW).
Chen, A. Y.; Nyhan, B.; Reifler, J.; Robertson, R. E.; and
Wilson, C. 2023. Subscriptions and external links help drive
resentful users to alternative and extremist YouTube chan-
nels. Science Advances, 9(35): eadd8080.
Chochlakis, G.; Mahajan, G.; Baruah, S.; Burghardt, K.;
Lerman, K.; and Narayanan, S. 2023. Leveraging label cor-
relations in a multi-label setting: A case study in emotion.
In ICASSP, 1–5. IEEE.
Dafaure, M. 2020. The “great meme war:” The alt-right and
its multifarious enemies. Angles. New Perspectives on the
Anglophone World, (10).
Daly, S. E.; and Reed, S. M. 2022. “I think most of society
hates us”: A qualitative thematic analysis of interviews with
incels. Sex Roles, 86(1-2): 14–33.
Datta, S.; and Adar, E. 2019. Extracting inter-community
conflicts in Reddit. In ICWSM, volume 13, 146–157.
Debaere, S.; Coussement, K.; and De Ruyck, T. 2018. Multi-
label classification of member participation in online inno-
vation communities. Eur. J. Oper. Res., 270(2): 761–774.
Efstratiou, A.; Blackburn, J.; Caulfield, T.; Stringhini, G.;
Zannettou, S.; and De Cristofaro, E. 2023. Non-Polar Oppo-
sites: Analyzing the Relationship Between Echo Chambers
and Hostile Intergroup Interactions on Reddit. In ICWSM,
volume 17, 197–208.
Eisenstein, J.; Ahmed, A.; and Xing, E. P. 2011. Sparse ad-
ditive generative models of text. In ICML-11, 1041–1048.
Federal Bureau of Investigation. 2021. Federal Bureau of
Investigation Crime Data Explorer. https://cde.ucr.cjis.gov/
LATEST/webapp/#/pages/explorer/crime/hate-crime. Ac-
cessed: 2025-04-05.
FORCE11. 2020. The FAIR Data principles. https://force11.
org/info/the-fair-data-principles/. Accessed: 2025-04-05.
Gaffney, D.; and Matias, J. N. 2018. Caveat emptor, compu-
tational social science: Large-scale missing data in a widely-
published Reddit corpus. PloS one, 13(7): e0200162.
Gaudette, T.; Scrivens, R.; Davies, G.; and Frank, R. 2021.
Upvoting extremism: Collective identity formation and the
extreme right on Reddit. New Media & Society, 23(12):
3491–3508.
Gebru, T.; Morgenstern, J.; Vecchione, B.; Vaughan, J. W.;
Wallach, H.; Iii, H. D.; and Crawford, K. 2021. Datasheets
for datasets. Communications of the ACM, 64(12): 86–92.
Grootendorst, M. 2022. BERTopic: Neural topic model-
ing with a class-based TF-IDF procedure. arXiv preprint
arXiv:2203.05794.
Habib, H.; Musa, M. B.; Zaffar, F.; and Nithyanand, R. 2021.
Are Proactive Interventions for Reddit Communities Feasi-
ble? arXiv preprint arXiv:2111.11019.

796



Habib, H.; Srinivasan, P.; and Nithyanand, R. 2022. Making
a Radical Misogynist: How online social engagement with
the Manosphere influences traits of radicalization. CSCW,
6(CSCW2): 1–28.
Hayes, A. F.; and Krippendorff, K. 2007. Answering the call
for a standard reliability measure for coding data. Commu-
nication methods and measures, 1(1): 77–89.
Hogg, M. A.; Kruglanski, A.; and van den Bos, K. 2013.
Uncertainty and the Roots of Extremism. JSI, 69(3): 407–
418.
Jensen, M.; James, P.; LaFree, G.; Safer-Lichtenstein, A.;
and Yates, E. 2018. The use of social media by United States
extremists. START, 1–10.
Jin, X.-L.; Lee, M. K.; and Cheung, C. M. 2010. Predicting
continuance in online communities: model development and
empirical test. BIT, 29(4): 383–394.
Jones, C.; and Slater, J. 2020. The toilet debate:
Stalling trans possibilities and defending ‘women’s pro-
tected spaces’. The Sociological Review, 68(4): 834–851.
Kruglanski, A. W.; Gelfand, M. J.; Bélanger, J. J.; Sheve-
land, A.; Hetiarachchi, M.; and Gunaratna, R. 2014. The
psychology of radicalization and deradicalization: How sig-
nificance quest impacts violent extremism. Political Psy-
chology, 35: 69–93.
Kumarage, T.; Bhattacharjee, A.; and Garland, J. 2024. Har-
nessing Artificial Intelligence to Combat Online Hate: Ex-
ploring the Challenges and Opportunities of Large Lan-
guage Models in Hate Speech Detection. arXiv preprint
arXiv:2403.08035.
Lin, J. L. 2017. Antifeminism online. MGTOW (men going
their own way). Bielefeld.
Lu, C.; and Jurgens, D. 2022. The subtle language of ex-
clusion: Identifying the Toxic Speech of Trans-exclusionary
Radical Feminists. In WOAH, 79–91.
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Appendix
Additional robustness checks
GPT-4 Prompting

