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Abstract

Group interactions take place within a particular socio-
temporal context, which should be taken into account when
modelling interactions in online communities. We propose a
method for jointly modelling community structure and lan-
guage over time. Our system produces dynamic word and
user representations that can be used to cluster users, inves-
tigate thematic interests of groups, and predict group mem-
bership. We apply and evaluate our method in the context of
a set of misogynistic extremist groups . Our results indicate
that this approach outperforms prior models which lacked one
of these components (i.e. not incorporating social structure,
or using static word embeddings) when evaluated on clus-
tering and embedding prediction tasks. Our method further
enables novel types of analyses on online groups, including
tracing their response to temporal events and quantifying their
propensity for using violent language, which is of particular
importance in the context of extremist groups. Our code and
models are made available.

Code — https://github.com/christinedekock11/cerberus

1 Introduction

Online communities present a unique opportunity for study-
ing the evolution of groups. Two aspects are often consid-
ered when researching online communities: the structure of
the community (who talks to whom; e.g. Gialampoukidis
etal. 2017) and the language they use (what do they say; e.g.
Danescu-Niculescu-Mizil et al. 2013). While most existing
works tend to explore these facets in isolation, the premise
of our work is that language and social structure are mutu-
ally informative expressions of group belonging that should
be modelled jointly. Moreover, such interactions take place
in a particular temporal context. On the internet, language
changes at rapid rates (Stewart and Eisenstein 2018) and the
community itself morphs and changes focus in response to
current events (Baele, Brace, and Ging 2023; Ribeiro et al.
2021).

To model the interaction of these dimensions, we pro-
pose a shared matrix factorisation model which jointly en-
codes linguistic and social evolution over time, yielding dy-
namic user and word embeddings. We evaluate this model
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in the context of misogynistic extremist groups (collectively
known as the manosphere) and illustrate the usefulness of
the resulting embeddings in researching communities.

The proposed model is an amalgamation of two prior
works: Appel et al. (2019) developed a shared matrix fac-
torisation approach which captures the temporal evolution
of users, but modelled language as being static; while Yao
et al. (2018) used a similar method to construct dynamic
word representations, but did not incorporate social infor-
mation. By combining these two approaches, we obtain rep-
resentations of users and words that evolve over time and are
informed by their social context. This enables us to reason
about the temporal evolution of users and their language in
a shared space; a promising step to advance computational
modelling of extremist groups. That said, this method is not
specific to extremist groups and can be applied within any
community for which social and linguistic information is
available over multiple timesteps.

Experimental results (Section 7) illustrate that our method
improves over the abovementioned methods in several eval-
uation settings. Firstly, we cluster the dynamic user embed-
dings and find that our model obtains a statistically signif-
icant improvement in cluster purity when evaluated against
subreddit labels. Secondly, we illustrate that the user embed-
dings can be used to predict future behaviour of an individ-
ual more accurately. In particular, we forecast embeddings
and predict the subreddits with which a user will engage be-
yond the training window, finding that our model outper-
forms prior approaches in three different test formulations.

Our method further enables novel types of analyses and
visualisations of online communities, individuals within
these groups, and their evolving interests and language.
We provide a qualitative illustration of the importance of
dynamic, temporally-grounded word embeddings in Sec-
tion 7.3 by investigating current affairs with a temporal di-
mension; e.g. the MeToo movement. Finally, we present
a novel characterisation of violent language in subgroups
within the manosphere, which leverages the shared user and
word embedding space (Section 8). Our results show that
Incel-related groups have the highest propensity for violent
language among the manosphere subgroups, and that there
is evidence of smaller, more violent groups, characteristic of
the “splintering” phenomenon in extremist groups.



2 Modelling Users and Words Over Time

The goal of this work is to construct dynamic word and user
embeddings in a shared space by accounting for three fac-
tors: language, social dynamics, and time. Such represen-
tations can form the basis for analysing and predicting the
behaviour of individuals and groups, which is of particular
importance within extremist communities. In this section,
we discuss the relationships between each pair of factors as
explored in prior work, and highlight their significance in
the context of extremist groups.

2.1 Time and groups

Online communities are highly dynamic, with continuous
developments at the micro level (through users entering and
leaving the group) as well as the macro level (through evolv-
ing sub-community structures). Group polarisation theory
(Myers and Lamm 1976; Sunstein 2002) provides one ex-
planation for this phenomenon, hypothesising that discus-
sions within homogeneous groups intensify extremist posi-
tions. This intensification results in the departure of moder-
ate voices, creating smaller and increasingly radical com-
munities. This can result in “splintering”, a term used in
counterterrorism research for the process whereby extrem-
ist ideologies tend to fragment over time into a range of sub-
ideologies supported by rival factions, with minority splinter
groups going towards increasing radicalism (Baele, Brace,
and Ging 2023).

Fracturing in groups can also be the result of external
pressures, such as deplatforming. Di Martino et al. (2024)
map nine mainstream and alt-tech sites and demonstrate that
user migration driven by moderation pressure produces ide-
ologically homogeneous “echo-platforms” characterised by
a greater prevalence of unreliable content and a heightened
ideological uniformity. Similarly, Vu, Hutchings, and An-
derson (2024) study a deplatforming attempt on a doxxing
platform, finding that it primarily affected casual users rather
than core members, while also attracting new users who ex-
hibit higher levels of toxicity at the time of joining.

