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Abstract

The interaction between fringe subcultures and
mainstream online communities poses signif-
icant challenges for understanding discourse
on social media. In this work, we investi-
gate whether users active in conspiracy-focused
communities exhibit detectable linguistic sig-
natures when participating in general-interest
spaces, such as news, humor, or hobbyist fo-
rums. We analyze a large-scale longitudinal
dataset of over 500 million comments span-
ning 10 years of Reddit activity, examining the
communication patterns of these users across
diverse social contexts independent of the top-
ics they discuss. We show that these users
exhibit distinctive linguistic patterns that en-
able machine learning models to reliably distin-
guish them from the general population within
individual communities (averaging 87% accu-
racy across more than 20 binary classification
tasks). Crucially, no single aggregate model
captures these patterns across communities, as
community-specific models outperform global
classifiers by up to 17 percentage points. This
result suggests that while these users are dis-
tinct, their linguistic expression is dynamic and
highly responsive to the social norms of the
environment they inhabit. Our findings sug-
gest the need for tailored interventions in online
spaces, as linguistic signals associated with con-
spiracy and fringe subcultures vary across com-
munities and cannot be effectively addressed
by uniform detection or moderation strategies.

1 Introduction

Social media platforms facilitate the rapid spread
of information and the formation of communi-
ties around shared ideologies (Loru et al., 2025).
Within this ecosystem, mainstream narratives com-
pete with alternative interpretations of reality (Ben-
kler et al., 2018), allowing subcultures to develop
distinct epistemic norms. Among these, conspiracy
theories have shown significant resilience and reach
in online environments (Starbird, 2017; Monti et al.,

2023). Conspiracy theories are not merely fringe
beliefs; they are influential, alternative narratives
that explain events through the actions of secretive,
malevolent groups (Douglas et al., 2019). While
often dismissed as speculation, their real-world con-
sequences can be substantial: they have been linked
to vaccine hesitancy and public health risks (Enders
et al., 2022), prompting official responses from pub-
lic institutions.! In more extreme cases, they can
pose a threat to democratic institutions themselves—
as exemplified by the January 6th, 2021 attack
on the U.S. Capitol, which was partly fueled by
conspiracy-driven rhetoric.> These narratives can
also serve as gateways to more radical ideologies,
gradually reshaping individuals’ perception of real-
ity (Basit, 2021).

Despite extensive research on conspiracy theo-
ries on online platforms (Tangherlini et al., 2020;
Faddoul et al., 2020; Samory and Mitra, 2018b; Ko-
renci¢ et al., 2024a; Corso et al., 2025a; Attanasio
et al., 2026; Corso et al., 2025b), how conspiracy
theory believers express themselves in mainstream
online spaces remains underexplored. Research
suggests conspiracy theorists do not just hold dif-
ferent beliefs, but also communicate differently by
employing specific rhetorical styles and vocabu-
lary (Samory and Mitra, 2018b). However, it re-
mains unclear whether these linguistic patterns are
confined to online conspiracy spaces or are intrin-
sic features of users’ communication style, visible
in mainstream discourse.

In this study, we investigate whether users ac-
tive in conspiracy communities exhibit specific
patterns of self-expression that distinguish them
from ordinary users. We use Reddit as our pri-
mary case study due to its large-scale, publicly
accessible dataset and a unique structure based on
topical communities, which enables the analysis
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of users’ behavior across both fringe and conven-
tional communities. We articulate our contribu-
tions within a comprehensive research question:
Do users who engage with conspiracy theories
display distinctive linguistic patterns in main-
stream online communities, compared to users
without such engagement?

We employ a dataset of over 500 million com-
ments and hundreds of thousands of users spanning
over 10 years of activity on over 20 mainstream
communities. We then extract the psycholinguistic
features of each comment, which are then aggre-
gated into a user linguistic vector. We then use
these vectors to train a supervised classifier, which
shows remarkable accuracy and stability in distin-
guishing users active in conspiracy-related commu-
nities from those who are not.

By characterizing how users active in
r/conspiracy adapt their language across
communities, this study contributes to a more
nuanced understanding of online conspiracy
discourse, with implications for designing context-
aware and proportionate interventions on digital
platforms.

2 Related Work

2.1 Detection of Online Conspiracy Theories

Computational approaches to detect online conspir-
acy theories have primarily focused on identifying
explicit narrative structures and content signatures.
For instance, Tangherlini et al. (2020) used struc-
tural modeling to map the narrative frameworks of
theories such as “Pizzagate”, distinguishing them
from actual conspiracies based on the stability and
interconnectivity of their subject-threat relation-
ships. Similarly, Samory and Mitra (2018a) em-
ployed topic modeling and n-gram analysis to cap-
ture the distinct “conspiratorial language” of ded-
icated forums, flagging content based on specific
vocabulary and topic distributions rather than user
style. Early work by Faddoul et al. (2020) investi-
gated the detection of conspiracy-related content
in multimodal settings by leveraging textual infor-
mation associated with videos, such as captions,
snippets, and top comments. More recently, Corso
et al. (2025a) demonstrated the effectiveness of
Large Language Models for identifying conspira-
torial content on TikTok, highlighting the poten-
tial of recent advances in generative Al to support
moderation efforts in multimodal platforms. Relat-
edly, Diab et al. (2024) explored the capabilities of

LLM:s for detecting conspiracy-related content on
Reddit.

