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Abstract

Ideological isolation in online social networks, including selective exposure, echo chambers, filter bubbles, tunnel
vision, and polarization, has become a central concern for computational and neural modeling of information ecosys-
tems. With the rapid adoption of graph learning, representation learning, and feedback-driven recommender systems,
a growing body of work has proposed diverse metrics and models to quantify and mitigate these phenomena. However,
existing studies and surveys rely on heterogeneous definitions and incompatible measurements, making empirical find-
ings difficult to compare and obscuring how different forms of ideological isolation arise in learning-based systems. This
survey provides a computationally grounded and comprehensive review of existing approaches to defining, analyzing,
measuring, and mitigating ideological isolation in online social networks. We examine the mechanisms underlying con-
tent personalization, user behavior, and network structure that drive exposure concentration and attention narrowing.
We then systematically review methodological approaches for detecting and quantifying ideological isolation, cover-
ing network-, content-, and behavior-based metrics, and synthesize empirical findings across platforms to assess their
applicability and limitations. We further organize computational mitigation strategies, including network-topological
interventions and recommendation-level controls, compare mitigation families and their trade-offs, and examine the dual
role of large language models. The key ethical considerations in the design and deployment of diversity-aware systems
are also discussed. By resolving the definition-metrie-intervention mismatch that characterizes existing work, this survey
provides a principled foundation for the design, evaluation, and deployment of neural and learning-based systems aimed
at diagnosing and mitigating ideological isolation in online social networks.

Keywords: Online Social Networks, Ideological Isolation, Selective Exposure, Filter Bubble, Echo Chamber,
Recommender Systems

1. Introduction Ideological isolation poses several intertwined challenges.
First, information overload and selection make it difficult

truchure f ducine. filtert d — to maintain balanced exposure under recommendation and
ructure for producing, LItering, and consuming ntorma- limited attention [83] 107, I42]. Second, network struc-

tion at scale. Modern plat.forms rely heavily on learning- ture (e.g., modular communities, homophily) shapes the
ba@ed systems to person'ahze content exposure and max- pathways and speed of cross-cutting information flow, of-
imize engagement. While these systems enable efficient ten reinforcing within-group interaction [[39]. Third, al-
mformatlop access, they .also reshz.xpe exposure dynam- gorithmic filtering and amplification can magnify align-
ics, potentially concentrating attention on limited subsets ment, signals derived from past behavior, creating seli-
of viewpoints [28]. As a result, users may increasingly reinforcing feedback loops [28, [42]. Fourth, cognitive
encounter ideologically aligned content and like-minded and social dynamics, including selective exposure, con-
peers, while rarely engaging with dissenting views. This ) a4i0n bias, and the false-consensus effect, encourage
condition, referred to as zdeologzcgl zsolfztzon 58], mani- users to favor attitude-consistent content and avoid con-
fests through related phenomena including filter bubbles trary perspectives [L07]. Finally, external amplifiers, such
Iz m’. echo chambers m ml’ tunnel YISIO.H_ 301, expo- as coordinated campaigns or bots, can distort exposure di-
Sure bla.s [69], and Polarlzatlon (351, Whld_l jointly shape versity [86], 1511 [162]. Addressing these challenges requires
how beliefs form, reinforce, and spread online. an interdisciplinary approach that connects computational
modeling, measurement, and model design.

*Corresponding author: weihua.li@aut.ac.nz Over the past decade, these issues have motivated a
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Online social networks have become the primary infras-
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Figure 1: Overview of ideological isolation in online social networks. The figure illustrates the structure of this survey, spanning conceptual
framing, formal definition, quantitative measurement, and computational mitigation.

growing body of research [65][127] across computer science, 2.

information science, and the social sciences. However, ex-
isting work remains fragmented, with inconsistent defini-
tions, heterogeneous measurements, and mitigation strate-
gies scattered across graph-based approaches and recom-
mendation system adjustments. In this survey, we provide
a computationally grounded methodological synthesis of
ideological isolation. We organize the literature around (i)
a compact conceptual framework that distinguishes four

interrelated isolation types; (ii) formal definitions that place 3.

users and content in a shared ideological space and specify
visibility, exposure, and reinforcement dynamics; (iii) op-
erational metrics spanning network, content, and behavior
indicators; and (iv) computational mitigation strategies at
both the network topology and recommendation algorithm
levels.

To provide an end-to-end view of ideological isolation,

we structure the paper as shown in Figure 4.

1. Conceptual Framework (Section E[) We intro-
duce a unified taxonomy of ideological isolation com-
prising four types: structural, content-based, inter-
actional, and cognitive, and organize key phenom-
ena (selective exposure & confirmation, filter bub-
bles, echo chambers, tunnel vision, and polariza-
tion) within this framework. We further analyze the
computational, network, and behavioral mechanisms
that drive these phenomena, including algorithmic
personalization, cognitive and behavioral biases, ho-
mophily and tie formation, network segregation, and
external amplifiers. Figure [I] summarizes these rela-
tionships.

Definitions and Problem Formulations (Sec-
tio. We develop a formal computational model
of ideological isolation by representing users, con-
tent, and exposure in a shared ideological space and
specifying visibility, exposure, and reinforcement dy-
namics, with quantitative isolation indices. Building
on these formal foundations, we provide operational
definitions and precise conditions for key phenomena
associated with ideological isolation.

Quantifying Ideological Isolation (Sec-
tion E[) We review network-based (e.g., seg-
regation, homophily, and controversy-oriented
measures), content-based (e.g., polarity, diversity,
and exposure-related measures), and behavior-based
(e.g., interaction, temporal, and cascade-based
measures) metrics, and harmonize notation to
support comparability across methods.

Mitigation Strategies (Section . We re-
view computational mitigation strategies, including
user modeling and simulation (e.g., agent-based and
learning-based models), network-topological inter-
ventions (e.g., edge and node modification), and
content-based control (e.g., pre-, in-, and post-
processing). We further analyse the dual role of large
language models as both drivers and tools for mitiga-
tion, and provide a qualitative cross-family compari-
son. We discuss trade-offs between accuracy, utility,
and exposure diversity.

Ethical Considerations (Section E[) We analyze
the ethical dimension of computational mitigation,
covering algorithmic paternalism, user authorization
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and transparency, and cross-cultural and regulatory
variation in what “ideological diversity” means in
practice.

6. Research Challenges and Directions (Sec-
tion E[) We outline key open problems, includ-
ing cross-platform measurement, causal identifica-
tion under exposure bias, human-in-the-loop evalu-
ation, robustness to adversarial amplification, and
practical deployment constraints for diversity-aware
systems.

Differences from Existing Surveys. Existing sur-
veys largely treat these themes in isolation, focusing on
recommender-system phenomena such as echo chambers
[51], filter-bubble dynamics [7], and exposure bias [69],
but lack an integrated computational framework that con-
nects formal definitions, measurement, and mitigation. In
contrast, this survey provides: (i) a concept-to-operations
bridge that maps isolation types to concrete metrics and
intervention strategies; (ii) a unified formalism for expo-
sure, diversity, and reinforcement that aligns network, con-
tent, and behavior dimensions; and (iii) a mitigation tax-
onomy that spans both network topology and recommen-
dation pipelines with explicit measurement targets.

Main Contributions. The contributions of this sur-
vey are summarized as follows:

e Unified Conceptual Framework. We introduce
a compact taxonomy of ideological isolation com-
prising structural, content-based, interactional, and
cognitive types, and relate them to their underly-
ing computational, network, and behavioral mecha-
nisms.

e Formal Computational Model. We develop uni-
fied formal definitions of content visibility, exposure
centroids and variance, and reinforcement dynamics,
and specify operational conditions for ideological iso-
lation phenomena, including selective exposure, filter
bubbles, echo chambers, tunnel vision, and polariza-
tion.

e Principled Quantification. We systematically or-
ganize network-, content-, and behavior-based met-
rics with harmonized notation and guidance for in-
terpretation and normalization, and synthesize pub-
lished findings across major English-, Chinese-, and
Indian-language platforms to indicate which metric
families best diagnose each isolation type.

e Mitigation Design Space. We structure computa-
tional mitigation strategies at the network-topological
and recommendation-system levels, analyzing trade-

offs and deployment considerations for increasing cross-

cutting exposure and semantic diversity, and com-
pare across the mitigation families.

e Ethical Considerations.

We connect computational mitigation to its norma-
tive implications, including algorithmic paternalism,

user authorization and transparency, and cross-cultural

and regulatory variation in what ideological diversity
means in practice.

2. Conceptual Framework

This section presents a unifying framework for studying
ideological isolation that integrates key phenomena, types,
and mechanisms and clarifies their relationships. We begin
with the phenomena observed in practice, organize them
into types of ideological isolation that provide a coherent
taxonomy for analysis, and then examine the mechanisms
and factors that give rise to these types and drive the ob-
served phenomena.

2.1. Key Phenomena

Selective exposure and confirmation bias. Individu-
als tend to prefer belief-congruent information; on modern
platforms, however, this tendency is co-produced with feed
design. Large-scale evidence from Facebook shows that
user choices and ranking algorithms reduce cross-cutting
exposure, yielding ideologically aligned consumption even
when diverse items are available [9]. At the same time, the
recommender-systems literature emphasizes that exposure
(what is shown) is distinct from preference (what is liked
or clicked), and that feedback loops in exposure can en-
trench visibility imbalances and perceived consensus, an
agenda now formalized under fairness-aware recommenda-
tion [69]. Moving beyond descriptive correlations, recent
causal-inference approaches explicitly model item expo-
sure and user satisfaction as separate processes to debias
learning from logs, helping disentangle human confirma-
tion tendencies from system-induced selection effects [94].

Filter Bubble. Filter bubbles are commonly described
as an exposure environment shaped by personalization in
which the breadth of viewpoints presented to a user nar-
rows over time [I8]. Empirically, web-scale tracking shows
that platform pathways (e.g., social referrals and search)
can increase the ideological distance of news exposure, in-
dicating that bubbles are primarily an exposure-level phe-
nomenon rather than merely a matter of individual pref-
erence [36]. At the same time, the recommender-systems
literature cautions that evidence is mixed across platforms
and metrics: systematic reviews report both indications
of narrowing exposure and counter-examples where rec-
ommendation pipelines maintain diversity, underscoring
the need to distinguish what is shown from what is pre-
ferred and to measure diversity explicitly [7]. Finally, user-
interface controls that allow users to adjust system cura-
tion can increase awareness of bubble effects and reduce
extremity, although their impact on political diversity re-
mains mixed [96]. Recent simulation-based work further
disentangles filter bubbles from homogenization by decom-
posing their effects into inter-user and intra-user diversity.
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It shows that traditional recommendation algorithms pri-
marily influence filter bubbles through inter-user diversity,
while having a limited impact on intra-user diversity [6].

Echo Chamber. Echo chambers are generally understood
as social contexts characterized by dense connections among
ideologically like-minded users, where content exposure is
largely confined within the community, leading to high
source concentration and limited cross-community exchange.
Comparative reviews show that this phenomenon is typi-
cally examined through the network lens (e.g., homophily
and community structure) and interaction patterns, al-
though evidence for its prevalence and effects varies across
platforms and measurement choices [I38]. Recent synthe-
ses map the field’s core dimensions, attributes, mecha-
nisms, modeling and detection approaches, and metrics,
and highlight the absence of a single canonical definition,
underscoring the need to specify how echo chambers are
operationalized in a given study [26]. A recent system-
atic review attributes disagreements about existence and
impact to divergent conceptualizations and operational-
izations (e.g., exposure, topology, or attitudes), showing
that empirical conclusions depend strongly on the chosen
measurement strategy and context [51].

Tunnel Vision. Tunnel vision in social networks refers
to the aspect-level narrowing of online discourse, where
collective attention converges on a limited subset of an is-
sue’s facets while alternative angles and context are side-
lined, reducing informational diversity [I50]. Unlike filter
bubbles or echo chambers, which emphasize the sources of
content and ideological alignment, tunnel vision empha-
sizes what is being discussed, i.e., a content-level concen-
tration of frames or aspects, even in the absence of explicit
community segregation.

Polarization. Polarization denotes the separation of au-
diences or communities into distinct, often opposing, camps
with limited middle ground. In practice, polarization man-
ifests as multi-modal distributions of opinions and stances
on controversial topics, as well as fragmented communi-
ties with sparse bridging ties. Distributional analyses of
controversies on social media reveal clear splits into dis-
cernible camps, providing a content-level signature of po-
larization [I125]. Unlike the other phenomena, polarization
is an emergent, system-level outcome, typically character-
ized at the population or network scale [63].

2.2. Types of Ideological Isolation

Following the overview of key phenomena in Section
2.1, this subsection introduces four interrelated types of
ideological isolation: structural, content-based, interac-
tional, and cognitive. These types are not mutually ex-
clusive and provide a conceptual basis for organizing ob-
served phenomena and connecting measurement and mit-
igation in later sections. As clarified below and depicted
in Figure 2, these mappings are not one-to-one: a single

phenomenon may span multiple types, and multiple phe-
nomena may contribute to the same type, reflecting the
interconnected nature of ideological isolation.

Structural Isolation. Users tend to reside within seg-
regated or highly modular clusters in the social network.
This form of isolation is primarily associated with echo
chambers, which arise from dense intra-community con-
nectivity that restricts cross-group exposure. It is also
closely related to polarization, particularly when the net-
work fragments into distinct and opposing camps. More-
over, Al-driven personalization can further intensify struc-
tural isolation by shaping interaction pathways through
largely invisible algorithmic structures.

Content-based Isolation. This type is most directly linked
to filter bubbles, as algorithmically curated feeds narrow
the ideological breadth of content a user sees, and to tun-
nel vision, through the discourse-level narrowing of the
topics and aspects users encounter. Users are consistently
exposed to ideologically skewed, repetitive, or redundant
content. This type of isolation is closely related to filter
bubbles, and the cognitive narrowing described by tunnel
vision. Both algorithmic ranking and user preferences re-
inforce such exposure patterns.

Interactional Isolation. Interactional isolation captures
the behavioral dimension of ideological separation. It is
primarily associated with echo chambers, where interac-
tions are confined among like-minded peers. Selective ex-
posure and confirmation bias also fall within this type, as
both reflect homophilic engagement patterns that limit ex-
posure to dissenting views. Polarization contributes inso-
far as cross-cutting engagement declines between opposing
groups. Collectively, network structure and user behavior
jointly reduce ideological diversity in interactions, with ties
formed mainly among like-minded individuals.