At the micro level, individuals also evolve over time in
their level of dedication to a community. While the definition
of radicalisation is widely disputed by scholars, it is gener-
ally agreed that it occurs through a gradual process over time
(Bowman-Grieve 2010; Della Porta and LaFree 2012).

2.2 Groups and language

Language has been shown to be strongly tied to social con-
nectedness in online groups, as it is used to signal in-group
status (Drake 1980). Social identity theory (Tajfel et al.
1979) provides a basis for this dynamic, positing that indi-
viduals derive self-concept from their group memberships,
leading them to accentuate distinctions between their in-
group and relevant out-groups. Contemporary research in
sociolinguistics has observed these dynamics in the context
of online communities. For example, Zhang et al. (2018)
show that communities with more specialised and dynamic
language are more likely to retain their users. Longitudinal
tracking of user lifecycles further shows that users linguis-
tically align themselves with a community as they become
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embedded in it (Danescu-Niculescu-Mizil et al. 2013). This
linguistic alignment wanes before departure, making shift-
ing language a dynamic proxy for changing identification
with the group.

In the context of extremism, the use of group-specific
neologisms has been proposed as a proxy measure for the
amount of radicalisation influence an individual is under
(e.g. Fernandez, Asif, and Alani 2018). De Kock and Hovy
(2024) found that the use of group jargon is highly corre-
lated with post volume and social connectedness in extremist
groups, and that early adoption of group language is predic-
tive of eventual levels of radicalisation indicators.

2.3 Language and time

The development of language over time is well-established
within NLP research (Wang et al. 2020). The internet, hav-
ing a strong social component and reduced impetus for
formality, is a particularly fertile domain for creating new
words (Stewart and Eisenstein 2018) and for imbuing ex-
isting words with new meanings (Mendelsohn et al. 2023).
Bogeti¢ (2023) states that the manosphere are prolific lexi-
cal innovators, creating new terminology at more rapid rates
than other extremist groups. Per illustration, the manosphere
lexicon of Farrell et al. (2019) includes more than 36 hateful
neologisms for women. The rapid development of new lan-
guage creates challenges in moderating toxic content online,
since it can be difficult for outsiders to interpret (Mendel-
sohn et al. 2023).

2.4 Our contribution: combining all factors

Our proposed model, detailed in Section 3, learns dynamic
user and word representations in the same space, informed
by both linguistic and social context. To our knowledge, we
are the first to model these factors jointly in the context of
online communities. Comparing to systems that use static
word representations or neglect social information, we ob-
tain a statistically significant improvement in three evalua-
tion settings, indicating that it is important to account for all
three abovementioned interactions. Representing a commu-
nity in this way allows for novel types of analyses of ex-
tremist groups, as explored in Sections 7.2, 7.3 and 8. Since
this method relies on matrix factorisation, a well-established
unsupervised modelling methodology, it is computationally
efficient, interpretable and easily extendible.

3 Model Definition

Our proposed model jointly models social structure and
language by decomposing a social adjacency matrix and
a language content matrix over multiple timesteps. The
model is illustrated in Figure 1. In this section, we discuss
its components, optimisations, and comparisons with other
formulations.

3.1 Source matrices

The social adjacency matrix for a population of size m is
a sparse matrix defined as A € R™*", where each row rep-
resents the social connections of a specific user to a set of
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Figure 1: The proposed model architecture.

n other users, often referred to as context users. Each ele-
ment a;; is calculated as the number of discussion threads
that both user ¢ and user j engaged in, with row-wise L1
normalisation. Formally:

|6; N6,

where 0; is the set of discussion threads user ¢ has engaged
in. Intuitively, this formulation considers users to be similar
if they interact with similar people. Similarly, given a vo-
cabulary of size d, we construct a language content matrix
C € R™*? guch that each element in C represents the us-
age of a word z by a user ¢, defined by its pointwise mutual
information (PMI; Jurafsky 2000):

ey

aij =

P(z]i)

PMI(z, i) = log(— ®

), @

where P(z) is determined by the frequency of z in a back-
ground corpus. We use the positive PMI (PPMI), which trun-
cates scores at 0 to avoid overemphasising low-frequency
events. Intuitively, this formulation considers users to be
similar if they have a proclivity for using the same uncom-
mon words.

3.2 Matrix factorisation

We use matrix factorisation to jointly decompose the so-
cial adjacency matrix A into two matrices U € R™** and
V € R™¥F such that A ~ UVT. Concurrently, the lan-
guage content matrix C' is decomposed into two matrices
U € R™** and W € R¥* such that C ~ UWT. Impor-
tantly, U is shared between both operations. The latent fac-
tor matrices (U, V, and W) are dense, lower-dimensional
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representations of users, context users and words, respec-
tively. The decomposition of a matrix can be learned via
a gradient-based optimisation algorithm with an objective
function based on the Frobenius norm of the reconstruction
error: J = ||A — UVT||? (for the social adjacency matrix,
or the equivalent for the content matrix).