2.2 User Pathways To Fringe Communities

Beyond the analysis of content, recent work has
modeled online participation in conspiracy dis-
course as a dynamic, gradual trajectory of engage-
ment. Klein et al. (2019) identified linguistic pre-
cursors of conspiracy activity in fringe communi-
ties, showing that users who eventually join con-
spiracy forums display distinct participation and
linguistic markers in their posting history before
their first direct participation. Phadke et al. (2022)
characterize the evolution of conspiracy engage-
ment as a multi-stage process, wherein users pro-
gressively adopt the norms and vocabulary of ex-
tremist communities through sustained interaction.
This effect is further explored by research on gate-
way communities; for instance, Rollo et al. (2022)
and Habib et al. (2022) demonstrate how adja-
cent ideological spaces, such as the “manosphere”,
facilitate a user’s drift toward more radical, anti-
establishment narratives.

2.3 The Language of Conspiracy Theories

Psychological research consistently characterizes
conspiracy theories as narratives that attribute hid-
den, intentional agency to powerful actors and that
fulfill existential and social motives, particularly
under conditions of uncertainty and threat (Douglas
et al., 2019; Douglas and Sutton, 2023). Across
domains, conspiracy theories are communicated
through recurring linguistic patterns, including
causal chaining, certainty and authority markers,
attribution of malicious intent, and framing that
contrasts an informed ingroup with a deceptive out-
group (van Prooijen and Douglas, 2017; Meuer
et al., 2023). These communicative features are
not incidental: field studies show that conspirato-
rial discourse is systematically more emotional and
distrust-laden than non-conspiratorial explanations
of the same events (Fong et al., 2021).

3 Methods

3.1 Data Collection

Our primary data source is the Pushshift Reddit
dataset (Baumgartner et al., 2020), a public archive
of posts and comments on the platform, which ex-
cludes content created by deleted users or removed
by moderators or the authors themselves. Here, we
focus on user comments as the fundamental unit
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Figure 1: Diagram showing the workflow, from data
collection to classification and feature analysis.

of analysis, since they represent the most common
form of interaction on Reddit and typically indicate
active participation within a community (Naab and
Kiichler, 2023).

We extracted the full archive of available com-
ments from the largest conspiracy-focused subred-
dit, r/conspiracy, spanning from its creation on
25 January 2008 to 31 December 2023. The re-
sulting corpus includes approximately 25.7 million
comments from over 980 000 unique users, with an
average of 5k daily comments.

We additionally collected the complete activity
of the top subreddits ranked by the number of sub-
scribed users as of June 2025.>° We selected 22
of the top communities, excluding the following
three subreddits: r/AskReddit and r/worldnews,
due to their broad and heterogeneous content, and
r/gaming. This selection strategy allowed us to
observe the behavior of conspiracy users outside
of r/conspiracy while reducing the bias intro-
duced by the uneven activity distribution of con-
spiracy users across mainstream subreddits. We
found instead that selecting subreddits based purely
on where r/conspiracy users were most active
outside their primary community (a case of selec-
tion on the outcome) produced an anomalous, non-
decreasing activity distribution—unlike the typical
long-tailed activity distributions seen on Reddit and
other platforms (Valensise et al., 2019). Additional
details on this selection rationale are provided in
Appendix A.1.

We limited our analysis to the period from 2013
to 2023 (inclusive), discarding earlier activity. We
made this decision because several mainstream
subreddits considered, such as r/ShowerThoughts

3https ://www.reddit.com/best/communities/1

(created on February 5, 2012), were established
well after the creation of r/conspiracy.

The final dataset contains approximately 510
million comments. From this corpus, we removed
comments authored by known bots or suspicious
accounts using predefined lists (Rollo et al., 2022).
Furthermore, for each mainstream subreddit, we ex-
cluded users who posted fewer than 20 comments
within that community. This threshold was applied
to ensure that our analysis includes users with a
strong and consistent signal of engagement. A
more fine-grained breakdown of the collected data
is presented in Table 2 in the Appendix.

3.2 Psycholinguistic Features and Dataset
Construction

To characterize the psycholinguistic patterns in user
comments from the selected mainstream subred-
dits, we computed user-level embeddings based on
LIWC-22 (Boyd et al., 2022), a widely employed
dictionary-based tool that extracts linguistic fea-
tures associated with psychological, cognitive, and
social processes. LIWC has been extensively ap-
plied in psychological and social media research
to infer user traits and mental states from language
use (Silva et al., 2021; Tausczik and Pennebaker,
2010). We applied the standard LIWC-22 process-
ing pipeline to each comment collected during the
data acquisition phase, resulting in 115 linguistic
and psycholinguistic features per comment. We
excluded five features related to punctuation, re-
taining 110 features for subsequent analysis.

To derive a single representation for each user
within each mainstream subreddit, we computed
the mean feature vector across all comments posted
by that user in that community. This aggregation
yields a user-level embedding that captures their
overall psycholinguistic profile based on language
use within the subreddit. This method allowed us
to create comprehensive user representations that
capture psycholinguistic traits and provide a unified
framework for comparing language patterns across
conspiracy and non-conspiracy users.

3.3 Experimental Design

We operationalize our research question by evaluat-
ing the ability of a Random Forest model to distin-
guish between the linguistic features of users active
in the r/conspiracy subreddit and those of users
who have not engaged with r/conspiracy, based
on their language use within mainstream subred-
dits. Given the structured and interpretable nature
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of our feature space, Random Forests provide a ro-
bust modeling approach (Haddouchi and Berrado,
2024). Moreover, our objective in this study is
not to build a high-performance classifier per se,
but to use the classifier as a proxy to measure the
distinguishability of language.

The rationale behind this procedure is grounded
in prior literature: several studies suggest that con-
spiracy theorists are influenced by a “conspirato-
rial mindset”, a psychological predisposition to
interpret the events happening in the world as the
result of hidden machinations orchestrated by se-
cret, malicious entities (Sutton and Douglas, 2020).
The presence of this mindset is tied with the con-
cept of the “Monological World View” (Sutton and
Douglas, 2014; Swami et al., 2011), which sug-
gests that believers in conspiracy theories perceive
events in their lives through a markedly different
lens compared to other individuals. This world-
view, a defining feature of conspiracy theorists, is
thought to pervade all aspects of their lives (Miani
et al., 2022), leading us to hypothesize that it can
also manifest in their linguistic patterns. Though
we can not prove that the online users under study
possess this type of mindset, our work offers mean-
ingful support to this hypothesis.

