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Abstract The rise of digital platforms has reshaped social communication, introducing new
complexities that require novel analytical approaches. Despite the increased attention to the

study of online communication, researchers have yet to adopt a unified methodology for studying
this phenomenon. This chapter examines the state of the art of network-based approaches to
study communication from a computational perspective. In particular, it presents a flexible

framework for studying social (online) communication within the context in which it occurs and
for addressing the challenges posed by its multifaceted nature. In this work we: (i) identify the
five ingredients for modeling communication with networks (actors, content, links, time, and
context); (ii) review network-based methods and models, and provide metrics to measure
conversational aspects of communication; (iii) categorize current research objectives and
applications. Our goal is to provide a structured overview of the field, encouraging further

exploration of how network science can enhance the study of communication in an increasingly
complex and dynamic environment.

Keywords social communication, online communication, network science, networks

1 Introduction

The ubiquity and accessibility of online media have fundamentally transformed social communi-
cation, promoting new types of interactions that are faster, involve more participants, and are
considerably more persistent than traditional communication (boyd 2010; Locher 2015; Magnani
et al. 2012). Social communication today manifests in various forms, from direct messaging to
thread-based exchanges on social media platforms. While the fundamental principle of social com-
munication — the exchange of information between actors — remains the same, the study of online
communication introduces new unique computational challenges (Bolander and Locher 2020). These
challenges arise from the multifaceted nature of the communication act, such as hidden intents (the
purpose of participants), invisible audiences (intended recipients of the message; Hanteer et al.
2018a), and the proliferation of platforms and virtual environments where the communication oc-
curs. The mixed use of different modalities, such as text, emojis, images, audio, and videos, further
complicates the analysis (Locher 2014). In response, researchers have developed new approaches for
studying social communication, particularly in digital contexts where interactions are increasingly
mediated. Network science has emerged as a powerful framework in this domain, providing tools
to analyze and model complex communication dynamics (S. Borgatti et al. 2018).
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In this work, we examine current approaches for studying social communication through a
network-based perspective. Research efforts have sought to structure the complex and evolving
landscape of online communication by developing theories and frameworks to organize and inter-
pret new dynamics, aiming at bringing clarity to the otherwise chaotic and fragmented nature
of digital interactions. However, structuring and organizing this field is an inherently complex,
gradual, and heterogeneous process. Theories, models, and applications evolve unevenly as re-
searchers focus on different aspects of communication depending on their disciplinary backgrounds
and methodological approaches (Peel et al. 2022). Despite significant progress, the field remains
highly adaptive to emerging challenges and continues to evolve in unpredictable and divergent
directions. Simultaneously, the digital communication landscape is advancing rapidly, driven by
technological innovations, and expanding across disciplines.

Network-based methods have proven particularly effective in addressing foundational research
questions in the social sciences, especially concerning communication (S. Choi 2020; Hilbert et
al. 2019). These methods have had a significant impact, offering analytical possibilities such as
modeling the structure of digitally mediated communication, where networks represent user in-
teractions (Goglia and Vega 2024), or the diffusion of sentiment and ideas (Butts et al. 2023).
Networks provide an intuitive and flexible approach to represent and analyze the structure of social
connections, interactions, and relationships, making them essential for studying complex systems.
Network-based methods have been applied across multiple disciplines to understand organizational
linguistic patterns (H. Chen 2023; Grobelny and Michalski 2022; Raviv et al. 2020), track com-
munication pathways in healthcare (Francis et al. 2024; Saatchi et al. 2023), analyze emergency
response coordination (Kapucu et al. 2023), and examine the spread of misinformation in political
and health campaigns (Spiro 2020; Unlu et al. 2024). However, applying these methods to online
communication introduces unique challenges, such as managing vast and heterogeneous datasets,
accurately modeling user behavior, and accounting for the dynamic and rapidly evolving nature of
digital platforms (Van Atteveldt and T.-Q. Peng 2018).

In this chapter, we discuss how recent advances in network science open new avenues for ad-
dressing the complexity of digitally mediated communication. We begin by examining how social
communication has evolved into an increasingly complex phenomenon that can be effectively mod-
eled and analyzed using networks (Section 2). Next, we identify the ingredients for modeling social
communication with networks (Section 3). We then review network-based metrics, methods, and
models commonly used in diverse applications (Section 4). We conclude by categorizing current
applications into research areas, drawing on real-world examples (Section 5). Through this ex-
ploration, we aim to (i) synthesize and organize existing network-based tools and approaches, (ii)
stimulate further discussions on how they can be refined and applied to analyze communication in
digital environments, and (iii) advance ongoing efforts to critically examine how network science
contributes to understanding and modeling social systems and phenomena.