When decomposed independently based on A, the result-
ing matrix U consists of an embedding for each of the m
users, which will be similar for users who often interact with
the same set of context users. Similarly, when decomposed
independently based on C, the resulting matrix U consists
of an embedding for each of the m users, which will be sim-
ilar for users who often use the same uncommon words. To
learn user embeddings that are informed by both linguistic
and social behaviours, we jointly decompose A and C such
that the user embeddings U need to be able to reconstruct
both source matrices.

To allow for temporal evolution over T timesteps, we
learn time-based latent factors U;, V; and W, for t €
{1,...,T} based on A; and C;. To encourage alignment be-
tween embeddings over different timesteps, we follow Ap-
pel et al. (2019) and Yao et al. (2018) in adding a temporal
smoothing term (shown in Eq. 3) that discourages large vari-
ations across timesteps.



The final learning objective is given by:

T
J =" ||A = UV + [|C — UW]|)?

t=1

T
+ 3 MV + U + 113 1?)

t=1 3)
T—-1
+ Z Xo([|Us1 = Uil P + [[Wigr — Wil ?
t=1
+ Vg1 = Vil?),

where A\; and )\ are regularisation hyperparameters that
suppress large weights and large inter-timestep embedding
variation, respectively. We refer to this system as Cerberus.

3.3 Comparison to other systems

In our evaluation, we compare Cerberus to the architectures
of Yao et al. (2018) and Appel et al. (2019) to deconstruct
A and/or C as they are defined in Section 3.1. As mentioned
in Section 1, the former method differs from ours in that it
lacks the adjacency source matrix, whereas the latter lacks
dynamic word and context embeddings. In addition to the
architecture differences, our formulations of the A and C'
matrices also differ subtly from the base systems.

The original system of Yao et al. (2018) performs a de-
composition on a word-word matrix over time to yield dy-
namic word embeddings, and does not account for users or
social structure. It uses the standard matrix factorisation for-
mulation of word embeddings (Goldberg and Levy 2014)
whereby each word is represented according to how often it
co-occurs within a small local window with a set of context
words. Their premise is that words are similar if they often
co-occur with the same words. By contrast, Cerberus uses a
social definition of word meaning, and considers two words
as being similar if they share similar usage patterns between
users. In our evaluations, we use this definition of C in the
architecture of Yao et al. (2018) to yield dynamic word and
user representations. This model incorporates some social
information indirectly since C' contains user representations
and user similarity is captured through similar language us-
age, but it does not incorporate the thread structure (who
is talking to whom). We refer to this model as NoAdj (no
adjacency representation).

Appel et al. (2019) constructs both A and C' based on
counts rather than PMI. Using PMI instead potentially pro-
vides a more discriminative source matrix, since the rarity
of words is incorporated. Notably, their system is evalu-
ated in the context of researcher networks, using article key-
words to construct the content matrix rather than conversa-
tion data, meaning that their data is less sparse. They further
use static V' and W matrices, but define a similar temporal
evolution mechanism in U, yielding dynamic user embed-
dings but static word embeddings. We refer to this model
(with source matrices as defined in Section 3.1) as StatCont
(static content representation).
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3.4 Further optimisations

We use the architecture of Appel et al. (2019) as basis in this
work, and incorporate four further optimisations beyond the
architecture changes:

Relaxing the non-negativity constraint We follow Yao
et al. (2018) in relaxing the non-negativity constraint in the
matrix factorisation, as the task does not inherently require
non-negativity in the learned embeddings.

Downweighing zeroes Both the adjacency and content
matrices are highly sparse, with a sparsity ratio exceeding
0.99. For both source matrices, the data is analogous to an
implicit feedback setting, since a zero does not imply a neg-
ative score but only signifies a lack of interaction. For this
reason, we downweigh the losses originating from empty el-
ements in the source matrices. We use a scaling parameter
co = 0.01 to balance the losses originating from the ob-
served and non-observed elements.

Masking missing users There is significant user churn be-
tween timesteps in the manosphere dataset; as a result, ap-
proximately one third of source vectors are empty at each
timestep. Since the empty vectors do not tell us anything
about the related users, we mask their reconstruction losses.

Adding biases Bias terms are used in matrix factorisa-
tion applications to capture global trends (Koren, Bell, and
Volinsky 2009). For example, some context users in the ad-
jacency matrix may be highly active, meaning that their col-
umn might have high values for all users. Interacting with
such a context user is not a very informative feature for an
individual; as such, a bias term is used to abstract this type
of information.

4 Case Study: The Manosphere
4.1 Background

The models in this study are trained on data from the
manosphere, which is broadly defined as a collection of
communities with a common interest in men’s issues, who
are known to engage in highly toxic online behaviour as
well as acts of real-world violence (Baele, Brace, and Coan
2021). These communities have complicated, evolving so-
cial structures (Ribeiro et al. 2021) along with highly spe-
cialised and dynamic vocabularies (Farrell et al. 2019),
which make them well-suited to this study. The roots of the
modern manosphere can be traced back to the Men’s Liber-
ation Movement in the 60s and 70s. Since its inception, the
movement has fragmented and reformed into several sub-
groups with related but distinct ideologies (Bachaud 2024),
also referred to as categories in this work. For example,
the Men’s Rights Activists (MRA) aim to form a counter-
poise to feminist advocacy, while Pickup Artists (PuA) and
The Red Pill (TRP) focus on personal development with an
aim to seduce women. MGTOW (“Men Going Their Own
Way”) promote social separation from women, and Incels
(“Involuntarily Celibates”) adopt a nihilistic mindset that
promotes self-harm or harm to others. These differing per-
spectives can cause friction and splintering within the mano-
sphere, as exemplified in the Incels’ contempt for the efforts



of PuAs to attract partners, and MGTOWS’ criticism of the
reform efforts of the MRAs (Bachaud 2024).

