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The rise of digital platforms has enabled the large-scale observation of individual and collective behavior
through high-resolution interaction data. This development has opened new analytical pathways for
investigating how information circulates, how opinions evolve, and how coordination emerges in online
environments. Yet despite a growing body of research, the field remains fragmented, marked by methodological
heterogeneity, limited model validation, and weak integration across domains. In this survey, we address this
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gap by systematically reviewing the literature on online collective behavior, integrating empirical findings
with formal modeling approaches. We examine platform-level regularities, the methodological choices used
to identify them, and the extent to which existing modeling frameworks capture the observed dynamics.
Rather than aiming for exhaustive coverage of individual subfields, we provide a structural and comparative
synthesis of recurring empirical patterns, methodological approaches, and modeling assumptions that span
across platforms and domains. The overarching goal is to consolidate a shared empirical baseline and to
clarify the structural constraints shaping inference in this area, thereby laying the groundwork for more
robust, comparable, and actionable analyses of online social media.

CCS Concepts: « Applied computing — Sociology; « Information systems — World Wide Web; « Security
and privacy — Human and societal aspects of security and privacy;

Additional Key Words and Phrases: Social media, online behaviour, computational social science, data science
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1 Introduction

The widespread adoption of digital platforms has profoundly reshaped how individuals access
information [1, 2], interact with content [3-5], and engage in public discourse [6, 7]. Social media
platforms, in particular, mediate these interactions through algorithmic personalization [8], content
ranking [9], and engagement-based feedback loops [10]. As a result, they have become not only
channels of communication, but also active components in the structure of opinion formation,
public debate, and collective behavior [11, 12].

Empirical research over the past decade has identified several recurring behavioral patterns
associated with these systems [13]. Users tend to engage more with content that confirms their
pre-existing views [1, 14-16], contributing to ideological polarization and reducing exposure to
alternative perspectives [17-21]. False or misleading content can achieve wide circulation, often
outperforming accurate information in terms of reach and engagement [1, 2]. These dynamics have
been linked to downstream effects in diverse domains, including public health [22-27], mental
health [25, 28-31], and political communication [12, 32-35].

A key factor enabling observations has been the increasing availability of large-scale digital
behavioral data [36, 37]. In fact, logs of user interactions—such as likes, shares, and comments—have
provided direct, time-stamped evidence of platform-mediated behavior at scale [36, 38-40].

This has led to a shift in the methodological foundations of social research: from small-scale,
self-reported, or experimental studies toward empirical analyses grounded in observed behavior.
This transition has catalyzed the growth of computational social science (CSS) [41-44], an
interdisciplinary field that applies methods from network science, machine learning, and statistics
to study social phenomena through digital traces.

However, the emergence of behavioral data as the main source of evidence has also introduced
new challenges [37]. While it enables the detection of reproducible patterns and statistical regulari-
ties, it provides limited access to underlying cognitive processes or motivations [45]. Observational
data are also subject to structural biases and rarely allow for causal inference in the absence of
experimental variation [46].

Moreover, as research has expanded, the field has become increasingly fragmented [47]. Sep-
arate literatures have developed around specific domains—such as polarization, misinformation,
attention, algorithmic exposure, and coordination—each with distinct assumptions, datasets, and
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methodologies [48—51]. This fragmentation has limited the comparability of results across stud-
ies and platforms, and has made it difficult to build a cumulative understanding of online social
dynamics [52].

Much of the existing literature remains tied to individual platforms, making it difficult to de-
termine whether observed effects are driven by human behavior, content properties, or platform-
specific design [40, 53]. As a possible solution, recent works have begun to adopt multiplatform
and longitudinal strategies to address this limitation [39, 54, 55]. Interestingly, these approaches
provide important insights into which patterns are system-specific and which are more general,
offering a stronger basis for explanation, prediction, and intervention.

Despite this abundance of research, limitations suggest the need for a comparative and conceptu-
ally integrated approach. The present survey aims to fill this gap by providing a structured synthesis
of current research on online behavior from a data science perspective. Our approach seeks to
integrate three layers—empirical evidence, modeling frameworks, and system design implications
to guide future works and research on online social dynamics. Specifically, we aim to answer the
following questions:

RQ1 How have digital platforms and behavioral data transformed the empirical study of
online social dynamics?

RQ2 Which structural patterns and mechanisms are driving key online phenomena, such
as polarization, misinformation, algorithmic influence, and coordinated behavior?

RQ3 What are the strengths and limitations of methodological approaches used to study
online social behavior?

Answering these questions provides both methodological reflections and actionable sugges-
tions, making the work a valuable roadmap for the interdisciplinary community studying online
behavior. At the same time, it delivers essential insights for practitioners, such as platform de-
signers and policymakers, by clarifying how dynamics like selective exposure and algorithmic
amplification lead to phenomena like polarization and misinformation. Unlike previous surveys
that concentrate on single phenomena—such as misinformation [16, 56], polarization [57], or echo
chambers [58—-60]—we approach the study of online behavior from a more comprehensive view,
integrating phenomena into a unified analytical framework. We deliberately do not aim to provide
a comprehensive enumeration of all existing works within each domain. Instead, our goal is to
identify cross-cutting regularities, methodological trade-offs, and modeling constraints that recur
across literatures that are often treated in isolation. At the same time, we provide explicit pointers to
existing surveys that discuss each subfield in detail. Ultimately, this work helps build the foundation
for new, evidence-based policies capable of addressing these pressing online challenges.

Search strategy. In this paragraph, we define the selection criteria that guided the composition
of this survey. Our goal is not to provide an exhaustive bibliometric review but to synthesize the
main empirical and modeling approaches that collectively define the field of online social dynamics.
The survey primarily focuses on studies published between 2008 and 2025, allowing a coverage of
the full period, from when digital trace data and platform analytics first began to be collected to
when they became central in social research. Inclusion criteria cover peer-reviewed journal articles
and major conference papers that employ empirical, computational, or hybrid methods to analyze
online social systems. Similar to previous surveys [57, 60-63], the literature base was constructed
using the authors’ expertise and a three-stage selection process. In the first stage, we compiled
an initial list of candidate studies integrating each topic through keyword searches on Google
Scholar. In the second stage, each paper was assessed for its relevance to determine whether it
should be included. Finally, in the third stage, we manually reviewed the references of the identified

ACM Trans. Web, Vol. 20, No. 2, Article 26. Publication date: May 2026.



26:4

N. Di Marco et al.

Table 1. Keywords Used to Identify Relevant Studies Across the Sections of the Survey

Section / Subsection

Keywords

2. The Shift Toward Behavioral Data

behavioral data; CSS; digital trace data; big data.

