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ABSTRACT

Online social media have become important arenas for political debate, with election periods amplifying ideological engagement.
Polarization and echo chamber effects were shown to be important for platforms like Twitter or Facebook but less for others like
Reddit. Here we challenge this assumption through a case study of Reddit conversations across the 2016 US presidential
election. We use statistical validation techniques to extract ideologically distinct communities of subreddits, in terms of their
contributing user base and news consumption, which we use to analyze the dynamics of political debate. We thus reveal clear
polarization in both interaction-based and topic-based communities, with clusters of Democratic, Conservative, and Banned
subreddits. Election periods intensify cross-group engagement, align Banned and Conservative content, and reduce linguistic
diversity within groups. Overall, we characterize Reddit as a polarized environment marked by structural patterns consistent
with echo-chamber organization, highlighting network validation as a key method for identifying relevant user interaction and
information-sharing patterns in online social media.

Introduction
Digital platforms have become increasingly central in shaping political discourse across a broader media ecosystem that also
includes traditional and other forms of political communication1–8. The growing societal tendency to communicate in online
settings provides researchers with extensive quantitative traces9, through which social behavior can be studied on different
scales10. Due to early data availability, their popularity and centrality in political discourse, much of the literature has focused
on Facebook and X (formerly Twitter). Various studies have shown that political discussion on these platforms often produces
tightly clustered user communities, called echo chambers, in which like-minded individuals reinforce their prior beliefs, often
in opposition to external views4, 11–15. However, whether such patterns generalize to other platforms remains an open question,
especially since each social media features its own form of user interaction6, 16, 17. For instance, studies on Reddit show a weaker
presence or complete absence of echo chambers4, 18, 19, possibly depending on the resolution scale of the analysis20, 21. This
outcome is particularly surprising, as the structural design of Reddit is expected to facilitate, rather than hinder, the formation
of echo chambers. Indeed, unlike timeline-based platforms like Facebook and X, Reddit is structured into thematic subreddits –
user-defined forums devoted to specific interests or topics22. On the other hand, technically Reddit is not a true social network,
as it does not allow users to select others as friends and receive information from them, but only to subscribe to subreddits of
interest. This means that all users accessing a given subreddit are simultaneously exposed to the same content, unlike what
happens on Facebook or Twitter (especially when echo chambers are present). These specific characteristics of Reddit may
render existing analytical approaches inadequate for detecting polarization dynamics on the platform. Here we argue that
statistical validation techniques are necessary to identify meaningful structures by filtering out the high level of underlying
noise, caused by the multitude of user interactions that produce high-dimensional and densely connected systems 23.

We study how political discourse evolved on Reddit from 2013 to 2017, using the Reddit Politosphere dataset – which
contains all posts and comments from around 500 political-themed subreddits. This comprehensive data allows us to analyze
three key aspects of online political behavior of users: i) patterns of ideological alignment, ii) habits of information consumption,
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and iii) dynamics of political polarization and potential presence of echo chambers. We adopt a dual-layered network approach
to uncover such features. First, we build a “user-interaction” network connecting users to the subreddits they contribute to,
which allows us to track the time evolution of interactions within communities. Second, we build an “information-diet” network
linking subreddits to external domains through news links shared within their posts, which allows us to reveal information
dissemination patterns. To extract statistically reliable structures from such complex data, we employ a validation framework
based on maximum-entropy null models24. This approach allows for the identification of genuine structural features arising
from interactions, rather than artifacts of individual heterogeneity and random fluctuations, and has been successfully applied in
the past across domains including economic, innovation, and financial systems 25–31, as well as online social platforms like
Twitter15, 23, 32–36. These statistically validated projections constitute the methodological basis of our approach.

We use these techniques in combination with subreddit-level tags assigned from metadata, which enables us to trace users’
alignment shifts over time. In particular, by analyzing both interaction-based validated communities and groups defined via
shared thematic tags, we can track patterns of polarization by labeling users according to their participation within and across
these groups. Following Ref.4, we adopt a structural interpretation of echo-chamber organization based on the alignment
between user participation and information consumption.

Our analysis focuses on political discourse during Trump’s 2016 campaign and post-election period. We find that overall
political polarization on Reddit declines between 2013 and 2017. However, certain communities – especially Democratic and
Conservative groups (with the latter term referring to broader center-right movements beyond the Republican Party) – remain
consistently polarized. Furthermore, users from banned communities, which initially aligned with far-right groups, shift toward
conservative subreddits during the 2016 elections, continuing to influence conservative discourse even after the ban of their
original communities. Linguistic analysis reveals that users adopt increasingly similar language patterns within ideological
groups over time. Moreover, communities sharing similar information sources also tend to share similar user bases, revealing
a persistent alignment between patterns of participation and information consumption that is consistent with echo-chamber
organization. Finally, despite increased cross-group interactions during major political events, declining comment scores
between opposing groups suggest that greater exposure coincides with increased antagonism rather than reduced polarization37.