2 The complexity of contemporary communication

Communication plays a fundamental role in our lives, enabling us to understand the world and
shape our identities. Beyond mere information transmission, it involves an interactive dimension
centered on building and maintaining social relationships (Tanskanen et al. 2024). In this dynamic
process, the contributions of senders and receivers extend beyond simple message exchange: they
navigate social roles, power dynamics, and shared meanings, with both parties actively shaping
the interaction (Cobley and Schulz 2013). Cultural, social, and psychological factors further influ-
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ence how messages are constructed, interpreted, and responded to, revealing communication as a
multifaceted and intricate phenomenon. Communication serves multiple purposes, from reinforcing
social norms to fostering social bonds. The diversity of actors, content, goals, and interaction con-
texts all play a significant role in shaping how and why messages are formulated and interpreted.
Modern technologies and media add layers of complexity to this already intricate landscape. His-
torically, mass communication was regarded as a tool for societal progress, enhancing the flow of
information. However, access to information was limited, and significant barriers to expression
existed. With the advent of the Internet, social media platforms, and other digital tools, new dy-
namics have emerged, increasing the speed and volume of communication while introducing new
modalities such as asynchronous conversations, multimedia content, and anonymous interactions
that were absent in traditional face-to-face exchanges. Consequently, contemporary communication
transcends physical proximity and time constraints, giving rise to new behavioral patterns. Con-
versations are now persistent, meaning they can be accessed later, searched, replayed, visualized,
and restructured (boyd 2010; Locher 2015; Magnani et al. 2012).

Today, the ability to engage in communication extends beyond humans to include artificial
agents, such as bots and virtual assistants, which simulate human-like interactions. Chatbots,
particularly those powered by large language models, have emerged both as new participants in
conversations and as mediators shaping human communication (Hepp et al. 2023). Another ex-
ample of AI-mediated communication is the integration of generated suggestions and responses
in email applications: while interactions remain fundamentally between humans, AI interventions
actively contribute to the communication process. This interplay between human agency and AI
assistance highlights the evolving nature of communication in the digital age and raises important
questions about the role of artificial agents in shaping interactions, as well as their implications for
authenticity. As these technologies evolve, they challenge the traditional understanding of commu-
nication and invite further exploration into human-machine interactions, including issues of trust
and the potential for miscommunication.

Given this intricate landscape, communication requires a deeper analysis and robust, versatile
models capable of capturing its diverse aspects. As noted previously, network science has emerged
as a powerful framework for analyzing the structure and evolution of complex phenomena such as
social communication in the digital era. Communication is indeed increasingly conceptualized as a
complex system composed of dynamic and interacting elements (S. P. Borgatti et al. 2009; Helbing
et al. 2015). A key advantage of applying a network perspective to social science problems is its
emphasis on relationships. Network science focuses on social entities and individuals “in interac-
tion with one another” and examines how they constitute a “structure that can be studied in its
own right” (Wasserman and Galaskiewicz 1994). For example, in social and cultural anthropol-
ogy, researchers have used network analysis to map and quantify social ties that sustain cultural
practices and facilitate knowledge transmission through communication (Wayback Machine 2021;
Wolfe 2011). Similarly, in political science, relational concepts have enabled the exploration of
interactions among individuals and institutions, shedding light on the origins and outcomes of col-
lective actions (Maoz 2017). By integrating qualitative studies on language and social interactions
with quantitative insights from network analysis, scholars are developing a more comprehensive
understanding of social communication.

This chapter primarily focuses on recent network-based developments, examples, and applica-
tions to illustrate the current state of human-like communication. However, the analysis is not
confined to digital contexts, since offline social communication remains highly relevant. By ap-
plying network-based approaches, scholars can study both online and offline social communication
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in novel ways, providing fresh insights into long-standing social patterns, such as those found in
communities, workplaces, and familial structures.

3 Five ingredients to model social communication

This section outlines five core elements of communication analysis, based on the literature reviewed
in this chapter. We identify these elements as the ingredients of social communication, which serve
as essential components for modeling communication with networks: actors, content, links, time,
and context.