Cognitive Isolation. Cognitive isolation captures the psy-
chological deepening of ideological separation. It is pri-
marily associated with selective exposure and confirma-
tion bias, reflecting the tendency to favor belief-consistent
information and avoid opposing views. Tunnel vision also
belongs to this type, as sustained attention narrowing re-
duces openness to alternative perspectives at the cognitive
level. Additionally, the cognitive outcomes of echo cham-
bers also contribute to this type, as repeated like-minded
peer exposure deepens confirmation bias and inflates per-
ceived consensus.

2.8. Mechanisms and Contributing Factors of Ideological
Isolation

Having outlined the key phenomena and types of ide-
ological isolation, we now examine the mechanisms and
contributing factors that generate and reinforce these pat-
terns in online social networks.
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Algorithmic Personalization Bias. Al-powered rec-
ommender systems selectively curate content based on prior
engagement [158], inevitably reinforcing filter bubbles and
reducing content diversity [7, 58|, [148]. Algorithmic bias
and cognitive bias are key contributors to excessive per-
sonalization in online social networks, particularly in rec-
ommender systems. Algorithmic bias is introduced dur-
ing system design and implementation, while cognitive
bias (e.g., confirmation bias) influences user interactions
and feedback loops [47]. Although fairness and diver-
sity have received increasing attention in recommender-
system research, most systems still emphasize personaliza-
tion, thereby contributing to ideological isolation |7, [69].
Simulation studies show that algorithmic curation and se-
lective exposure can fragment public discourse into ideo-
logical “tunnels” [28]. Model-to-data analyses further in-
dicate that interactions between algorithmic curation and
user selectivity can reproduce and amplify polarized and
fragmented information landscapes [142].

Cognitive and Behavioral Biases. Users are inclined
toward selective exposure and confirmation bias, seeking

attitude-consistent information while avoiding opposing views

[74]. Echo chambers can restrict users to homogeneous
content, driven jointly by network homophily and struc-
ture, algorithmic curation, and selective engagement [51],
thereby fostering biases such as the false consensus effect
(FCE), in which individuals overestimate how much others
share their views [I00]. Luzsa and Mayr show that higher
FCE is associated with prolonged social media use, ho-
mogeneous networks, and lower ambiguity tolerance [10T].
Additionally, individuals may adopt group-conforming opin-
ions either to reduce cognitive dissonance or to gain so-
cial acceptance [63], a phenomenon that has also been
encoded in opinion-aware influence maximization models
[27]. The lack of dissenting views in users’ feeds reduces
critical scrutiny and encourages further ideological rigidity

[101].

Homophily and Social Tie Formation. Individuals
tend to form connections with others who share similar be-
liefs, leading to interactional isolation and the formation
of echo chambers. Simulation models demonstrate that
users may sever ties with disagreeing peers, thereby rein-
forcing homophily [7T]. This behavior can be incentivized
in polarized environments, where adopting provocative or
oversimplified messages attracts greater attention and fol-
lowers [63] 122]. As like-minded agents cluster within echo
chambers, attempts to shift user preferences often fail due
to entrenched social structures [145].

Segregated Network Structure. Community clusters with

high modularity restrict cross-group information flow, ex-
acerbating topological isolation [I16]. Ferraz de Arruda
et al. proposed a framework that simulates how algorith-
mic filtering and homophilic interactions amplify opinion
polarization. They validated the model on real Twitter

networks, demonstrating that such systems fragment dis-
course into ideologically segregated clusters [28]. These
network structures limit exposure to diverse viewpoints
and reinforce ideological rigidity.

External Amplifiers. Social bots, coordinated campaigns,
and misinformation introduce artificial signals and distort
information diversity, deepening ideological silos. In par-
ticular, coordinated information tactics, such as bots or
sponsored content, can exacerbate selective exposure and
algorithmic bias, making it harder for users to access di-
verse, high-quality information [29] 62] [132]. These ampli-
fiers operate synergistically with platform algorithms and
social dynamics to distort public discourse, creating envi-
ronments in which ideologically isolated communities can
thrive. In addition to these mechanisms, some studies
examine content creation and reception as dual filtering
pathways that drive tunnel vision [4]. Content is shaped
by subjective values, organizational rules, and external in-
centives, such as market or political pressures. Meanwhile,
users may actively avoid content they did not select, fur-
ther fragmenting shared discourse and undermining com-
mon ground [4].

While the mechanisms above are presented individu-
ally, empirical evidence suggests that they frequently co-
occur and interact. For instance, algorithmic personal-
ization amplifies the effects of cognitive biases by curat-
ing feeds that satisfy users’ preference for belief-consistent
content, creating a feedback loop between system-level
filtering and individual-level selective exposure [28| [142].
Similarly, homophily-driven tie formation strengthens seg-
regated network structures, as users who preferentially
connect with like-minded peers contribute to the very mod-
ular topology that restricts cross-group information flow
[139]. External amplifiers, such as social bots, exploit
these existing dynamics by injecting content into already
homophilic clusters, thereby magnifying both algorithmic
and behavioral biases [I32]. Quantitative evidence for indi-
vidual mechanisms varies in maturity: algorithmic person-
alization effects have been measured through large-scale
controlled experiments [9] [56], homophily and segregation
are routinely quantified via modularity and assortativity
indices (see Section , and cognitive biases have been
assessed through survey-based and behavioral studies [75]

[I01]. However, disentangling the relative contributions of

these mechanisms and their interaction effects in observa-
tional settings remains an open challenge, which we revisit
in Section

Beyond the five mechanisms above, recent work has
identified large language models (LLMs) as a distinct
and increasingly influential driver of ideological isolation.
Widely deployed conversational LLMs exhibit measurable
political bias [I12], 128 [129], which can propagate at scale
when the same models are used to draft, summarize, or
rewrite political content. Persona-conditioned generation
has been shown to induce affective polarization and pro-
duce filter-bubble-like outputs even in single-turn inter-
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actions [80], while LLM-agent-based simulations of short-
video recommender loops reproduce the temporal narrow-
ing characteristic of filter bubbles [I35]. Because LLMs
can also be deployed as mitigation tools, we treat their
dual role as a distinct topic in Section

In summary, this section establishes a conceptual
framework for describing ideological isolation through ob-
servable phenomena and organizing it into four interre-
lated types. As illustrated in Figure [2] upstream mech-
anisms, including algorithmic personalization, cognitive
and behavioral biases, homophily and social tie forma-
tion, segregated network structures, and external ampli-
fiers, give rise to selective exposure and confirmation bias,
filter bubbles, echo chambers, tunnel vision, and polariza-
tion. These phenomena, in turn, correspond to structural,
content-based, interactional, and cognitive forms of ideo-
logical isolation. This layered mapping from mechanisms
to phenomena to types underpins the remainder of the
survey.

3. Defining Ideological Isolation

This section formalizes ideological isolation as a com-
putational construct. We define the networked setting, the
ideological space for beliefs and content, and the exposure
process that generates user feeds. On this basis, we in-
troduce an isolation index that combines belief-exposure
alignment with exposure diversity, along with a reinforce-
ment dynamic for belief updating under repeated expo-
sure. We then state operational criteria for five phenom-
ena: selective exposure, filter bubbles, echo chambers, tun-
nel vision, and polarization, enabling consistent diagnosis
across datasets and platforms.

3.1. Formal Definition

In this subsection, we present formal definitions of ide-
ological isolation, focusing on its structural and dynamic
properties in online social networks. We introduce key
concepts, including user belief representations, content ex-
posure profiles, and network interaction patterns, along
with their associated notations and metrics. These formal
elements provide a unified lens for capturing related phe-
nomena such as filter bubbles, echo chambers, and tunnel
vision, enabling quantitative analysis of how algorithmic
filtering and social interactions shape the evolution of ide-
ological landscapes.

3.1.1. Social Network Representation
Let the online social network be represented as a di-
rected graph:
G=(U,E),

where U = {uj,uz,...,un} is the set of users, and
E C U x U is the set of directed edges representing so-
cial relationships, such as follower/followee, friend, and
subscription [98].

For each user u; € U, we define I'(w;) = {u; € U |
(uj,u;) € E} as the set of in-neighbors, i.e., users whose
content is visible to u;. Depending on the platform’s struc-
ture, this may reflect incoming edges, e.g., followees on X
or friends whose posts appear in WeChat Moments. This
neighborhood plays a central role in shaping user exposure
on platforms that do not rely heavily on algorithmic rec-
ommendations, such as WeChat, where the content feed
is largely provided by I'(u;), occasionally interleaved with
advertisements or sponsored content [87].

Meanwhile, each user u; maintains a content feed F;(t)
at time ¢, which is shaped by the underlying logic of
the platform. On many platforms, such as TikTok and
YouTube, this feed is curated by recommender systems
that leverage prior engagement history, social proximity,
and behavioral signals to prioritize content [56], 144]. How-
ever, on other platforms, such as WeChat, F;(¢) primarily
consists of content posted by the user’s social connections
(e.g., friends), with limited algorithmic intervention apart
from occasional advertisements [I69]. In such cases, the
structure of the user’s social network itself plays a domi-
nant role in shaping ideological exposure, reinforcing the
effects of homophily and social filtering over algorithmic
personalization.

3.1.2. Ideological Space and User Beliefs

We define a continuous ideological space Z C R? to rep-
resent the latent ideological dimensions along which both
users and content can be situated. Each user u; € U is
associated with an ideological belief vector b; € Z, which
reflects their political orientation, social values, or other
issue-based stances [85]. The dimension d can vary de-
pending on the granularity of ideological representation.
For example, d = 1 may represent a left-right political
spectrum, while d > 1 allows modeling multiple orthogo-
nal ideologies (e.g., economic, social, environmental) [87].
Similarly, let C = {¢1,¢a,...,car} denote the global set of
content items posted on the platform. Each item c¢; € C
may represent a post, comment, video, or article. At any
time ¢, each user u; is exposed to a subset of these content
items, forming their personalized content feed F;(t) C C.

Each content item c¢; € C is embedded in the same
ideological space and is represented by a vector v; € Z.
These embeddings can be derived from textual content,
metadata, creator attributes, or user engagement pat-
terns using machine learning models, such as topic model-
ing, sentiment-aware embeddings, or supervised classifiers
trained on ideological annotations [I11]. To formalize ideo-
logical alignment, we define a content-user affinity function
¢ : T x T — R that measures the proximity or relevance
of content to a user’s beliefs. A simple way is the negative
Euclidean distance:

¢(biavj) = 7” b; — VjHa (1)

where ||-|| denotes the Euclidean norm, so that ideologi-
cally closer content receives higher affinity scores. Alter-
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Figure 2: Mechanisms—-Phenomena—Types map of ideological isolation. This figure maps five mechanisms, algorithmic personalization bias,
cognitive & behavioral biases, homophily & tie formation, segregated network structure, and external amplifiers, to key ideological isolation
phenomena, including selective exposure and confirmation bias, filter bubbles, echo chambers, tunnel vision, and polarization, and further

organizes these phenomena into four types: structural, content-based, interactional, and cognitive.

natively, cosine similarity or kernel-based functions can be
used to capture nonlinear ideological closeness.

We define a content visibility function P(c; | w,t),
which denotes the probability that a content item c¢; € C
appears in the feed F;(t) of user w; at time ¢. This
probability is shaped by multiple interacting forces, in-
cluding user-specific preferences, social connectivity, and
platform-level mechanisms. For algorithmically curated
platforms, P(c; | u;,t) is often determined by a ranking
function that incorporates engagement signals, prior in-
teractions, ideological affinity ¢(b;,v;), and temporal rel-
evance. On socially driven platforms, e.g., WeChat, the
visibility is constrained by the network topology, such that
P(cj | ui,t) > 0 primarily if ¢; is authored by some neigh-
bor u; € I'(u;), where C; C C denotes content posted
by user u; [87]. Moreover, platform-imposed constraints,
such as attention limits, freshness filtering, or injected ad-
vertisements, further restrict F;(t) C C, resulting in a
highly selective exposure process. These visibility dynam-
ics provide the foundation for understanding ideological
alignment, belief reinforcement, and exposure narrowing
in subsequent sections.

3.1.8. Selective Fxposure and Content Distribution

Recall that given F;(t) C C, then F;(t) = {c1,...,ck}
denotes the set of content shown to user u; at time ¢t. The
exposure distribution of u; is:

Pi(t) = {p;(t) | p;(t) = Prle; € Fi(D)]},

following prior work that formalizes exposure as a prob-
ability distribution over feed content in social platforms

[@].

The ideological exposure profile of user u; is defined as:

> i) vy,

c; €EFi(t)

mi(t) =

which represents the expected ideological position of the
content user u; is exposed to at time ¢, analogous to con-
tinuous exposure modeling used in recent computational
studies of information spread and recommender influence
15, 106

These formalizations provide a foundation for under-
standing selective exposure, belief reinforcement, and nar-
rowing of ideological exposure in subsequent sections.

8.1.4. Ideological Isolation Index

This formal expression defines a conceptual isolation
index that integrates belief-exposure alignment and con-
tent diversity. It provides the theoretical foundation for
empirical measurement approaches [10].

(1) = s (8) = bill + - Vare e r ) (i), (2)

here p,(t) is the ideological exposure profile of user w;, de-
fined as the expected ideological position of content in their
feed; b; is the user’s ideological belief vector; ||p;(t) — by]|
measures the ideological proximity between the user’s be-
liefs and the average ideology of the content they are ex-
posed to, smaller values indicate higher alignment and po-
tential reinforcement of beliefs; Var,, ¢ 7, (;)(v;) denotes the
variance of the ideological positions of the content items
in the feed, quantifying the degree of ideological diversity,
specifically:

1 2
Varg,cr, 1) (V5) = FE Sl = w7,
v C]‘G.Fi(t)
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where a > 0 is a tunable parameter that controls the
weight assigned to content diversity.

Thus, the first term ||, (t) — b;|| captures ideological
reinforcement, while the second term a-Var,, ¢ 7, (1) (v;) pe-
nalizes ideological narrowness. A user is considered more
ideologically isolated when they are exposed to content
closely aligned with their own beliefs and lacking ideolog-
ical variance, i.e., when both terms are small.