Results
The structure of a conversation on Reddit consists of an initial post (often containing a question, opinion, news item, picture,
video, etc.), followed by a tree-like series of users’ comments to the original post or to other comments in the thread (Figure 1a).
Our dataset comprises 120.4M comments made by 1.9M Reddit users on a set of 498 politically oriented subreddits from
January 2013 to December 2017, obtained from the Reddit Politosphere dataset38, as well as the corresponding 16.8M original
submissions (posts) obtained from the Pushshift Reddit Dataset39, sharing in total a set of 208.3K news domains (e.g., cnn.com,
foxnews.com, theguardian.com; see Supplementary Information, S1 for further details and general temporal trend of the data).
We use this information to build two types of network, capturing the similarity among subreddits in terms of user interaction
and news consumption patterns, respectively (see Methods). The first, the “user-interaction” projection, focuses on how users
co-participate in communities, highlighting patterns of ideological alignment. The second, the “information-diet” projection,
captures similarities in news consumption across communities.

In the “user-interaction” approach (see Figure 1b), we build a bipartite network of users and subreddits, with weighted
links measuring how many times users contributed to each subreddit. We then project it onto the subreddit layer to obtain
a monopartite network of subreddits, connected according to how many users participate in both their discussions. In the
“information-diet” approach (Figure 1c), we build a bipartite network of news domains and subreddits, with weighted links
measuring how many times domains are shared within the posts of the various subreddits. We then project it onto the subreddit
layer to obtain a monopartite network of subreddits, this time connected according to how many times they contain posts
sharing the same domain. In both cases, raw co-occurrences are biased by user activity, subreddit and domain popularity. To
correct for these effects, we apply rigorous statistical filtering based on maximum-entropy null models, which retain only
the most significant, non-random connections (see Methods and Supplementary Information, S2). This step ensures that the
resulting projections retain only statistically significant co-occurrence patterns, filtering out co-occurrences compatible with the
null-model constraints – which constitute the underlying “noise” stemming from raw user activity as well as subreddits and
domains popularity.

After such statistical validation, 1 we perform community detection using the Louvain algorithm40. Indeed, the validation
process substantially sparsifies the networks, allowing for the identification of robust communities of similar subreddits. For
instance in the user–subreddit projection, modularity increases and density decreases by roughly an order of magnitude with
respect to the unfiltered network, while removing only 16% of nodes.

1Here, “statistical validation” refers to retaining links that are statistically significant with respect to a specified null model24, 26; it does not imply validation
against an external experimental ground truth.
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Figure 1. Methodological framework. This figure summarizes the main approaches used in this study, analyzing two
dimensions–news domains and user interactions–to reveal the presence of echo chambers. a Structure of Reddit data:
conversation trees with root posts and comments underneath, belonging to different politics-related subreddits. b Construction
of the “user-interaction” network: from the bipartite network of users interacting on subreddits to the validated network of
significant similarities among subreddits (in terms of common user base). c “Information-diet” approach: from the bipartite
network of news domain shared by subreddits to the validated network of significant similarities among subreddits (in terms of
commonly shared domains). d Matching between the communities of subreddits in the two validated networks reveals
echo-chamber organization through overlapping user populations and news-source patterns..

Note that communities of the statistically validated networks are robust with respect to the choice of the community
detection method 41, 42 (see Supplementary Information, S3), while without validation communities become unstable and highly
sensitive to parameter choices (see Supplementary Information, S2). According to Ref.4, echo chambers emerge when patterns
of homophily, i.e. users holding similar opinions, align with patterns of polarization, measured through the similarity in the
news domains linked in their shared content. Translating this operational definition to our context, here we detect echo chambers
through the overlaps between communities detected with the two approaches described above, i.e. the “user-interaction” and
“information-diet” ones. In practice, in the present application, echo chambers are groups of subreddits characterized by
overlapping user populations and information sources.

In Politosphere, subreddits are tagged as “Democratic” or “Conservative” according to their political leaning, while “Banned”
subreddits receive a dedicated tag. We extend this scheme using additional tags that we manually assign to subreddits, based on
their titles, public descriptions, and moderator notes (see Supplementary Materials S1). These tags further enable group-level
analyses, as communities are assigned tags according to the tag frequencies among their constituent subreddits. In the following
plots, each tag is assigned a base color; the color of a community is then computed as the average of the colors of its constituent
tags (see Supplementary Materials S1).
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User-interaction network: Communities of subreddits with similar user bases
Reddit’s political communities, based on user–interaction analysis, organize into ideologically and thematically aligned clusters,
with persistent groups alongside others showing partial mixing or fragmentation over time (see Figure 2a). In 2013 we observe
distinct clusters: a Far-Left group (light blue), a Conservative–Libertarian cluster (pink), News and Social Justice subreddits
(green and orange), together with thematic communities focused on Geopolitics (khaki), Canada (yellow), and the UK/Europe
(brown) (see panel 2b for the corresponding communities highlighted in the network). In 2014, coinciding with the U.S.
midterm elections, a similar partition persists, with the first appearance of a joint Ban/Far-Right cluster (dark purple), a distinct
Libertarian group (pink), and the consolidation of Social Justice and Political Talk communities. Democratic and Conservative
subreddits belong with a mixed cluster. By 2015, the structure becomes richer: the Far-Left cluster remains stable, Geopolitics
separates from News communities, and the Canada group persists. Democratic and Conservative subreddits still co-exist within
the same cluster, though their separation becomes increasingly visible (see Figure 2 c).