In this work, we use the term conspiracy-
engaged users to refer specifically to users who
have interacted with the subreddit r/conspiracy.
Thus, this operationalization captures observable
engagement rather than underlying beliefs, and
may overrepresent users willing to affiliate with
this label while underrepresenting conspiratorial
discourse expressed elsewhere. Users are assigned
to the positive class if they authored at least one
comment in the r/conspiracy subreddit; all other
users are assigned to the negative class. This in-
clusive operationalization is intended to capture
a broad set of users who engage with conspiracy-
focused content; as shown in later analyses, restrict-
ing the positive class to higher levels of engagement
yields comparable results.

For each mainstream subreddit, we represent
each user with a single psycholinguistic feature
vector computed by averaging LIWC-22 features
across all of their comments within that subreddit.
Thus, each user-subreddit pair constitutes one in-
stance in the corresponding classification task. To
construct the dataset for each mainstream subred-
dit, we first collect all users in the positive class
who meet the activity threshold for that subred-
dit. We then randomly sample an equal number of

negative-class users from the same subreddit to ob-
tain a balanced dataset. To account for variability
introduced by negative-class sampling, we repeat
this process five times, resulting in five replicas
that share the same positive-class users but dif-
fer in their negative-class composition. For each
replica, we split users into disjoint training (80%)
and test (20%) sets, ensuring that no user appears
in both splits. Feature normalization and hyperpa-
rameter tuning are performed exclusively on the
training data, using grid search with five-fold cross-
validation. The final model is then evaluated on
the held-out test set. We apply this procedure in-
dependently for each of the five replicas and for
each mainstream subreddit, yielding multiple eval-
uations per subreddit that reflect uncertainty due to
negative-class sampling.

Since both classes are represented in equal pro-
portions, accuracy provides a clear measure of the
classifier’s effectiveness without being skewed by
class imbalances, making it a suitable choice for
assessing how well the classifier distinguishes be-
tween conspiracy and non-conspiracy users. Addi-
tionally, using accuracy allows for straightforward
comparisons across different models and experi-
mental setups, reinforcing the robustness of our
findings.

For each classification task, we assess statisti-
cal significance by using a permutation test (Ojala
and Garriga, 2010) in which training labels are ran-
domly shuffled, and the model is retrained to gen-
erate a null distribution of performance (accuracy)
scores. The performance of the original model is
then compared against this distribution to test the
null hypothesis of independence between features
and labels. We perform 100 label permutations
on the training data. The p-value is computed as
%, where C' is the number of permuted mod-
els that outperform the original model and npyerm,
is the number of permutations. With 100 permuta-
tions, the minimum attainable p-value is 0.0099.

3.4 Feature Importance

In the context of Random Forest models, feature
importance quantifies the contribution of each input
variable to the predictive performance of the model.
This metric is crucial for understanding which fea-
tures are most influential in driving the model’s
decisions. Traditionally, feature importance in Ran-
dom Forests is assessed via metrics such as Gini
importance or mean decrease in impurity. However,
these methods can sometimes be biased or difficult
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to interpret in the presence of correlated features.
To address these limitations, SHAP (SHapley Ad-
ditive exPlanations) values offer a more robust and
interpretable approach, providing a unified measure
of feature importance by considering the contribu-
tion of each feature to the prediction of individual
instances or a group of instances (Lundberg and
Lee, 2017). We first gather all the models pro-
duced in the main study and compute the absolute
mean SHAP values for each model. This process
results in a 110-dimensional feature vector for each
model, corresponding to the same psycholinguistic
features employed to represent users in the classi-
fication experiment. Each value in these vectors
reflects the global importance of a given feature,
calculated as the mean absolute SHAP value for
that feature across all samples. To obtain these
SHAP values, we sample 700 positive instances
from the dataset. As a result, for each subreddit,
we derive a vector representing the importance of
each classification feature within that subreddit,
effectively mapping it into a 110-dimensional fea-
ture space. Finally, we measure similarity between
these vectors using cosine similarity, a robust met-
ric in this context. Given the construction of these
vectors, cosine similarity is particularly well-suited,
as it prevents issues arising from scalar multiples.
The clustering in Figure 3 is computed with the
UPGMA hierarchical clustering algorithm (Sokal
and Michener, 1958).

3.5 Additional Subreddits as Positive Class

To assess the robustness of our findings, we ex-
tend our analysis to two additional communi-
ties on Reddit: r/AskReddit and r/MensRights.
r/AskReddit is one of the platform’s largest and
most active subreddits, where users post open-
ended questions intended to spark broad discus-
sions. Its generalist nature attracts a diverse user
base, making it a useful benchmark for typical
engagement patterns on Reddit. r/MensRights,
by contrast, is a more ideologically focused
community that discusses issues perceived to
affect men, including legal bias, custody dis-
putes, and gender norms (De Candia et al., 2022).
With over 300000 subscribers, it is also part
of the broader “manosphere”, a network of on-
line communities that has been shown to overlap
with conspiracy discourse and anti-establishment
narratives (Mamié et al., 2021). Similarly to
r/conspiracy, r/MensRights is a longstanding
community that has sparked controversy for its

content but has not yet been taken down by Red-
dit moderators. This is the main reason we
chose this community for the comparison against
r/conspiracy. In two separate experiments, we
apply the same classification pipeline used for
r/conspiracy. We analyze the language of users
active in r/AskReddit and r/MensRights, based
on their participation in top mainstream subred-
dits. Our goal is to determine whether the lin-
guistic patterns of these users mirror those ob-
served among conspiracy-engaged individuals—
specifically, whether a machine learning model can
reliably distinguish them from control users.