The two terms in Eq. operate on different scales
and must be balanced to avoid degenerate behaviour. The
alignment term ||, (t) —b;|| is a distance in Z C R?, while
the variance term has units of squared distance. When
a — 0, the index reduces to a pure alignment measure,
misclassifying users who see diverse but belief-aligned con-
tent as isolated, while the latter disregards the role of be-
lief-exposure alignment. When o — oo, it is dominated
by content variance, ignoring belief-exposure alignment.
To ensure both terms contribute comparably, a principled
heuristic is to set a = oalign /Ovar, wWhere Oalign and Tyar
are the population-level standard deviations of the respec-
tive terms. The index is bounded below by zero and has
no fixed upper bound; when a normalized score is needed,
dividing by the maximum observed value provides a [0, 1]
scale.

3.1.5. Reinforcement Dynamics

The evolution of a user’s ideological beliefs can be mod-
eled as a gradual adjustment influenced by the content
they are exposed to. Specifically, we define the belief up-
date function for user u; at time ¢ as:

bi(t +1) =bi(t) + 1 - (p;(t) = bi(t)) ,

where b;(t) € R? denotes the ideological belief vector of
user u; at time t; p,;(t) € R? refers to the ideological cen-
troid of the content feed F;(t), representing the average
ideological position of content the user sees; n € [0,1] is
the susceptibility parameter, which controls the extent to
which a user updates their beliefs in response to their ex-
posure [66].

This can be viewed as a weighted interpolation between
the user’s current belief and the ideological signal of the
content they consume. When 1 = 0, the user is completely
resistant to change, and their belief remains static. When
1 = 1, the user fully adopts the content exposure average.

Over time, if the content a user is exposed to is con-
sistently aligned with their current beliefs (i.e., p;(t) ~
b;(t)), the update will be small in magnitude but will re-
inforce the same belief direction, leading to ideological en-
trenchment. Conversely, if the exposure is diverse or ide-
ologically distant, the user’s beliefs may shift, depending
on the value of 7.

Importantly, when the variance of the ideological con-
tent in F;(t) is low (i.e., content is homogeneous), the di-
rectional pull of p,(t) becomes stable and focused. As a
result, repeated updates using this mechanism will steadily
reinforce the user’s current ideological stance and reduce

openness to opposing views. This process captures the
essence of reinforcement dynamics observed in echo cham-
bers and filter bubbles.

The summary of notations is given in Table

8.2. Operational Definitions of Key Phenomena

Based on the formal definitions presented earlier, we
generally characterize the existence of key ideological phe-
nomena in online social networks, including selective ex-
posure, filter bubbles, echo chambers, tunnel vision, and
polarization. These problem definitions provide a unified
structural and belief-based perspective, although alterna-
tive formulations may be employed in specific settings, de-
pending on platform mechanics, user behavior, or analyt-
ical goals.

3.2.1. Selective Exposure and Confirmation Bias
Selective exposure refers to the tendency of individuals
to seek out information that aligns with their existing be-
liefs, often driven by confirmation bias. Large-scale studies
indicate that content exposure and recommendations are
typically ideologically aligned with users’ prior beliefs, re-
flecting selective exposure and confirmation bias [J].

Ecj eFi(t) [¢(blv Vj)] >0. (3)
Alternatively, using the ideological exposure profile
w;(t), the condition becomes:

i () = bil| < e, (4)
where p,(t) is the expected ideological position of content
in user u;’s feed, and € > 0 is a small threshold indicating
strong alignment with user belief b;.

3.2.2. Filter Bubble

Filter bubbles arise when algorithmic systems prioritize
ideologically aligned content, thus limiting diversity [3].
This occurs when content visibility is determined primarily
by ideological similarity:

P(cj | ui,t) o< ¢(bi, vj), (5)

and the ideological variance of exposed content is low:

Va’er E]'—i(t) (VJ) S 6’ (6)
where § > 0 is a small threshold for ideological diversity.

3.2.3. Echo Chamber

An echo chamber refers to an environment in which a
user’s opinions, ideological stance, or beliefs are reinforced
through repeated interactions with neighbors or informa-
tion sources that share similar tendencies and attitudes

511.

Vuj € (i), b =bil <e, | F(ug)[ =7, (7)
¢; € Fi(t) = ¢j € Cy, for some uy, € I'(w;) . (8)
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Table 1: Summary of Notations

Symbol Description

G=(U,E) Online social network represented as a directed graph with users U and edges E.

U Set of users: {uj,usg,...,un}.

ECUxU Directed edges denoting social relationships (e.g., follower/followee, friends).

I'(u;) In-neighbors of user u;, i.e., users whose content is visible to u;.

Fi(t) CC Personalized content feed of user u; at time ¢.

I CR? Ideological space shared by users and content.

b, € R? Ideological belief vector of user u;.

C Set of all content items (posts, comments, videos, etc.).

C;ccC Content authored or reposted by user u;.

cj A single content item.

C,CC Aspect-specific content subset, i.e., items ¢; that pertain to aspect a.

v; € R? Ideological embedding of content item c;.

(b, vj) Affinity score between user belief and content, e.g., —||b; — v;||.

P(cj | u;,t) Probability of content ¢; appearing in u;’s feed at time ¢.

Pi(t) Exposure distribution over content in F;(t).

(1) Ideological exposure profile of user u;; expectation over content vectors in their feed.
Var, cr,)(vj)  Variance of ideological embeddings of content in the feed.

IL;(t) Ideological isolation score of user w; at time ¢.

a>0 Weighting parameter controlling the importance of content diversity in the isolation metric.
Polarization(G) Network-level polarization index based on ideological distance between connected users.
I[u; € I'(u;)) Indicator function: 1 if u; is a neighbor of wu;, 0 otherwise.

n € 10,1] Susceptibility parameter controlling belief update strength.

b;(t+1) Updated ideological belief of user u; after exposure at time ¢.

Here, all neighbours u; of user u; (within the visible set
I'(u;)) hold similar ideological beliefs b; within a small
tolerance €, and the neighbourhood size exceeds a mini-
mum threshold v; consequently, the content displayed in
the user’s feed F;(t) primarily comes from users within the
same neighbourhood I'(u;) [20].

3.2.4. Tunnel Vision

Tunnel vision is a discourse-level concentration of at-
tention in which prolonged selective exposure, amplified by
filter bubbles and echo chambers, leads users to focus pre-
dominantly on a single aspect of an event while neglecting
alternatives [I50].

Recall that F;(t) C C denotes the feed shown to user
u; at time ¢, with exposure probabilities p;(t) = Pr[c; €
Fi(t)]. For each aspect a, define the subset

Co ={¢; € C: item c; pertains to aspect a }.

We say that user wu; exhibits tunnel vision at time ¢
when the largest aspect share of exposure exceeds 1 — 7:

max d>opilt) = 17, 9)
¢; EFi(t)NCq

for some small v > 0. Equivalently, there exists an aspect
a* such that items about a* account for at least a (1 — )
fraction of the user’s exposure. This minimal criterion
captures aspect concentration succinctly and can be com-
plemented by entropy-based measures when a continuous
score is desired.

8.2.5. Polarization

Polarization is a macro-level phenomenon in which ide-
ological distances increase across the network. It is present
when the average pairwise ideological distance between
connected users is high [55]:

1
Polarization(G) = e Z [bi — by||-I[u; € I'(u;)], (10)
@]

where ||b; —bj|| represents the belief distance between
user u; and user u;, typically computed using Euclidean
distance. T is an indicator function and I'(u;) is the set of
visible or interacting neighbors of wu;, specifically:

1, ifu; € Iy
I € F(w) = {1 1 € T
0, otherwise
Polarization exists if

Polarization(G) > e, (11)
and the social network exhibits community fragmentation,
with high modularity driven by ideological clustering [TT4].
4. Quantifying Ideological Isolation

In this section, we present a comprehensive set of quan-
titative approaches to assess ideological isolation in online
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social networks. It opens with Figure [3] as an orienting
key: network-, content-, and user-behavior metrics diag-
nose structural, content-based, interactional, and cognitive
isolation, respectively, and guide the mitigation families in-
troduced in Section[5} They provide a multifaceted under-
standing of how isolation emerges, persists, and manifests
at both individual and community levels. All the symbols
used for this section are listed in Table 2l

Table 2: Key symbols used in Section [4]

Symbol Description

Q Modularity of a partition.

D(S) Conductance of subset S C U.

A2(L) Algebraic connectivity (Fiedler value) of
Laplacian L.

L (Unnormalized) graph Laplacian.

EI External-Internal index of homophily.

Tattr Categorical assortativity (ideology/camp
mixing on edges).

DL(M) Map Equation (Infomap) description
length for partition M.

Cp(u;) Degree centrality of node u;.

CE(us) Eigenvector centrality of node u;.

Ce(us) Closeness centrality of node u;.

d(i,7) Shortest-path distance between nodes wu;
and u;.

Cp(u;) Betweenness centrality of node u;.

RWC Random Walk Controversy score on two-
way partition.

P Transition prob. for walk from a to b in
{X,Y}.

BC Boundary connectivity between partitions.

Ay Opinion distance |p; —p;| between users u;
and Uj.

Hiopic Topic entropy.

Spread Avg. pairwise cosine distance.

Purity Share of users whose inferred ideology
matches the community majority.

U, User set of a community.

I[] Indicator function used in Purity.

H Entropy of a user’s exposure distribution.

p(s) Normalized exposure distribution for user
Uy

Hy, User-level exposure entropy.

EB; Exposure bias of user u;.

v; € R¢ Embedding vector (user/content) in d-
dimensional space.

ES. Engagement Symmetry for user .

IE.(t) Interaction entropy at time ¢ for user w
(over pi(t)).

di Euclidean gap between successive recom-

Dx1.(P:||Pit1)

mendations.
KL divergence between exposure distribu-
tions at ¢ and t+1.

H(FP) Entropy of exposure distribution at time ¢.
p(u) Like-based polarization score for user u.
BMC(t) Bimodality coefficient at time .

BR(t) Balance ratio at time ¢.

% Structural virality.

10

4.1. Network-based Metrics

4.1.1. Community segregation
Community segregation occurs when a social network
fragments into densely interconnected groups that share
few links with the rest of the graph. Because most inter-
actions, information flows, and social reinforcement occur
within these clusters, individuals are repeatedly exposed
to like-minded peers while seldom encountering discordant
viewpoints. Such structural insulation amplifies confirma-
tion bias and is therefore a key mechanism through which
ideological isolation, the tendency to hold increasingly ho-
mogeneous opinions, emerges at the individual level.

The strength of segregation is often quantified by mod-
ularity @ and related indices (e.g., the M-value), with con-
ductance and algebraic connectivity [(7]. Modularity is
defined as

kik;

% Z (Aij 2m

1,]

Q = )5(%0;')’ (12)

where A;; is the edge weight, k; is the degree of node 7, ¢;
is its community assignment, and m is the total number
of edges.” A high @ indicates that the network can be
partitioned into well-separated communities, a signature
of echo chambers.

Conductance offers a complementary view by measur-
ing how well-separated a subset of nodes is from the rest
of the graph [167]. For a set of nodes S C U, conductance
is defined as

0S|
min(vol(S), vol(S))’

B(S) =

where 05 is the set of edges with one endpoint in S and
onein S =U\S, and vol(S) = >, g k; is the total degree
(volume) of nodes in S. A lower ®(S) indicates a more
segregated community.

Another important metric is the algebraic connectivity,
where D is the diagonal degree matrix and A the adjacency
matrix [34]. Smaller \y(L) indicates weaker global connec-
tivity and the presence of structural bottlenecks—i.e., the
graph admits good cuts and can contain well-separated
clusters. For degree-heterogeneous networks, the normal-
ized Laplacian,

L = 1-D'2AD /2,

provides a scale-invariant alternative; its Fiedler value
Ao (I:) plays an analogous role and is linked to cut quality
via Cheeger-type bounds. While Aq itself is not ideology-
specific, ideological isolation can be assessed spectrally by
evaluating the Rayleigh quotient of the ideology partition
with L,

which is equivalent to the normalized cut/conductance
of that split; smaller values then indicate sparser cross-
ideology connectivity.
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Figure 3: Metrics—-Types—Mitigations map of ideological isolation. This figure aligns three metric families (network-based, content-based, user
behavior) with four isolation types (structural, content-based, interactional, cognitive) and indicates how mitigation strategies (user modeling
& simulation, content-based controls, network-topological approaches) act on the diagnosed type.

These measures provide a multifaceted view of the net-
work’s community structure and its potential to foster ide-
ological isolation.

4.1.2. Homophily and polarization

Homophily refers to the social phenomenon where in-
dividuals are more likely to form connections with others
who share similar attributes, beliefs, or opinions. In on-
line social networks, this leads to preferential attachment
between like-minded users, structurally reinforcing local
agreement and limiting exposure to diverse viewpoints. As
a result, homophily serves as ‘a foundational mechanism
behind the formation of echo chambers, which in turn in-
tensify polarization, the divergence of opinions across dis-
tinct user groups.

To quantify the extent of homophilic connections, var-
ious metrics are used at different levels. Omne widely
adopted metric is the Fxternal-Internal (EI) index, defined
as:

E-1T

E+1I’

where F is the number of edges linking a node or group to
others with different attributes (external connections), and
I is the number of edges linking to those with similar at-
tributes (internal connections). The El-index ranges from
—1 (perfect homophily) to +1 (perfect heterophily), with
0 indicating an equal number of internal and external con-
nections. A low or negative El-index suggests that users

EIl =

11

are predominantly connected to similar peers, thus rein-
forcing ideological homogeneity and isolating them from
diverse perspectives [LI7 [70].

As a complementary homophily signal, the assortativ-
ity coefficient provides a normalized measure for a node
attribute x; (e.g., ideology or stance), defined as [115]:

>ij(Aij — kik;/2m)x;a;
Zij (k‘zéw - kzk]/2m)xzx] '

Here A;; is the (possibly weighted) edge between u;
and u;, k; is the degree (or strength) of u;, m = % > Aig
is the total number of edges, J;; is the Kronecker delta,
and z; encodes the attribute (e.g., £1 label or a stan-
dardized scalar). The numerator captures attribute covari-
ance across edges beyond the configuration-model baseline
k;k;/2m; the denominator normalizes by the maximum
variance under that baseline, yielding a Pearson-type cor-
relation bounded in [—1, 1]. Values 74tt, > 0 indicate assor-
tative (like-with-like) ties, rat, < 0 indicate disassortative
(cross-cutting) ties, and 7,4, & 0 is consistent with ran-
dom mixing. For directed or weighted graphs, we use Aj;;
as weights and may compute separate in- and out-versions
by replacing k; with the in- or out-strengths to match the
exposure direction.