3.1 Empirical Strategies: Strengths and Structural
Constraints

network analysis; field experiments; survey; laboratory
experiments; algorithmic audits; browser-based
instrumentation; panel-based instrumentation;
agent-based models; generative AL

3.2 Comparative Synthesis and Empirical
Trade-offs

causality; cross-platform analysis; validation models;
research reproducibility.

4.1 Selective Exposure and Attention Allocation

attention economy; selective exposure; information
overload.

4.2 Agenda Setting and Content Visibility

agenda setting; issue salience.

4.3 Algorithmic Amplification and Echo Chambers

echo chambers; filter bubbles; algorithmic amplification.

4.4 (Mis)information Dynamics and Polarization

misinformation; disinformation; fact-checking;
prebunking.

4.5 Coordinated Behavior and Collective Signaling

coordinated inauthentic behavior (CIB).

5. Modeling Opinion and Information Dynamics

opinion dynamics; bounded confidence models (BCMs);

voter models; Ising models; majority rule dynamics.
cross-platform; multiplatform.

6. Comparative Analysis at Scale

works to uncover additional relevant studies and expand the list of included research. To ensure
methodological transparency, the keywords used in these searches are detailed in Table 1.

Paper organization. To help the reader navigate more easily through the content of this work,
here we outline the structure of the survey. Specifically, each section addresses a specific dimension
of the study on online social dynamics and contributes to the overarching goal of integrating
empirical, methodological, and theoretical perspectives.

Section 2 traces the historical and epistemological origins of CSS. It explains the transition from
traditional research paradigms—based on surveys, laboratory experiments, and self-reported data—
to large-scale analyses grounded in behavioral traces collected from digital platforms. The section
highlights how this shift has expanded the empirical reach of social inquiry while introducing new
methodological and interpretive challenges.

Section 3 provides a systematic overview of the main empirical strategies used to investigate
online behavior. It discusses the assumptions, capabilities, and limitations of diverse methodologi-
cal frameworks and suggests how their integration enables a more cumulative and comparable
understanding of online phenomena.

Section 4 synthesizes major findings from the literature concerning the behavioral and structural
dynamics observed on digital platforms. The section is organized around five central domains:
selective exposure and attention allocation, agenda-setting and content visibility, algorithmic ampli-
fication and echo chambers, misinformation dynamics, and coordinated behavior. Each subsection
links empirical findings to the underlying socio-technical mechanisms and platform affordances
that generate them.

Section 5 reviews the predominant modeling traditions developed to explain opinion formation
and information diffusion. The section presents an overview of the most influential frameworks,
emphasizing their evolution, theoretical assumptions, and recent efforts to align them with real-
world behavioral data.

Building on these foundations, Section 6 introduces the multiplatform and longitudinal perspec-
tive to address the limitations arising from the previous sections. It examines how this analyti-
cal approach enables identifying dynamics that persist across online platforms, and it discusses
the methodological implications of such approaches for model validation, causal inference, and
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Fig. 1. Visual organization of the survey. Each section covers a different aspect of the research on online
behavior.

generalizability. This section positions comparative research as a necessary step toward a cumulative
science of digital behavior.

Section 7 completes our discussion by identifying the main conceptual, empirical, and method-
ological constraints that currently hinder theoretical integration in the field. It highlights the need
for better empirical calibration of models, improved causal inference designs, and more consistent
use of temporal and cross-platform data. Section 8 complements this analysis by translating empir-
ical findings into actionable design implications for digital platforms, focusing on transparency,
exposure diversity, and systemic resilience.

Finally, Section 9 concludes the survey by summarizing its central insights and outlining directions
for future research. It emphasizes the need for sustained collaboration across disciplines and for
the development of data infrastructures that support reproducible, empirically grounded studies of
online social spaces.

To aid the reader, Figure 1 contains a visual map of the organization of the present work. Moreover,
Table 2 contains a collection of the most common concepts discussed in the survey, with their
operational definition.

2 The Shift Toward Behavioral Data

Social behavior studies have traditionally relied on controlled experiments, small-sample surveys,
and self-reported measures [64, 65]. While these methods have produced important theoretical
insights, they face well-documented limitations [66]. Experimental findings often struggle to
generalize beyond specific contexts [67, 68], and self-reports are affected by recall errors, framing
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Table 2. Glossary Table of the Most Important Terms Discussed in the Present Work

Construct Operational Definition

Echo Chambers Closed environment within online social media where individuals are
exposed predominantly to information, opinions, and beliefs that reinforce
their existing views, while contradictory perspectives are filtered out or
ignored. This effect may lead to reduced viewpoint diversity and polarized
group opinions.

Filter Bubbles Personalized information environment created by algorithmic filtering,
where content is selectively shown to users based on their past behavior,
preferences, and interactions.

Exposure Diversity Breadth of distinct topics, sources, or viewpoints encountered within a
defined observation window.
Algorithmic Amplification Systematic over-representation of content relative to baseline prevalence

due to ranking or engagement-optimization.

Coordinated Inhautentic Behavior |Coordinated Inauthentic Behaviour refers to organized activity by groups
of accounts on social media that deceptively work together to mislead
audiences about their identity, intentions, or actions. Coordination
typically involves fake accounts, impersonation, or manipulated content
designed to amplify certain narratives, influence public opinion, or disrupt
authentic discourse. The key feature is not just false information, but the
deceptive and coordinated nature of the behavior.

Virality Fast spread of a piece of content driven by individuals sharing it widely
and quickly, often within a short time frame.
Diffusion Process through which information, innovations, or behaviors spread

across a social network or population over time. It focuses on patterns of
adoption and transmission paths, not just the rate of spread

Affective Polarization Emotional divide between opposing political or social groups,
characterized not just by disagreement on issues, but by strong feelings of
dislike, distrust, or hostility toward members of the other side.
Attention Inequality Phenomenon where a small number of sources or individuals capture a
disproportionate share of visibility and audience attention, while the
majority remain largely unseen. More broadly, it describes the uneven
distribution of attention across users, topics, or content within digital
platforms.

For each construct, we provide an operational definition, methods of measurement, and common interpretative caveats.

effects, and social desirability biases [69-71]. As a result, key aspects of online behavior—such as
attention allocation, content exposure, and interaction dynamics—have long remained difficult to
observe directly and with sufficient scale.

The emergence of digital platforms has introduced a structural change in how human behavior
can be measured [72]. User actions—such as likes, comments, shares, and clicks—generate large
volumes of time-stamped, structured data [73, 74]. These digital traces capture in-situ behavior
unfolding in real-world conditions and at population scale [75-77]. This shift has redefined the
empirical foundations of social research.