3.6 Controlling for socio-demographic effects

In designing our experiments, we exclude the po-
tential influence of users’ socio-demographic at-
tributes on the results. We aim to ensure that the
observed results can be attributed to conspiratorial
engagement rather than background characteris-
tics of the individuals. To test the plausibility of
this assumption, we construct socio-demographic
embeddings for all users active in r/conspiracy.
This is achieved by extracting the complete set
of comments produced by these users on Reddit,
totaling more than two billion posts. For each
user, we then rely on the subreddit embedding
model introduced by Waller and Anderson (2021).
These embeddings act as proxies for latent socio-
demographic attributes (e.g., age, gender, political
orientation), inferred from patterns of community
co-participation rather than directly observed traits.
We then use these embeddings to measure the dif-
ference in socio-demographic distribution across
user pools. Our results show no meaningful cor-
relation between these differences and changes in
the accuracy of classification, thus providing em-
pirical support for the decision to exclude socio-
demographic attributes from the design of our ex-
periments. More details on these analyses can be
found in Appendix A.2.

4 Results

4.1 Binary Classification Experiments

Figure 2 presents the general results of the bi-
nary classification experiments across all subred-
dits. The median accuracy of a Random Forest
classifier across subreddits is 0.87 (min = 0.78,
max = 0.95), 37 p.p. higher than a random base-
line classifier. This performance demonstrates
that the classifier can effectively differentiate be-
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Figure 2: Results of the classification experiments across mainstream subreddits. A: Distribution of classification
accuracies in distinguishing users who engage with conspiracy communities (in blue) and two control communities
(MensRights in orange, AskReddit in green) achieved by a Random Forest classifier, trained and evaluated
separately on each mainstream subreddit; each dot represents a subreddit (Median = 0.87, Min = 0.78, Max = 0.95
for conspiracy; Median = 0.69, Min = 0.65, Max = 0.76 for MensRights; Median = 0.60, Min = 0.46, Max = 0.68
for AskReddit. ). Accuracy from randomized permutation tests is also shown in grey (Median accuracy = 0.5). B:
Classification accuracy of the Random Forest model broken down by subreddit, ordered by popularity (number
of subscribers) in descending order, for the conspiracy community (in blue) and the two control communities

(MensRights in orange, AskReddit in green).

tween the two user groups, highlighting that in-
dividuals active in conspiracy communities ex-
hibit distinct psycholinguistic patterns compared
to users in mainstream subreddits. These results
hold for users who posted at least one comment in
r/conspiracy. Varying the level of activity within
the conspiracy community—from 10 to more than
100 comments—yields comparable classification
performance (see Appendix A).

We test the robustness of the main results with
three additional sets of experiments. First, we
perform a randomized permutation test to deter-
mine whether the classification accuracy could be
attributed to chance. As shown in panel A of Fig-
ure 2, the permutation test yields a median accu-
racy close to that of a random baseline classifier
(0.5). The results are statistically significant for
every subreddit (p < 0.001), confirming that the
model’s performance reflects meaningful patterns
in the data rather than random variation.

Next, we extend our analysis by construct-
ing alternative positive classes using two addi-
tional target communities: r/MensRights and
r/AskReddit. This robustness check tests whether
the identified psycholinguistic differences are
unique to conspiracy communities or whether they

also emerge in other ideologically-adjacent or
general-interest forums. As shown in panel A of
Figure 2, the classifier performs significantly worse
in these settings compared to the original exper-
iment using r/conspiracy as the positive class
(Mann-Whitney test, p < 0.001), thus indicating
that the linguistic signals associated with conspir-
acy engagement are more distinctive than those
emerging from general-interest or ideologically-
adjacent communities. Interestingly, the perfor-
mance of the classifier is higher on r/MensRights
than on r/AskReddit. The reason for this differ-
ence might be due to the similar extremist nature of
r/MensRights: both conspiracy and manosphere
users believe they are privy to hidden truths (e.g.,
the “red pill” metaphor) (Van Valkenburgh, 2021).
These results reinforce our central claim that users
who engage with conspiracy content exhibit lan-
guage patterns that are significantly different from
those of mainstream users.

Finally, we compare the performance of separate
classifiers to a model trained on the combined data
from all subreddits. While this aggregate model
is more accurate than a random classifier baseline
(accuracy = 0.76), we observe a drop in perfor-
mance compared to subreddit-specific models. As

13001



20.0

17.59

15.0

12.5

10.01

Accuracy Gain Over Single Model

7.5
5.01
2.51 I |
0.0 —F—1—+ T T —r u
>0 V0o unuumwmaoun>uocooT L O
cwg'awgzu,gw;uoaxuocom‘—>
cc S ES c X o ®O OC'EEO“’OC
2526238 8cgT SeG5BCEE
o TEE2R > 325 Stg
= t $E8E S@=
0} [} soeS S ¢
° = c> 9w
<] s O 8
1 o S S
< = 53
) € o]

- EarthPorn

- memes

- movies

- DIY

- GetMotivated

- books

- Music

- food

- science

- todayilearned

- news

- Showerthoughts
- explainlikeimfive
- askscience

- aww

- Jokes

- pics

- nottheonion

- funny

- videos

- space
mildlyinteresting

I R T U A S AN A S B s o B |
CVWVN>TUVVTOTVWVOLUO nuncoc>uooD
x—wm—wx-aoum;“>u;<u_go:0uc
SEsSOs o8 o0ccpEECSXEEcOaRs
253 S9s*-O0EcPEOPOTESTon
= >34 o ® ES T gfswg
tEE & 5% 273y 5
© o = c9¢29 < 9]
& s S PE =] E
=} © vE® o =

o T =z c >

o S 23 =)

c o =

x
[l €

Figure 3: Analysis of linguistic fingerprints across different subreddits. A: Difference in accuracy (percentage
points) between models trained separately for each subreddit and a single aggregate model trained on all subreddits.
B: Clustering of mainstream subreddits based on the most important linguistic features used in the classification
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Figure 4: PCA of the SHAP values of the Single Model
(Random Forest classifier) trained on the data from all
the mainstream subreddits versus the SHAP values of
the models trained on each single mainstream subreddit.