However, while homophily captures pairwise similarity,
it does not explicitly identify emergent clusters or commu-
nities in the network. Therefore, it is often complemented
by community detection algorithms, such as Louvain and

Tattr =

(13)
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Infomap, which help uncover the structural boundaries
that amplify homophilic tendencies and contribute to the
formation of echo chambers.

4.1.8. Controversy-based segregation

While structural and interaction-based metrics shed
light on community cohesion and node influence, they do
not directly capture the extent to which a topic divides
a network into opposing sides. Controversy-based segre-
gation specifically quantifies the degree of polarization or
fragmentation in a discussion, particularly in contexts such
as political discourse or social issues. Such polarization re-
flects high ideological isolation, in which users from differ-
ent viewpoints rarely interact or engage with one another,
reinforcing echo chambers and deepening filter bubbles.

Random Walk Controversy (RWC) [41] score is used
to measure polarization in a two-partition network, where
the graph is divided into two opposing communities, X
and Y, such that X UY = U. The RWC is defined as:

RWC = P,,Pyy — PoyPys , (14)

where P,, denotes the probability that a random walk
starting in community a € {X,Y} ends in community
be{X,Y}

High RWC (and variants) implies that random-walk
exposure remains confined to like-minded communities, a
direct operationalization of ideological isolation through
constrained cross-ideological visibility.

Several extensions of the RWC have been proposed
to refine the understanding of polarized interactions [113]
[143]:

Authoritative-RWC (A-RWC) Focuses on walks be-
tween authoritative nodes, emphasizing the separation of
influential discourse leaders.

A-RWC = PP — pAipih),

where P(E;:‘) denotes the probability that a random walk
among authoritative nodes starting from community «
ends in community b, with a,b € {X,Y}.
Displacement-RWC (D-RWC) Incorporates how in-
formation flows are displaced due to centrality-weighted
movements across partitions, revealing more subtle dy-

namics of content segregation.
).

1
v
veEN

where N is a sampled set of randomly selected vertices
from the network (e.g., 60% of each community), {, is the
fixed length of the random walk, and n(v).. is the number
of community changes encountered in the walk starting
from node v.

Higher D-RWC values indicate fewer inter-community
transitions and stronger polarization [143].

Boundary Connectivity (BC) [41l, [46] quantifies how
boundary nodes split their ties between in-group and out-
group neighbors. Let B be the set of boundary nodes and

DRWC =

n(V)ec
lrW

12

I the set of internal (same-side) nodes. For a boundary
node u, let d;(u) be the number of edges from u to I, and
dp(u) the number of edges from w to B. Then

1
BC = —
|B|

u€B (m - 0'5) )

which lies in [—0.5, 0.5]. Values BC < 0 indicate little or
no polarization; values BC > 0 mean boundary nodes, on
average, preferentially connect inward (to internal same-
side nodes) rather than across groups, signaling that con-
troversy is likely present.

These four metrics differ meaningfully in their ap-
plicable scenarios. The original RWC provides a global
partition-level score, suitable when a clean two-way com-
munity split is available . A-RWC refines this by re-
stricting walks to authoritative nodes, making it appro-
priate when elite-level separation is the concern rather
than general-population flow. D-RWC instead counts
community-boundary crossings along fixed-length walks,
making it preferable when community sizes are imbalanced
or when global transition probabilities may mask local
mixing. The critical distinction between A-RWC and D-
RWC is what they measure: A-RWC asks who the walk
reaches, while D-RWC asks how often it crosses bound-
aries. They address different research questions and are
not interchangeable. BC complements all three walk-based
measures by directly examining whether boundary nodes
preferentially connect inward or outward; unlike the oth-
ers, it requires no random walks and is therefore robust on
small or sparse networks.

Betweenness centrality [104] captures a node’s role as
a bridge between different parts of the network:

Z O'St(l) :

g,
s#itt 5

Cp(u;)

where o, is the number of geodesic (shortest) paths from
us to node u;, and o4 (i) is the number of those paths
passing through u;. Nodes with high betweenness central-
ity can act as gatekeepers or facilitators of cross-group
communication. When such bridging nodes are scarce,
structurally peripheral, or bypassed in information flows,
structural ideological isolation intensifies.

In these views, isolation arises when edges concen-
trate within like-minded subsets, boundary nodes prefer-
entially attach inward, and random-walk mass becomes
trapped within communities rather than diffusing across
them. These signals quantify how the graph’s wiring con-
strains cross-ideological visibility, even when the network
is globally connected.

4.2. Content-based Metrics

4.2.1. Polarity and stance scores
In the absence of explicit group labels (e.g., political af-
filiation or community membership), user ideology can be
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inferred from the content they post, share, or endorse. Po-
larity scores and stance detection offer effective means to
estimate opinion leaning based on linguistic and emotional
cues in user-generated content. These methods rely on
sentiment analysis, political lexicons, or supervised classi-
fication models to assign a score or class label that reflects
the user’s opinion orientation [32].

Polarity scores ranging from “far-left” to “far-right” can
be inferred from language features and retweet behavior
in social media [67]. Let p; € [—1,1] denote the polarity
score of user wu;, where —1 indicates one extreme (e.g.,
left-leaning or anti-stance) and 41 the opposite extreme
(e.g., right-leaning or pro-stance). The polarity score can
be computed using various strategies:

1. Sentiment analysis of shared articles or posts.
2. Aggregated stance of liked or re-posted content.
3. Classifiers trained on labeled political datasets.

We treat the scalar polarity as a one-dimensional belief,
p; = b;. Then the opinion distance between users u; and
u; follows Eq. in Section

Aij = b = bjll = |pi = p;l ,

where a larger A;; indicates stronger divergence in stance.
Aggregating these distances across a community or be-
tween communities can offer a quantitative view of ideo-
logical segregation.

In this context, content-based polarity and stance
scores serve as proxies for user ideology, enabling re-
searchers to detect echo chambers and filter bubbles
through the lens of expressed opinions, even in the absence
of network labels or explicit community structures.

4.2.2. Entropy-based diversity and erposure

This subsection quantifies informational breadth from
two complementary angles: (i) topic/semantic diversity,
which characterizes the range of content that exists to be
seen [53], and (ii) ezposure entropy, which captures the
distribution of what users actually see in their feeds [59).

Topic Entropy (LDA-based): Let T = {m,...,7x} be
the topic set, and let € denote a topic-mixture distribution
over T (e.g., from LDA). We define

K

— " 0(%) log (7).

k=1

Htopic = (15)

Lower Hiopic indicates a more concentrated (less diverse)
thematic profile. This measure reflects the semantic op-
portunity set available in the corpus or in a user’s candi-
date pool.

Semantic Entropy (BERT-based): For a set of seman-
tic vectors {ey, ..., e,}, diversity can be captured by com-
puting pairwise cosine distances d.,s and measuring their
spread:

Hsemantic = Entropy (dCOS (ei? e])) )
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where the entropy is computed over the distribution of
pairwise distances.

Semantic Spread: Defined as the average pairwise dis-
tance in embedding space:

2
Spread = m Z deos(€i, €5),
1<J

where a lower spread suggests semantically redundant con-
tent consumption.

Consider content grouped into K topics T
{71,..., 7k} with exposure probabilities p(7;). The en-
tropy of exposure is

K

H = = p(m) logp(7k) -
=1

(16)

At the user level u;, let p;(7x) denote the probability that
u; is exposed to (or consumes) topic 7x; then

K

Hy, = = pi(m) logpi(7i) -
k=1

Lower H,,, signifies concentrated exposure, whereas higher
values indicate a more even distribution across topics.

While Hiopic captures the semantic supply of poten-
tially visible content, H,,; captures realized exposure. Ide-
ological isolation is evidenced when both entropies are low,
or when H,; is markedly smaller than Hiopic, implying
that ranking mechanisms and/or user choices narrow at-
tention to like-minded content despite broader semantic
availability.

4.2.8. Purity of beliefs

This metric evaluates the ideological homogeneity
within a user community by assessing the proportion of
users whose inferred ideology aligns with the community’s

majority ideology [I10].

Z H[:’?u = ymajority] s

u€eU,

Purity = (17)

1
e |
where U, is the set of users in a community (or echo cham-
ber); g, is the inferred ideology label of user ©; Ymajority
is the dominant ideology label in U,; I[-] is the indicator
function that returns 1 if the condition is true, and 0 oth-
erwise.

A higher purity score indicates greater ideological
alignment among members, signaling semantic and ide-
ological homogeneity within the group.

4.2.4. Exposure bias and cross-cutting ratio

A defining feature of echo chambers and filter bubbles
is selective exposure, in which users tend to encounter con-
tent that aligns with their preexisting beliefs. In contrast,
opposing viewpoints are filtered out by algorithms or so-
cial behavior. To quantify this bias in content exposure,
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researchers measure the proportion of ideologically oppos-
ing (cross-cutting) content that a user encounters within
their information stream, such as a social media feed or
content recommendation list.

One of the most direct measures of this phenomenon is
the exposure bias [9], defined as:

Ci

T

For user u;, let C; be the number of ideologically cross-
cutting posts encountered by user u;, and let T; be the
total number of posts seen by user u;.

An exposure bias value near 1 indicates highly selective
exposure, suggesting the user is insulated from dissenting
viewpoints, while values closer to 0 reflect balanced ideo-
logical exposure.

Conversely, the cross-cutting exposure ratio can be de-
fined simply as:

EB; =1—

Cross-Cutting Ratio = g ,
T;

which serves as an inverse indicator of ideological isolation.

Low cross-cutting ratios or high exposure bias values

are commonly interpreted as evidence of echo chamber or

tunnel vision effects, where users are primarily exposed to

information that reinforces their ideological views. This

metric has been employed in influential studies, such as

[9], which analyzed Facebook user behavior and found that

both algorithmic filtering and user choice contributed to
reduced cross-cutting exposure.

4.8. User Behavior Metrics

4.3.1. Interaction symmetry and diversity

User behavior is a key driver of ideological isolation,
particularly through interaction patterns that exhibit se-
lective exposure [74]. In digital environments, users of-
ten gravitate toward content that aligns with their beliefs,
while avoiding opposing viewpoints, thereby reinforcing
echo chambers and deepening confirmation bias. Inter-
action symmetry aims to capture these behavioral tenden-
cies by analyzing how users engage with the ideological
diversity of the content presented to them [9] 22].

The Engagement Symmetry score for user u;, denoted
as ES;, is defined as:

Intseme — IntiPP
BS = M
Inttet

Intl®t = Int3*™¢ + Int]P?

Here Int;*™¢ and Int;"” denote the (weighted) counts of
u;’s interactions with ideologically aligned and opposing
content, respectively. A higher ES; indicates stronger en-
gagement with ideologically aligned content (echo chamber
tendency), a lower ES; indicates preference for opposing
views, while values near zero reflect balanced engagement
across ideological lines.
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Symmetry reflects which side a user prefers, and en-
tropy reflects how broadly they engage across stances or
categories.

To formalize this, entropy can be calculated over a
user’s interaction distribution across content categories or
ideological stances [120]. Given user u;’s probability distri-
bution of interactions across a set C of categories or topics
at time ¢, denoted by {pgui)(t) teee, the Interaction En-
tropy (IE) is computed as:

B, (t) = — Y p)(t) logp{")(t) .
ceC

A high IE,, () indicates a user engages with a wide range
of content, signaling openness and exposure diversity. In
contrast, a low IE,,(t) implies behavioral concentration,
suggesting that the user may be entrenched in a narrow
ideological niche.

4.8.2. Temporal reinforcement

Temporal reinforcement refers to the phenomenon
where recommender systems gradually deliver increasingly
similar content to users over time, thereby reinforcing
users’ prior preferences and narrowing their information
exposure. This phenomenon can be quantified by observ-
ing changes in content diversity across recommendation
sequences.

Ge et al. demonstrate this effect by analyzing the Eu-
clidean distance between the embeddings of consecutively
recommended items [42]. In a high-dimensional semantic
space (e.g., BERT or collaborative filtering embeddings),
each item is represented as a vector. The Euclidean dis-
tance between successive items x; and x;11 is defined as:

dy = ||Xt+1 - Xt||2~

This temporal narrowing contributes directly to the
emergence of echo chambers and filter bubbles, and can
culminate in tunnel vision—prolonged selective exposure
that concentrates attention on a single aspect of an event,
further reducing viewpoint diversity and amplifying ideo-
logical isolation. Through algorithmic filtering and behav-
ioral feedback loops, personalization increasingly homog-
enizes future recommendations, increasing temporal sta-
bility of exposure and reinforcing confirmation bias and
polarization.

To quantify this stability, researchers track changes in
exposure distributions (e.g., topics, sentiments, ideologies)
over time. A notable decline in diversity suggests an in-
crease in informational confinement and the strengthening
of echo chambers. One common approach to measure this
temporal change is the use of Kullback-Leibler (KL) diver-
gence, which quantifies how much one probability distri-
bution diverges from another [13].

Given a user u;’s exposure distributions P;(t) and
P;(t + 1) at consecutive timepoints ¢ and ¢t + 1, the KL-
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divergence is defined as:

K (tT)
D Pt+1) =Y P(t,m)l Bl ,
kLB e ) Pt +1,m)

where 71, denotes topic k, and P;(t) is the probability that
u; is exposed to 7 at time ¢t. A high Dk, indicates a
significant shift in the user’s content exposure between
timepoints, which may signal exploration or a change in
user behavior. In contrast, a persistently low Dxkp, indi-
cates temporal stability, often reflects algorithmic rein-
forcement, and increases the homogeneity of content con-
sumption.

Additionally, to track the overall diversity of exposure

over time, we use the entropy definition in Eq. (16). We
track temporal change via
~ H,,(t)
AH, (t) = H, (t+1) — Hy, (1), (¢ :
()= o (t41) = (), Hu()= 50

A persistently decreasing f[u (t) with low but sta-
ble Dy, indicates temporal reinforcement and narrowing
exposure, consistent with entropy-based analysis of echo
chambers and selective exposure [26].

4.8.8. Like-based polarization

Like-based polarization is a user-level metric that quan-
tifies ideological alignment based on observable engage-
ment behaviors, specifically the number of "likes" on so-
cial media platforms [I6]. In many online environments,
users are exposed to content representing opposing narra-
tives. For example, scientific information versus conspir-
acy theories, or left-leaning versus right-leaning political
discourse.