4.2 Data

We use the Reddit portion of the manosphere dataset of
Ribeiro et al. (2021) for training. Any dataset of online con-
versations with user and thread IDs could be used to train
this system; however, the subreddit structure is useful here
as it provides labels against which to evaluate the commu-
nities discovered by our system (more details in Section 5).
We expect that the system would generalise well to any plat-
form that provides some mechanism for constructing a so-
cial graph (for example, a follower network).

The training data consists of posts across 50 subreddits
belonging to the 5 abovementioned manosphere categories
(annotated by Ribeiro et al. (2021)): Incels, MGTOW, PuA,
TRP and MRA. It also includes subreddits that are critical
of the manosphere (#/exredpill, r/thebluepill) and subred-
dits about mental health (r/depression, r/socialanxiety and
r/suicidewatch). We retain posts from these subreddits in our
training data as they form a useful control mechanism, since
they are included in the above dataset and therefore contain
the data from the same time period using the same prepro-
cessing, but are expected to be noticeably disparate from the
manosphere groups. The number of posts and users per sub-
reddit are shown in Table 1.

We are interested in short- to medium-term phenomena
and behaviours of communities; as such, we use monthly
training windows. We select a training period of 9 months
(April-December 2018), consisting of 4,354,116 posts.

As our focus is on evolution over time, we filter the dataset
to include only users with interactions across three or more
of the included timesteps, resulting in a set of 33,880 users.
To construct the adjacency matrix A, we further filter the
context users (the columns of A) to include only the top
10,000 users in terms of post frequency to reduce the compu-
tational expense of the matrix factorisation. To construct the
content matrix C, we include words that are used by more
than 20 users; a total of 44,679 words. As a background cor-
pus to calculate the PPMI of the content matrices, we use a
dataset of over 40 million Reddit posts by Dziri et al. (2019).

4.3 Data limitations

The Ribeiro et al. (2021) dataset was selected because it pro-
vides a comprehensive selection of manosphere subcommu-
nities on Reddit, a multi-community platform, which pro-
vides proxy labels for our evaluation. This does, however, in-
troduce some limitations. We recognise that extremist com-
munities also gather in platforms that are not readily accessi-
ble to outsiders; for example, Telegram and Discord. Given
the closed-form nature of these groups, lacking a multi-
community structure, it is possible that our method may
not generalise well to those groups. However, these groups
still maintain a significant presence on Reddit (and other
public platforms like Twitter), which provides a recruitment
channel for new members. Studying how users relationally
evolve in a multicommunity network can provide important
insights into the process of radicalisation and radicalisation
pathways. Furthermore, these methods are not specific to the
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Category # users | # posts
Incels 9,409 1,700,880
MGTOW 9,797 1,117,866
TRP 8,600 503,842
PUA 3,518 105,970
MRA 6,696 300,073
Mental health | 11,788 | 584,037
Criticism 1,333 41,448

Table 1: Number of users
training data.

and posts per subreddit in our

study of extremist groups, but can be useful for modelling
the evolution of online communities more broadly.

The data used to train our models originates from 2018.
While this dataset cannot be expected to capture the latest
developments in the manosphere, it provides a comprehen-
sive selection of manosphere subcommunities, and serves to
illustrate the utility of our approach. The thematic distinc-
tions between the 5 high-level manosphere groups are not
expected to have evolved significantly in the given time pe-
riod.

5 Evaluation

In our evaluation, we aim to isolate the effect of modelling
time, social dynamics and language, compared to models
that neglected some of these interactions. We therefore fol-
low and expand the evaluation setting of Appel et al. (2019),
using two test cases for evaluation: clustering and forecast-
ing. For the latter, we perform an embedding prediction task
as well as predicting with which communities a user will
interact.

5.1 Clustering evaluation

K-means clustering based on the temporal user embeddings
U is used to discover sub-communities. Following Appel
et al. (2019), these clusters are calculated across different
timesteps, meaning that a user may belong to the same clus-
ter or to different clusters over different timesteps. Intu-
itively, the clusters may be thought of as topics, such that
users who do not overlap temporally but have similar em-
beddings at different timesteps may be assigned to the same
cluster.

Using the subreddit structure, we evaluate the soundness
of these clusters based on cluster purity, a widely-used met-
ric for evaluating uniformity of cluster elements as the frac-
tion of users in each cluster that belong to the dominant
class (Schiitze, Manning, and Raghavan 2008). Since one
user may be associated with multiple subreddits at a given
timestep, we use a multilabel interpretation of cluster pu-
rity, meaning that the dominant class is the class that has the
highest representation in a cluster. Let L(i, t) denote the la-
bel set of user i at time ¢, Q = {wi,wa,...,wk} the set
of clusters, and C = {¢y,ca,...,c s} the set of classes. We



report the average cluster purity over K clusters, given:

Purity(wg, C) = —— max |{(¢,t) € wi : ¢; € L(i,1)}].
J

|w|
“

Since all users are not present in the dataset at all
timesteps, we only evaluate against users for whom there
are labels in a given timestep.

