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Abstract

Fringe platforms like Gab harbor high volumes
of hate speech due to minimal moderation and
insular communities. Our study examines the
factors that determine how hate speech ampli-
fies on these platforms. We prepared a novel
dataset of 5K+ threads and 50K+ responses
from four fringe platforms (Gab, 4chan, Storm-
front, and Vanguard), including both structural
features (e.g., timestamps, metadata) and con-
tent features (e.g., original text, hate intensity
of posts), where hate speech amplification was
measured using platform-specific engagement
metrics. We trained both Generalized Linear
Models and Gradient Boosted Tree models to
estimate how several features influence the am-
plification of hate speech on fringe platforms,
and used Shapley value estimates to identify the
relative importance of the features. Our analy-
sis shows that research insights from social net-
work analysis (SNA) of mainstream sites like
X do not directly generalize to fringe platforms.
For instance, our experiments show that using
features like thread structure and disagreements
in early response windows can give up to 74%
lift in Root Mean Squared Error (RMSE) of pre-
dicting reply counts for hateful posts on fringe
platforms, compared to a baseline model that
has features like hate intensity and thread age
(which would be considered predictive by regu-
lar SNA methods).

1 Introduction

In 2018, Robert Bowers carried out one of the
deadliest antisemitic attacks in recent U.S. history,
killing 11 people at the Tree of Life synagogue.
Moments before the shooting, he posted explicit
antisemitic threats on Gab (Byman, 2021; Maarouf
et al., 2024). While mainstream platforms such as
Twitter/X have strengthened moderation policies,
fringe platforms like Gab continue to operate with
minimal oversight, offering anonymity and ideo-
logical insulation that facilitate extremist discourse.
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This study examines the factors that drive hate-
speech amplification on fringe platforms, which
can guide the design of moderation tools.

Prior work shows that online forums can amplify
both the intensity and spread of hate speech. The
Online Disinhibition Effect (Hollenbaugh and Ev-
erett, 2013; Watanabe et al., 2018) describes how re-
duced social accountability and interface-mediated
distance enable more extreme and dehumanizing
expressions of hate. The absence of face-to-face
cues further lowers empathy, while delayed or un-
certain consequences encourage riskier behavior.

On fringe platforms, these dynamics are com-
pounded by distinct linguistic and structural char-
acteristics. In the largest analysis of Gab to date,
(Tawkat et al., 2023) show that classifiers trained
on Twitter/X perform poorly on Gab due to pro-
nounced lexical and structural drift, including the
prevalence of coded language, unconventional slur
variants, and meme-based hate expressions, as well
as longer post lengths and looser syntax. Platform-
specific hate vocabularies have also been stud-
ied, with (Rieger et al., 2021) reporting that 24%
of comments in alt-right communities on 8chan,
4chan, and Reddit contain hateful slurs rarely ob-
served on mainstream platforms.

We study the amplification of hate speech on four
fringe platforms: Gab, 4chan, Vanguard, Storm-
front. We filter the data to only include posts related
to a group of ethnicities that has historically been
the target of hate speech, namely Jews, African
Americans, Latinos, East Asians, and South Asians.
Our contributions in this paper are as follows:

1. Novel Hate Speech Amplification Dataset:
We created an anonymized dataset of SK+
threads and overall 50K+ responses (with
personally identifiable information removed),
having both structural features (e.g., times-
tamps and counts of quotes, links, images
in responses) and content features (e.g., text
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and hate intensity of the original message and
responses), by scraping data from the four
fringe platforms we studied. This is the first
dataset of its kind that captures thread-level
hate speech dynamics across multiple fringe
platforms. We plan to augment this dataset
with hate speech posts from mainstream plat-
forms (e.g., X/Twitter), and release the data
soon as a benchmark for the study of hate
speech virality.

2. Novel Features Predicting Hate Speech En-
gagement: We trained Generalized Linear
Models and Gradient Boosted Trees models
to predict post engagement in the hate speech
datasets, and analyzed the importance of fea-
tures using Shapley value estimates. Our anal-
ysis identified that apart from hate intensity
and thread age, which have been identified as
predictors for hate speech virality in earlier
work (Mathew et al., 2019), aspects of early
responses in the post like targeted replies,
disagreement, and challenges play a strong
role in driving hate speech amplification (e.g.,
driving a lift of up to 74% in predicting hate
speech engagement).