The 2016 U.S. presidential election represents a turning point (see Figure 2 c). A Democratic cluster (blue) emerges more
clearly, closely connected with News and Geopolitics communities. Conservative subreddits (red) form their own cluster,
often in proximity to Libertarian, Gun Rights, and Economic groups (e.g., r/Elections, r/Conservative, r/KasichForPresident,
r/progun, r/CatholicPolitics, r/climateskeptics). Hybrid communities also appear, merging pro-Trump Conservatives, Far-Right
groups, banned subreddits (e.g., r/WhiteRights, r/fascism, r/The_Donald), and even some Social Justice spaces – reflecting the
alignment of distinct ideological currents within shared spaces. In 2017, the division in Democratic and Conservative clusters
further consolidate. Democrats form a stable community, while Conservatives, already split in 2016, remain divided across
clusters: some align with more moderate or mixed political subreddits, while others persist within Trump-centric and hybrid
communities that had emerged the year before. Ban and Far-Right groups continue to coalesce, overlapping with both Social
Justice and Conservative subreddits. Meanwhile, smaller but persistent clusters focused on Geopolitics, Far-Left politics, and
non-U.S. topics (Canada, Australia, UK) maintain continuity throughout the period. These shifts are discussed in further detail
in Supplementary Materials S4 and details on community topic labeling are provided in S1.

Polarization, banned communities and cross interactions
Having established the validated community structure of political interactions, we analyze polarization patterns and the
evolution of community composition over time. We compute polarization from two complementary perspectives: (i) tag-based
communities, i.e., groups of subreddits sharing the same thematic tag; and (ii) network-detected communities, obtained from
validated projections of the user–subreddit interaction network. To study the level of polarization of the political debate, we
label users with the index of the community in which they have commented on the largest fraction of available subreddits (see
Methods for further details). This operationalization assumes that preferential activity within a community provides a proxy for
alignment with its prevailing thematic or political orientation, and therefore captures polarization at the community rather than
at the individual level.

Figure 3a shows donut charts for selected tag-based groups (Far-Left, Democratic, Conservative, and Far-Right) in 2014
and 2016, mapping the full composition of user labels within each group. Figure 3b displays the corresponding distributions for
a set of detected network communities (composition examined in terms of user tags) that most closely align with the same
categories. Additional years and full details on the construction of these charts are reported in Supplementary Information, S4.
Both perspectives reveal that most communities are dominated by one or a few user labels, indicating that the same groups
of users tend to concentrate activity within specific forums. The comparison between 2014 and 2016 shows that although
overall polarization tends to decline over time, certain groups remain persistently polarized – particularly Democratic-aligned
communities and banned subreddits, including conservative factions associated with Trump. These patterns point to sustained
divisive dynamics among conservative-aligned groups, with users of subsequently banned subreddits playing a prominent
role in their evolution. We also observe a temporal realignment involving Far-Right users and users of subsequently banned
subreddits: initially, Far-Right groups overlap mainly with Banned tags, but over time they become increasingly embedded
within mixed Conservative–Banned–Social Justice communities. (see Supplementary Information, S4 for the full set of donut
charts, including Banned-tag distributions).

Additional evidence of polarization is provided in Figure 3c, where we focus on the largest and most politically relevant
communities in the tag-based and interaction-based approaches; complete results are reported in Supplementary Information,
S4. We consider the polarization index ρ ∈ [0,1]43, which measures the extent to which a community’s user base is concentrated
on the corresponding community label, with higher values indicating stronger concentration (see Methods). In politically
defined communities, we interpret this concentration as an indicator of polarization. Polarization emerges from highly mixed
communities combining Far-Right, Banned, Conservative, and Social Justice subreddits, with these heterogeneous clusters
remaining strongly polarized despite their diverse composition. Banned communities display particularly sharp increases in
polarization over time–rising nearly sixfold–while Conservative communities maintain high polarization levels regardless of
explicit labeling.
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Not Validated Australia Banned Far Right Gun ConservativeDemocratics NewsEurope
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c

a

Figure 2. Temporal evolution of subreddits’ communities with similar user base. a) Sankey diagram where the width of
the flows is proportional to the number of subreddits moving among communities. Community colors reflect the composite
hues of their underlying subreddit tags, shown in the legend. Label “Not Validated” refers to subreddits that are not connected
to others by statistically validated links. b) Evolution of the main communities of the validated subreddits, with several
communities exhibiting strong tag homogeneity. c) Focus on Democratic, Conservative, and Banned subreddits. As elections
approach, both Democratic and Conservative subreddits increase in number, while Banned subreddits exhibit more frequent
co-occurrences with Conservative ones.