From a methodological perspective, the impact is twofold. First, digital data allow for large-scale,
longitudinal observation across millions of users, enabling the detection of macro-level regularities
that were previously inaccessible [78, 79]. Second, they support diagnostic analysis of platform-
mediated processes, such as information diffusion [80, 81], community formation [82, 83], and
feedback amplification [84, 85].

This transition has contributed to the emergence of CSS [41, 42], an interdisciplinary field
integrating network analysis, machine learning, and statistical inference to study social dynamics
through digital evidence. The core premise is that online platforms generate behavioral signals
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Fig. 2. Fraction of papers published on arXiv in cs.CY, cs.Sl, and physics.soc-ph—three key categories in CSS.
The notable increase highlights the growing influence of digital behavioral data and computational methods
in the empirical study of online social dynamics.

that offer new opportunities for empirical inquiry into collective behavior [86]. However, the quest
remains highly fragmented with both challenges and opportunities [37, 87].

To illustrate this shift, Figure 2 presents the fraction of papers published on arXiv between
2007 and 2024 in three relevant categories: Computers and Society (cs.CY), Social and Information
Networks (cs.SI), and Physics and Society (physics.soc-ph). A notable increase in submissions is
evident, coinciding with the broader availability of web-scale behavioral data. This growth reflects
expanded research capacity and an alternative epistemological orientation: from hypothesis-driven
studies based on small samples to large-scale analyses grounded in direct observation.

However, this new empirical approach also introduces important challenges. Among them,
access to behavioral data is often restricted due to proprietary controls or a lack of standardized
APIs [88]. Moreover, the abundance of data does not guarantee explanatory clarity: observational
signals require careful methodological treatment to rule out confounding factors and support causal
inference. In addition, digital behavior is not neutral: the design of interfaces, algorithmic ranking
systems, and platform affordances shapes it [89, 90]. This complicates the task of disentangling
endogenous user preferences from exogenous system effects. Finally, we note that datasets often—
but not always [91]—contain only a sample of the overall social media traffic, due to collection
methods such as keyword-based searches.

Despite its limitations, the increased use of behavioral data marked a significant turning point in
research [36, 92]. It opened up new research questions, validation strategies, and applications in
system design, content governance, and policy evaluation [93-95]. The following sections explore
how this shift unfolds across various methodological strategies and research domains.

3 Methodological Foundations

The study of digital social behavior relies on a diverse set of empirical strategies, each offering access
to different aspects of online dynamics. These approaches—ranging from large-scale observation
to controlled experimentation and computational modeling—have individually produced valuable
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Table 3. Empirical Strategies for Studying Online Behavior: Scope, Structural Limits, and Typical Applications

Method Scope Limitations Examples of applications
Observational network analysis  |Large-scale interaction patterns, content No causal inference; visibility bias; lacks |Tracking the diffusion of a misinformation
flow, and polarization exposure data tweet; mapping how anti-vaccine Facebook

groups interconnect; identifying which
Instagram creators act as superspreaders for
political content.

Field experiments Causal effects of ranking changes, labels, |Requires platform collaboration; limited |Testing impact of algorithmic interventions;
friction, and exposure modulation replicability randomly varying the prominence of news
posts in users’ feeds to measure effects on
political leaning.

Surveys and lab experiments Attitudes, belief shifts, and perceived Low external validity; sample skew; Showing participants true vs. false headlines to
credibility under control disconnect from real behavior measure belief accuracy; testing how exposure
to prebunking videos reduces susceptibility to
deepfakes; running lab tasks to measure
confirmation-bias in content selection.

Algorithmic audits Personalization dynamics, recommendation | Synthetic behavior; platform ToS limits; |Creating controlled YouTube accounts to test
logic, and content visibility hard to generalize how watch history affects recommended
political videos; simulating different user
profiles on TikTok to see if extremist content is
surfaced; measuring how search results change
for identical queries across users.
Browser/panel instrumentation Real exposure traces, behavior across Opt-in bias; poor mobile coverage; privacy |Reconstructing media diets and exposure-belief]
demographics attrition links; tracking exposure to political ads across
mobile and desktop.

Agent-based / simulation models | Mechanisms of influence, polarization, and |Stylized assumptions; often unvalidated; |Exploring counterfactuals and systemic
opinion formation limited predictive scope dynamics; simulating how rumor-spreading
accelerates under different network topologies;
modeling how small changes in recommender
systems can increase polarization.

Usage of generative Al Simulation of user behavior, large-scale Model bias and hallucination, limited Simulating communication dynamics,
automated annotation, algorithmic auditing | interpretability, risk of synthetic artifacts |generating synthetic datasets, auditing
through synthetic data generation recommender systems.

insights. However, their integration remains limited [96, 97]. As a result, the field is marked by
fragmentation: different methods often lead to non-comparable results, and cumulative knowledge
remains difficult to achieve [47, 48].

To move beyond isolated findings, a consolidated methodological framework is needed: one
that makes explicit the assumptions, capabilities, and structural limitations of each approach. In
this section, we review the principal empirical strategies used to investigate phenomena such
as polarization, algorithmic exposure, misinformation, and coordinated behavior, phenomena
that will be discussed in detail in Section 4. Rather than aiming for taxonomic completeness, our
goal is conceptual clarity, i.e., to highlight what each method reveals, what it obscures, and how
triangulation across methods can mitigate blind spots.

3.1 Empirical Strategies: Strengths and Structural Constraints

Research on platform-mediated behavior typically draws on seven broad methodological families,
which are summarized in Table 3. The following section discusses the merits and limitations of
each approach.

Observational social network analyses use digital traces—such as follower graphs [98, 99],
sharing cascades [1, 40, 100], or hyperlink co-occurence structures [101, 102]. These methods are
fundamental for detecting emergent regularities (see Section 4.1), but are limited to correlational
inference. They often suffer from visibility bias [103] and provide little information about actual
exposure or user-level interpretation.

Field experiments, including randomized interventions on algorithms [104-107], friction
elements, or content labels, allow for causal identification of treatment effects in real-world set-
tings [104-107]. These studies offer high external validity and practical relevance (e.g., for agenda-
setting dynamics and Section 4.2), but typically depend on privileged access through research
partnerships with platforms [108]. This restricts both transparency and reproducibility.

Survey and laboratory experiments enable precise measurement of beliefs, attitudes, and
perception under controlled conditions [109, 110]. These methods are strong in internal validity
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and useful for theory testing. However, these studies often rely on small samples, and their experi-
ments are typically conducted in simulated—and therefore simplified—scenarios. As a result, their
relevance to real platform behavior remains limited, especially in contexts involving collective
behaviour.

Algorithmic audits simulate user behavior via bots or shadow accounts to examine the func-
tioning of content recommendation systems [111-114]. These methods are valuable for identifying
structural biases in exposure (see Section 4.3), but face limits in extrapolating from synthetic
agents to real users. In some cases, platform terms of service constrain their implementation or
reproducibility.