2 Methodology

We study hate speech dynamics across four major
fringe platforms. Gab is a far-right social media
platform structurally similar to X; 4chan is a thread-
based pseudonymous forum board with extreme
unmoderated content; Stormfront and Vanguard
are fringe forums promoting white supremacy.

2.1 Data

We first outline the methodology we used to collect
the data and relevant features from each platform.

Data scraping: Gab dynamically resurfaces older
posts, so we scraped the platform homepages over
several days and merged the resulting data into a
unified dataset after filtering duplicate posts. For
4chan, we collected our data from the /pol/ board
in the 4plebs archive (https://archive.4plebs.
org/) that has no explicit license — it has white
supremacist, xenophobic, antisemitic hate speech.
For Stormfront and Vanguard, we scraped posts
from the “Newslinks & Articles” and “This Just
In” forums. The data was downloaded using the
Selenium (SeleniumHQ, 2026) scraping API.

Feature extraction: We extracted three categories
of data for each post in a platform: metadata (the

post ID, URL, author username, and timestamp),
content (the full text of the thread and any asso-
ciated image URLs, including both the original
post and all replies), and engagement metrics (the
number of reposts, quotes, views, and reactions).
We further used the Tesseract OCR model (Smith,
2007) to extract the text present in images from
the image URLs. Table 1 gives an overview of
the engagement metrics we extracted from each
platform.

Stability of engagement metrics: While collect-
ing engagement metrics, we controlled for tempo-
ral variability in forums like Gab that resurface
content by using a 2-phase approach. We stored
the postIDs upon initial scraping, and then a week
later we re-scraped the same posts to capture sta-
bilized engagement metrics. A study of Gab posts
suggests that engagement levels plateau around the
one-week mark, making this approach more reli-
able for longitudinal and comparative analysis.

’ Platform # Posts | Engagement metrics
Gab 1000 Reposts, quotes, likes
views, reactions
4chan 1000 Reply count
Stormfront | 1825 View count, reply count
Vanguard | 1825 View count, reply count

Table 1: Overview of engagement data collected.

2.2 Models

Our main goal is to study which features in our
fringe datasets predict the community engagement
on hate speech posts. To accomplish this, we first
trained a model to identify the hate speech intensity
of the content of the original post and subsequent
responses. We subsequently used the hate speech
intensity estimates and other extracted features to
predict hate speech amplification, as measured by
the thread engagement metrics.

2.2.1 Hate Speech Intensity Modeling:

We used Microsoft’s DeBERTa-v3 (He et al., 2021)
model to predict hate speech intensity of posts,
since DeBERTa shows strong performance on lan-
guage understanding benchmarks, particularly in
capturing nuanced, context-dependent semantic dif-
ferences that are crucial for detecting subtle hate.
The Measuring Hate Speech dataset (Kennedy
et al., 2020; Sachdeva et al., 2022) has
hate_speech_score, a continuous score that takes
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human annotation data for hate speech and ad-
justs for annotator bias across 135K+ comments,
made by 8K individuals, using Item Response The-
ory (De Ayala, 2022). DeBERTa was fine-tuned on
this dataset to predict hate_speech_score. The fine-
tuned DeBERTa prediction had a 0.97 Pearson’s
correlation coefficient compared to the true scores
on the holdout test set of 1K points, showing the ef-
fectiveness of the fine-tuned DeBERTa model — we
used this model to label the hate speech intensity
of all posts in the fringe dataset.

2.2.2 Model Features:

Features were grouped conceptually and evaluated
both jointly and via ablation. Only features that ex-
ist for a given platform were included in modeling:

1) Baseline. Controls capturing thread-level pri-
ors, consisting of the hate intensity score of the
original post and thread age in days.

2) Structural. Platform-specific structural im-
age features, e.g., number of images in the full
thread, the original post, and the first K replies.

3) Early-Interactions. Features extracted from
first K replies, e.g., number of quoted replies, nest-
ing of quoted content, replies with external links.