Figure 3d reports average comment scores normalized by subreddit size for 2014 and 2016, computed separately for
tag-based communities (top) and interaction-based communities (bottom). Each comment’s score is first normalized by the
number of active users in the corresponding subreddit to correct for visibility bias, and then aggregated within each community
as the total normalized score divided by the total number of comments As elections approach, Democratic, Conservative, and
Banned communities exhibit declining scores even as cross-community interactions intensify. Groups such as Social Justice
and Far-Right show higher scores when clearly distinct but experience sharp drops as ideological boundaries blur, whereas
Far-Left communities remain comparatively stable, reflecting a more consistent ideological stance. Overall, these trends
suggest that increasing cross-group participation coincides with reduced internal cohesion and diminished group distinctiveness.
Figure 3e shows linguistic similarity patterns based on cosine similarity of TF-IDF representations. Subreddits sharing the same
tags exhibit high internal similarity, particularly during election years, while in 2016 a convergence in language use between
Democratic, Conservative, and Banned subreddits indicates increasingly blurred ideological boundaries despite persistent
within-group cohesion. A complementary statistical analysis, reported in Supplementary Section S6, supports these patterns
using Mann–Whitney U and Kolmogorov–Smirnov tests for within- versus cross-group similarity and temporal changes in
similarity distributions, respectively, confirming a significant increase in linguistic similarity over time, particularly among
Conservative, Democratic, and Far-Left subreddits.
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Figure 3. Polarization, engagement and linguistic similarity across subreddit communities. a Donut charts showing the
distribution of user labels within selected tag-based communities, for 2014 and 2016 (e.g., Democratic and Banned). b Donut
charts showing the corresponding distributions within selected communities of the validated “user-interaction” network
projections, for 2014 and 2016. c Bar plots showing the annual polarization index for the selected communities. Solid bars
show the original values, dashed bars the values obtained after removing the “Banned” tag (subsequently banned subreddits)
from user labeling, and error bars the leave-one-tag-out variability. This distinction allows to capture the strong polarizing role
of banned subreddits, especially within conservative clusters. Early polarization is most pronounced among Far-Right and
Democratic groups, with major shifts observed in the Conservative category. Over time, overall polarization decreases, except
for a notable rise among banned communities. d Average scores of comments for 2014 and 2016, revealing a general decline in
user engagement, particularly in Democratic, Conservative, and Banned subreddits. e Cosine similarity between posts within
topic-based subreddit groups, indicating strong intra-group similarity and increasing inter-group similarity over time, especially
between Democratic and Conservative communities.

Information Ecosystem and Echo Chambers
We now take the “information-diet” approach to understand how Reddit communities consume and share news. Similarly
to the “user-interaction” network, the validated projection has a marked community structure (see Figure4a), witnessing the
existence of groups of subreddits that tend to rely on similar sets of news sources (see Supplementary Information, S7 for
network statistics). The flow diagram of Figure 4a shows how domain-sharing communities evolve year by year. For instance,
Democratic- and Conservative-aligned communities emerge clearly, particularly after the 2016 election, when they begin to rely
on increasingly distinct domains. Communities also form around geographic interests, including Canada, Australia, and UK.
A group of “Banned” subreddits, initially close to far-right spaces, moves closer to Conservative communities in the years
following the election. On the left side, different subgroups emerge with specific focuses: one on social justice issues, another
on Marxism and Anarchism, and a third centered on meme-sharing. Additional analyses on domain-level polarization and
label propagation across domain categories are provided in Supplementary Section S7, with full details on the networks and

6/17



community structures for both approaches in S8. Notably, several of these groups match those observed in the “user-interaction”
networks (see Figure 4b).

Interaction Community Information Community p-value

Geop/News- Dem/Cons- 2e-08
Far-Left Far-Left 7e-04
Far-Left Lib/Dem- 7e-05
Far-Left Far-Left 3e-04
Far-Left Econ/Far-Left- 8e-04
PolTalk Austr/Far-Left- 5e-06
Dem/SocialJustice- Far-Left/SocialJustice 5e-06
Dem/Politic Dem/Cons- 3e-03
Dem/Politic Lib/Cons- 3e-05
Dem/Cons- Far-Left 4e-05
Dem/Cons- Far-Left/Politic 1e-06
Lib Austr/Far-Left- 2e-04
Cons Far-Left/Geop- 3e-07
Gun Cons/Gun- 3e-03
Far-Right/Econ- Cons/Gun- 1e-07
Ban Ban/Geop- 3e-13
SocialJustice News/Politic 1e-06
SocialJustice SocialJustice/Politic 6e-08
SocialJustice Econ/Far-Left- 1e-03
SocialJustice SocialJustice/Politic 6e-05
UK UK 2e-09
Eur News/Politic 2e-04
Eur Austr/Far-Left- 1e-04
Canada Canada 1e-11
Austr Austr/Far-Left- 3e-09

(a) 2014

Interaction Community Information Community p-value

Geop Geop/News 2e-05
Geop Geop 1e-08
News News/Politic 7e-06
News/Politic Geop/News 8e-06
News/Econ- News/Politic 2e-05
News/Econ- Econ/Far-Left 5e-04
Far-Left Far-Left 9e-07
Far-Left/SocialJustice- Far-Left 2e-06
Far-Left/SocialJustice- PolTalk 5e-04
Far-Left/SocialJustice- SocialJustice 5e-06
Far-Left Far-Left 3e-08
Far-Left Econ/Far-Left 2e-04
Far-Left Far-Right/Far-Left- 2e-04
Dem/News- Far-Left/News- 4e-05
Dem/News- Dem/Cons- 5e-04
Lib/Econ- Far-Left/Politic 5e-04
Cons Cons/Politic 1e-04
Cons/Ban Dem/Ban- 9e-05
Gun Gun/Dem- 2e-07
Ban/Far-Right- Ban/Far-Right 7e-09
SocialJustice/PolTalk- Far-Left 1e-05
SocialJustice/PolTalk- PolTalk 4e-05
SocialJustice/PolTalk- Ban/Far-Right 4e-04
UK/Eur Canada 6e-09
Canada Canada 2e-15
Austr Far-Left/Austr- 4e-12

(b) 2016

Table 1. Significance of echo chamber correspondences in 2014 and 2016. Each list reports p-values for matches between
subreddit subcommunities detected from user–subreddit interactions and from subreddit–domain sharing. All values shown
correspond to statistically significant overlaps after False Discovery Rate correction (α = 0.05).