Browser-based and panel instrumentation, often based on opt-in tracking or user panels,
provides fine-grained data on actual exposure and media consumption [115-118]. These methods
are particularly relevant for studying the informational environment surrounding phenomena such
as polarization and misinformation (Section 4.4). However, they are vulnerable to selection bias,
underrepresentation of mobile usage, and privacy-related dropout.

Agent-based and simulation models formalize assumptions about cognition, influence, and
feedback loops to explore systemic outcomes and counterfactuals [119-122]. These models provide
mechanistic insight and aid in conceptualizing dynamics under uncertainty. Yet, their explanatory
value depends heavily on empirical calibration—an aspect often neglected when real-world data
are unavailable or siloed.

Generative Al is increasingly used as an alternative way to simulate user behavior, analyze
large text datasets, and prototype interventions in online environments [123-127]. However, its
usage introduces important methodological and ethical challenges as models may inherit and
amplify biases embedded in their training data [128-130]. At the same time, synthetic simula-
tions risk overfitting to models’ tendencies rather than replicating authentic social processes
[131-134].

3.2 Comparative Synthesis and Empirical Trade-offs

Despite their heterogeneity, the previous strategies face a common set of challenges that hinder
their effectiveness and applicability.

First, there is a trade-off between scale and causality. Large-scale observational studies are
well-suited to detect aggregate patterns [39, 101] but typically cannot support causal claims [135].
Conversely, methods that enable causal inference—such as randomized field experiments—often
operate on limited populations, within narrow contexts, or under artificial conditions.

Second, access asymmetry remains a major obstacle. The most informative interventions, es-
pecially those involving the internal mechanisms of platforms (e.g., feed ranking and interface
design), require deep integration with proprietary infrastructures. This restricts both academic
independence and reproducibility [136-138].

Third, the field is affected by a persistent validation gap between theoretical models and empirical
observations. Simulation-based approaches offer plausible mechanisms, but are often disconnected
from data. Without a systematic grounding in behavioral evidence, models risk internal coherence
without real-world relevance [139-141].

Recognizing these structural boundaries is crucial for the interpretation of empirical findings, the
design of methodologically sound studies, and the advancement of a more precise understanding
of online social behavior [41, 42, 142].

4 Key Phenomena in Online Social Dynamics

Social media platforms have redefined the architecture of public discourse [39, 143, 144], altering
how attention is allocated [145-147] and how content spreads [1, 22, 148, 149].
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In the sections that follow, we adopt a dual perspective. We review substantive findings across key
domains: attention and exposure (Section 4.1), agenda-setting (Section 4.2), algorithmic influence
(Section 4.3), misinformation (Section 4.4), and coordination (Section 4.5)—while keeping the
methodological foundations in view.

Together, these processes form the backbone that shapes how information is created, shared,
and spread on social media. Beyond reviewing the existing literature, our goal is to show how
those insights depend on specific research setups and to identify where future progress is needed.
However, given the impossibility of discussing each phenomenon in all its aspects, we also refer
the interested reader to specific surveys that allow for a deeper exploration of each topic.

4.1 Selective Exposure and Attention Allocation

The attention economy plays a central role in structuring online content consumption [150-153]. In
a context of chronic information abundance [154-156], visibility becomes a limited and contested
resource. Rather than emerging from user-driven search and intentional discovery, exposure is
increasingly mediated by feed architectures, push-based notification systems [156—158]. These
affordances prioritize immediacy and reactivity, delivering a continuous stream of stimuli that
compete for cognitive bandwidth in real time [159, 160].

Empirical analyses of user interactions on platforms such as Facebook, YouTube, and X (formerly
known as Twitter) consistently show a strong concentration of attention: a small fraction of content
receives a disproportionately large share of engagement. The distribution of such engagement
typically follows heavy-tailed distributions, remarkably consistent across platforms, content types,
and time windows [100, 161, 162].

This skew is not primarily determined by the size of the audience or the institutional reputation
of the content producer. Some studies show that even pages with relatively few followers can
outperform established outlets when their content aligns with emotionally salient or identity-
relevant narratives [3, 163, 164].

This concentration becomes even more pronounced during major events, where content that
triggers emotional reactions or reinforces group identity tends to attract more engagement than
content selected for accuracy or relevance [165-168].

These patterns may not be driven by user behavior alone. They could be reinforced by platform
algorithms that tend to rank content based on engagement metrics rather than on indicators
of accuracy or credibility [169, 170]. Therefore, if engagement functions as the main proxy for
relevance, a feedback loop may emerge: content that attracts interaction becomes more visible,
which, in turn, increases its chances of spreading [171-173].

This mechanism may systematically favor posts that are emotional, polarizing, or identity-
driven, selecting for content optimized for immediate reactions rather than thoughtful analysis
(83, 174, 175].

Research has focused on the task of detecting bursty patterns and patterns of information diffusion,
proposing numerous and heterogeneous techniques [176-181]. Nonetheless, temporal analyses of
viral content show that visibility is not just concentrated, but also highly volatile [182-186]. Spikes
in attention usually last only a few hours or days, yet they can have lasting effects on how content
is ranked and how users perceive what is important [187].

The implications may be structural. The way attention is allocated appears increasingly influenced
by optimization processes that prioritize behavioral signals over informational value [185, 188-191].

While in this section we have highlighted core aspects of selective exposure and attention
allocation, interested readers may consult specialized reviews offering integrative perspectives
on the history and causes of information overload [156, 192] and attention economy [193] and its
implications for information processing.
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Rather than distorting exposure in isolated instances, these dynamics could be reshaping the
default conditions under which content gains visibility, with potential consequences for pluralism,
deliberation, and the quality of public information.

4.2 Agenda Setting and Content Visibility

Agenda setting refers to the process by which certain topics, issues, or narratives gain prominence
in public discourse, shaping what people perceive as salient or worthy of attention [194]. In classical
media theory, this process was conceptualized as largely top-down: editors, broadcasters, and
political institutions selected and framed content for mass audiences.

In today’s platform-mediated environments, agenda setting has become decentralized, continu-
ous, and personalized [195, 196]. Content exposure is no longer orchestrated by a limited set of
gatekeepers, but emerges from the interaction between algorithmic curation, user engagement pat-
terns, and platform-specific design features [197-199]. This shift alters not only who can influence
the public agenda, but also how visibility itself is structured and distributed [200-202].

Empirical studies suggest that visibility on digital platforms is no longer limited to legacy media
or high-follower accounts. Individual users and niche communities—especially when their content
aligns with platform engagement dynamics—can reach exposure levels comparable to those of
institutional actors [163]. Algorithmic ranking systems contribute to this shift by prioritizing
interaction metrics, which may weaken the link between visibility and traditional indicators such
as source credibility or editorial oversight [203].