The class labels comprise a two-level hierarchy, consist-
ing of a more general category label (with 7 classes: Incels,
MGTOW, TRP, PuA, MRA, mental health and criticism) and
a more finegrained subreddit label (with 50 classes). Allow-
ing for some subgroup specialisation at different levels of
granularity, we report results for k¥ € {10,100, 1000}, us-
ing both subreddit and category-level labels. Since the clus-
tering algorithm is dependent on random initialisation, we
report the mean and standard deviation over 5 runs.

5.2 User embedding prediction

Given a dataset with T' training windows, a user is repre-
sented as a sequence of embeddings {u1, ug, ..., ur }. In our
case, T' = 9, as we have month-long training windows for 9
months of data. Autoregressive models can be used to fore-
cast an embedding for a user at timestep 7" + 1.

We train LSTM-based neural network models to perform
this task for each temporal embedding method. Users are
split into a train, test and validation set with a {75:15:10}
ratio. For each user ¢, we generate samples such that X; ; =
{u1,..,us—1} and y;+ = u; for t € [2,T]. Hyperparameter
information is provided in Appendix B. To evaluate perfor-
mance on this task, we report the mean cosine distance be-
tween the predicted versus true embeddings as produced by
a particular approach.

5.3 Community prediction

A caveat of the user embedding prediction evaluation is that
embeddings are only calculated for data on which the fac-
torisation model is trained; as such, data leakage might be a
concern. Embeddings predicted beyond the training window
could still be informative for analyses in relation to those
learned by the model, but for the purposes of evaluation,
a direct comparison is not possible. However, we do have
access to the true interactions of users in the timestep fol-
lowing the training window. To evaluate the out-of-sample
predictive capabilities of the system, we relate the predicted
embedding at ¢ = 7" + 1, the period immediately following
the training window, to the true interactions of a user over
the various communities.

We use a distance-based approach for this purpose. We
find the centroid of each community, i.e. the mean of the
embeddings of all users who interacted with said commu-
nity in £; to t7. We then calculate the cosine similarity s
between the predicted user embedding and the centroid of
each community. The inferred user label is given by the max-
normalised similarities to all centroids, i.e. y;,; = m,
to capture the relative relevance of each community to a user.

These predictions are compared to the relative engage-
ment volume per community in ¢71. Let f; ; denote a vec-
tor of interaction counts for a given user over all communi-
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ties, in a given timestep ¢. Then, the user label is given by
Yig = m

This formulation equates to a multilabel regression task,
which we evaluate using the concordance index (CI; Harrell
et al. 1982). The Cl is the fraction of concordant predictions
(e. Wi > yj, Ui > gj) or (Yi < yj, Yi < Yj;); in other
words, a pairwise comparison is performed on all possible
pair permutations, and the fraction that are correctly ordered
is calculated. We report both the mean per-class CI (compar-
ing predictions across users for a specific community) and
the within-sample CI (evaluating the orderings per user).

6 Implementation Details

We extend the TensorFlow implementation of Appel et al.
(2019) to implement the proposed model. To perform hy-
perparameter tuning and to establish the efficacy of the four
training optimisations outlined in Section 3.4, we run pre-
liminary experiments on a reduced training set. These re-
sults, reported in Appendix A, show that the optimisations
provide statistically significant improvements in the recon-
struction accuracy in a smaller scale evaluation setting, and
as such they are incorporated in all models that are com-
pared in this work. Our code and models will be released to
the community.

The asymptotic complexity of our method matches that
of the approach proposed by Appel et al. (2019). The intro-
duction of temporal word embeddings in our method adds
(I" — 1) additional matrix multiplications to the objective
function, where 1" is a constant scalar. Since the number
of additional operations is proportional to 7', the overall
asymptotic complexity of our method remains unchanged.
The Cerberus system was trained on a Google Cloud in-
stance with 256 GB memory and 64 CPUs for approximately
1 week. Reducing the training costs would be trivial if re-
quired, as the interaction matrices are sparse and do not need
to be read into memory in full. The vocabulary could also be
reduced by excluding uncommon words or stopwords. Ad-
ditionally, GPUs can be explored for faster training. In these
evaluations, we keep the implementation as-is to replicate
the experimental setting used in the precursor works.

7 Results
7.1 Cluster purity

Cluster purity over K clusters is shown in Table 2. Our
model outperforms the StatCont and NoAdj systems in 4
out of 6 cases, with the largest improvement observed for
subreddit purity at K = 1000. The NoAdj model has the
same score as ours for category purity at X = 100, whereas
the StatCont model performs the same as ours for category
purity at K = 1000. We note that cluster purity is better at
larger K, which is to be expected; purity willbe 1 if K = N,
but the comparison of different models at a given K gives
us a useful comparison point. In all cases, the cluster purity
is higher for the category labels than the subreddit labels,
which again is to be expected; since users are distributed
over more classes, clusters are less likely to be dominated
by a single subreddit.