shown in Figure 3, panel A, the difference in accu-
racy with respect to the individual models ranges
from 2.5 to 17 percentage points. This result sug-
gests that conspiracy-engaged users adapt their lan-
guage to the specific communities they participate
in, rather than maintaining a uniform conspirato-
rial discourse across contexts. This finding aligns
with established research showing that online users
adjust to the linguistic norms of individual com-
munities (Danescu-Niculescu-Mizil et al., 2013;
Zhong et al., 2017), reinforcing the idea that con-
spiratorial tendencies are shaped by the social and
discursive environments of each subreddit.

4.2 Temporal Robustness Analysis

We next examine the stability of classification per-
formance over time prior to the users’ first en-
gagement with r/conspiracy. Specifically, we
evaluate classifier performance on subsets of user
comments ordered both chronologically and by cu-
mulative activity within mainstream communities.
Temporal analysis shows a small but statistically
significant increase in accuracy—?2.9 percentage
points between the first and last activity windows
(Mann-Kendall p = 0.03). In contrast, classifi-
cation performance remains stable across cumula-
tive activity thresholds (Mann-Kendall p = 0.22).
Overall, these results indicate that the ability to dis-
tinguish conspiracy-engaged users is largely con-
sistent regardless of the amount or timing of their
prior mainstream activity. This also indicates that
users’ psycholinguistic patterns are relatively sta-
ble before engaging with conspiracy communities,
consistent with the hypothesis that initial engage-
ment is driven in part by self-selection rather than
solely by exposure within the platform (Imhoff
et al., 2022; Spohr, 2017). We leave more details
and the plot of these results in the Appendix A.3.
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4.3 Feature Importance Analysis

To identify the psycholinguistic features that char-
acterize conspiracy-engaged users, we perform a
SHAP analysis on subreddit-specific models, com-
puting each feature’s contribution to the classifi-
cation task and comparing feature importance pat-
terns across subreddits. By measuring their simi-
larity, we evaluate whether conspiratorial language
manifests consistently across mainstream commu-
nities or adapts to the specific norms of each con-
text. As shown in Panel B of Figure 3, while some
subreddits exhibit more similar feature importance
patterns, we do not see clear separations across
groups of communities, thus indicating substantial
variation across different contexts. Additionally, in
Figure 4, we show the results of applying Principal
Component Analysis to the SHAP values of the
Single Model, trained on data from all mainstream
subreddits, as well as the models trained separately
on each mainstream community, with all the users’
activity thresholds aggregated. The figure illus-
trates that the Single Model is positioned near the
origin ([0, 0]) in the PCA space, suggesting that it
effectively represents an average of the community-
specific models, which are more widely dispersed
around the center. This last analysis reinforces the
idea that the language of conspiracy-engaged users
is highly context-dependent, adapting to the norms
of each community rather than reflecting a fixed
linguistic pattern.

To further investigate these results, we qualita-
tively analyze specific clusters that emerged from
our prior analyses. As shown in Figure 3, Panel
B, the hierarchical clustering algorithm identifies
five distinct clusters. For example, the yellow/gold
cluster—comprising the subreddits 1/DIY, 1/Get-
Motivated, r/books, r/Music, and r/food—shares
emo_anger as a negative predictor. Specifically, a
low presence of anger is associated with the non-
conspiracy class, likely reflecting a tranquil envi-
ronment where typical users discuss their hobbies,
whereas conspiracy-leaning users display more
anger in these spaces. Another notable example
is the green cluster, which consists of r/science,
r/todayilearned, r/news, r/Showerthoughts, and 1/-
explainlikeimfive. Within this group, mental serves
as a primary discriminant predictor, indicating a
strong presence of reasoning and cognitive pro-
cesses. This aligns with the high volume of ex-
planatory language typical of these communities,
making them the most likely venues for serious,

real-world themes.

Overall, results from our study provide evi-
dence for the existence of a large linguistic differ-
ence between conspiracy-engaged users and non-
conspiracy-engaged users that can be captured in
more mainstream spaces, also compared to other
topic-adjacent subreddits. However, they also sug-
gest that there are no universal psycholinguistic
fingerprints for conspiracy users discussing main-
stream topics, as their manifestation varies across
different mainstream and conventional communi-
ties and is highly context-dependent. Nevertheless,
we find recurring patterns such as negative emo-
tions (Korenci¢ et al., 2024b) (anxiety, anger) and
negative themes (death, illnesses), as shown in Ta-
ble 1. We report the top-10 most discriminant fea-
tures for each mainstream subreddit we considered
in our experiments in Appendix B.3.

5 Discussion

This work shows that there are detectable psy-
cholinguistic differences between conspiracy-
engaged and non-conspiracy-engaged users that
are captured within mainstream communities. Our
results align with previous research (Klein et al.,
2019), suggesting that users who engage with
r/conspiracy display distinct linguistic patterns.
While previous work identified these differences
within communities already shaped by the activ-
ity of conspiracy theorists, we instead observe that
such linguistic discrepancies emerge across various
mainstream communities, with notable variations
depending on the specific community. This result
underscores both the complexity of this task and
the critical role of social context in shaping the lan-
guage of self-expression of individuals (Danescu-
Niculescu-Mizil et al., 2011, 2013). Despite this
variability, these linguistic fingerprints hold strong
predictive power, enabling machine-learned mod-
els to achieve high classification accuracy, as shown
in Figure 2.