To further explore the alignment between “user-interaction” and “information-diet” communities at the user level, we
construct a bipartite network where each node represents a community from one of the two approaches, while links are weighted
by the number of active users (see Methods). We can then assess statistically significant overlaps using the BiWCM null model
(see Methods). Although community matches emerge in correspondence with similar topics, even with very low p-values, few
entries remain statistically significant once correcting for multiple hypothesis testing with the false discovery rate (see heatmaps
of community matches in Supplementary Materials S9).

A more fine-grained analysis on sub-communities – obtained by using the Louvain algorithm again on individual com-
munities – reveals clearer patterns. Communities that focus on the same topics (see Supplementary Materials S1), such
as gun rights or economic policy, are much more likely to share both users and information sources, as confirmed by the
statistically significant overlaps (see Tab. 1 for p-values). The two-sided validation further reveals significant underexposure
across communities, while preserving the statistically significant overlaps reported above (see Supplementary Information, S9).
The observed overlaps suggest that coherence is particularly strong in more focused environments, where topical and political
alignment may overlap.

These patterns challenge the notion that echo chambers, on Reddit or elsewhere, represent only a marginal phenomenon
involving a small fraction of users15, 20, 21. Here, we find many groups of subreddits that significantly share both user bases
and news sources. Between 40% and 60% of users belong to such overlapping communities, while the proportion of users
active within validated sub-community matches increases from about 20% in 2013–2014 to 36% in 2015, remaining stable in
2016 (28%) and 2017 (34%). This pattern highlights a marked consolidation of echo-chamber structures, particularly during
politically salient years such as 2014 and 2016. Together, these findings highlight how user engagement and information sharing
are closely associated in shaping Reddit’s political landscape. Full details on community structure, overlap sub-communities
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Canada Social Justice U.K.LiberalPolitics Political Talk Economics Far Left Geopolitics
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News Users UsersNews

2014 2016

News Users UsersNews

Figure 4. Patterns of News Consumption and Echo Chambers. a: Sankey diagram where the width of the flows is
proportional to the number of subreddits moving among communities, defined according to similarity of shared news sources
among subreddits. Some communities remain highly homogeneous in terms of tags, while a merging of themes occurs in
certain years. For example, Democrats and Conservatives initially coexist in the same community, but beginning with the
election year, they gradually separate into distinct groups, eventually forming separate Democrats and Conservatives/Banned
communities by 2017. b: Chord diagrams depicting the overlap (in terms of common subreddits) between communities
identified through the “user-interaction” and “information-diet” analyses, for 2014 and 2016 respectively. The color of the
flows represents the average of the colors of the source and destination communities. The coherent structure of the
communities defined by the two approaches is indicative of the presence of echo chambers in political debate. Indeed the
strongest overlaps tend to occur between communities with similar political or thematic orientations. Additionally, the figure
shows the validated networks derived from the chord diagrams.
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patterns, and temporal dynamics are available in the Supplementary Information, S8-S9.

Focus on Democratic, Conservative, and Banned Groups
We finally perform a closer investigation of the political discourse between Democratic and Conservative communities, as
these factions emerge distinctly across the network approaches we considered. Figure 5a shows yearly distances between
the linguistic patterns of these groups, computed from subreddit-level TF-IDF representations (see Methods). We observe a
decrease in the distance (from 0.8 to 0.7) between Democratic users, Conservative users, and users of later-banned subreddits.
As benchmarks, we consider a random model (mean similarity of randomly assembled communities of the same size) and
a heterogeneous model (mean similarity of all pairwise subreddits within a community), which confirm that the observed
convergence exceeds what is expected from random mixing or compositional effects (see Methods). The convergence between
Democrats and Conservatives is particularly evident in 2016, likely driven by the shared focus on election-related narratives
(see Figure 5a).

We then consider the average distance between these communities (see Methods) computed on the statistically validated
“user–interaction” network. Figure 5b shows a marked increase in the average network distance between Democratic and
Conservative subreddits starting in 2015 (the year preceding Trump’s election) and peaking in 2016. This separation is
particularly pronounced for Democratic subreddits, which grow increasingly distant from their Conservative counterparts.
Statistical tests confirm the significance of this trend when comparing Democrat–Conservative pairs with previous years and
with overall network distances. A similar pattern is reflected in the average distance computed on the “information-diet”
validated networks, shown in Figure 5c: Democratic and Conservative communities initially share many domains, but their
media ecosystems gradually diverge in the lead-up to the election. Conservatives remain consistently closer to Banned
subreddits than Democrats throughout the period.