As a result, the salience of a topic is increasingly determined not by its institutional relevance or
civic importance, but by its capacity to trigger engagement at scale [83, 204-206].

Network-based analyses add an additional layer of complexity [207]. Information diffusion
often occurs within tightly clustered communities, driven by homophily and shared identity
markers [18, 83, 208, 209]. In such contexts, content salience may be amplified not through broad
dissemination but through localized resonance. In [210], the authors show that topics rise to
prominence not necessarily because they are imposed from above, but because they activate
affective or identity-based responses. In this context, literature reviews on agenda-setting theory
have emphasized the need to bridge methodological and disciplinary divides [211, 212]. Integrating
insights from network science, CSS, and critical algorithm studies could help the Agenda-Setting
framework evolve in step with the ever-changing media ecosystems it seeks to explain.

Taken together, these findings raise questions about the continued relevance of hierarchical
media models for explaining how content gains visibility online. Agenda setting now appears to
operate as a distributed process shaped by feedback loops, algorithmic filtering, and platform-
specific design choices. Explaining which topics rise to prominence and under what conditions calls
for analytical approaches that account for the interplay between user behavior, network structure,
and system-level constraints.

4.3 Algorithmic Amplification and Echo Chambers

The mechanisms of agenda setting discussed above are structurally intertwined with algorithmic
curation—the process by which digital platforms personalize content exposure based on predicted
user engagement [213]. These curation systems operate through continuous optimization of ranking
algorithms, leveraging behavioral signals such as clicks, shares, watch time, and interaction rate
to maximize retention and activity [214]. In doing so, they establish feedback loops in which user
behavior influences content visibility, which, in turn, shapes subsequent behavior [170, 215, 216].
Over time, this dynamic fosters homophily-based reinforcement and the emergence of ideologically
homogeneous environments, commonly referred to as echo chambers [18, 217-220].
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These structures are not explicitly designed but arise endogenously [18] from the cumulative
effects of personalization strategies. As platforms optimize content exposure to maximize short-
term engagement, users are increasingly shown material that aligns with their prior preferences,
social identity, or emotional disposition [1, 206]. This narrowing of informational inputs reduces
exposure diversity and inhibits cross-cutting interaction [17, 221], particularly in politically or
emotionally charged contexts [51, 222].

Sentiment analyses further indicate that echo chambers are not only informationally homoge-
neous but also emotionally unstable [83, 223, 224]. Moreover, analyses show that content expressing
out-group animosity, particularly from political actors, consistently drives higher engagement
across platforms, reinforcing the emotional polarization of online discussions [225]. As homogeneity
increases, conversations within these environments tend to become more negative, reactive, and
polarized [220]. This affective decay is reinforced by the reward structure of engagement-driven
ranking: content that elicits outrage, fear, or in-group affirmation is more likely to be promoted,
accelerating the circulation of emotionally charged narratives [83, 165, 226-228].

In this landscape, recent literature reviews have mapped the diverse conceptualizations, mea-
surement approaches and possible solutions of echo chambers [58], showing how methodological
choices have an impact on findings [59, 60].

The amplification processes generated by algorithmic recommendation systems can function
as intervening mechanisms in the formation and persistence of echo chambers. By reinforcing
homophilous exposure and limiting cross-cutting information flows, these dynamics contribute to
the reduction of informational diversity and, consequently, to the distortion of opinion formation
processes. A systematic understanding of these mechanisms is therefore crucial for interpreting
empirical manifestations of polarization and for developing interventions that target their structural
underpinnings.

4.4 (Mis)information Dynamics and Polarization

The dynamics of algorithmic amplification described above may contribute directly to the persistence
and reach of misinformation in digital ecosystems. In environments optimized for engagement, the
diffusion of content is shaped less by its factual accuracy than by its emotional salience, identity
alignment, and resonance with existing beliefs [17, 227, 229].

The tendency to favor ideologically-aligned content, as discussed in the previous section, creates
favorable conditions for the spread of misinformation [230, 231]. False or misleading claims can
outperform accurate information [2, 232] in terms of engagement because they tend to be simpler,
more emotionally charged, and more aligned with in-group narratives [1].

Attempts to mitigate misinformation through fact-checking [233], crowd-sourced systems [234],
warning labels [235, 236], or inoculation campaigns have produced mixed outcomes [237]. A large-
scale analysis of over 50,000 debunking posts on Facebook revealed that corrective content mostly
circulates within communities already predisposed to accept the correction, with negligible pene-
tration into conspiratorial or misinformed segments [238]. Several works highlight that debunking
often fails to reach those most exposed to or influenced by misinformation [239-241]. However,
we also note how a series of fact-checking experiments conducted simultaneously across several
countries have shown the opposite results. [242].

Further research suggests that cognitive alignment often takes precedence over informational in-
tent [243]. Users with strong ideological or conspiratorial predispositions may interpret corrections,
satire, or disclaimers not as challenges to their beliefs, but as further confirmation [242, 244, 245].

The result is a form of epistemic fragmentation, where even well-designed informational inter-
ventions may have limited impact due to structural and contextual constraints [246]. As discussed
earlier, algorithms typically prioritize content that generates engagement rather than content
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selected for accuracy or reliability. At the same time, social dynamics can reinforce belief per-
sistence through mechanisms of group identity and emotional resonance [247]. In this context,
misinformation can be understood as a systemic outcome of digital communication processes,
arising from platform design, content circulation dynamics, and patterns of user interaction.

A growing body of research explores an alternative intervention strategy: prebunking [248, 249].
Unlike debunking, which seeks to correct false beliefs after exposure, prebunking operates preemp-
tively by exposing users to weakened or generic versions of common manipulative tactics before
they encounter actual misinformation [250]. This approach leverages principles from inoculation
theory and has been shown to reduce susceptibility to false claims across domains and popula-
tions [251]. Unlike post-hoc corrections, which often fail due to motivational resistance or selective
exposure, prebunking can act upstream—buffering cognitive vulnerabilities before belief consolida-
tion occurs [252]. However, its effectiveness depends on timely delivery, contextual relevance, and
integration into platform-level design, highlighting the need for scalable and adaptive deployment
strategies.

Complementary to these results, recent reviews on misinformation reveal a growing gap between
public narratives and empirical evidence, showing that exposure to false content is often limited and
concentrated among small, highly motivated groups [16]. They also highlight inconsistencies in how
misinformation is defined and measured, particularly in science and health communication [56].
Moreover, recent surveys on polarization caution that much of the evidence remains fragmented
and largely U.S.-centric, limiting the generalizability of current findings [57]. They highlight that
polarization is driven not only by elite and partisan cues, but also by emotional and group-based
dynamics at the base of the information processing [12]. These insights underscore the need for
interventions like prebunking to be context-sensitive and informed by cross-disciplinary evidence.