4) Early-HateVariance. Measures of hetero-
geneity in early hateful responses, e.g., hate inten-
sity max value and variance in early replies.

2.2.3 Hate Speech Amplification Modeling:

We trained two hate speech amplification prediction
models on each fringe dataset:

(1) Generalized Linear Models (GLM): We mod-
eled thread-level engagement using a GLM (Nelder
and Wedderburn, 1972) with a Negative Binomial
response distribution, appropriate for overdispersed
count data such as reply counts. Let y; denote the
total number of replies for thread 7, and x; be the
feature vector. Our model was:

yi ~ NegBin(;,0), log(u;) = Bo +x B,

where p; is the expected reply count, 6 is the dis-
persion parameter estimated from data, and 3 is the
vector of regression coefficients. A log link func-
tion was used to ensure non-negative predictions.

Training and evaluation. For each platform, data
was split into a single fold of training set (80%)
and test (20%) set using a fixed random seed, and
the same split was reused for all model variants
to ensure comparability. We estimated three GLM
variants: (i) a Baseline model, (ii) a Full model that

included all feature groups, and (iii) Ablation mod-
els where each feature group was removed in turn
to estimate their predictive efficacy. Performance
was evaluated by Root Mean Square Error (RMSE)
on held-out data, and computed on log(1 + y) to
stabilize variance and reduce sensitivity to extreme
counts.

Design choices. View counts were excluded as fea-
tures from the models since replies increase views
via visibility, violating causal ordering assumptions.
Threads with massive counts of replies, images, or
external links (top 1%, capped) were filtered, to fil-
ter out spam threads and mega threads. We define
early interactions as those occurring within the first
K = 10 replies of a thread.

(2) Gradient Boosted Decision Trees (Tree
Boost): As a nonlinear complement to GLMs, we
fit TreeBoost regressors using XGBoost (Chen and
Guestrin, 2016). Instead of modeling raw reply
counts y, we use log(1 + y) with a squared error
objective, which gives stability for heavy-tailed
count data while retaining nonlinearities.

Model specification. The XGBoost regressor is
configured with the following hyperparameters:
num_estimators = 800, max_depth = 5, learn-
ing_rate = 0.03. The platform-specific feature sets
and train-test split used for GLM experiments were
also used here, to ensure direct comparability.

Interpretability. To interpret learned nonlinear ef-
fects, we compute feature importance using SHAP
(SHapley Additive exPlanations) values via a Tree-
Explainer on a random subsample of up to 2,000
training instances. Features are ranked by mean
absolute SHAP value.

Table 2 shows that using structure and early re-
sponse features can give up to 74% RMSE lift in
predicting reply counts for hateful posts in these
fringe platforms, on top of baseline features like
hate intensity and thread age.

3 Results and Discussion

We analyzed the GLM and TreeBoost results for
all four datasets in detail. However, we only have
space to report detailed plots for Gab. Figures 1
shows how the full GLM model significantly out-
performs the baseline model on the Gab dataset.
The feature importance analysis in the figure also
shows that feature groups like early hate variance
and structure can play a more dominant role com-
pared to the hate intensity of the post in the baseline,
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Table 2: RMSE lifts across four platforms for TreeBoost, comparing results using all features to baseline model.

Platform | Baseline \ Overall \ Lift (%) \ Top Features (SHAP) ‘

4chan 0.9551 0.2520 | 73.62% | early_quote_count (0.568), num_images_op (0.186),
early_reply_images (0.093)

Gab 0.5987 0.4272 | 28.64% | max_reply_hi_early (0.216), early_challenge_count
(0.165), num_images_total (0.162)

Stormfront | 0.8481 0.6779 | 20.07% | early_quote_count (0.296), thread_age_days (0.220),
early_link_count (0.095)

Vanguard 0.8919 0.5707 36.01% | early_link_count (0.240), early_guote_count (0.216),
thread_age_days (0.203)

demonstrating that debate or challenges early on in
the replies to a hate post can catalyze more replies
and drive engagement. Figure 2 shows the result
of Shapley value estimation run on TreeBoost, con-
firming that features like maximum (or variance)
of reply hate intensity or number of challenges in
early interactions contribute to hate speech ampli-
fication, along with hate intensity of the post and
thread age (features in the base model).