These findings have important implications for
the design of content moderation systems and the
methodology of social media analysis. Specifi-
cally, the contrast between the robust performance
of subreddit-specific models and the degradation
of the aggregate model challenges the feasibility
of “one-size-fits-all” detection approaches. We ob-
served that applying a single model across all com-
munities resulted in a performance drop of up to 17
percentage points compared to local models. This

13003



Table 1: Examples of LIWC psycholinguistic features that appear with high, moderate, or low frequency as top
discriminant features in the models trained on single subreddits. We also report the impact of that feature on the
classification output. Positive: High values of the feature drive the classification towards conspiracy. Negative: High
values of the feature drive the classification towards non-conspiracy. Mixed: The features have different roles for

different models in which it appears.

Frequency LIWC Feature Impact Subreddit Examples

> 11 models filler Positive explainlikeimfive, EarthPorn, todayilearned
WC (Word Count) Mixed askscience, science, mildlyinteresting
sexual Mixed askscience, Music, books
swear Positive explainlikeimfive, science, DIY

4 to 10 models illness Mixed news, explainlikeimfive, pics
death Mixed funny, mildlyinteresting, pics
emo_anger Positive food, DIY, GetMotivated
emo_anx Mixed EarthPorn, movies, memes
mental Mixed todayilearned, news, space

< 3 models curiosity Negative jokes
achieve Positive nottheonion
Clout Positive books

indicates that effective detection cannot rely on a
universal linguistic “fingerprint”; rather, it requires
context-aware strategies that account for how users
adapt their linguistic register to the specific norms
of the community they inhabit.

Furthermore, the pervasiveness of these sig-
nals impacts our understanding of “neutral” on-
line spaces. We detected strong discriminatory
markers even in innocuous, low-stakes environ-
ments such as raww, r/food, or v/DIY. This re-
sult challenges the assumption that ideological sig-
naling is strictly compartmentalized within politi-
cal echo chambers (Garimella et al., 2018; Cinelli
et al., 2021) or radicalized forums (Calikus et al.,
2025). Instead, our results suggest that mainstream,
general-interest communities serve as heteroge-
neous mixing grounds where distinct linguistic
identities remain visible and measurable, regardless
of the topic being discussed.

From a methodological standpoint, this study
establishes that local feature importance is supe-
rior to global feature aggregation for characterizing
user groups. As illustrated by our PCA analysis
of SHAP values, the single aggregate model essen-
tially averages out community-specific nuances, ob-
scuring the specific linguistic levers that distinguish
these users in different contexts. Consequently, we
suggest that future research in computational so-
cial science should adopt an “ecological” approach,
characterizing user behavior relative to the specific
discursive norms of the environment rather than
seeking fixed, platform-wide behavioral signatures.

Ethical Implications

The ethical implications of this work extend beyond
content moderation and speak to longstanding ten-
sions between freedom of expression, individual
rights, and the protection of public discourse (Scan-
lon, 1972). A key ethical risk raised by our find-
ings is the potential misuse of linguistic profiling
at the user level. Although our models are intended
for population-level analysis, similar techniques
could be repurposed to infer ideological or psy-
chological traits of individual users in mainstream,
non-political communities (Colacrai et al., 2024).
Such inferences are inherently probabilistic and
context-dependent, and misclassification may re-
sult in unjustified scrutiny, stigmatization, or harm,
particularly if applied without transparency, con-
sent, or avenues for contestation. Moreover, the
detectability of linguistic differences in general-
interest communities increases the risk of preemp-
tive or identity-based moderation strategies that
target inferred user traits rather than observable
harmful behavior. These approaches may produce
negative effects on legitimate speech and dispropor-
tionately impact dissenting or minority viewpoints.
For these reasons, the results presented here should
not be used to justify early reactive interventions
such as content removal or de-platforming. This
caution is especially warranted given evidence that
conspiracy theories are resilient to direct suppres-
sion and that heavy-handed enforcement may rein-
force conspiratorial beliefs (Monti et al., 2023).

13004



Limitations

Our study has some limitations that we acknowl-
edge and discuss. The first limitation is the
reliance on the psycholinguistic features pro-
vided by dictionary-based computational methods.
While these features are widely used in the liter-
ature (Tadesse et al., 2019; Faasse et al., 2016;
Giachanou et al., 2023), and the dictionary is based
on well-established psychological theories, they
may still fail to capture the full nuances of online
discourse. A dictionary-based approach primar-
ily focuses on individual word frequencies, over-
looking more complex linguistic structures such
as sentence context, syntactic dependencies, and
discourse-level features that could be crucial for
distinguishing conspiratorial narratives from gen-
eral discussions (Garten et al., 2018). Nonethe-
less, this tool was still able to provide meaning-
ful insights into the language of online users, as
the machine-learning models we employ in our
studies achieve a very high prediction accuracy.
Future work could test whether more powerful
transformer-based strategies further increase the
performance of the classifiers. Applying an in-
terpretable framework to attention weights could
capture linguistic structures and nuances that a
dictionary-based method, such as LIWC, cannot
measure. We expect that these endeavors would not
fundamentally alter our core conclusion: that lin-
guistic signals associated with conspiracy engage-
ment are context-dependent across communities.
Another limitation is that while our experimental
design is based on a large-scale longitudinal dataset,
it does not allow us to establish a causal relation-
ship between the difference in user language and
their engagement with the conspiracy community,
nor is the directionality of this relation explored
in this study. Finally, our approach focuses on
users’ direct activity, specifically, their comment-
ing behavior, rather than their passive exposure
to conspiratorial content, which we are unable to
measure given the lack of available data. While
comments serve as an observable proxy for user en-
gagement, this limitation may overlook more subtle
forms of exposure or interaction, such as lurking,
which describes most of the activity of Internet
users (Sun et al., 2014). Moreover, our strategy
for identifying conspiracy-engaged users relies on
self-identification and thus overlooks the cases in
which these beliefs are shared in other communi-
ties without the user self-identifying as conspiracy-

engaged. Nonetheless, despite this constraint, our
method successfully identifies a substantial num-
ber of users who go on to participate in conspiracy
communities, offering valuable insights into the
behavioral patterns of conspiracy theorists based
on their online self-expression.
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A Effect of engagement level in
r/conspiracy on linguistic patterns