4.5 Coordinated Behavior and Collective Signaling

One of the most impactful dynamics in digital ecosystems is the emergence of coordinated be-
havior [253-255], often involving non-human actors or strategically organized groups [256, 257].
Automated accounts (bots) [258, 259], sockpuppets, and troll networks [260] are frequently used
to simulate authentic activity, manipulate engagement metrics, and distort perceptions of consen-
sus [261-264]. These practices—collectively referred to as CIB—can amplify targeted narratives,
suppress alternative viewpoints, or create the illusion of spontaneous grassroots support (astroturf-
ing) [265-269]. By generating high-volume, synchronized signals across multiple accounts, such
campaigns can hijack visibility algorithms, flood discourse spaces, and influence user perception of
legitimacy or popularity [262, 270, 271].

Alongside these artificial interventions, platforms also exhibit forms of spontaneous coordination,
where large numbers of users engage in similar behaviors without centralized planning [272-274].
Trends, memes, and hashtag cascades can create synchronized patterns of attention and signaling,
often driven by affective contagion or identity salience rather than strategic intent [253, 275].
Understanding the spectrum from scripted manipulation to emergent synchronization is key to
interpreting how influence and visibility are shaped in digital environments.

Following advances in generative Artificial Intelligence (AI), research has also begun to explore
how Large Language Models (LLMs) can simulate collective human behavior. Experimental
results show that social conventions, such as collective biases, may spontaneously emerge between
interacting LLM agents [276] and that group size drives the observed dynamics [277]. Particularly,
some highlight the risks associated with malicious Al swarms when used in influence campaigns,
which may accelerate the weakening of democratic information ecosystems [278]. For instance,
recent work found that autonomous LLM agents can reproduce coordination strategies observed in
real Information Operations, even without human guidance [279].
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Detecting these behaviors requires methodological precision [259, 280, 281]. Recent studies have
employed similarity metrics, temporal correlation, content redundancy, and network structural
features to identify coordinated entities across platforms [254, 282-285]. In the context of political or
toxic content, coordinated accounts tend to exhibit bursty activation patterns during high-salience
events—behaving in synchrony, targeting the same content, and frequently escaping detection
by moderation systems [286-288]. While these operations are often short-lived, they can exert
outsized influence on narrative framing, agenda saturation, and emotional tone.

Coordination represents a key point of convergence between individual behavior and systemic
structure. Alongside attention dynamics, agenda setting, algorithmic amplification, and misinfor-
mation diffusion, it constitutes a foundational dimension in the study of online social systems. A
cumulative science of digital behavior must account for both engineered manipulation and emer-
gent synchronization, recognizing them as distinct but interacting drivers of visibility, perception,
and influence. In this section, we have summarized the main results of research on coordinated
behavior, with a focus on the inauthentic kind. The readers interested in a more comprehensive
overview of the field may refer to dedicated surveys such as [62].

5 Modeling Opinion and Information Dynamics

Modeling opinion dynamics is a long-standing interdisciplinary effort spanning statistical physics,
computational theory, and the social sciences. These models seek to formalize how individuals form,
adjust, or reinforce their beliefs through social interaction, typically under uncertainty, bounded
information, and network constraints [63, 289-291].

Before the advent of digital platforms and large-scale behavioral datasets, these models oper-
ated largely in an abstract space. Their strength resided in analytical tractability and conceptual
clarity, not in empirical correspondence [292, 293]. The increasing availability of high-resolution
digital trace data has transformed this landscape [294]. Social media platforms now enable direct
observation of belief-related behaviors—expressed through likes, shares, comments, and content
exposure—across massive user populations and diverse contexts. This shift has introduced new
methodological opportunities: recent work has developed procedures for learning model parameters
from behavioral traces [295, 296], and systematic efforts are underway to bridge the gap between
formal models and real-world data [297]. As a result, empirical adequacy has become a central
criterion: models must not only be theoretically coherent, but also capture observable regularities
in opinion and information dynamics.

Historically, the first wave of formal models drew heavily from analogies with physical systems.
Weidlich’s early formulation and subsequent adaptations of the Ising model conceptualized social
influence as a process of local alignment: agents tended to adopt the most common opinion in their
neighborhood [298-300]. These approaches revealed how global order could emerge from simple
local rules, but they relied on strong assumptions—such as symmetric influence, spatial homogeneity,
and memoryless dynamics—that limit their applicability in the context of digital communication.
Recent reviews have highlighted these limitations and called for models that better reflect the
heterogeneity and complexity of real-world settings [291, 301, 302]. Several works have integrated
features such as algorithmic filtering [303], personalization mechanisms [304], and cognitive
constraints [305, 306]. Others have introduced nonlinear update rules or convergence schemes that
depart from naive averaging, offering a closer match to observed opinion trajectories [307].

A second and highly influential class of models is represented by the voter model family [308, 309].
In this framework, agents hold binary opinions and update their state by copying the opinion of a
randomly selected neighbor. Classical extensions have explored the impact of network topology,
stochastic perturbations, and bounded-confidence constraints [310-316], yielding key insights
into metrics like consensus time, fixation probability, and noise-driven transitions. However, their
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explanatory reach is limited in modern digital ecosystems, where exposure is filtered by algorithms,
influence is asymmetric, and identity-based signaling matters. Recent models address these gaps by
incorporating algorithmic bias into update rules and network interactions [303, 317]. Other work
extends the voter framework by embedding personalization effects and attention decay;, illustrating
how polarization regimes and convergence rates shift dramatically under such mechanisms [304].
Empirical-oriented models advance even further: for instance, micro-foundational frameworks use
weighted-median updating that align better with observed shifts in opinion formation [302, 305].
These developments mark a significant move toward bridging theory with behavioral data.

A third influential class is the majority-rule model: in each round, a randomly selected group of
agents updates the majority opinion in that group. Classic results characterize convergence rates, fix-
ation probability, and scaling behavior as functions of group size and network dimension [318, 319].
However, these models often rely on simplifying assumptions—static group structure, uniform
mixing, and no external bias—that are misaligned with digitally mediated social systems. Recent
extensions introduce greater realism: majority-rule on hypergraphs reveals how modular or het-
erogeneous group connections alter convergence and prevent universal consensus [320]. Other
models incorporate directed or asymmetric influence—analogous to algorithmic recommendation or
propaganda—to demonstrate how slight external bias can sustain long-term polarization [321, 322].
Monte-Carlo results from finite-size majority-rule systems further illustrate noise-driven transitions
and the emergence of persistent coexistence regimes under realistic filtering conditions [323].