1. Actors. The first ingredient, actors, refers to who is involved in the communication, often
encompassing people. Nevertheless, limiting the scope to individual human agency provides
an incomplete picture of social communication (Contractor et al. 2011; Waldherr et al. 2019).
Actors, usually included in networks as nodes, can embody a variety of communicative enti-
ties, such as automated accounts (bots), artificial agents, organizational profiles, collectives, or
abstract concepts. In this regard, it is worth considering Actor-Network Theory (ANT) as an
effective conceptual framework to model and study social communication from a comprehen-
sive perspective, as it incorporates nonhuman actors and non-individual entities (Contractor
et al. 2011).

Actors can be either active or passive participants: active actors engage directly in communi-
cation, while passive actors, like “lurkers”, observe discussions without contributing but still
experiencing the communication effects, therefore being involved in network dynamics (Perna
et al. 2018; Saxena and Reddy 2021). Additionally, some actors may function as proxies,
representing individuals or groups through intermediaries (e.g., public figures communicating
through managed media accounts; Y. Chen et al. 2024; Ruths and Pfeffer 2014), introducing
complexity around direct versus mediated communication. In online contexts, multi-account
use further diversifies actor representation, as individuals may maintain multiple profiles em-
bodying distinct personas across or within platforms. Furthermore, consumers (i.e., informa-
tion recipients; see Vega and Magnani 2018) are often hidden (Hanteer et al. 2018a), adding
ambiguity and complexity to the representation of both the intended and potential audience.

In network science, actors’ characteristics are encoded as attributes — properties associated
with each node, such as demographic features and behavioral patterns. This integration
significantly extends modeling possibilities. Considering, for instance, Berlo’s model of com-
munication (Cobley and Schulz 2013), complex features like attitudes, beliefs, communication
skills, and social and cultural contexts of actors can be expressed as node attributes, allowing
for a richer representation.

2. Content. The second ingredient, content, represents what is communicated — the substance
of a message. In communication networks, nodes can represent either the entire content
— as in networks of tweets (Hanteer et al. 2018b; Martirano et al. 2023; Münch and L.
Rossi 2020), emails (Barbucha and Szyman 2021; Fronzetti Colladon and Gloor 2019), and
phone calls (Park et al. 2018) — or information extracted or inferred from it — such as
topics (Belkaroui et al. 2015), sentiment, locations, events, and lexical items (Shadrova 2022).
The latter can also be integrated as node attributes. Alternatively, in communication networks
where links between actors indicate exchanges and interactions (see Links below), content can
be included as edge attribute.
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While textual content is commonly included in networks, communication nowadays extends
beyond text to encompass images, videos, and audio, which significantly impact engagement
dynamics (Bolander and Locher 2014). Xie, Natsev, et al. (2011) model a video graph with
nodes representing YouTube videos and edges connecting nodes that contain the same meme.
Expanding content analysis to include multimedia offers a holistic view of social communi-
cation. Recent advances in multimedia network analysis are helping bridge this gap, with
new methods emerging to incorporate visual content into graphs (Arminio et al. 2024). The
integration of non-textual content in networks currently remains a considerable challenge, as
content often includes non-linguistic information that is difficult to represent. For instance,
semiotic parts of the content like facial expressions, tone of voice, and body language, can
be modeled as node attributes, improving the analysis of both offline and virtual face-to-face
communication networks.

3. Links. The third ingredient, links, represents relations, interactions, connections, or associa-
tions between other ingredients. In network science, they are operationalized as edges, which
frequently occur as actor-actor links that can describe information exchange, embodiment,
influence, contact, and social relationships. For example, Aswath et al. (2020) model discus-
sions as a social graph where nodes are communities (subreddits), and edges represent the
presence and strength of conflicts between them. Content-content edges are also common
for associations like linguistic similarity (Waldherr et al. 2019), co-occurrence (H. Chen 2023;
Fudolig et al. 2022; Galluccio et al. 2022; Shadrova 2022), or reference (Jung and Segev 2022;
Spitz and Gertz 2018). Actor-content edges — to represent generation, sharing, or consump-
tion (Vega and Magnani 2018) — appear less frequently despite being a straightforward and
effective choice to model communication links, typically defined as the “contact created by
the flow of messages” among actors (Oh and Monge 2016).