Brugnoli et al. [16] propose a simple yet effective po-
larization score to capture this behavior:

=y
r+y’

p(u)

where z denotes the number of likes a user u gives to con-
tent aligned with one narrative (e.g., conspiracy); y refers
to the number of likes given to content from the opposing
narrative (e.g., science). The resulting score p(u) € [—1, 1]
reflects the user’s ideological leaning: a higher p(u) indi-
cates stronger alignment with one ideological side (e.g.,
conspiracy), a lower p(u) indicates alignment with the op-
posing side (e.g., science), and values near zero represent
balanced engagement across both narratives.

A bimodal distribution of p(u) values across the popu-
lation, with peaks near —1 and 1, indicates the presence of
two polarized user groups, with few users engaging mean-
ingfully with both sides. This behavioral pattern reflects
the fragmentation of public discourse into ideologically ho-
mogeneous communities, a hallmark of echo chambers.

Moreover, this metric directly connects to filter bub-
bles: as platforms personalize content based on prior likes,
users become increasingly surrounded by narratives that

(18)
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reinforce their initial preferences. The result is a feedback
loop that magnifies polarization at both the individual and
community levels.

4.8.4. Bimodality and balance

Bimodality and balance are statistical metrics used to
capture the degree and structure of opinion divergence in
a population [123]. In online discourse, bimodality refers
to a distribution of user opinions with two distinct peaks,
indicating the presence of two dominant ideological camps.
This suggests that users are not uniformly distributed
across the opinion spectrum but instead cluster around
opposing poles. Such separation signifies strong behavioral
polarization, where engagement patterns and content pref-
erences reflect entrenched ideological positions.

Bimodality is often accompanied by asymmetric group
sizes, with one ideological camp significantly outnumber-
ing the other. This asymmetry is captured through the
notion of balance, which quantifies the relative size of op-
posing opinion groups. When combined, bimodality and
balance offer a nuanced view of polarization, revealing not
only the separation between camps but also the structural
marginalization that may lead to ideological isolation or
filter bubble effects.

To quantify bimodality in opinion distributions, the
Bimodality Coefficient (BMC) [12), 123] is used:

() +1
3nt)-12

20+ G DEo -

BMC(t) =

where 1 (t) is the skewness, v2(t) is the kurtosis, and n(¢)
is the number of users at time ¢t. A value of BMC(¢) > 0.55
typically indicates a bimodal or skewed distribution [37].
In online settings, this often corresponds to two ideologi-
cally homogeneous camps with few users expressing mod-
erate views. As such, a high bimodality coefficient is inter-
preted as a strong signal of opinion polarization and the
emergence of echo chambers.

Complementing the separation captured by the bi-
modality coefficient BMC(t), the Balance Ratio (BR) as-
sesses the symmetry of group sizes by taking the ratio of
the smaller to the larger of the two dominant clusters [55]:

min{ |G1(t)|, |G=(¢)| }
max{ |G1(t)|, |G2(t)|}’

where G (t) and Gy(t) are the two dominant ideological
clusters detected at time ¢. The balance ratio lies in (0, 1]:
values near 1 indicate equally sized camps (symmetric po-
larization), while lower values indicate a dominant major-
ity versus a much smaller minority. A low balance ra-
tio heightens ideological isolation for the minority group,
as fewer like-minded peers and items constrain within-
camp exposure and support, thereby increasing minority
social/structural isolation.

BR(t) =
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4.8.5. Cascade shape metrics

Information cascades, chains of resharing or reposting,
leave structural footprints of diffusion that reveal whether
engagement is broad or confined to like-minded communi-
ties [26]. Cascade shape metrics quantify these dynamics
through depth, breadth, structural virality, and density,
offering a behavioral-structural lens on ideological isola-
tion and selective propagation. Deep, cross-community
cascades suggest broad exposure, whereas shallow, wide
cascades confined to tightly connected clusters indicate
echo-chamber reinforcement. We next introduce four key
metrics.

Cascade Depth (D) [82] refers to the longest path from
the original sharer to any node in the cascade. It captures
how far content travels hierarchically:

D= depth
max depth(u)
where U is the set of nodes in the cascade tree.
Cascade Breadth (B) [82] indicates the maximum
number of nodes at any single level of the cascade:

B= mlax|Ul|,

where Uj is the set of nodes at level [ of the cascade.

Structural Virality (SV') [45] refers to the average pair-
wise distance between all nodes in the cascade. This metric
balances both depth and breadth:

> (i),

1
SV =———
n(n—1) oy

where n is the number of nodes in the cascade-and d(¢, j)
is the shortest path between nodes u; and wu;.

Cascade Density [115] measures the ratio of actual to
possible edges in the cascade graph. A high density indi-
cates intense local resharing:

2|E|

Density = A—W = ,

where E and U are the edge and node sets, respectively.

Low structural virality, coupled with high density and
shallow depth, is typical of cascades confined within echo
chambers, where content is predominantly reshared among
a homogeneous group. In contrast, cascades that reach
high depth and exhibit low density are more likely to cross
ideological or community boundaries, reflecting greater di-
versity in content exposure.

4.4. Cross-Platform Empirical Synthesis

The metric families introduced in Sections [4.1] to 43
have been applied to a variety of platforms with substan-
tially different outcomes, motivating a brief empirical syn-
thesis. We consolidate findings from published compar-
ative studies into two reference tables: a platform-level
synthesis (Table 3) and a fit map between metric families
and isolation types (Table ).
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Evidence from comparative studies shows that the ef-
fectiveness of ideological-isolation metrics varies substan-
tially across platforms. Cinelli et al. [26] analyzed over
one billion content items on Facebook, Twitter, Reddit,
and Gab and found clear echo-chamber signatures on Face-
book and Twitter but not on Reddit and Gab. Impicci-
ché and Viviani [64] extended this with a head-to-head
comparison of network-based, content-based, and hybrid
echo-chamber detection metrics on the same Twitter and
Reddit datasets. They report that network-based met-
rics reliably flag Twitter as controversial, while the same
metrics classify Reddit as non-controversial. This discrep-
ancy is explained by differences in interaction granularity
rather than by an absence of ideological clustering. The
practical implication is that no single metric is universally
valid across platforms. Robust diagnosis requires report-
ing multiple complementary indicators, such as network
homophily, exposure entropy, and interaction symmetry.

Studies conducted outside English-language platforms
suggest that ideological isolation manifests differently
across linguistic, cultural, and platform contexts. Most
foundational measurement work has been conducted on
English-language platforms, e.g., Facebook, X, Reddit,
Gab, but a growing body of computational research has
examined Chinese-language and Indian-language ecosys-
tems with different platform mechanics and cleavage struc-
tures. On Weibo, Song et al. [I34] compared echo cham-
bers across Twitter and Weibo and showed that personality
traits interact differently with platform mechanics, yield-
ing distinct clustering structures across the two platforms.
On short-video platforms, Gao et al. [38] quantified echo-
chamber effects on Douyin, TikTok, and Bilibili, finding
homogeneous clustering dominant on Douyin; Li et al. [91]
separately mapped TikTok’s political co-follow network
and identified structurally isolated, like-minded commu-
nities. WeChat, which relies more on social-graph-driven
exposure than on algorithmic ranking [87] [169], tends to
exhibit “echo without chambers” interactional concen-
tration without dense structural community boundaries.
Recent work models information cocoons as an emergent
outcome of human-Al adaptive dynamics on these plat-
forms [57), 124]. On Indian regional platforms, ShareChat
has been characterized as a multilingual social network
spanning 14 languages and exhibiting substantial cross-
lingual content diffusion [2]. These findings suggest that
ideological-isolation phenomena are observed across di-
verse linguistic and regulatory contexts. However, the
choice of metrics and the operationalization of ideology
must be adapted to local cleavages, cultural conditions,
and platform mechanics.

Different metric families vary in their ability to diag-
nose particular forms of ideological isolation. Table [4] con-
solidates which metric families most effectively diagnose
each isolation type. The mapping is qualitative.

Although no single metric family captures all forms
of ideological isolation, combining network-based metrics
with content- or behavior-based measures generally pro-
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Table 3: Empirical synthesis of ideological-isolation findings across major platforms, drawn from published comparative studies. Entries
indicate strength of reported evidence: v' strong, ~ mixed, X weak or absent. EC = echo chamber, FB = filter bubble, Pol. = polarization,
CC = cross-cutting exposure.The CC column reports the observed level of cross-cutting exposure (Low/Med).

Platform EC FB Pol CC Dominant metric family Key references
Facebook v v v Low Network + content 19}, 26]

Twitter / X v N/A v Low Network + behavior |26] 411,

Reddit x N/A ~ Med Content + behavior |26 [64]

Gab x N/A ~ Low Network [26]

TikTok / Douyin v/ v V' Low/Med Behavior + content [38), [T, [144]
‘Weibo v v ~ Low Network + content [109] 134]
WeChat ~ X ~ Med Network (social graph) |871 [169]
ShareChat ~ X ~ N/A Content (multilingual) 2]

vides a more comprehensive diagnosis. Likewise, miti-
gation strategies exhibit different trade-offs in effective-
ness, scalability, interpretability, and deployment complex-
ity, suggesting that their suitability depends on the target
platform and intervention objective.

Table 4: Suitability of metric families for diagnosing each isolation

type. “H” = strong primary signal; “M” = useful complementary
signal; “L” = weak signal. Struct. = Structural; Inter. = Interac-
tional; Cogn. = Cognitive

Metric family Struct. Content Inter. Cogn.

H L M L

Community segregation
(Q7 ¢7 AQ)

Homophily / assortativ-
ity (EI, Tattr)

RWC and variants
Topic / semantic entropy
Exposure bias / cross-
cutting ratio
Engagement symmetry /
interaction entropy
Temporal reinforcement
(KL, AH)

Bimodality / balance
Cascade shape (D, SV,
density)

=

H
H
L
L

=

g 2 2 =EgEE

d = = = =
T £ ERH

T o
S5

5. Computational Mitigation Strategies for Ideo-
logical Isolation

This section focuses on computational approaches de-
signed to mitigate ideological isolation in online social net-
works. As illustrated in Figure[3] the mitigation strategies
discussed here correspond directly to the metric families
and isolation types introduced in Section [ thereby pro-
viding an operational link between diagnosis and interven-
tion. We organize the discussion into three complementary
perspectives. User modeling and simulation approaches
replicate belief dynamics and user interactions to evaluate
the effectiveness of interventions. Network-topological ap-
proaches aim to reshape connectivity by adding, removing,
or reweighting edges to enhance cross-cutting exposure.
Content-based control mechanisms intervene within rec-
ommendation and ranking pipelines through pre-, in-, and
post-processing to promote informational diversity while
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maintaining relevance. These strategies form a computa-
tional toolkit for reducing the self-reinforcing mechanisms
that sustain ideological isolation.

5.1. User Modeling and Simulation

To develop strategies for mitigating ideological isola-
tion, it is essential to understand and model users’ behav-
ior, i.e., how they respond to information. Such modeling
and simulation not only capture the dynamics of user in-
teraction and belief evolution but also provide feedback for
evaluating the effectiveness of the proposed strategies [28§].
In this subsection, we survey several popular approaches
for modeling and simulating users’ behaviors.

5.1.1. Bayesian Modeling

To model how users perceive and disseminate informa-
tion in social networks, Bayesian frameworks have been
widely adopted to capture the belief-updating process
driven by interactions with neighbors [68], [105].

Generally, each user u maintains a prior belief distri-
bution over potential message intents or themes, denoted
by {m;}. This prior, P(m;), reflects the user’s historical
preferences or typical communicative behavior. At each
timestep, the user observes recent messages from their
neighbors, denoted by M (), where I"(u) is the set of user
u’s neighbors. These neighbor messages provide evidence
that may influence users’ beliefs and guide their response
generation. Using Bayes’ theorem, the user updates their
belief distribution over possible messages as:

P(m; | Mpey) o< P(m;) - P(Mpy) | mi),

where P(m;) is the prior probability of producing message
mg, and P(Mp(,) | m;) denotes the likelihood of observ-
ing the neighbor messages Mp(,) given intent m;. This
likelihood can be estimated based on semantic similarity,
topical relevance, or discourse coherence between m; and
the neighbor messages.

This Bayesian mechanism enables users to adapt their
views based on local interactions and to propagate infor-
mation aligned with their updated beliefs, thereby simu-
lating a dynamic social information flow.



Journal Pre-proof

5.1.2. Agent-Based Modeling and Simulation

Agent-Based Models (ABMs) are widely used to study
the emergence of ideological isolation by explicitly repre-
senting individual traits and behaviors. A critical aspect
of these models is understanding how agents influence, and
are influenced by, their neighbors [I1], [I66]. Prior research
highlights personal preference as a key factor, alongside the
influence of surrounding agents [89] [I55]. To capture both
intrinsic predispositions and social interaction effects, two
mechanisms, Prior Commitment Level (PCL) and Com-
prehensive Social Influence (CSI), are incorporated into
ABM frameworks [89] [166].

Mathematically, each agent u; is part of a social net-
work G = (U, E) with a set of neighbors I'(u;). The PCL
pclj, measures agent u;’s predisposition toward item i,
based on past ratings, normalized as:

rjz—min(R;)

pelj, = { W max(R;) # min(R;)
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where R; is the set of ratings given by u;. Higher pcl;,
implies stronger favorability, while lower values indicate
the opposite. The CSI reflects the cumulative persuasive
strength from neighbors I"(u;) who hold a given opinion:

csijy =1— vaep(w)(l — ipPmy) (20)
where ipp,,; is the interpersonal persuasion power from
U, to u;. The probability of u; adopting a new opinion is
a weighted combination of personal predisposition (PCL)
and social influence (CSI), modulated by a trade-off pa-
rameter \; € [0, 1]:

CSljy
Zm' CSijz/ .
This formulation allows ABMs to capture how individual
tendencies and peer influence jointly drive opinion dynam-
ics.

Another approach to designing agents in ABM is to
define them through a set of explicit rules that govern how
they perceive, process, and act upon information [90, [147].
At each time step t, each agent receives influence messages
msgp(u; — u;,t) from neighbors u; € I'(u;), where each
message carries topical relevance and an opinion indicator.

Formally, a message msg, can be represented as:

A (21)

Pje = Xj - pelje + (1 =

Smsgy = {mp(7) [ 76 € T}, myp(mi) € [0,1], (22)

where m, (7)) is the degree of association with topic 7.
The agent retains a posting history PM () and a re-
ceived message set 1(*) which shape its current context
Cr(ui,t). Decision-making is then modeled as:

NextMessage(u;, t) = f(I(“i), PM(”i),F(ui)) , o (23)

where f(-) encodes behavioral rules (e.g., Perceive recent
messages from neighbors, Incorporate own past expressed
opinions, Select and deliver the next influence message).
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By leveraging ABM, the network’s evolution is driven
by individual agents’ behaviors [88]. Over time, this evo-
lution can reveal ideological patterns, which can be evalu-
ated using established metrics of ideology.