K=10 K=100 K=1000
Model Category Subreddit Category Subreddit Category Subreddit
MatFact 0.36 £0.001 | 0.33 £0.003 0.44 £0.009 | 0.39+0.012 0.63 £0.004 | 0.59 £+ 0.004
SharedMF | 0.38 +0.015 | 0.35 £ 0.022 0.46 £ 0.005 | 0.42 £+ 0.006 0.66 £ 0.007 | 0.62 £ 0.003
StatCont 0.55£0.006 | 0.55+0.0134 || 0.62+0.006 | 0.55+0.005 0.77 £0.005 | 0.71 4+ 0.001
NoAdj 0.59 +0.022 | 0.50 £0.005 0.63 +0.006 | 0.57 +0.008 0.72 £0.002 | 0.70 £ 0.006
Cerberus 0.61 +0.025 | 0.57 +0.050 || 0.63 +0.020 | 0.58 +0.009 || 0.77 + 0.00 0.74 + 0.005

Table 2: Cluster purity at X = {10, 100, 1000}, comparing to subreddit and category labels.

We also compare our cluster purity to embeddings that are
obtained through standard static (i.e. time-aggregated) ma-
trix factorisation of the content embedding (MatFact) and
static shared matrix factorisation of content and adjacency
(SharedMF). In this case, only one embedding is produced
per user and therefore a user is assigned to only one cluster.
We calculate purity based on all communities with which a
user interacted over the training period. From the results, we
note that the cluster purity is lower in this setting. A possible
reason for this result is that users vary in their category as-
sociations over time, which is not captured well by the time-
aggregated clustering. The static shared matrix factorisation
model outperforms the static model without social informa-
tion.

The per-cluster purity for K = 10, at the category level
and using Cerberus, is shown in Table 3, sorted by cluster
size. Size is based on the number of (user, timestep) tuples in
the cluster. We note that there is a substantial difference be-
tween the high-scoring and low-scoring clusters, with clus-
ters 2, 7, 8, 9 and 10 being high-purity clusters representing
4 out of the 7 higher level categories in the data. With the
exception of cluster 2, these are all relatively small clusters,
possibly representing the dedicated core users of each ide-
ology who do not engage with other categories. Cluster 2
is a large and high-purity cluster which represents the men-
tal health category. This provides support for the soundness
of the clustering and embeddings, as we would expect this
control group to be disparate.

Interestingly, half of the clusters are associated with the
MGTOWs, even though only two MGTOW subreddits are
included in the dataset; however, these clusters mostly have
low purity scores. Looking at cluster 5, we observe that
20.4% of its users are MRA contributors, 24.2% from TRP
and 18.4% from Incels. This indicates that MGTOW users
are more likely to have some interaction and/or overlapping
interests with other categories of the manosphere, since they
form the majority in mixed (low-purity) clusters. The same
pattern is observed for larger K, with 50 clusters being as-
sociated with MGTOW at K = 100.

7.2 Evolution of users

In the context of extremist groups, the ability to represent a
user as a dynamic entity at different timesteps is a key benefit
of the temporal factorisation approach. Prior work (De Kock
and Hovy 2024; Ferrara et al. 2016) developed predictive
models to anticipate whether a user will engage with an ex-
tremist group; however, these works relied on derived indi-
cators, whereas our system models users and communities
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Index | Mode Purity | Size
1 MGTOW 0.2531 | 128,256
2 Mental health | 0.8728 | 59,502
3 TRP 0.711 27,104
4 MGTOW 0.3676 | 26,973
5 MGTOW 0.3439 | 22,176
6 MGTOW 0.5037 | 21,260
7 Incels 0.994 10,823
8 MGTOW 0.9555 | 4,273
9 TRP 0.8996 | 2,981
10 MRA 0.8457 | 1,572

Table 3: Category purity for K = 10.

in the same embedding space.

Figure 2 illustrates the embedding prediction task, using
PCA to project the embeddings for ¢ € {3,6,9} to 2 dimen-
sions. These predictions can be compared to the centroids of
different communities, which also change over time. In this
case, we can see that the user starts out as being closest to the
mental health community, and moves progressively closer
to the manosphere subcommunities. Our model predicts the
right relative direction at each point, and the prediction be-
comes progressively closer to the true value as it is exposed
to more information. After maintaining the same direction
of change for the first 5 timesteps, the model accurately pre-
dicts the sharp deviation at t = 6.

As described in Section 5, we evaluate user evolution
modelling in two ways: embedding prediction (comparing
learned embeddings to predicted embeddings, within the
training window) and community prediction (predicting be-
yond the training window and comparing to true interac-
tions). These results are shown in Table 4. Though we use
the subreddit structure to evaluate our models, they can be
applied in forums without explicit subcommunities.

Our model outperforms the antecedent works in the em-
bedding prediction task (P < 0.05, using the randomised
permutation test with Monte Carlo approximation and N =
9999). Similarly, for the community prediction, our model
has the highest CI score for the within-sample and the per-
class evaluations. Looking at the per-class breakdown, Cer-
berus has the highest scores for 5/7 categories. The NoAdj
model outperforms the StatCont model for the embedding
prediction and the aggregated community prediction evalu-
ations, illustrating that dynamic content representation is of
significant importance.
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Figure 2: Predicting user evolution over time. Grey markers represent the trajectory of a given user, whereas coloured dots are
community centroids. At each timestep, the predicted next embedding is shown in red and the true next embedding in black,

while the data seen by the model is in grey.