To better understand cross-group dynamics, we track user-level interactions by filtering the original dataset of comments,
assigning labels to users through propagation from subreddit to user activity, and then retaining only comments authored
by users labeled as Democratic or Conservative, or as users of subsequently banned subreddits, regardless of the subreddit.
Figure 5d shows the proportion of comments exchanged within and between these groups (here reported for 2014 and 2016),
measured as the normalized number of comments exchanged between groups relative to the total number of comments produced
by users of each group. Over the period, the total number of comments by these groups grows substantially, reaching nearly 106

in 2016, about ten times more than in 2014–while cross-group commenting steadily increases but is accompanied by a marked
decline in comment scores. Average scores drop by 93.4 % in Democratic subreddits and by 85.6 % in Conservative ones, with
the decline most severe in candidate-centered communities such as r/SandersForPresident, r/HillaryClinton, and r/The_Donald,
while remaining comparatively stable in less polarizing spaces (e.g., r/KasichForPresident). As shown in Figure 5e, cross-group
interactions are evaluated even more negatively than within-group ones. Notably, the number of Democratic and Conservative
users engaging in each other’s communities rises over time, independently of overall volume, suggesting growing exposure to
opposing viewpoints even as their reception worsens (a trend consistent with prior literature18, 20, 21). Full results across all
years, including this breakdown, and further analyses are provided in Supplementary Information S10.

Discussions
Online social network data are difficult to handle, due to the multifaceted nature of social interactions, the large heterogeneity of
participating actors, and the intrinsic randomness of human behavior23. Here, we applied a statistical filtering network approach
to focus on the core structure of political discourse, enabling reliable detection of persistent patterns of political polarization
and echo chambers on Reddit5, 16. We focused on the US political debate from 2013 to 2017, uncovering a robust architecture
of ideological communities that endures over time. Despite widespread interaction across groups, polarization remains deeply
embedded – offering novel perspective into how echo chambers persist even amid moments of heightened engagement and
debate.

Within the observed clusters, users repeatedly engage within communities characterized by a narrow set of information
sources and by similar topics and individuals, often using highly similar language, suggesting that echo chambers are not
limited to fringe groups and are present even during periods of apparent openness.

Remarkably, partisan communities showed a decline in average comment scores, especially in candidate-focused forums
during election periods, a trend also observed in r/The_Donald44, suggesting increasing internal heterogeneity even within
apparently cohesive groups.

Finally, during election periods, increased lexical similarity across Democrat, mainstream Conservative, and later-banned
communities suggested intensified cross-camp debate without genuine integration, as increasingly similar language was
consistent with shared rhetorical frames across ideological boundaries45. This pattern is preserved even after removing
candidate names, major election-related terms, complete URLs, and common political entities (see Supplementary Information
S6), indicating that the observed similarity is robust and not determined by shared election-specific vocabulary.
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Figure 5. Engagement and Temporal Dynamics among Democratic, Conservative, and Banned Subreddits.
a: Yearly textual distances between Democratic, Conservative, and Banned subreddits. We report yearly cosine distances
between the TF-IDF representations of Democratic and Conservative subreddits, which decrease in 2016. Both groups also
converge linguistically toward Banned subreddits over time, although Democrats remain comparatively more distant. As
benchmarks, we include a random model (the mean similarity of randomly assembled communities of the same size) and a
heterogeneous model (the mean of all pairwise similarities among a community’s constituent subreddits, thereby controlling for
internal composition heterogeneity). b–c: Distances in user- and domain-based subreddit networks. We show average pairwise
distances (normalized by yearly network averages) in statistically validated interaction networks, computed using the harmonic
mean. A widening gap emerges between Democrats and Conservatives, with Banned subreddits consistently closer to
Conservatives. Domain-sharing networks reveal a similar pattern: Democrats and Conservatives diverge sharply after 2016,
while Banned subreddits remain aligned with Conservatives. d–e: Heatmaps of yearly proportions of comments and scores
exchanged within and between user groups (shown for 2014 and 2016). They indicate increasing cross-faction interaction over
time, but consistently lower comment scores for inter-group exchanges compared to intra-group ones.

Our findings are mirrored in real-world political tensions, as the clustering of communities and semantic distances across
topic groups reveal systematic contrasts between Democratic and Conservative spheres. Remarkably, both factions remain
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equally detached from economics- and social-justice-related topics – echoing post-election critiques46 and concerns over the
marginalization of economically “left-behind” U.S. communities47.

We tested our procedures on several dimensions to detect possible weaknesses. First, our polarization measure treats
preferential community participation as a proxy for alignment with the community’s prevailing orientation; because this
inference is based on participation rather than direct textual ideological content, it may not always reflect users’ underlying
political orientations. Such discrepancies can arise when participation patterns evolve rapidly, thereby reducing their cor-
respondence with users’ underlying political orientations. Tracking these users across subsequent years revealed frequent
shifts toward Conservative or Banned communities, followed in some cases by partial returns to Democratic spaces – a
pattern likely driven by adversarial interactions rather than genuine ideological shifts (see Supplementary Sections S2, S10).
Second, differences in temporal resolution may influence the granularity of observed dynamics, since zooming into shorter
periods can reveal transient variations in community composition and polarization intensity. We verified the robustness of
our results using four-month aggregation windows instead of yearly ones, obtaining consistent community structures and
polarization trends, with minor differences (see Supplementary Information S11). Third, differences in empirical scope, scale,
and representation may also account for discrepancies across studies. Previous analyses of Reddit polarization range from
user-level interactions within specific forums to embedding-based representations of communities18, 19, 48. Here, we work at
the subreddit mesoscale, combining user-participation and information-diet representations and statistically validating the
corresponding projections before community detection. Supplementary Sections S2–S3 quantify the impact of this validation
step by comparing validated and unvalidated projections and testing the robustness of the resulting partitions across filtering
thresholds and community-detection methods.