We conduct a stratified analysis to examine how
varying levels of activity in r/conspiracy influ-
ence model performance. This analysis is moti-
vated by one of our assumptions, which posits a
potential link between the level of engagement in
a conspiracy community and the degree of linguis-
tic difference exhibited by an online user. To test
this, we divide users active on r/conspiracy into
four groups based on their number of comments:
(0, 1], (1, 10), [10, 100), and [100, +o0). For
each group, we construct a new dataset composed
of the psycholinguistic feature vectors of conspir-
acy users within that group, along with a balanced
random sample of non-conspiracy users. We then
replicate the classification pipelines from the main,
obtaining results consistent with those from the
aggregated analyses. Figure 5 shows the results
of the experiments, disaggregated by the activity
thresholds defined in Section 3. As noted, model
performance is consistent across the different lev-
els of user activity on r/conspiracy. These re-
sults are supported by significant permutation tests
(p < 0.01) across all activity classes and experi-
mental conditions.
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Figure 5: Disaggregated classification performance on
the test set, together with the permutation tests perfor-
mance for the four different classes of activity.

A.1 Avoiding bias

Figure 6 shows the result of a preliminary exper-
iment we performed to select the non-conspiracy
subreddit to which to focus our analyses. We
found that if we employed the activity outside of
r/conspiracy of conspiracy users as a driver for
this search, we would incur bias, as we would be
selecting subreddits that would not correctly repre-
sent the pattern of activity of normal Reddit users,
as shown in the figure.

A.2 Additional Socio Demographics Analysis

As described in Section 3, we are interested in
measuring the interplay of socio-demographics
and accuracy of the classification. To do so, we
represented each user by computing a weighted
average of the embeddings of all subreddits in
which they were active, where the weights cor-
respond to the relative frequency of their contri-
butions across subreddits. This procedure yielded
a vector representation for each user, intended to
capture socio-demographic and cultural orienta-
tions encoded in subreddit participation patterns.
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Figure 6: Example of bias in the selection of subreddits
using the activity of conspiracy users as a proxy. The
users we consider are those with at least 100 comments
on r/conspiracy.
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fier and the absolute difference between the conspiracy
users’ attribute distribution and the given subreddit em-
bedding.

To evaluate whether these embeddings introduced
systematic bias into our analyses, we compared
the distribution of conspiracy-engaged users active
within a given mainstream subreddit to the embed-
ding of that same subreddit. Next, we quantified
the absolute difference between the mean vector of
conspiracy users and the embedding of each sub-
reddit. We then correlated this measure with the
improvement in classification accuracy obtained
by the subreddit-specific model (described by Fig-
ure 3 in the Results section). The results, shown
in Figure 7, revealed no meaningful correlation,
suggesting that socio-demographic features, as cap-
tured by subreddit embeddings, do not significantly
account for the performance gains of our classifier.
This provides empirical support for the decision
to exclude socio-demographic attributes from the
core design of our study.

Activity: (0 , 1] comments in r/conspiracy Activity: [2 , 9] comments in r/conspiracy

Activity: [10 , 99] comments in r/conspiracy Activity: [100 , Inf) comments in r/conspiracy

Subreddits

Subreddits
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Figure 8: Disaggregated TabPFN experimental results.

A.3 Temporal Robustness Check

As introduced in Section 4.2, we perform additional
robustness checks on the classification results we
obtained in our experiments by segmenting the
users’ activity into quintiles, based on two crite-
ria: the temporal order and the cumulative order.
Meaning, we bin the comments of users into five
different groups based on the moment in time and
in which order they were posted by the user during
their activity on Reddit prior to their first comment
on r/conspiracy.

We apply this framework to each mainstream
subreddit in our collection and for each group
of users with varying levels of activity on
r/conspiracy. The datasets generated from these
classification setups are balanced, and we employ
them to train and evaluate a series of Random For-
est classifiers, one for each top subreddit in our
collection. We then repeat the same operations
we described in the previous analyses, i.e., feature
normalization, hyperparameter search, and model
training.

A.4 Top features for each mainstream
subreddit

In Appendix B.3 we show the top 10 most discrim-
inant features in the decision tree together with the
relative shap value, indicating the contribution of
that feature, whether positive or negative, to the
classification result. As we describe in Section 4,
there is no unique pattern common across all the
communities, even though some features are repre-
sented many times in these plots.

B Additional Robustness Checks

We employed TabPFEN (Hollmann et al., 2025), a
state-of-the-art machine learning architecture, to
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Figure 9: Results of additional classification experiments on temporal robustness. A: Classification accuracy
across different temporal activity windows (based on comment order). B: Classification accuracy across different
numerical activity windows (based on cumulative comment volume). In both cases, accuracy remains stable across
thresholds, indicating no significant linguistic shift over time.

further validate the robustness of our results. To
meet TabPFN’s input constraints, we downsampled
each dataset to approximately 10 000 instances. We
then replicated the classification pipelines from the
main experiments using this model. The results
closely matched those obtained with the Random
Forest classifier, reinforcing the meaningfulness of
the psycholinguistic embeddings.