In addition to using Demux to detect targeted identities in
hate subreddits, we explored the possibility of using GPT-
4, as it has been shown to perform well on the task of
hate speech detection (Kumarage, Bhattacharjee, and Gar-
land 2024). For each type of hate speech, we prompt GPT-4
to count the number of posts containing that type of hate
speech in batches of 10 with the following string:

Below is a collection of 10 Reddit posts that may or
may not be attacking someone because of their [BIAS
CATEGORY]. Please respond with the number of
these posts that are very clearly [TYPE OF HATE
SPEECH]. Do not include anything else in your re-
sponse:
[LIST OF POSTS]

Additionally, we test the performance of a prompt de-
signed to detect individual posts:

Below is a Reddit post that may or may not be attack-
ing someone because of their [BIAS CATEGORY].
Please respond with “Yes” or “No.” Is this post very
clearly [TYPE OF HATE SPEECH]? Do not include
anything else in your response:
[POST]

Table 4 shows the performance of both these approaches
on the set of hate subreddits we manually annotated for
hate speech. Across the board, GPT-4 performs better when
predicting the number of posts containing hate speech
rather than predicting whether individual posts contain hate
speech. While GPT-4 exhibits comparable performance to
Demux, we opt to use Demux as it is less expensive.

Subreddit clusters using thresholds that optimize R2.
As mentioned earlier in the text, we do not know which

approach for determining which thresholds to use from
our hate speech detection model generalizes better to our
broader set of hate communities: using thresholds that max-
imize R2 values on the data we annotated or using the
thresholds that maximize the F1 score on the Measuring
Hate Speech corpus. For this reason, we repeat our analy-
ses with both methods. When clustering the subreddits using
the thresholds that maximize the R2 value, we find largely
the same categories as the thresholds that maximize the F1
score on the Measuring Hate Speech corpus. The only dif-
ference is that the “anti-LGBTQ” cluster is split up into two
clusters: a “transphobic” cluster and a “homophobic” clus-
ter. Additionally, we noticed many dark humor subreddits
appearing in the transphobic cluster (along with TERF sub-
reddits). These dark humor subreddits are classified as gen-
eral hate subreddits when using the thresholds that maximize
the F1 score. Therefore, as the categorization obtained by
the threshold that maximized the F1 score fit better with our
ethnographic understanding of the subreddits in our dataset,
we chose to report the results obtained from this method in
the main text of our paper. The results of all analyses are
qualitatively similar between the two methods.

Figure 7: Average effect sizes of Figure 3 when considering
different time thresholds for peripatetic users. Effect sizes
are calculated as the proportion of joiners that post in an
alternate category of hate subreddit within the time threshold
divided by the proportion of matched counterparts that post
in an alternate category of hate subreddit within the time
threshold. Error bars represent standard errors.

Varying time thresholds for peripatetic activity.
Figure 7 shows the average effects of our matched-pairs

analysis (Figure 3) when varying the time threshold consid-
ered (i.e., what proportion of users post in an alternate hate
subreddit within x weeks of posting in their first hate sub-
reddit?). Observing the plot, we can see that the effect size
decreases the longer the threshold is. However, when remov-
ing the threshold entirely, we find that for all original cate-
gories of subreddits, the proportion of joiners who post in an
alternate category of hate subreddit remains higher than the
proportion of matched counterparts who post in an alternate
category. The average effect size when removing the time
threshold is 1.4, and all results are statistically significant
(p-values < 10−10).

Figure 8 shows the likelihood of a user moving from one
category to another within (A) six weeks, (B) six months,
and (C) any time at all after initially posting in their first hate
subreddit. In all plots, we see similar patterns in which cate-
gories of hate subreddits show preferences for each other.

Figure 9 shows the results of the analysis displayed in Fig-
ure 4B at varying time thresholds for considering peripatetic
users. The effects are mainly positive for all different time
thresholds. Figure 11 shows the results of the same analy-
sis, using posts made at any time before moving to an alter-
nate category of subreddit instead of the first three days (we
use the default threshold of six weeks to consider peripatetic
users in this case). The results are qualitatively similar to the
analysis only considering the first three days of each user’s
activity. Similarly, Figure 10 shows the results at different
time thresholds for the change in ingroup language use after
users become peripatetic. We observe similar results regard-
less of the time threshold.