Future developments of our research should enhance classification accuracy by integrating sentiment and textual analyses
of user comments, moving beyond participation metrics alone — an increasingly relevant step given the growing presence and
human-like behavior of automated and AI-driven accounts in online discussions49–51. Investigating the mechanisms behind
linguistic similarity during election cycles – particularly their links with linguistic complexity and user involvement within
echo chambers52 – represents a promising direction for understanding the evolution of political discourse.

Furthermore, dedicated analyses of highly polarized communities, such as those explicitly linked to Trump, may uncover
distinctive interaction patterns. Moreover, additional work is needed to clarify the influence of users of subsequently banned
subreddits within Conservative-aligned clusters and to assess the effectiveness of moderation strategies – particularly subreddit
bans – in mitigating long-term polarization53, 54.

Understanding echo chambers as persistent structures – rather than transient anomalies – shifts the focus from merely
facilitating cross-group exposure to designing interactions that promote reflection over reaction. Whether platforms will
embrace such responsibility remains an open question, but our results indicate that current dynamics are unlikely to change
spontaneously.

Methods

Dataset Description
We used the Reddit Politosphere dataset38, which collects all comments from a large set of politically oriented subreddits
between 2013 and 2017, and complemented it with the corresponding submissions from the Pushshift Reddit dataset39. Together,
these data comprise millions of comments and posts produced by hundreds of subreddits and domains over the five-year period
(see Supplementary Information, Section S1, for details and visualizations).

Each record comes with rich metadata. For comments, available fields include user and submission identifiers, the subreddit
in which the comment appears, parent comment ID, timestamps, scores, and the comment text. In addition, the dataset
creators provide curated metadata, such as information about the subreddit (e.g., whether it was later banned, or associated with
Democratic or Conservative communities), along with other annotations. We note that the “Banned” tag, unlike “Democratic” or
“Conservative”, does not describe a political orientation but a subsequent moderation outcome. The tag is applied retrospectively
to identify subreddits that were later removed from the platform and to trace their evolution over time. It is used only for the
retrospective interpretation of the communities identified independently in each year. Users contributing to these subreddits
were not necessarily banned from Reddit.

For submissions, metadata include author and submission IDs, timestamps, scores, textual content, and, when applicable, the
external URL and the domain of the linked content. Subreddit-level metadata about political alignment were further extended
into a set of topic tags covering 17 categories, allowing for broader classification across all subreddits. Public subreddit
descriptions were used to support the manual labeling procedure. Tag consistency was assessed by comparing the manual
annotations with labels generated by GPT-4 through the OpenAI API55; full details are reported in Supplementary Information,
S12.
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Network validation
Throughout the analysis, statistical validation is used to distinguish observed network patterns from those compatible with
suitable null-model constraints.

The validation framework starts from two weighted bipartite networks representing Reddit interactions: (i) users commenting
on subreddits, and (ii) domains shared within subreddits. Here we discuss the case of the users-subreddits network, but the
discussion applies to the domains-subreddit network as well.

We extract statistically meaningful projections onto the subreddit layer by identifying significant co-occurrence patterns25, 26.
Prior to validation, we binarize networks using the Revealed Comparative Advantage (RCA)56, which compares the observed
weight of each link to the expected activity of the two nodes involved, thus correcting for heterogeneity in activity levels. Only
links with RCA ≥ 1 are retained in the binarized network. After binarization, we project onto the subreddit layer by counting
common users between subreddits. In particular, if biu is the generic entry of the (binarized) biadjacency matrix between
subreddit i and user u, the observed number of common users between two subreddits i and j is

Vi j = ∑
u

biub ju.

However, this raw overlap is biased by subreddit popularity and user activity, requiring further statistical validation.
To correct for such biases, we apply statistical validation based on maximum entropy null models24. In particular, we

use the Bipartite Configuration Model (BiCM)57 based on constraining degrees of both classes of nodes (subreddits and
users). According to BiCM, co-occurrences Vi j are modeled with a Poisson–Binomial distribution, i.e., the sum of independent
Bernoulli trials with different success probabilities - which depend on the degress of the the two subreddits and of the individual
users involved. The corresponding p-value is

p[Vi j] = 1−
Vi j−1

∑
x=0

π(x | i, j), (0.1)

where π(x | i, j) denotes the probability of observing exactly x shared neighbors according to the BiCM null model.
We validate co-occurrences by applying the False Discovery Rate (FDR) correction58 to the set of computed p-values. Let

D be the number of hypotheses tested and α the desired significance level. Ordering the p-values in increasing order, we select
the largest one satisfying p-valuei ≤ iα/D, where i is the rank of the p-value. All links with p-values below this threshold are
retained in the validated projection, filtering out spurious co-occurrences and isolating statistically robust similarities between
subreddits26.