Along the same path, BCMs have been introduced to capture a key empirical feature of online
opinion dynamics: selective exposure. In these models, agents hold continuous opinions and interact
only with others whose views lie within a defined similarity threshold [290, 324-329]. The BCM
framework has proven flexible in reproducing polarization, fragmentation, and stable pluralism. It
accommodates the empirical observation that people tend to avoid opinion exchanges perceived as
too distant or hostile [330].

However, most implementations rely on numerical simulations and rarely incorporate empirically
derived parameters. While BCMs succeed in capturing the form of polarization, they often fail to
explain the persistence and asymmetry observed in real systems—especially when echo chambers,
identity-driven engagement, or asymmetric exposure are present. Recent extensions have begun
addressing these issues: models that integrate heterogeneous sociability show increased fragmenta-
tion and slower convergence [331], while adaptive confidence bounds have been proposed to reflect
individual variation in openness [332]. Other works embed algorithmic influence or recommender
systems into the interaction structure, amplifying polarization even under nominally moderate
parameters [333]. The inclusion of repulsive dynamics, where agents actively avoid disagreeing
peers, has been shown to generate persistent disagreement and opinion divergence [334]. In parallel,
models that explore the emergence of consensus in networked bounded-confidence systems have
highlighted the importance of structural constraints and local connectivity [335]. Finally, multilayer
models that integrate media competition and interpersonal influence—such as the framework
by [199]—demonstrate how fragmented equilibria can emerge from the interplay between media
messaging and social filtering in complex networks.

Despite their conceptual richness, most models in this field suffer from a structural limitation:
the lack of systematic empirical validation. Often developed in synthetic environments and pa-
rameterized without reference to observed behavior, these models provide insight into possible
mechanisms, but rarely offer testable predictions. This limitation reflects a deeper epistemological
divide between abstract theorizing and data-driven science [294]. Without empirical grounding,
models risk becoming internally consistent yet externally irrelevant, disconnected from the behav-
ioral dynamics that characterize real social systems. As a result, their ability to inform platform
design, forecast polarization, or guide policy interventions remains limited [295].
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Recent works have begun to address this limitation [296, 336] by empirically validating models of
polarization using behavioral data from web-based social platforms. This approach embeds empirical
measures of exposure and engagement directly into the model, enabling a systematic comparison
between simulated dynamics and real-world opinion trajectories. In addition, the studies benchmark
their performance against alternative modeling frameworks [337, 338], highlighting how different
assumptions affect the ability to reproduce observed distributions. This kind of comparative, data-
anchored modeling marks a necessary shift—from metaphorical abstraction toward empirically
grounded explanation. The most promising direction for the field lies in models that retain analytical
clarity while being structurally constrained by empirical data, reproducing the dynamics observed
across platforms, populations, and time periods.

6 Comparative Analysis at Scale

The proliferation of cross-platform and longitudinal research has transformed the empirical baseline
for modeling online social behavior. Rather than treating each platform as an isolated case, recent
studies trace behavioral patterns that persist across platforms and time, providing a foundation
for validating computational models. For example, in [39, 54] the authors document phenomena
such as increasing toxicity in longer thread conversations and systematic simplification of user
language across platforms and time. These results support a critical insight: algorithmic may expose
and amplify human behavior, that is, consistently observed across platforms. This insight has
important implications for model builders: theories of opinion dynamics should be tested not only
for algorithmic effects but also for their capacity to capture structural regularities intrinsic to
large-scale mediated interaction.

Crucially, the multiplatform strategy enables researchers to distinguish between system-specific
artifacts and structural regularities [339, 340]. It allows for the formulation of more robust hy-
potheses about causal mechanisms, enabling inference that transcends individual platform bi-
ases [341, 342]. The integration of large-scale trace data, computational modeling, and comparative
analysis opens the door to a new class of hybrid models: empirically informed, mechanistically
explicit, and cross-context validated [39].

What emerges from this literature is a clear imperative: no model, however, elegant, parsimo-
nious, or theoretically compelling, can be considered explanatory unless it is validated against
observed behavioral patterns [40]. The need is especially pressing in algorithmically infused so-
cieties, where structural dynamics must be rigorously measured based on empirical data. Recent
cross-platform analyses uncover invariant conversational and linguistic patterns—such as persis-
tent toxicity dynamics and systematic simplification of language—that transcend platform-specific
affordances [39, 54].

Future models must internalize these dimensions—either by embedding them structurally or
by calibrating parameters on real-world data. Without such alignment, models risk remaining
metaphorical abstractions, disconnected from the dynamics they aim to explain.

In sum, the study of opinion dynamics stands at a critical juncture. Decades of formal model-
ing have yielded elegant abstractions, but abstraction alone no longer suffices. The rise of digital
platforms has introduced a structural discontinuity: opinion formation now unfolds within socio-
technical systems that generate massive, traceable, and algorithmically shaped behavioral data.
This transformation demands more than theoretical refinement—it calls for empirical account-
ability. Only by confronting this dual imperative—preserving conceptual clarity while anchoring
models in observed regularities—can the field evolve from metaphor to mechanism. Without this
convergence, models will remain speculative blueprints. With it, they can become diagnostic in-
struments for decoding and ultimately counteracting the systemic pathologies of online collective
behavior.
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7 Limitations

Over the past decade, research on online behavior has revealed a growing number of empirical
regularities. These findings, often replicated across platforms and contexts, represent an important
step toward a more systematic understanding of the dynamics underlying digital interactions. Yet
despite this empirical progress, the field still lacks a shared analytical framework to explain how such
patterns emerge, under what conditions they persist, and how they interact with platform design.

The first open challenge concerns the development of models that capture behavioral dynamics
beyond idealized scenarios. Many current models remain loosely connected to empirical observables
and rely on assumptions that are difficult to validate or calibrate with real-world data. More
systematic efforts are needed to link model parameters to measurable quantities.

A second limitation lies in isolating the role of platform architecture. While similar behavioral
phenomena appear across diverse systems, the contribution of algorithmic curation, moderation
policies, and interface design remains difficult to disentangle from endogenous dynamics. Compar-
ative studies, leveraging natural variation across platforms or temporal policy shifts, may offer a
viable strategy but require coordinated efforts in data collection and methodological design.

Causal inference poses a third conceptual and practical challenge. Randomized experiments,
though powerful, are rare and typically limited to specific partnerships or restricted user groups.
Alternative strategies—such as quasi-experimental designs, instrumental variables, or simulation-
informed counterfactuals—remain underused in this context. Their systematic integration into the
study of digital systems could substantially improve our ability to test hypotheses about mechanism
and effect.