Links can vary in strength, directionality, and type. Edges can be assigned a weight to capture
the intensity, frequency, or importance of communication exchanges. Word co-occurrence, for
instance, is often modeled with edges representing the number of messages in which connected
words appear together (Fudolig et al. 2022; Galluccio et al. 2022). Directed edges model unidi-
rectional links (useful for asynchronous communication), while undirected edges model mutual
links, allowing, for instance, a transactional approach to communication analysis (Cobley and
Schulz 2013) with the representation of reciprocity and feedback. Communication networks
that include multiple types of links are represented with specific models, such as multilayer
networks (see Section 4.3).

4. Time. The fourth ingredient is time. It addresses the when dimension of social communica-
tion, which, as highlighted in Section 2, is an inherently dynamic process. Many real-world
networks include connections that form, dissolve, and recur over time. These are known as
temporal or dynamic networks. Examples include mobile communication networks, where
a connection exists only for the duration of a call, or discussions in online platforms where
actors join and leave conversations. Temporal networks have a well-established foundation in
research (Holme and Saramäki 2012), with many studies examining the growing topology of
communication networks (Goglia and Vega 2024).

Time can be measured in multiple ways (see Section 4.1) and enhances the versatility of mod-
els, allowing the representation of message exchanges with a transactional communication
approach (Cobley and Schulz 2013) and the analysis of content evolution, actors’ interaction
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dynamics, or both (Vega and Magnani 2018). Time is usually embedded in networks at the
edge level, where time stamps serve as link attributes (see Links above). These timestamps
are present as metadata or extracted from the content; they can be expressed by a generic
set of ordered annotations that denote absolute or relative time (ibid.). In multilayer net-
works (Section 4.3), the temporal dimension is typically modeled with separate layers that
correspond to specific time intervals or phases of interaction (Tardelli et al. 2024).

5. Context. The fifth ingredient, context, addresses the where and why dimensions of social
communication. Context provides the situational backdrop in which interactions occur, en-
compassing environmental factors and conditions that shape communication. Integrating con-
text allows network models to capture often-overlooked aspects of social communication, such
as platforms, environment, genres, and cultural settings. For instance, the channel (direct or
mediated) and the medium (digital or physical) are part of the context since they include fea-
tures that shape communication, as conceptualized in Berlo’s and Schramm’s models (Kubota
2019).

Context enriches our understanding of motivations and influences underlying communication,
including geographical, societal, and situational factors that affect message conveyance and
interpretation. Incorporating context into networks is therefore crucial to allow a more com-
prehensive representation of social communication. However, it remains a significant research
challenge, as there are no specific models or methods in network science to effectively accom-
plish this. Attempts have been made using multilayer networks (see Section 4.3), though they
have yet to yield a comprehensive solution. At present, there is no established framework to
guide this process. Therefore, research efforts aimed at developing approaches and techniques
in this direction are essential.

These five ingredients provide a foundational framework for modeling social communication
with networks. They offer a conceptual toolkit to help scholars expand beyond traditional mod-
eling choices to account for the richness of social communication. In the following section, these
ingredients will serve as a basis for exploring network metrics, methods, and models widely used in
studying social communication.

4 Metrics, methods, and models

In this section, we review network science metrics (Section 4.1), methods (Section 4.2), and models
(Section 4.3) commonly used for the study of social communication. We provide examples of usage
referring to existing applications, which will then be organized into research areas in Section 5.
Each metric, method, and model targets one or more communication ingredients described in the
previous section.

4.1 Metrics

We organize the discussion by reviewing metrics first for network connectivity and then for node-
oriented network analysis.
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4.1.1 Social contact and influence

The essence of communication lies in intra- and inter- connections between actors and content
(Section 3). As described in Section 2, the primary benefit of adopting a network perspective in
social science research is its focus on relationships, which are represented by edges. Analyzing edges’
quantity, strength, directionality, and structure reveals fundamental insights about the underlying
mechanism of interactions. Distance metrics, such as path length, help analyze the information flow
through both local and global connections, while bridges and structural holes help identify actors
that connect disparate groups in a network, facilitating social contact (S. P. Borgatti et al. 2009). In
communication studies, such metrics are useful to understand how content propagates in networks.
D. Choi et al. (2015) assessed the virality of comments in networks of Reddit threads by computing
the sum of shortest path lengths between all pairs of nodes (i.e., the Wiener Index).