5.1.3. LLM-Driven Simulation

An emerging direction in ABMs is the integration
of large language models (LLMs) to simulate realistic,
context-aware user behaviors [60, [I65]. In this paradigm,
each agent u; operates within a social network G and main-
tains repositories of received messages R!" and posted mes-
sages R?“'. At each timestep ¢, an agent decides whether
to broadcast, adopt, or evolve a message based on prob-
abilistic thresholds. When triggered, the agent uses an
LLM as a function to generate a response m, conditioned
on both the message content ¢, and the agent’s profile u;:

my = LLM(cy, u;) .

This mechanism enables the simulation of nuanced dis-
course generation, where responses are shaped by both the
social context (e.g., influence from neighbors I'(u;)) and
the agent’s prior outputs. By iteratively applying

RO+ 1) RO}, R (1) = R ()U{m,)

for targeted neighbors wu;, the model captures message
propagation, evolution, and conversational focus shifts
over time. Compared with traditional probability-based
ABMs, this approach enables agents to produce language-
rich, semantically coherent interactions, thereby allow-
ing the study of how influence diffusion shapes collective
discourse and topic dominance in online environments.
On the other hand, because LLM behavior is more un-
certain and its use requires greater time and computa-
tional resources, applying LLM-based Monte Carlo simu-
lation to large-scale networks is challenging. However, if
the model can tolerate variability in individual behaviors,
LLM-driven simulation remains a suitable option.

5.1.4. Reinforcement Learning
A complementary way to model users is to treat
each user agent as a reinforcement-learning (RL) deci-
sion maker embedded in a social network, as RL natu-
rally captures the sequential, feedback-driven nature of on-
line interactions, allowing agents to adapt their strategies
over time to maximize long-term engagement or influence
[131], [133] [156]. Mathematically, at each time step ¢, agent
u; receives an observation:
(@)

o =M, 2", )

where Mt(z) is the set of messages from neighbors I'(u;)
at timestep ¢, x,(f) encodes the agent’s internal state (e.g.,
preferences/history), and c¢; denotes contextual features
(topic, time, forum). The agent selects an action from a

finite set:

agi) € A = {ignore, reshare, reply, click, compose,...},



Journal Pre-proof

according to a policy mg(a | o) (e.g., Deep Q-Learning
(DQN) or actor—critic).

The immediate utility of an action is captured by a re-
ward function that balances engagement, preference align-
ment, and effort/risk:

4

= aE(mEi)) + ﬂS(mEi),P(i)) - nC(agi)),

where mgi) is the produced/forwarded message, E(-) mea-
sures observable engagement (e.g., click, reply), S(-, P())
measures semantic alignment with the agent’s preference
profile P, and C(-) penalizes effort, delay, or moderation
risk. To reflect social spillovers, the reward can include a
neighborhood term:

f,gl) _ ng) + A Z Wi A\IJE]) ,

JET (u;)

where A\Ilgj )is a change in neighbor u;’s engagement or
stance and w;; is an influence weight. The objective is to
maximize the discounted return

T
‘](9) = ]Eﬂ'e lz ’Vt ’Fygl)
t=0

where v € [0, 1] denotes the discount factor, and J(6) is
optimized either via value-based learning with the Bellman
target:

)

Q. a{") « ¥+ ma@XQ(O,Efﬁl,a’),
or via policy gradient:

VoJ(0) = E[Vologme(at” | of”) (GI” ~b(o[")] .

with return Ggi) and baseline b(-) for variance reduction.
Message diffusion is modeled by updating neighbors’ in-
boxes stochastically, e.g.,

R;-n(t—f—l) = R;»“(t) U {mgi)} with probability p;; .

Because observations are partial, ogi) is often encoded
with a history aggregator (RNN/transformer) to approx-
imate a belief state. This RL formalization yields agents
that read incoming messages, decide among response op-
tions, and adapt behavior over time to maximize long-term

social utility, providing a principled alternative to purely
rule- or probability-based ABMs.

5.1.5. Graph Neural Networks

Graph Neural Networks (GNNs) provide a powerful
framework for modeling user behaviors in online social net-
works, where agents (users) are naturally represented as
nodes and their connections as edges [126]. In this set-
ting, each agent w; receives messages from its neighbors
I'(u;), processes them according to its internal state, and
decides whether and what message to deliver in the next
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step. GNNs capture both the structural information of
the network and the evolving states of users, enabling the
simulation or prediction of realistic message-propagation
patterns.

Specifically, at time ¢, each user u; has a feature vec-
tor hz(.t) representing its current state (e.g., preference pro-
file, recent message embeddings). Incoming messages from
neighbors can be encoded into message vectors mg;), ag-
gregated as:

m("” = AGGREGATE ({mg;> |u; € F(ui)}) . (24)

where AGGREGATE(-) can be a mean, sum, or attention-
weighted sum. The node update rule in a GNN layer com-
bines the agent’s current state and aggregated neighbor
messages:

h§t+1) = U(Wlhz(-t) + nggt)) (25)
where W; and Wy, are learnable weight matrices and o(-)

is a non—l(il)lear activation function. In attention-based
t

GNNs, m;” can be computed using:
exp (LeakyReLU(a—r [Whgt) I Whgt)]))
Q5 = ,
S keru exp(LeakyReLU(aT [Wh(" | Wh{"}))
(26)
m{’ = Y a; Wh", (27)
JEI (u;)

where «;; is the attention weight representing the relative
influence of neighbor u; on w,.

The decision to deliver a new message is then modeled
as a classification or generation problem:

p(agt) | h§t+l)) = softmax(Wh§t+l)> , (28)

where agt) denotes the action (e.g., ignore, reshare, modify,
or create a new message) and W is a learnable parameter
matrix.

In predictive settings, the GNN is trained to maximize
the likelihood of observed actions; in simulation settings,
al(t) is sampled from p(-) to update the network state. By
iteratively updating node states and simulating message
exchanges, GNN-based models can reproduce or forecast
complex message diffusion behaviors that depend on both
network topology and user-level dynamics, outperform-
ing purely probabilistic or rule-based models in capturing
higher-order interaction effects [33], [159].

5.2. Network-Topological Approaches

From a network topology perspective, two primary
strategies are commonly employed to mitigate ideological
isolation and enhance diversity of information exposure:
(1) Edge modifications, and (2) Node modifications (via
influence spread).
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5.2.1. FEdge Modifications

Edge modifications involve adding, removing, or
reweighting specific edges in the network to alter exist-
ing interaction patterns. These interventions are designed
to weaken the structural mechanisms, such as community
boundaries or echo chambers, that reinforce ideological iso-
lation.

Edge Addition. Adding cross-partition edges, links be-
tween nodes in opposing communities X and Y, can
weaken segregation by increasing cross-group transition
probabilities (P, Py;) and decreasing within-group per-
sistence (Py, Pyy). Using the RWC definition in Equation
the edge-addition problem can be formulated as min-
imizing polarization after augmenting the graph with a
small set of cross-cutting links [40]:

— Puy(G) Py (G),

RWC(G & AE) st. |AE| <k,

min
AEC(XXY)U(Y xX)
where G @ AFE denotes the graph after adding the di-
rected edges AE. A practical strategy is greedy selection
by marginal gain:

ARWC(u,v) = RWC(G) — RWC(G & {(u,v)}),

choosing up to k candidate edges (u,v) € X x YUY x X
that yield the largest decrease in RWC. Depending on the
mitigation goal, the same objective can be extended to
target influential nodes by replacing RWC with A—RWC,
or to discourage long runs within a single community by
replacing it with D—RWC, thereby prioritizing edges that
specifically reduce elite-level separation or increase inter-
community transitions along random walks.

Building on this formulation, several heuristics and op-
timization methods have been proposed to identify effec-
tive cross-community links that minimize RWC or related
polarization indices. Typical methods include:

High-degree bridging [40] Given a partition of
graph G, i.e., V' = {XUY} with {XNY} = &, define the
candidate cross-community edges

Ey {(v,v) e X XY : (u,v) ¢ E}.

A simple and effective scoring rule is the degree-product:
Sdeg(u, v) = k(u)k(v),

where k(-) is node degree. Select the top-k edges by Sdeg-
This favors bridges between structurally influential nodes,
which (i) increases the cut size between X and Y by k,
(ii) reduces modular segregation, and (iii) raises cross-
community random-walk flow.
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Greedy selection for edge addition Let F(G) be
a polarization objective to minimize (e.g., RWC in Equa-
tion or modularity @ in Equation . Define the
marginal gain of adding a candidate edge e to the current
graph G, as

AF(€|Gt> = F(Gt) — F(Gt + 6) .
The greedy rule (for a budget of k edges) is

e = arg max Ap(e|Gi-1),
X

Gt<—Gt,1+6:, t:].,...,k.

Edge Remowval. A line of work studies removing a small
number of intra-commaunity links to weaken echo chambers
while preserving overall connectivity. Recall that opinion
dynamics are often modeled with the Friedkin—Johnsen
(FJ) model, which is introduced in Equation 29}

The task is commonly cast as selecting a small deletion
set AFE (budget k) that minimizes a chosen echo-chamber
index EC(G), subject to structural constraints:

min EC (G \ AE) ,
AECEFEintra, |AE|<k
subject to (G \ AFE) remains connected and inter-
community edges are retained. This formulation sum-
marizes existing approaches that target reinforcing links
rather than bridges, aiming to attenuate echo-chamber ef-
fects without fragmenting the network.

Targeted removal of high-betweenness
intra-community edges Let b(e) be the edge between-
ness (number of shortest paths using e) [44]:

ey = Y- 2,

s#t

where o, is the number of shortest s—t paths and o (e)
those that traverse e. Restrict candidates to FEipira =
{(u,v) € E : ¢, = ¢y} and (under a connectivity con-
straint) remove the top-k edges by b(e). The intuition is
that deleting intra-community "highways" weakens insular
clusters without destroying cross-community bridges.

Greedy conflict minimization [24] Let R(G) de-
note a conflict/polarization risk (e.g., the average-case
risk under Friedkin—Johnsen dynamics). At each step, re-
move the intra-community edge with the most significant
marginal risk drop:

¢* = arg max (R(G) - R(G\{e})).

€€ Eintra

A concrete instantiation uses steady-state opinions x*(G)
from the FJ model and an intra-edge disagreement objec-

tive )
> (@ -ap),

(2,5) € Eintra

Dintra (G) =
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then greedily deletes edges maximizing Diyga(G) —
Dintra(G\{e}), subject to preserving connectivity. The in-
tuition is that removing the links that most reduce within-
group reinforcement weakens echo chambers.

Structural-bias (random-walk) reduction [50]
Let Vopp(u) be the opposite side of u. Define the polar-
ized bubble radius (expected hitting time to the opposite
side)

BR(u) = E[ruso ’U € Vopp(w] »

and the global structural bias ®(G) = >,y BR(u). Se-
lect intra-community deletions that maximize the reduc-
tion

Agle) = ®(G) — G\ {e}),

again with connectivity safeguards. This is based on the
intuition that deleting edges that keep random walks “cir-
culating” inside one side shortens stochastic access to op-
posing views.

Edge Edition. Edge editing adjusts the weights of exist-
ing links to influence the dynamics of opinion. This ap-
proach fine-tunes interpersonal influence strengths, sim-
ulating how recommended systems or moderation algo-
rithms amplify or suppress interactions.

Chitra and Musco augment the FJ opinion model
by introducing a network administrator that adaptively
reweights edges to minimize disagreement, and an algo-
rithmic filtering mechanism that can induce filter bubbles
[25]. In round r, users first update to the F.J equilibrium
on the current graph:

20 = (LD 1) s,
where L1 is the Laplacian, s are innate opinions, and
z are expressed opinions. Disagreement is

Dg, = 2"Lz.

)

Given z(")| the administrator then chooses a new graph
(i.e., edge weights W) by

G = argmin Dg, .o ,

subject to realistic constraints ||[W — WOz < e[|[W ||z
and row-sum (degree) preservation » . W;; = > Wi(JQ) for
all . Alternating these steps can increase polarization dra-
matically on real Reddit/Twitter graphs; a simple regular-
ized variant (adding ~y||W||%) limits the filter-bubble effect

while barely affecting disagreement.

5.2.2. Node Modifications

Node-level interventions to mitigate ideological isola-
tion typically follow two approaches: (i) modifying existing
node features, such as susceptibility, thresholds, or recep-
tivity, to influence how opinions spread, often within an
influence maximization framework; and (ii) introducing or
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designating special nodes, such as seeds or stubborn "me-
diator" agents, to inject cross-cutting information. The
former is more prevalent in the literature, while the latter
offers a complementary strategy for disrupting echo cham-
bers. Both approaches are based on the social influence
diffusion models.

Social Influence Diffusion. Social influence diffusion
models describe how behaviors, opinions, or information
propagate through networks. Two widely used frameworks
are the Independent Cascade (IC) and Linear Threshold
(LT) models [72].

In the IC model, each directed edge (u;,u;) has an
activation probability p;; € [0,1]. Let A; be the set of
active nodes at time t. The probability that an inactive
node u; becomes active at t + 1 is:

P(ui activates at t 4+ 1) =1-

[1

Uj GAtﬁF(ui)

(1—pji),

where I'(u;) is the set of in-neighbors of u;. Once active,
a node remains active for all subsequent steps.

In the LT model, each node u; has a threshold 6,,, €
(0,1] and receives influence weights wy,,,, from its neigh-
bors, with Zujer(ui) Wy u; < 1. At each step, an inactive
node u; becomes active if the total influence from its active
neighbors reaches or exceeds its threshold:

2.

uj; € (u; )NA¢

>

Ou; -

wujui i

As in the IC model, activation is irreversible.

Both models naturally capture the stochastic and pro-
gressive nature of influence and are submodular under
common assumptions, enabling efficient seed selection
through greedy algorithms with approximation guarantees
[72]. In the context of breaking echo chambers, IC and LT
can be used to model the spread of interventions, such as
pro-diversity content or belief adjustments, across commu-
nities.