B.1 TabPFN Results

In Figure 8 we show the results of the experiments,
disaggregated by the activity thresholds defined in
Section 3. We find the results to be in line with the
ones obtained with a Random Forest model in the
experiments presented in Section 4. Once again, we
show how the volume of activity in r/conspiracy
only marginally influences the accuracy of the clas-
sification.

B.2 Computational Resources

We ran our experiments on a machine with: a
64-core CPU, 256 GB of RAM, and an NVIDIA
A100 GPU. The dataset filtering required a
week of execution. The feature extraction re-
quired five days of execution. Model train-
ing and evaluation required a week of execu-
tion. We leave the repository at the following
link: https://anonymous.4open.science/r/reddit_ct-
EF52/

B.3 Description of important features

We report here the descriptions of the notable fea-
tures we showed in Table 1, extracting them from
the LIWC22 documentation (Boyd et al., 2022).

The following descriptions contain examples from
the categories, which can be swears or offensive
words. Readers

o filler: This category captures conversational
filler words. Frequently used examples in-
clude words like “I mean”, « s000”, and

“youknow”.

99

wow”,

e WC (Word Count): This is a summary vari-
able that simply represents the total word count
of the analyzed text.

e sexual: This is an expanded dictionary cate-
gory that captures sexual language. The most
frequently used exemplars include terms like

“sex”, “gay”, “pregnan*”, and “dick”.

e swear: This category captures swear words,
with frequent examples including “shit”,
“fuckin”, “fuck”, and “damn”. In LIWC-22,
swear words are conceptualized as part of the
overall affect and tone dictionaries (rather than
strictly negative emotion), as their usage has
evolved and is now just as likely to reflect posi-
tive sentiment in informal contexts.

o illness: A subcategory of the broader Health di-
mension, this captures disease names and phys-
ical symptoms related to illness. Common ex-
amples include “hospital”, “cancer*”, “sick”,
and “pain”.

e death: This category captures language refer-
ring to mortality. Frequently used words in-
clude “death”, “dead”, “die”, and “kill”.

e emo_anger: This represents the emotion of
anger, restricted strictly to true emotion labels
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or words that strongly imply the emotion. Ex-
amples include “hate”, “mad”, “angry”, and
“frustr*”.

emo_anx: This represents the emotion of
anxiety, similarly restricted to clear emo-
tion labels and strong implications of anxiety.
Frequently used exemplars include “worry”,

LR N3

“fear”, “afraid”, and “nervous”.

mental: This is a mental health category
that typically identifies psychological diag-
noses (e.g., “bipolar”, “neurosis”) or related
behaviors (e.g., “suicide”, “addiction”). Other
frequent examples include ‘“depressed” and

“trauma”’.

curiosity: Falling under the “Motives” dimen-
sion, these words reflect an author’s search
for or interest in new knowledge or experi-
ences, which is thought to correlate with the
personality trait of openness. Examples include

99 G

“scien*”, “look for”, “research”, and “wonder”.

B

achieve: Part of the psychological “Drives’
dimension, this category captures language
related to achievement. Frequently used ex-
amples include “work”, “better”, “best”, and
“working”.

clout: This is one of the four summary vari-
ables in LIWC-22, representing the language
of leadership and social status.
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Table 2: Data sizes for each subreddit, in millions of comments. We consider the comments of users who have made
at least 20 contributions to the subreddit.

Subreddit # comments of CT users # comments of NOCT users Total
r/memes 5.67 76.65 82.32
r/todayilearned 17.58 39.11 46.69
r/Showerthoughts 6.04 23.38 29.42
r/nottheonion 3.99 8.74 12.73
r/aww 5.29 29.0 34.29
r/Music 3.23 12.01 15.24
r/movies 12.41 37.76 50.17
r/science 3.67 7.94 10.61
r/pics 24.31 68.76 93.07
r/Jokes 1.71 7.55 9.26
r/news 24.54 41.38 65.96
r/videos 14.82 32.93 47.75
r/space 1.77 4.06 5.83
r/askscience 0.80 2.8 3.6

r/DIY 0.88 3.51 4.39
r/books 1.71 8.35 10.06
r/mildlyinteresting 5.26 21.2 26.46
r/food 1.37 6.48 7.85
r/EarthPorn 0.6 2.76 3.36
r/GetMotivated 0.65 2.18 2.83
r/explainlikeimfive 3.52 11.23 14.75
r/funny 22.56 76.26 88.82
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Table 3: Dataset sizes for each mainstream subreddit in number of users. The datasets are balanced, so the number
of conspiracy users is (approximately) equal to the number of non-conspiracy users.

Subreddit 0,1] (1,10)  [10,100) [100,00)  Total

r/funny 88362 121808 74412 23250 307832
r/memes 24195 35208 23456 6072 88931
r/science 15564 26124 19187 8443 69318
r/Music 15849 24982 18147 6674 65652
r/todayilearned 65644 99640 64532 21908 251724
r/aww 29886 43720 27650 8719 109975
r/movies 41689 62096 41176 14283 159244
r/Showerthoughts 29506 46913 32209 10140 118768
r/pics 94883 137573 85882 26635 344973
r/Jokes 8322 12326 8688 3114 32450
r/news 69170 110814 75465 27734 283183
r/videos 53849 80752 52473 17093 204167
r/space 6856 11245 8394 3416 29911
r/askscience 3011 4662 3056 1182 11911
1/DIY 3860 5796 3872 1544 15072
r/books 8326 12141 8507 3061 32035
r/nottheonion 18078 31548 23808 8832 82266
r/mildlyinteresting 28254 43890 30176 9734 112054
r/food 6649 10356 7048 2598 26651
r/EarthPorn 2158 3412 2302 949 8821
r/GetMotivated 2321 3788 3059 1154 10322

r/explainlikeimfive ~ 14155 21875 15700 5680 57410
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