Metrics for interconnectedness provide insights about how tightly knit networks are. Density in-
dicates the probability for a random node pair to be connected and is measured as the ratio between
the number of edges in a network and the total number of possible edges that can exist (Coscia
2021). In a highly dense communication network, such as a group of actors who frequently interact
by replying, reposting, or mentioning each other, content spreads rapidly because of the multiple
paths between nodes. Conversely, when density is low (i.e., in sparse networks) the information
propagation may slow down and rely mostly on bridge nodes that ensure the connectivity. Clus-
tering coefficient captures the level of transitivity in connections. It can be measured both at
macro-scale, by counting the number of triads in a network that are closed by a triangle, or at
meso-scale, by counting the number of triangles to which a given node belongs over the number
of triads centered on it. Communication networks with a high clustering coefficient reveal, for
example, the tendency of actors to form tightly-knit groups. All these cohesion measures quantify
node connections within a network, being particularly useful, for example, in the study of coordi-
nated behavior (Nwala et al. 2023; Pacheco et al. 2021), interactional organization (Brambilla et al.
2022) and diverse modes of social communication (Goglia and Vega 2024), as discussed in Section
5. Scholars found that communication networks with high density and high clustering coefficient
might foster the formation of echo chambers, where actors reinforce their prior beliefs, resulting in
polarized opinions (Banisch and Olbrich 2019).

Reciprocity is used to measure mutual connections between nodes in a network. In many com-
munication models, interactions are bidirectional and involve feedback (Cobley and Schulz 2013),
indicating balanced or imbalanced exchanges. Various reciprocity measures exist, including intra-
reciprocity and inter-reciprocity, which assess reciprocal ties within groups and between different
groups, respectively (Aiello 2015). Such metrics are useful in communication analysis for studying
turn-taking (Cannon and Robinson 2023), group cohesion (Aiello 2015), and online communities
growth (Tsugawa and Niida 2021).

Some metrics for communication networks’ connectivity are defined to specifically capture time-
related quantities, such as actors’ activity levels and content engagement. Contact time marks
when the interaction initiates, duration indicates how long an interaction is (Belkaroui et al. 2015;
Holme and Saramäki 2012; Magnani et al. 2012), frequency represents how often interactions oc-
cur over time, while latency corresponds to the shortest path between two nodes in a temporal
network (Holme and Saramäki 2012). Such measures are easy to compute, yet powerful to infer
valuable insights about communication dynamics, such as the fact that “lies spread faster than
the truth” in online news spread on Twitter (Vosoughi et al. 2018). For example, users’ level of
rensponsiveness (i.e., how fast conversation participants react) has been used to categorize Reddit
threads (D. Choi et al. 2015). More complex measures can be derived from them, such as conversa-
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tion density (Magnani et al. 2012), defined as the sum of interactions’ (i.e., edges with timestamp
attributes) frequency.

4.1.2 Node similarity and ranking

In Section 3 we discussed actors and content, indicating their traditional representation at node-level
in networks. “At the node-level of analysis, the most widely studied concept is centrality” (S. P.
Borgatti et al. 2009), a family of properties related to the structural importance of a node in net-
works. The problem of determining nodes’ importance within a network is known as node ranking,
which aims to assign a numerical value, or rank, to each node based on its position and connections
within the network. Centrality-based measures have been widely utilized to assess actors’ and con-
tents’ importance (Erkan and Radev 2011; Himelboim and Golan 2019; S. Kumar et al. 2024; X. Li,
Zhou, et al. 2019; X. Li, Y. Liu, et al. 2016; S. Liu, Zhang, et al. 2023; Şimşek and Meyerhenke
2020; X.-H. Yang et al. 2021), also for temporal communication networks (Srour et al. 2022) to
predict the evolution of such importance over time. Several centrality metrics have been developed1

to assess how close a node is to others (closeness), how often a node acts as a bridge between other
nodes (betweenness), how much a node is connected to influential nodes (eigenvector), and nodes
position in densely connected substructures (k-core). By simply counting connections, the degree
of a node measures how many edges it has. Intuitively, more edges increase the node’s importance;
highly connected actors send and receive more information, while highly connected content has
more engagement or relevance. In directed networks, in-degree and out-degree measure the number
of incoming and outgoing edges respectively, helping distinguish communication consumers from
producers (Vega and Magnani 2018). Magnani et al. (2012) utilized in-degree to measure both
users’ and conversations’ popularity. In the same work, an alternative measure of relevance for
conversation networks has been defined based on content, as the sum of all messages’ relevance
(measured as text distance) over the number of interactions in the conversation.