Susceptibility tuning via influence mazximization.
The key idea is to target highly insular communities with
interventions that lower their susceptibility to within-
group influence, thereby weakening echo chambers and
promoting cross-cutting exposure [I17]. The diffusion pro-
cess (IC/LT) is introduced for delivering interventions with
the FJ opinion dynamics:

x(t+1)=AWz(t)+ (I - A)s, (29)
where A = diag()\;) encodes node susceptibilities (A\; €
[0,1]), W is the influence weight matrix, and s are innate
opinions. The steady state is

z*(A) = (I — AW) I - A)s.

Given a seed set S C U with |S] < k, diffusion yields an
exposure level n;(S) for each node u;. Exposure updates
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susceptibilities via a decreasing function
9y

7§07

l— . .
)‘i_g()‘hnl(s))v 37]

€.g., g()\ﬂ?) = >‘(1 - 0”7) or Q(A,U) = max{)\ —an, )‘min}~
Let A’ = diag()}) and z*(S) be the resulting FJ equilib-
rium.

The influence maximization problem is then:

max fepread(S) s.t. EC(z*(S)) is minimized ,

S:|S|<k

where fspread(S) is the standard submodular spread ob-
jective under IC/LT [72] and EC(-) measures post-
intervention echo-chamber intensity [40].

Diversity-aware seeding across communities.
Diversity-aware or fairness-aware influence maximization
seeks seed sets that not only maximize total spread but
also distribute exposure across distinct subpopulations
(e.g., communities), so that isolated or minority groups re-
ceive meaningful reach, thereby mitigating echo chamber
effects and improving cross-cutting exposure. Formaliza-
tions typically account for group structure (e.g., detected
or given communities) and optimize spread subject to
balance or coverage criteria rather than concentrating
influence in a few large or central groups [84] [T4T], [T7T].

Let the node set U be partitioned into communities
{C1,...,Cn}. Under IC/LT diffusion, let o.(S) be the
expected number of activations in C, from seed set S. A
common diversity-aware objective is a concave, weighted
coverage:

max
S:|S|<k

Z We f(Uc(S)) )

where f(-) is a concave nondecreasing rewarding balance
and w, >0 encodes group priorities (e.g., to up-weight un-
derserved communities). To avoid size bias, a normalized
max-min fairness variant is often used:

7e(9)
ICe|

max min
S:|S|<k ¢

which maximizes the worst-case fraction of communities
affected. These formulations encourage the spread of seeds
across communities, allowing influence to penetrate other-
wise insular groups [84], [141].

When the objective is maximizing the influence cov-
erage, the spread function is monotone and submodular,
enabling a simple greedy algorithm with a (1—1/e) approx-
imation guarantee [72]. Efficient implementations build on
this structure, notably CELF for lazy marginal-gain eval-
uation [82] and reverse-influence-sampling methods such
as TIM and IMM, which achieve near-optimal accuracy
with substantially reduced running time [I37]. In con-
trast, diversity- or fairness-aware objectives (e.g., max-min
coverage across communities, even after normalization by
group size) are generally not submodular. Consequently,
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classic guarantees do not carry over, and one must resort to
specialized formulations and approximation schemes devel-
oped for fair or community-diversified influence maximiza-
tion [84] 141l [168]. A complementary line of work blends
spread with diversity through concave utility aggregation
over group-level reach, for which tailored approximation
strategies have also been proposed within the influence
maximization framework [168].

Opinion-aware seeding with stubborn mnodes. The
goal is to steer long-run beliefs by placing a small number
of stubborn (zealot) nodes whose opinions remain fixed,
thereby anchoring the dynamics. In opinion-exchange
models, introducing fixed-opinion agents can reshape the
equilibrium of the remaining population [I57]. With ap-
propriate placement and values, this can reduce isolation
across communities by weakening within-group reinforce-
ment and injecting bridging signals. This phenomenon
is well established for DeGroot/FJ-type processes and for
binary variants of the voter model with stubborn nodes
43, 164].

Formally, let Z C U be the zealot set with fixed opin-
ions oz, and let R = U \ Z denote adaptive nodes. Under
a linear update (DeGroot/FJ) with block partitioning of
the influence matrix,

2 = Hoz + h,

where the matrices H and vector h depend on network
topology and weights (e.g., via the fundamental matrix
(I — Wggr)~1). Thus, the equilibrium on R is an affine
image of oz, making both the locations and opinions of
zealots the key control variables.

A design problem of interest is to choose up to k zealots
so as to minimize a post-equilibrium fragmentation mea-
sure:

min

soin EC(JU (Z)) ,

where EC(-) quantifies echo-chamber intensity (e.g., con-
troversy or cross-community separation). Although this
combinatorial objective is generally challenging, several re-
lated goals exhibit favorable structure; for example, when
the target is to increase mean opinion toward a reference
value, the set function over Z is monotone submodular,
enabling greedy selection with approximation guarantees.
Empirically and theoretically, the optimized placement of
zealots can shift the means and reduce polarization in real
networks [61].

5.8. Content-based Control Mechanisms

Content-based control steers each user’s exposure to-
ward broader yet still relevant items, anchored in the ex-
posure centroid p,(t) and its dispersion. We organize
methods into three families: pre-processing (data and
candidate-pool shaping), in-processing (training-time ob-
jectives with constraints), and post-processing (re-ranking
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or allocation with explicit control), following the estab-
lished taxonomy in Wang et al. [I52]. These interven-
tions must navigate the accuracy—diversity—utility trade-
off, which we address through multi-objective formula-
tions, constrained losses, and constraint-aware re-ranking.
Recent surveys further systematize how fairness and di-
versity objectives interact across user-side and item-side
perspectives in recommendation pipelines [170].

5.83.1. Pre-processing Approach

Pre-processing approaches mitigate ideological isola-
tion by directly manipulating input data before model
training, making it model-agnostic and relatively easy
to integrate [I4]. Most existing works classify pre-
processing methods into three categories: data relabeling,
re-sampling, and data modification [92,[152]. These strate-
gies address bias in training data distributions, thereby
indirectly reducing filter bubbles, selective exposure, and
polarization.

Data Relabeling. Data relabeling modifies observed user
feedback or labels to correct bias. For example, popularity
bias can lead to frequently exposed items receiving dispro-
portionately high labels, thereby reinforcing homogenized
recommendations. Relabeling adjusts such labels to reflect
underlying user preference rather than exposure frequency
[23[73]. This approach is intuitive and lightweight, but its
effectiveness depends on the accuracy of relabeling heuris-
tics.

Data Re-sampling and Re-weighting. Resampling
methods adjust the distribution of training data by under-
sampling overrepresented items or oversampling underrep-
resented content. By balancing exposure frequencies, they
enhance diversity and reduce the reinforcement of filter
bubbles. A closely related strategy is re-weighting, which
adjusts the loss contribution of each training instance
rather than altering the data itself. For instance, Gupta
et al. propose a re-weighting technique that balances the
training loss between popular and non-popular items, en-
suring equitable representation during model learning and
reducing the reinforcement of filter bubbles [48], while Ab-
dollahpouri et al. provide a systematic empirical analysis
of popularity bias and its connection to fairness and cali-
bration in recommendation [IJ.

Data Modification. Data modification extends beyond
resampling and relabeling by actively transforming or aug-
menting training data. A representative example is coun-
terfactual data augmentation, where new user-item inter-
actions are generated to simulate alternative exposure his-
tories. For instance, Wang et al. propose a sequential
recommendation framework that constructs synthetic in-
teraction sequences to increase exposure diversity and mit-
igate bias arising from imperfect or sparse training data
[153]. Recent studies treat data modification as a core
pre-processing strategy, noting its role in intervening on
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interaction or feature representations, but also cautioning
about potential distribution shifts or noise introduced by
synthetic data when preserving recommendation accuracy

[92].

In summary, pre-processing approaches are attractive
due to their model-agnostic nature and ease of deployment.
Relabeling focuses on correcting biased labels, resampling
and re-weighting balance exposure distributions, and mod-
ification leverages augmentation or adversarial techniques
for stronger debiasing. However, pre-processing alone can-
not fully eliminate systemic bias and is often comple-
mented by in-processing and post-processing approaches
to comprehensively mitigate ideological isolation.

5.8.2. In-processing Approach

In-processing methods embed the mitigation strategy
inside the learning or scoring pipeline. Specifically, they
modify either the training objective or the scoring function
so that the recommender optimizes relevance and miti-
gation criteria jointly during learning or inference. This
makes them expressive, targeting bias, diversity, or fair-
ness, while preserving end-to-end optimization. These
methods typically augment the loss or scores as:

L= Erec+A'£mitigationv frec(ua ’L)—I—Q(’LL, Z) ’ (30)

where L,.. is the standard recommendation loss,
Loitigation €ncodes bias control, fairness constraints, or
diversity regularization, and A > 0 tunes the trade-off. g,;
represents the predicted relevance score for user u on item
i. The base score frec(u,i) models user—item relevance,
and Q(u,) is an in-model adjustment, such as debiasing
corrections, diversity terms, or counterfactual offsets. We
group in-processing into five families as follows.

gui

Regularization-based  Mitigation. Here,  explicit
penalties or corrective terms are added to reduce ex-
posure/popularity bias during learning. For instance,
discrete choice modeling frameworks adjust user-item
click probabilities by incorporating exposure frequency:

exp(pui — 0 - Ey)
> jer exp(fuj — 0 Ej)’

thereby attenuating the over-representation of frequently
exposed items [78]. In addition to the commonly adopted
fairness and exposure constraints, Yang et al. intro-
duce content-suppression mechanisms to reduce redun-
dancy and enhance diversity in recommendations [163].

Pilu, E) = (31)

Latent Representation Modulation. These methods
perturb latent representations to encourage diversity along
designated semantic directions while preserving relevance.
The TD-VAE-CF model achieves this by shifting embed-
dings along Concept Activation Vectors (CAVs):

z, = zy + @ voay, a>0, (32)

which allows the system to enhance diversity while pre-
serving overall relevance [39].
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Counterfactual  Corrections. Counterfactual  in-
processing disentangles causal factors, e.g., preference
vs. item popularity, and subtracts the non-preferential
component at score time. In MACR, a debiased score
removes a direct popularity effect:

Jas = Gui — v - o (8i) , (33)
thus reducing systemic popularity bias without altering
the user-item matching signal [154].

Reinforcement Learning (RL). Framing recommen-
dation as an MDP enables temporal exposure control.
With state s; = (u, Hy) (user u and history Hy), action
a; (slate or item), and composite reward:

Ry =n- Acc(as) + (1 —n) - Div(ay), (34)
an RL agent learns to trade off short-term accuracy and

long-term exposure diversity, mitigating filter-bubble rein-
forcement [93].

Multi-Objective Optimization. Multi-objective for-
mulations encode the accuracy-diversity trade-off directly:

max [a - Ace(8) + (1 — @) - Div(@)} : (35)

where Acc(f) measures predictive accuracy, Div(0) quan-
tifies exposure diversity, and « tunes the trade-off. Such
formulations provide principled ways to reconcile compet-
ing objectives in recommender systems [121].

While all in-processing approaches intervene at the
model level, their mechanisms differ: regularization-based
and counterfactual methods correct statistical biases, la-
tent modulation reshapes semantic representations, RL
optimizes sequential decisions, and multi-objective opti-
mization explicitly encodes trade-offs. These approaches
demonstrate the versatility of in-processing techniques
for increasing fairness and mitigating ideological isolation
while retaining relevance.

5.8.83. Post-processing Approach

Post-processing methods mitigate ideological isolation
by adjusting the items produced by a base recommender
model [I36]. Unlike in-processing methods that modify
the learning objective or pre-processing approaches that
manipulate input data, post-processing provides a flexible,
model-agnostic layer for incorporating fairness, diversity,
novelty, and neutrality constraints.

Given a candidate set C' and target list length K, the
re-ranked set R*(u) for user u is defined as:

a- Y free(u, ) +8- D(S) ,
; e

diversity /fairness

R*(u) = arg

max
SCC,|S|=K

—_———

relevance
(36)
where fre.(u,?) measures the relevance of item ¢ for user u,
D(S) quantifies the diversity or fairness of the set .S, and
a, 8 € [0, 1] control the trade-off. Different methodological
schools instantiate this formulation in distinct ways.

24

Greedy Re-ranking. Greedy re-ranking incrementally
constructs or revises a top-K list from the base recom-
mender by repeatedly selecting the item that maximizes a
weighted combination of relevance and the marginal gain
in a set-level criterion, e.g., diversity or fairness. Two clas-
sics are MMR [20], which trades off relevance and novelty
to reduce redundancy, and xQuAD [I30], which increases
coverage over multiple topical aspects during selection.
Both are widely used for diversity-aware re-ranking and
extend cleanly to recommendation settings. Recent work
further enriches the diversity term with LLM-derived se-
mantic signals while keeping the greedy scaffold. At each
step, a typical rule is

i* = arg max Afrec(u,) + (1 — AN)AD(, S),

i€C\S

where AD(i, S) is the marginal diversity gain of adding 4
to S.

Recent work explores the use of an LLM as a re-
ranker. Specifically, given a candidate list, the LLM is
prompted to output a more diverse ranking. Empirically,
LLM-based re-ranking improves diversity over random re-
ranking but remains below traditional greedy methods
(e.g., MMR or xQuAD) on relevance-aware metrics; im-
portantly, the LLM operates as an alternative re-ranker
rather than injecting LLM signals into AD(i, S) within a
greedy step [2I]. Beyond using LLMs as re-rankers, Wang
et al. propose a responsible graph-based recommendation
pipeline, where a Generative-AI module is applied to syn-
thesize contextualized content based on the user’s belief
graph and nudge the users toward a more balanced infor-
mation perception, mitigating belief filter bubbles [149].

Graph-based and Optimization-based Re-ranking.
These methods seek a globally balanced set by solving the
re-ranking objective over the entire subset S (e.g., S C C,
|S| = K) rather than making greedy, per-item choices. A
common instantiation builds a user-item bipartite graph
and imposes flow or coverage constraints to improve cat-
alog balance. For example, FairMatch [103] constructs a
bipartite graph and uses maximum-flow optimization to
boost aggregate diversity by increasing the coverage of
underrepresented items. Likewise, Antikacioglu and Ravi
minimize discrepancy from a target exposure distribution
via minimum-cost flow, achieving explicit control over ex-
posure and coverage [5]. Compared to greedy heuristics,
these flow-based formulations offer stronger fairness guar-
antees and clearer constraint handling, but their higher
computational cost can limit scalability in large, real-time
recommender systems.