Another crucial area is the identification of observables that capture system-level dynamics
over time. Much of the current literature relies on static metrics, which offer limited insight into
how fragmentation, synchronization, or volatility evolve. Temporal measures—such as entropy in
interaction networks, burst alignment, or shifts in exposure diversity—could offer more sensitive
indicators of systemic transitions or emerging risks.

Finally, most behavioral models treat exposure as exogenous, neglecting the recursive interplay be-
tween user activity and algorithmic filtering. This simplification limits our ability to understand feed-
back effects, such as amplification or convergence, that may be critical in shaping outcomes. Even
minimal models that incorporate adaptive exposure mechanisms could provide valuable insight into
how interventions propagate through user—system coupling. However, we emphasize that this goal
is generally difficult to achieve, as algorithmic filtering is hard to study without specific partnerships.

These limitations do not undermine the progress made so far, but they highlight the need for a
more integrated approach, one that connects empirical findings, theoretical models, and system-level
inference within a coherent analytical structure. Rather than proposing a unified agenda, we suggest
that addressing these issues represents a necessary step toward a cumulative science of online
behavior, capable of moving from descriptive mapping to explanatory understanding. Clarifying
these foundational aspects may also help inform future system design and policy evaluation,
grounding interventions in empirically supported mechanisms.

iewWe conclude by noting that, by design, this survey prioritizes structural synthesis and a
field-level perspective over exhaustive coverage. While this choice necessarily limits the level of
detail devoted to individual subdomains, it enables us to surface invariant patterns that often remain
invisible in narrowly focused surveys. At the same time, we provide direct references to surveys
dedicated to each subdomain for readers seeking more detailed information.

8 Design Implications

While the preceding sections have examined distinct empirical and theoretical dimensions of online
behavior, their interrelation deserves explicit articulation. We propose an integrative framework

ACM Trans. Web, Vol. 20, No. 2, Article 26. Publication date: May 2026.



26:18 N. Di Marco et al.

ft)

Interventions

Fig. 3. Visual representation of the interplay between data, models, hypotheses, and interventions.

that links the methodological, empirical, and modeling perspectives outlined in this survey, offering
a conceptual map to guide progress in the field. In particular, Figure 3 shows a visual representation
of our proposed approach.

At its core, the framework rests on three complementary dimensions: observation, modeling,
and intervention. Observation encompasses the empirical analysis of behavioral traces. It provides
the factual basis upon which theories of online interaction are grounded. Modeling translates these
empirical regularities into formal mechanisms, enabling the identification of causal relationships
and the simulation of counterfactual scenarios. Intervention involves the application of empirically
informed and model-based insights to platform design, governance, and policy evaluation.

These dimensions are connected through an iterative logic of validation and feedback. Empirical
analyses inform model calibration; models, in turn, generate testable hypotheses that guide new
data collection; and both contribute to the design of interventions that can be empirically monitored
and refined. This recursive structure ensures that advances in one domain systematically reinforce
the others, promoting theoretical coherence and methodological convergence across subfields such
as polarization, misinformation, algorithmic curation, and coordination.

By framing research on online social dynamics within this triadic structure, we aim to move
toward a unified paradigm that combines data-driven observation, formal abstraction, and applied
design. The proposed framework does not prescribe a single method or theory; rather, it aims to
delineate the epistemological relationships among them, offering a shared foundation upon which
a cumulative and comparative science of online behavior can be built.

To conclude the section, we now propose how these scientific findings can serve as a foundation
for identifying key implications and informing future developments. In this view, we outline below
a set of design-relevant implications that follow from the empirical and modeling literature:

— Real-time indicators of systemic change. Because platforms often restrict data access,
most current research depends on aggregated engagement metrics, such as like or view
counts, which offer only a static snapshot of user behavior. However, providing researchers
with access to longitudinal data and measures could enable earlier detection of patterns such
as fragmentation, synchronization, or volatility.

— Introduce calibrated exposure diversity. Algorithmic curation focused on short-term
engagement can amplify polarizing content and reinforce users’ existing preferences. Adding
signals like diversity, novelty, or reputation—and designing for controlled variation—can
maintain relevance while broadening the range of viewpoints users encounter.
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— Enhance interpretability of content ranking. Users rarely understand why specific
content appears in their feed. Simple, human-readable explanations of ranking decisions
could improve transparency and support external auditing efforts, without requiring full
algorithmic disclosure.

These implications highlight structural levers through which visibility, diversity, and stability
can be modulated. Moreover, it is important to emphasize that these changes, when paired with
appropriate data access, will enable researchers to better understand the mechanisms underlying
online behavior.

9 Conclusions

The emergence of digital platforms has redefined the structural conditions under which information
is produced, disseminated, and internalized. This transformation is not transient; it marks a long-
term reconfiguration of the informational landscape, with implications for how social behavior is
observed, modeled, and interpreted. The convergence of algorithmic mediation, user-generated
content, and large-scale behavioral traces has enabled a shift in the study of online dynamics, from
anecdotal or small-scale analyses to systematic empirical observation on a large scale.

This survey has synthesized findings across key domains. In each, computational approaches have
uncovered common patterns that challenge long-standing assumptions and suggest the existence
of dynamics that transcend specific platforms or contexts.

Yet despite substantial progress, the field continues to face persistent challenges, as highlighted
in Section 7.

Addressing them is key to developing a more coherent understanding of online social dynamics. It
calls for a joint effort between researchers and platforms to establish validated pipelines and public
infrastructures for data access. Most critically, it requires a shared commitment to methodological
rigor and empirical grounding across the research community.

The promise of CSS lies in its ability to render complex behavioral systems observable, inter-
pretable, ultimately, and actionable. However, CSS has often functioned as an umbrella category,
that is, broad in scope but weak in+ methodological cohesion. Recent works in the field show
the benefits of a more integrated paradigm: one relying on the analytical tools of data science
and the availability of large-scale social data, but also grounded on the formal frameworks of
complex systems science. This convergence can mark a transition to a discipline, that is, capable of
explanatory depth and predictive precision.

Future work should proceed along four converging directions. First, the development of empiri-
cally validated models that integrate cognitive constraints, algorithmic mediation, and observed
behavioral patterns across platforms. Second, the construction of multiplatform observatories that
support synchronized, longitudinal data collection under consistent ethical and technical proto-
cols. Third, the advancement of causal inference techniques—such as counterfactual simulations,
synthetic controls, and large-scale interventions—that can disentangle behavioral dynamics from
infrastructural effects. Second, the institutionalization of open, independent infrastructures for
behavioral data access, designed to ensure reproducibility, transparency, and long-term availability
of high-quality digital trace data. These directions define the structural foundations for a robust and
cumulative science of online social behavior. Finally, this effort requires a clear separation between
narrative plausibility and empirical validity in interpreting large-scale behavioral traces—what
recent work has termed epistemia [343]
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