The Shapley value estimates from the TreeBoost
model in Table 2 also confirm this result on the
other three platforms, showing that features like
number of early challenges, early quotes (indicat-
ing targeted responses), max or variance of hate
intensity in early replies, etc. are important in pre-
dicting community engagement with hate speech
posts. The RMSE lift on the other three platforms
is also significant.

Platform-level differences reflect forum affor-
dances. On 4chan, image-related features (e.g.,
number of images in the OP and early replies)
are highly salient, reflecting the platform’s im-
ageboard model where memes and reaction im-
ages drive discussions. On Gab, early hate vari-
ance and challenge counts carry more weight, in-
dicating that heterogeneity in early responses bet-
ter predicts engagement in a platform that has a
more ideologically mixed audience. On Stormfront
and Vanguard, the prominence of early quoting,
linking, and temporal features aligns with slower,
discussion-oriented structures where sustained tex-
tual exchange, rather than multimedia amplifica-
tion, governs thread growth.

4 Related Work

Models for virality generally identify structural
features (e.g., network density), temporal features
(e.g., the speed of the first ten reshares), and
content-based features (e.g., sentiment) as most

GAB - GLM Model Performance
Model Accuracy Comparison

Which Feature Groups Matter Most?

Prediction Error (RMSE)

Figure 1: GLM Summmary on Gab Platform.
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Figure 2: TreeBoost Shapley Values on Gab Platform.

predictive in online platforms. Research also shows
that user-level influence and community structure
are strong predictors of long-term reach (Cheng
et al., 2014). Effective fringe platform models of-
ten incorporate “‘community embeddings" to cap-
ture the shifting semantics of hate in places like
4chan or Gab, since “in-group"” signaling can be as
important as the hate itself (Papasavva et al., 2020).
Domain-adaptive Transformers (e.g., HateBERT)
have been used capture the specific linguistic toxic-
ity found in fringe platforms (Caselli et al., 2021).
The few models specifically targeting the virality
of hate speech on fringe platforms combine content
toxicity with “user reputation" metrics. (Mathew
et al., 2019) demonstrates that “hateful" users on
Gab have more followers and their content spreads
more widely than non-hateful counterparts Models
like “Hate-Prophet" use dynamical “self-exciting"
processes to show how one toxic reply can trigger
a burst of activity (Gao et al., 2017).

Our work builds on top of prior research, but
shows a novel interesting result. We show how
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contrary to previous work on mainstream platforms,
a higher hate intensity in the main post alone is
not a strong predictor of amplification of the post
on fringe platforms; instead, features related to
thread structure and targeted replies, disagreement,
or challenges in the early responses can often play a
significant role in driving community engagement
with the hate speech post.

5 Limitations

This study has some limitations. First, our dataset
spans four fringe platforms, so the findings may
not generalize to all extremist or lightly moder-
ated online communities. Second, platform differ-
ences may make direct comparison difficult: Gab
includes reposts, quotes, likes, views, and reac-
tions, while 4chan, Stormfront, and Vanguard rely
mainly on reply or view counts as engagement mea-
sures. Third, our hate intensity labels depend on
a DeBERTa model fine-tuned on the Measuring
Hate Speech dataset, which may not fully capture
coded language, platform-specific slang, memes, or
image-based hate common on fringe sites. Fourth,
while early reply features are predictive of ampli-
fication, our models show association rather than
causation; early challenges or quotes may reflect an
already-engaging thread rather than directly caus-
ing later engagement. Finally, our analysis could
be deepened with comparison to mainstream plat-
forms, which is an active area of our future work.

6 Future Work

In future work, we want to run a more large-scale
analysis on other fringe platforms, collect more
ground truth data, and use LLMs to explain why a
post or reply is considered hateful.

We also noticed in our study that hate speech
intensity in fringe platforms can vary across race
and ethnicities — we would like to further study
this aspect of hate speech on fringe platforms. We
are also collecting data from mainstream platforms
(e.g., X/Twitter) — in the future, we would like to
compare and contrast hate speech propagation tra-
jectories across fringe and mainstream platforms.
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