Probabilistic Re-ranking. Probabilistic approaches re-
place an explicit set function D(S) with a likelihood
over subsets. A prominent example is the Determinan-
tal Point Process (DPP), which defines a distribution
P(S) o< det(Lg) over item sets S, where L = 0 is a kernel
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encoding both item quality and similarity [79]. For top-K
re-ranking, a common MAP objective is

log det(Lg).

max
SCC, |S|=K
The determinant acts as a repulsive potential: it grows
when items are individually high-quality yet mutually dis-
similar, thereby discouraging redundancy. A standard pa-
rameterization is the quality-similarity factorization

L = Ql/szl/Q,
Q = diag(le s 7Q|C|)7

where ¢; is a per-item relevance (quality) score and S
captures pairwise similarity. Under this factorization,
log det(Lg) naturally balances accuracy (via ¢;) and di-
versity (via S). Although the exact MAP is generally ex-
pensive on large candidate pools, greedy maximization of
log det(-), a monotone submodular objective, admits an ef-
ficient (1 — 1/e)-approximation with incremental updates,
making DPP re-ranking practical at scale.

(37)

Siz' = 1, Sij S [—1, 1], (38)

Novelty-based and Serendipity-based Re-ranking.
Beyond diversity, post-processing can target novelty
(items the user has not seen or is unlikely to know) and
serendipity (items that are both unexpected and useful).
A common formalization augments the set objective with
per-item novelty or serendipity scores [70]:

O free(u,i) + B frer(u,i),
€S

€S

max
sCC, |S|=K

where frcc(u, i) denotes base-model relevance and fse, (u, 7)
rewards useful surprise. Following prior work, fser is often
modeled as the product of usefulness and unexpectedness

[161]:
fser(u,i) = Rel(u, i) - Unexp(u, ),

Unexp(u,i) =1— ;2%)581111(2,]),

(39)
(40)

with H, the user’s history and sim(-,+) a content or em-
bedding similarity. This construction promotes items that
remain relevant while being dissimilar to what the user al-
ready knows. In practice, serendipity-oriented re-ranking
can improve user satisfaction and long-term engagement,
provided the degree of surprise is calibrated. The main
design choice is how to instantiate Unexp, e.g., distance
to user profile, distance to prior exposures, or popularity-
inverse signals, and how to balance « vs. 8 for the target
application.

In summary, heuristic approaches provide efficient local
approximations, optimization-based methods offer global
diversity guarantees, probabilistic approaches deliver prin-
cipled mathematical formulations, and novelty-oriented
methods improve long-term user engagement. All these
post-processing techniques can be viewed as instances
of the generalized multi-objective framework, differing
mainly in how they instantiate the diversity function D(S)
and whether they optimize it locally, globally, probabilis-
tically, or with novelty-oriented constraints.
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5.4. Dual Role of Large Language Models

LLMs increasingly influence information exposure in
online platforms, acting both as a potential driver of ideo-
logical isolation and as a tool for mitigation. This comple-
ments the simulation-oriented treatment of LLMs in the
discussion of LLM-based interventions.

LLMs can also drive ideological isolation. Recent stud-
ies suggest that LLMs may contribute to homogenized ex-
posure through several mechanisms. First, measurable
political biases have been reported in widely used con-
versational models [112, 128, 129]. Second, LLM out-
puts diverge in factual emphasis and framing across users.
Lazovich [80] formalizes this as an LLM analog of filter
bubbles and documents affective polarization in persona-
conditioned ChatGPT outputs. In a related vein, Hacken-
burg et al. [49] show that partisan-role-played GPT-4 mes-
sages can match, and on some issues exceed, the persuasive
impact of human persuasion experts, raising the prospect
of large-scale automated narrative reinforcement. Third,
simulation studies integrating LLM agents into recom-
mender systems reproduce the exposure-narrowing charac-
teristic of filter bubbles and personalized recommendation
loops [135].

LLMs can also serve as tools for mitigating ideologi-
cal isolation. The same capabilities also enable new in-
tervention strategies. LLMs can support cross-ideological
content rewriting [52], bias detection and stance analy-
sis [118], and user-controllable diversification through the
generation of counter-perspective content [I49]. They have
also been used to facilitate more constructive political dis-
cussions [8] and to serve as diversity-aware re-rankers in
recommendation systems [21].

5.5. Cross-Family Mitigation Comparison

The mitigation families surveyed in previous sections
differ in effectiveness, scalability, robustness, interpretabil-
ity, and deployment cost. Figure [4] provides a visual com-
parison across these characteristics. The ratings are based
on the deployment, simulation, and benchmark studies
cited in the corresponding subsections rather than a single
head-to-head experiment.

Several broad patterns emerge. (i) Network-
topological interventions can effectively reduce structural
isolation but are often difficult to deploy at platform
scale. (i) Pre-processing approaches are model-agnostic
and low-cost to deploy, but cannot eliminate systemic
bias alone and are typically combined with in- and post-
processing methods. (4ii) Post-processing re-ranking re-
mains the most practical approach because it is model-
agnostic and readily integrated into existing systems. (iv)
In-processing methods generally offer stronger diversity—
accuracy trade-offs but require retraining and additional
validation. (v) LLM-based approaches provide flexible
support for content diversification and stance-aware rec-
ommendation, although they inherit biases from the un-
derlying models.
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Effectiveness
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O Network-topological
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Figure 4: Radar comparison of mitigation families across five eval-
uation criteria. The user-modeling/simulation family is omitted for
visual clarity as it is primarily a diagnostic tool rather than a user-
facing intervention.

6. Ethical Considerations

Computational mitigation of ideological isolation is not
value-neutral. Choices about what to diversify, how ag-
gressively to intervene, and who controls these interven-
tions inevitably reflect normative assumptions.

Two issues are particularly relevant to the mitigation
strategies reviewed in Section algorithmic paternal-
ism and user autonomy, and cross-cultural variation in the
meaning of ideological diversity.

6.1. Paternalism, Authorization, and Transparency

Many mitigation strategies reviewed in Section [f] in-
cluding diversity-aware recommendation, network inter-
ventions, and LLM-driven content generation, modify
users’ information exposure without explicit awareness.
While such interventions may reduce ideological isolation,
they can also raise concerns about algorithmic paternalism
when user preferences are overridden in pursuit of broader
epistemic goals [19].

Two principles are particularly important. First, users
should be able to control diversity-promoting interventions
through informed opt-in mechanisms and adjustable set-
tings. Empirical studies suggest that user controls over
feed curation can improve perceived diversity, although
their effect on actual political diversity remains mixed [96].
Second, systems should provide transparent explanations
of why particular viewpoints or recommendations are pre-
sented. This is consistent with recent regulatory develop-
ments, such as the EU Digital Services Act, which empha-
sizes transparency and user choice in recommender sys-
tems [31], BT].

More broadly, interventions should support users’ abil-
ity to navigate diverse information environments rather
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than silently replacing their judgement [97]. Consequently,
mitigation studies should evaluate not only reductions in
isolation metrics but also the transparency and explain-
ability of the intervention process.

6.2. Cultural and Regulatory Variation

The notion of ideological diversity is not culturally in-
variant. Much computational work adopts a left-right ide-
ological spectrum that reflects political divisions common
in Western democracies [53]. However, salient dimensions
of disagreement may instead involve religion, ethnicity,
language, regional identity, or other social factors in differ-
ent contexts [2]. Consequently, metrics and models devel-
oped for one setting may not transfer directly to another.

Regulatory expectations also vary across jurisdictions.
The EU Digital Services Act emphasizes user-side trans-
parency and choice, including the right to opt for non-
profiling-based recommendations [3I], 81]. China’s Provi-
sions on the Administration of Algorithmic Recommenda-
tion in Internet Information Services, effective March 2022,
require platforms to register algorithms, offer opt-out from
personalization, and explicitly avoid creating “information
cocoons”, framing the issue in collective rather than indi-
vidual terms [I60]. These differences suggest that miti-
gation objectives and evaluation criteria may need to be
adapted to local social and regulatory contexts.

Two implications follow for computational research.
First, the ideological space Z introduced in Section
should be specified according to the application context
rather than treated as a universal one-dimensional axis,
and may require culturally grounded annotations [2]. Sec-
ond, mitigation strategies should be evaluated not only by
their effectiveness in reducing ideological isolation but also
by their suitability for the cultural and regulatory environ-
ments in which they are deployed.

7. Open Challenges and Future Directions

Having surveyed how ideological isolation can be de-
fined, measured, and mitigated, we now examine what
is still required to develop reliable, deployable solutions.
This section identifies several cross-cutting open challenges
spanning theory, measurement, and system design, and
outlines corresponding directions for future research.

7.1. Advancing Causal Understanding

A profound limitation of current quantification metrics
is their correlational nature. While such metrics can detect
the presence of ideological isolation, they often cannot dis-
entangle its underlying causes [99]. For example, a user’s
ideologically homogeneous feed could arise from either the
platform’s personalization algorithm or the user’s selective
exposure and homophilic interactions [107, [108].

Distinguishing between these drivers is crucial for
designing effective interventions. The question here is
whether the recommender system should be reconfigured
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or whether users should be nudged toward more diverse en-
gagement patterns. Future research should adopt causal
inference frameworks to distinguish between algorithmic
influence and user agency. Approaches such as natural
experiments, instrumental variable estimation, and coun-
terfactual modeling, when applied to interaction logs, can
help quantify the causal impact of platform-level mecha-
nisms. Moreover, constructing causal models of belief evo-
lution, building on the reinforcement dynamics described
in Section will be essential for identifying the most
effective and ethically appropriate levers for change.

7.2. Balancing Competing Objectives in Recommender
Systems

A central dilemma in the design of content-based con-
trol mechanisms (Section [5)) is the perceived trade-off be-
tween recommendation accuracy and ideological diversity
[05, 119, 121I]. Many existing in-processing and post-
processing approaches risk degrading the perceived utility
or relevance of recommendations in pursuit of diversity. If
users perceive diversified recommendations as less engag-
ing or misaligned with their interests, they may disengage,
undermining the intent to broaden ideological exposure.

A promising research direction is to optimize for a
Pareto frontier between accuracy and diversity, rather
than treating them as opposing objectives. This can be
achieved through adaptive, personalized diversification, in
which the degree of exposure to diverse content is dynam-
ically adjusted based on individual user tolerance, suscep-
tibility parameters, and contextual features. In addition,
user-controllable interfaces, which allow individuals to cal-
ibrate their own diversity-exposure settings, could help
reconcile this trade-off by aligning system.interventions
with user autonomy and engagement preferences.

7.8. Cross-Platform and Longitudinal Measurement of
Ideological Isolation

Another critical challenge is to move beyond single-
platform, one-shot studies and actually measure ideologi-
cal isolation across multiple platforms and over time. In
reality, people combine Facebook, X, YouTube, TikTok,
news sites, search, and messaging apps into a single "me-
dia diet", so isolation is a property of this whole ecosystem,
not of Twitter or Facebook alone. Comparative work al-
ready shows that echo chambers and polarization appear
very different across platforms such as Facebook, Twit-
ter/X, Reddit, and Gab, suggesting that platform-specific
snapshots tell only part of the story [26]. Methodolog-
ically, cross-platform identity linkage is difficult, limiting
our view of how different forms of isolation co-evolve across
a person’s online environment.

Future work should therefore build multiplex and lon-
gitudinal measurement frameworks. One direction is to
model a user’s environment as a multilayer exposure net-
work, where each layer represents a platform. A second
direction is to define isolation trajectories for individuals
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and groups, tracking how their exposure diversity, cross-
cutting contacts, and stance distributions change before,
during, and after key events. Finally, agent-based and
opinion-dynamics simulations on multiplex networks can
serve as testbeds for stress-testing proposed cross-platform
metrics under realistic sampling and logging constraints.

7.4. Robustness to Adversarial and Strategic Amplification

A key challenge for measuring and mitigating ideolog-
ical isolation is that the information environment is not
purely “organic™: it is actively shaped by adversarial and
strategic actors. Social bots, coordinated disinformation
campaigns, and manipulation of trending or recommenda-
tion systems can all artificially amplify specific narratives,
hashtags, or accounts [54]. Recent work shows that rel-
atively small, well-designed campaigns can dramatically
increase exposure to harmful or misleading content, ex-
ploiting follow networks and recommendation algorithms
to maximize coverage [140]. These operations can deepen
echo chambers, manufacture apparent consensus, or crowd
out moderate content, thereby distorting any attempt to
measure “natural” structural, content-based, or interac-
tional isolation. Yet most existing metrics and models im-
plicitly assume that users, content, and platforms behave
non-strategically; they rarely distinguish organic amplifi-
cation from coordinated or adversarial activity.

Future work needs to treat adversarial and strategic
amplification as a first-class concern in the study of ideo-
logical isolation. One direction is to design manipulation-
aware isolation metrics and measurement pipelines that
explicitly detect and discount exposures driven by bots,
coordinated campaigns, or inauthentic accounts. Another
is to build stress-testing and red-teaming frameworks to
see how easily diversity-promoting or depolarization algo-
rithms can be gamed. Finally, robustness methods from
recommender systems and graph learning should be di-
rectly linked to isolation objectives, so that systems are
evaluated not only on accuracy but also on their resistance
to being weaponized to create artificial echo chambers.

8. Conclusion

This survey has examined ideological isolation in online
social networks from a computational perspective, with a
particular focus on formal definitions, metrics, computa-
tional modeling, and mitigation strategies.

Our review contributes in four main ways. First, we
present a unified formal framework that characterizes ide-
ological isolation and its underlying mechanisms, linking
user beliefs, content visibility, exposure, and reinforce-
ment dynamics within a shared ideological space. Sec-
ond, we harmonize a multi-view measurement toolkit span-
ning network-based, content-based, and behavior-based in-
dicators, using consistent notation. We further review
evidence from English-, Chinese-, and Indian-language
platforms. Third, we organize computational mitigation
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strategies across modeling and system layers, including
Bayesian and agent-based models, LLM-driven simulation,
reinforcement learning, and graph neural networks, as well
as network-topological and recommendation-pipeline in-
terventions. We analyse the dual role of LLMs in both
driving and mitigating ideological isolation. Fourth, we
examine ethical considerations in computational mitiga-
tion, including algorithmic paternalism, user autonomy
and transparency, and cross-cultural and regulatory vari-
ation in ideological diversity.

The open challenges identified in this survey point to
an inherently interdisciplinary research agenda that inte-
grates network science, machine learning, causal inference,
and social science. Addressing these challenges calls for re-
sponsible, interpretable, and human-centered AI systems
that balance personalization with information diversity,
thereby fostering healthier digital public spheres and mit-
igating ideological fragmentation.
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