In order to quantify similarity at node level, different metrics have been used, for example
by comparing textual or visual content (edit distance, vector representation, cosine similarity of
extracted features, etc.), or mapping it to other domains (e.g., sentiments or topics; Vega and
Magnani 2023). Specifically, for social and communication networks, the concept of homophily
implies that nodes establish edges among themselves if they have similar attributes. This comes
from an intuitive concept in sociology which is that actors tend to associate with others having
similar characteristics. In network science, homophily has been operationalized through measures
of assortativity, which captures how much homophily drives networks’ connections by measuring the
probability of edges between actors (or contents) based on their attributes. In a perfect assortativity
scenario (i.e., value 1) nodes are exclusively linked to others with identical attributes. Conversely,
in a completely disassortative network (i.e., value -1), nodes only connect to others with different
attributes, resulting in a structure where heterophily drives all relations and interactions. For
example, in online social platforms, high assortativity by political affiliation can result in polarized
groups where users are exposed only to viewpoints that reinforce their existing beliefs. This metric
has been utilized in a wide range of applications, especially related to communication activities
and effects (see Section 5), such as analyzing political polarization (Y. Chen et al. 2024; Hohmann
et al. 2023), estimating social capital (Foucault Welles and González-Bailón 2020), studying echo
chambers (Cinelli et al. 2021; Cota et al. 2019; Williams et al. 2015) and modeling the emergence
of extreme ideas (Sayama 2020).

1See the periodic table of network centrality: http://schochastics.net/sna/periodic.html
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4.2 Methods

Similarly to Section 4.1, we organize the discussion by first describing models for network connec-
tivity and then for node-oriented network analysis.

4.2.1 Social contact and influence

Continuing the discussion around the study of connectivity, several network science methods have
been proposed. The analysis of links has often been addressed with tie strength estimation, which
measures contact intensity or closeness between nodes (Perikos and Michael 2022; Singh, Srivastava,
et al. 2023). By examining tie strength in social communication studies, researchers can identify
patterns of social cohesion and message diffusion. For example, related to the study of different
modes (see Section 5), Iñiguez et al. (2023) analyzed tie strength in communication networks from
16 different channels, demonstrating that (i) people tend to build similar-looking personal networks
on multiple online communication channels, and that (ii) relationships structure that exist in the
offline world is reflected in online communication.

The study of communication spread in social networks has often been addressed using percola-
tion (Hu et al. 2018; M. Li, R.-R. Liu, et al. 2021), which analyzes how network structure is affected
by random node or edge removal/addition. In real-world communication networks, this can rep-
resent or simulate actors leaving/joining a conversation, the inaccessibility/availability of content,
or the interruption/augmentation of communication channels and paths. A similar goal, which
consists of predicting where potential new or missing connections might form in communication
networks, is addressed by link prediction algorithms. Such algorithms, often utilized to enhance
information diffusion or maximize outreach, exist both for static and temporal networks (Coscia
and Szell 2021; A. Kumar et al. 2020; Singh, Srivastava, et al. 2023). Static link prediction al-
gorithms use topological or structural network features, while dynamic link prediction algorithms
fetch temporal information in addition to structural features during the prediction process (Singh,
Srivastava, et al. 2023).

Another method for investigating connectivity patterns is motif analysis. Motifs are substruc-
tures that constitute “the building blocks of complex networks” (Coscia 2021), consisting of recur-
ring patterns with a given topology (for example, a triangle is a motif). In social communication
studies, motifs reveal fundamental interactions that govern how actors and content connect, like
triadic closure, where mutual connections form between three nodes, fostering cohesion (Z. Li et
al. 2024). They may also indicate hierarchical or feedback relationships, shedding light on power
dynamics or information loops within a network. Identifying and counting relevant motifs in net-
work is a hard problem, and scholars have proposed diverse algorithms for this purpose (Y. Fu
and Huang 2024; J. Li et al. 2024). Motif analysis has been used to analyze scientific mobility
and collaborations in co-authorship networks (Boekhout et al. 2021; Zou et al. 2023), and discover
clusters of sightseeing spots in tourists’ networks (Shao et al. 2021). The investigation of network
motifs is often extended to encompass models like dynamic networks (see Time in Section 3), with
time-evolving motifs.