Evaluation [StatCont [NoAdj [Cerberus
Embedding prediction
Cosine similarity [0.847  [0.876  [0.902
Community prediction
CI, within sample|0.702 0.722  10.734
CI, per class 0.669 0.674 |0.717
MGTOW 0.695 0.683  0.740
TRP 0.708 0.710 |0.751
Incels 0.718 0.634 |0.764
MRA 0.714 0.708 |0.700
PUA 0.573 0.643 |0.629
Mental health |0.605 0.769 10.782
Criticism 0.628 0.556 |0.651

Table 4: Embedding and community prediction results.

7.3 Evolution of words

Capturing the evolution of words is similarly important in
the context of extremist groups. This is shown qualitatively
in Figure 3, using two terms that are tied to temporal events:
MeToo and Kavanaugh.

We use the clusters as discovered in Section 7.1 with
k = 100, and calculate the relevance of a word to a cluster
as the dot product of the cluster centroid and the word em-
bedding. Since the clusters are calculated across timesteps,
their centroids are fixed, meaning that any changes in word
relevance are due to a change in the word embedding. We
show only clusters with more than 5 000 users, and scale the
linewidth to represent the relative cluster sizes. The cluster
labels are determined by the majority class, as per the cluster
purity calculation.

For MeToo, shown in Figure 3a, we note that the word is
most relevant to the Men’s Rights Activists, who are con-
cerned with legal injustices against men. There is also a
small MGTOW cluster for whom it is relevant, but it is of
lesser relevance to the larger cluster of MGTOWSs and for

MeToo
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(a) Change in word relevance of "MeToo".
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(b) Change in word relevance of "Kavanaugh".

Figure 3: Word relevance to different clusters over time.
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Figure 4: Relevance of the violence lexicon for different clusters.

the mental health forums. The scores are relatively stable
over the 9 month training window.

By comparison, we note a substantial spike in the term
Kavanaugh during the training window. The term refers to
a US justice who was accused of sexual assault. The accu-
sation was widely publicised in September 2018; however,
the White House announced in October 2018 that the FBI
had found no corroboration of the allegation. Naturally, this
event was of great interest to the MRAs, which is reflected in
Figure 3b!. Given that the community embeddings are fixed,
this illustrates that the word embedding changed over time to
capture that the term became relevant for specific subgroups
in the community, whereas it remained relatively stable for
others (e.g. the mental health subreddits).

There are three main takeaways from these figures.
Firstly, dynamic word embeddings are important: a static
model would produce an aggregate representation of Ka-
vanaugh, which discards a great deal of information that is
likely to be useful for constructing informative user, word
and community embeddings. Secondly, there are subgroups
within the larger communities who are more and less inter-
ested in particular phenomena or events, such as the MeToo
movement. This is captured by our model by using individ-
ual user representations, rather than treating the movement
as monolithic, allowing for the emergence of subgroups with
specialised interests. Finally, modelling users and words in
the same space provides a strong platform for the analysis
of extremist (and other) communities. In the next section,
we provide a final exploration of this concept.

8 Splintering
As discussed in Section 4.1, the manosphere shows signs of

macro-level splintering, with well-defined subgroups such
as Incels forming more violent splinters. Here, we explore

'A neologism Kavanaughs was also introduced by the MRAs,
to describe men who were falsely accused of rape.
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lower-level splintering by investigating the clusters pro-
duced by our system. For a clearer visualisation, we use K-
means clustering with k£ = 50.

To estimate the level of violent language per cluster, we
use a subset of 39 terms from the Incel Violent Extremism
Dictionary of Baele, Brace, and Ging (2023) that specifically
references physical violence (e.g. kill, rape, murder) and
find the centroid of their Cerberus embeddings. A similar
approach for finding a concept centroid by averaging word
embeddings is used by Mendelsohn, Tsvetkov, and Jurafsky
(2020). We then find the dot product of each cluster with
the violence centroid at every timestep. A limitation of this
approach is that it does not consider the context in which a
word is used (for example, sarcasm); however, by relying on
embedding distances of a cluster vector to a concept vector,
instead of word counts as used in prior work (Baele, Brace,
and Ging 2023), we can obtain a more nuanced measure of
the general tendency within the cluster to use language re-
lated to violence. While the centroid is constructed based
on words that unambiguously relate to physical violence, it
should also be close to the representations of emerging slang
words that implicitly signal violence within the community.

The results are shown in Figure 4. Each vertically grouped
set of points represents the violence scores for a specific
cluster at different timesteps. As per Section 7.3, the clus-
ter embeddings are fixed, such that variations are caused by
changes in word embeddings over time. The marker size cor-
responds to the cluster size. For reference, the cluster at in-
dex 15 consists of 48,993 user representations.

For the manosphere communities, we observe a trend of
larger, less violent groups and smaller, more violent groups
within each category. This supports the existence of low-
level splintering; i.e. subgroups that are more violent than
the mainstream within each category. Future work may in-
vestigate the emergence and focuses of these smaller and
more violent groups.