Polarization index
For a given partition of subreddits into communities, we label users according to their activity. Specifically, for each user i and
community c, let nic be the number of subreddits in c where i has commented and Sc the total number of subreddits in c. The
user label is ui = argmaxc(nic/Sc)

32.
Let Uc be the set of users labeled as c, and Wc the set of users who commented at least once on subreddits in community

c. The polarization index of community c is ρc = |Wc ∩Uc|/|Wc| ∈ [0,1], i.e., the fraction of active users in community c
whose assigned label corresponds to c43. Higher values indicate stronger concentration, which we interpret as an indicator of
polarization when applied to politically defined communities.

In addition to this index, we also analyze the full composition of communities, i.e., how users with different labels populate
each community. This information is visualized in the donut charts of the main text and corresponds to the full polarization
matrices described in Supplementary Information S4.

Text Preprocessing and Similarity Analysis
To compute textual similarity, the texts of Reddit posts are first preprocessed by converting all content to lowercase, removing
stopwords, and applying lemmatization. From this cleaned corpus, we constructed a vocabulary of unigrams, bigrams, and
trigrams. To ensure comparability across subreddits, we retained only those n-grams that appeared more than once in the
overall corpus. To represent textual content numerically, we used the standard Term Frequency–Inverse Document Frequency
(TF-IDF) representation59. This approach weighs terms by how often they appear within a subreddit while reducing the weight
of terms that are frequent across many subreddits, thereby highlighting words that are more distinctive and informative for each
community.

Following vectorization, textual similarity between documents was computed using cosine similarity:

CosineSim(A,B) =
A ·B

|A| · |B|
(0.2)
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where A and B are the TF-IDF vectors of two documents. This metric, commonly used in information retrieval59, captures how
aligned two documents are in the vector space, independently of length.

Note that in Fig. 5 we report cosine distances, defined as 1−CosineSim(A,B). This choice provides a dissimilarity measure
bounded in [0,1], facilitating visual comparison with network-based distances across panels of the same figure.

Analysis and validation of Echo Chambers
To analyze echo chambers, we compare subreddit communities derived from “user-interaction” networks and those obtained
from “information-diet” patterns. Specifically, we construct overlap matrices where rows correspond to interaction-based
communities and columns to domain-based communities. Each matrix entry reflects the number of subreddits shared between
the corresponding pair of communities. To assess the statistical significance of these overlaps, we constructed a bipartite
network in which nodes on each layer represent the communities from the two classifications. A link connects two nodes if the
corresponding matrix entry is nonzero, and its weight is given by the number of users active in the set of shared subreddits,
capturing user engagement in the shared subreddits, a suitable parameter for studying overlaps between groups in the context of
echo chambers.

This bipartite structure was validated using the Bipartite Weighted Configuration Model (BiWCM)60, a maximum entropy
null model for bipartite weighted networks that constrain values of node strengths. To control for multiple hypothesis testing,
we applied the False Discovery Rate (FDR) correction58 introduced above to the p-values obtained from the BiWCM validation.
To increase the resolution of the analysis and address the limitations imposed by the relatively small number of original
communities, we repeated the validation procedure using subcommunities. Specifically, for each community in the validated
subreddit networks, we extract the corresponding subgraph and identified finer-grained substructures using again the Louvain
algorithm. These subcommunities were then used to construct new bipartite overlap matrices, subsequently validated using the
BiWCM model.

The entries found to be statistically significant in these higher-resolution matrices are further tested using the two-sided
Mann–Whitney U test, comparing the distribution of values in validated entries against all other matrix entries: the test confirms
that validated overlaps follow a significantly different distribution, supporting the robustness of the results.

Network distance between communities
To define a distance between two communities in the validated subreddit networks, we consider the pairwise proximity between
all subreddit pairs belonging to the two communities and present in the statistically validated projection. Given the possibility
that some pairs of subreddits may belong to disconnected components of the validated network, we define the proximity between
two nodes (subreddits) i and j as πi j = 1/sp(i, j) if a path exists between them, where sp(i, j) denotes their shortest-path
length, and πi j = 0 otherwise. The distance between two communities C and C′, defined by the sets of subreddits SC and SC′ , is
computed as the inverse of their average pairwise proximity:

DCC′ =
|SC| · |SC′ |

∑i∈SC ∑ j∈SC′ πi j
. (0.3)

Disconnected pairs therefore contribute zero proximity. If no connected pair exists between the two communities, their distance
is therefore infinite.

To account for variations in network structure over years, each distance DCC′ is normalized by the average pairwise
proximity ⟨π⟩, defined as the average of all πi j values for pairs of connected nodes in the validated network for that year:
D̂CC′ = DCC′/⟨π⟩.

Finally, to assess the statistical significance of changes between communities, we use a two-sided Kolmogorov–Smirnov
(KS) test. Specifically, for each year, we compare the distribution of pairwise proximities πi j between the two communities with
the corresponding distribution in the previous year and with the full distribution of pairwise proximities in the current network.
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