In addition to showing how our results regarding ingroup
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Figure 8: Transition matrices (Figure 4A) produced when considering different thresholds for considering peripatetic users.

Figure 9: Heatmaps showing relative use of ingroup language by peripatetic vs. non-peripatetic users at different time thresholds.
Odds ratios indicate the odds of the use of ingroup language from the alternate category of users who move to the alternate
category within the time threshold, relative to the odds of non-peripatetic users using such language.
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Cluster Num.
subreddits Num. users Num.

comments
Num.

submissions
Avg. comments

per user
Avg. submissions

per user
General Hate 58 1,623,808 2,716,821 434,951 1.67 0.27
Misogynistic 32 818,835 1,655,450 229,105 2.02 0.28
Anti-LGBTQ 16 54,341 149,444 17,290 2.75 0.32

Racist 15 55,554 140,491 15,450 2.53 0.28
Xenophobic 35 1,577,444 3,445,695 477,587 2.18 0.30

Islamophobic 7 113,770 242,277 29,087 2.13 0.26
Antisemitic 4 10,174 19,433 4,957 1.91 0.49

Ableist 1 2,770 4,183 1,519 1.51 0.55

Table 2: Subreddit cluster statistics

Figure 10: Heatmaps showing the change in use of ingroup language by peripatetic users at different time thresholds. Odds
ratios indicate the odds of the use of ingroup language from the alternate category after becoming peripatetic, relative to the
odds of the use of ingroup language before becoming peripatetic. Users are considered in the sample if they moved to the
alternate category within the time threshold displayed on the subplot.

F1
Category Demux BERT
Racism 0.68 ± 0.005 0.67 ± 0.001

Misogyny 0.72 ± 0.001 0.71 ± 0.008
Xenophobia 0.67 ± 0.017 0.65 ± 0.009
Transphobia 0.31 ± 0.055 0.23 ± 0.068
Antisemitism 0.62 ± 0.028 0.54 ± 0.033
Islamophobia 0.63 ± 0.022 0.61 ± 0.025
Homophobia 0.71 ± 0.005 0.68 ± 0.006

Ableism 0.69 ± 0.010 0.66 ± 0.028

Table 3: Targeted identity prediction performance on the
measuring hate speech corpus.

language use change when considering all posts instead of
only the first three days of each user’s activity, we also fit
topic models when considering all posts. The top topics are
displayed in Figure 12, and the topics with the highest and
lowest odds ratios are displayed in Figure 13. In both plots,
many of the topics are represented by similar words to the
topic plots in the main text. Though there are also plenty
of topics that are different, we nonetheless see similar pat-

terns of topics related to alternate categories of hate being
positively associated with peripatetic users (for example, the
topic in the racist cluster represented by the words “gay” and
“homosexuality” being used more frequently by peripatetic
users).
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R2

Category Demux (maximize R2) Demux (maximize F1) GPT-4 (batches) GPT-4 (individual posts)
Racism 0.91 0.83 0.89 0.60

Misogyny 0.87 0.50 0.55 0.29
Xenophobia 0.91 0.35 0.24 0.34
Transphobia 0.52 0.09 0.20 0.01
Antisemitism 0.79 0.79 0.87 0.00
Islamophobia 0.65 0.32 0.37 0.00
Homophobia 0.82 0.78 0.64 0.27

Ableism 0.72 0.29 0.48 0.24

Table 4: Performance of hate speech detection models on annotated subreddit data

Negative Disrespectful Insult Attack Hate speech
Negative - 0.94 0.95 0.97 0.83

Disrespectful - 0.99 0.93 0.87
Insult - 0.95 0.88
Attack - 0.84

Hate speech -

Table 5: Correlation matrix of different hate speech detection methods

Figure 11: Heatmap showing relative use of ingroup lan-
guage by peripatetic vs. non-peripatetic users. Unlike Fig-
ure 4B, the odds ratios are calculated from all posts made by
non-peripatetic users and all posts made by peripatetic users
before moving to an alternate category of hate, instead of
only posts made in the first three days.
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Figure 12: Most frequent topics per subreddit category when considering all posts made by users prior to posting in an alternate
category of hate subreddit. These data include posts made by peripatetic and non-peripatetic users.

Figure 13: Topics most strongly associated with peripatetic activity when considering all posts made by users prior to posting
in an alternate category of hate subreddit. These data include posts made by peripatetic and non-peripatetic users. Topics with
an adjusted p-value greater than 0.05 are lighter to show statistical insignificance.
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