The Incel clusters have the highest mean violence score,
which supports the idea that they are a more extreme splin-
ter of the manosphere. The MRAs also show a penchant for
violent language, however, this may be due to their interest
in discussing sexual assault accusations. This highlights an-
other potential area of future work: accounting for polysemy
and linguistic context in the content representation. We ob-
serve that the mental health clusters generally have relatively
low violence scores, with the exception of one (¢ = 5) which
has a slightly higher than average score. Upon investigation,
we note that this cluster has substantial overlap with the /-
suicidewatch community. The cluster associated with Pick-
up Artists (¢ = 44) also has relatively low scores, which
reflects their main interest being seduction tricks.

As discussed in Section 7.1, the MGTOW community
yields the most subclusters. Future work may investigate this
result, as it could be indicative of a more fractured subcom-
munity structure. We note that the largest MGTOW cluster
has a very low violence score, which may be related to the
notion that these communities tend to be very supportive and
empathetic towards their own members (Rich and Bujalka
2023).

9 Conclusion

In this work, we introduce a novel architecture for mod-
elling online communities. Experimental results show that
the resulting embeddings yield better results in clustering
and embedding forecasting evaluations. Beyond the quanti-
tative improvement, our analyses in Sections 7.3 and 8 qual-
itatively illustrate the usefulness of the learned embeddings
in the context of an online extremist community. These anal-
yses enable novel insights into the manosphere and its sub-
groups, and have the potential to support monitoring of these
groups. The question of how to act upon such information is
less clear and should be treated with caution; past suppres-
sion attempts have resulted in splinter groups migrating to
specialised platforms. False accusations may have a devas-
tating impact on the lives of those impacted; as such, our
approach does not attempt to classify users as “radicalised”
or “extremist” as previous works do, but instead utilises rela-
tive distances to communities. Continued cross-disciplinary
efforts remain essential in mitigating online harms.
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ative Commons Attribution 4.0 International license. Ac-
cording to Ribeiro et al. (2021), the dataset was created in
accordance with the ethical guidelines established by Rivers
and Lewis (2014), which emphasised not attempting to de-
anonymise users or connect them across different platforms.
Since users interact in a public space on an anonymous basis,
there is not a significant risk of infringing on their privacy.
Nonetheless, we acknowledge that the users did not consent
to have their data analysed for research purposes. Given the
genuine and ongoing threats posed by this group, we believe
that the use of this data is justifiable. To protect individual
identities, we refrain from including any direct quotations or
usernames.

We are also conscious of the potential mental health im-
plications for our collaborators and participants. Those who
engaged with texts from manosphere communities were en-
couraged to participate in a support group tailored for re-
searchers dealing with extreme content.
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A Preliminary Experiments

Content reconstruction

Model >0-MAE 0-MAE WMAE
Chimera 2.650 2.551 2.675
- nonneg. constraint 2.607 1.573 2.623
+ scaling zeroes 2.365 1.742 2.383
+ missing user masking| 2.332 2.113 2.353
+ biases 2.350 2.225 2.372
Adjacency reconstruction

Model >0-MAE 0-MAE WMAE
Chimera 2.549 2.543 2.574
- nonneg. constraint 1.566 1.566 1.582
+ scaling zeroes 1.723 1.591 1.739
+ missing user masking| 1.703 1.693 1.720
+ biases 1.693 1.795 1.711

Table 5: Results for the preliminary experiments.

To reduce the computational overhead of the evaluation,
we run preliminary experiments to establish the efficacy of
the optimisations outlined in Section 3.4 and to perform
hyperparameter tuning. We use a reduced training set of 2
months of data and train for 100 epochs per system. A vali-
dation set is constructed by randomly masking 10% of each
users’ interactions per timestep. We use the mean absolute
error (MAE) as metric, which is also used in the objective
function in training. Given the sparsity of the dataset, we
split the results for nonzero elements (referred to as NZ-
MAE) and empty elements (0-MAE), and further report a
weighted MAE (WMAE), with a weighting based on the
scaling parameter ¢y = 0.01.



Hyperparameter optimisation We first run a grid search
with A1, A2 € {0.01,0.1, 1} using the basic StatCont model.
The best WMAE is recorded for Ay = 0.1 and A\ = 1,
and we use this in all further experiments. We further use
Adam optimisation with o = 0.01 and a latent factor size of
d = 100.

Training optimisations We use the StatCont model as ba-
sis and apply each of the optimisations sequentially. Statisti-
cal significance is measured using the two-sided T-test with
a = 0.05, using the per-user WMAE between consecutive
changes.

Results are shown in Table 5. For the content recon-
struction, all changes except for adding biases result in a
statistically significant improvement in the nonzero MAE,
whereas all but the downweighing of zeroes result in im-
provements in the adjacency reconstruction. The model with
all four changes applied outperforms the base model for both
the content and the adjacency reconstruction. We therefore
adopt these changes in all further experiments in this paper.

B Community Prediction Model

The community prediction model comprises one LSTM
layer with 256 units, followed by two dense layers of 512
and 256 units, respectively. We use a grid search to de-
termine the best dropout and learning rate values for each
model, experimenting with n € {0.001,0.01,0.1} and p €
{0.1,0.2,0.5}. The mean squared error is used as training
loss, and Adam (Kingma and Ba 2014) is used for optimisa-
tion.
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