The study of connectivity patterns lays the foundation for the investigation of information dis-
semination processes. The content of communication flows along network paths from one node to
the other, generating phenomena like the contagion of ideas and the spreading of opinions (Cha-
lakudi et al. 2023). When a message is sent, it may trigger a chain reaction (known as a cascade)
where one individual’s behaviors (like opinion adoption) lead others in their network to do the
same. This cascading behavior often reflects the social influence mechanism in which individuals’
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decisions are shaped by the social actions and interactions of their peers. For example, studies have
discovered relations between actors’ social capital and their influence capacity (Chalakudi et al.
2023). The influence propagation of an actor or content is computed based on this cascade process
with specific models for investigating information dissemination processes (see Section 4.3).

4.2.2 Node similarity and ranking

The function and position that content and actors occupy in a communication network often deter-
mine their influence and behavior (Kim et al. 2020). Hence, assessing the role of nodes, for example
in information diffusion and cascades, is crucial (Bartal and Jagodnik 2021). The role discovery
task first appeared in sociology since roles were used to explain the specific function of a person in
society (R. A. Rossi and Ahmed 2015); then, identifying social roles became a crucial problem in
social network analysis (Bartal and Jagodnik 2021; Evans et al. 2021; Y. Liu et al. 2019; Lumbreras
et al. 2017; Saxena and Reddy 2021; Xie, Wu, et al. 2022; D. Yang et al. 2019). Intuitively, two
nodes belong to the same role if they have similar behavior (or position; Vega, Magnani, et al.
2016) in a network. Role detection consists of grouping nodes into classes based on a given metric
of equivalence or similarity (Henderson et al. 2012; R. A. Rossi and Ahmed 2015). The utility of this
method relies upon detecting different communication behaviors of actors: scholars have uncovered
roles like “answer-person” (Buntain and Golbeck 2014), “discussion-person” (ibid.), “information
disseminators” (Y. Liu et al. 2019), “conversation facilitators” (Kou et al. 2018), content producers
and consumers (Maia and Almeida 2008), and many others (Benamar et al. 2017). There are two
main families of methods for role discovery: graph-based and feature-based. Graph-based methods
focus on networks’ topology (i.e., connectivity and structure), grouping nodes with similar connec-
tion patterns (blockmodels; R. A. Rossi and Ahmed 2015) or with similar neighbor relationships
(similarity of adjacency matrix; ibid.). Feature-based methods are grounded on node equivalence
and similarity metrics for feature representation (ibid.). They prioritize individual characteristics of
nodes, using node attributes in the role computation, hence representing a richer and more versatile
approach. More methods continue to appear in literature (Akar et al. 2019; S. Liu, Toriumi, et al.
2022; Vega, Magnani, et al. 2016), as well as new works addressing role interpretation (Cunningham
and Greene 2023; Rafique et al. 2019).

Real social and communication networks are often organized in groups of nodes. Community
detection is the problem of uncovering cohesive clusters and has been addressed using algorithms
for network partitioning. Such algorithms can be classified into two major classes: disjoint —
if each node is a member of exactly one community — and overlapping — if a node can belong
to multiple communities — (Coscia 2021). Several methods for community detection have been
proposed, many of which include the use of node semantics and attributes in addition to improving
communities’ quality and explainability (Jin et al. 2023; Kherad et al. 2024); dynamic community
detection algorithms (Rossetti and Cazabet 2018) are utilized to identify evolving groups of nodes
in temporal communication networks. The utility of such methods in social communication research
encompasses grouping actors or contents that are interconnected or share similar characteristics, in
order to capture insights into the structural organization of communication patterns (Panayiotou
and Magnani 2024). In word co-occurrence networks, for instance, community detection algorithms
are applied to detect conversation topics (Galluccio et al. 2022).
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4.3 Models

In many real communication networks, new nodes entering over time are more likely to connect to
existing nodes with a higher degree, creating a rich-get-richer effect, also known as Matthew effect.
Preferential attachment is a generative model in network science that explains such phenomenon,
leading to the emergence of scale-free networks (i.e., networks having a power-law degree distribu-
tion; Piva et al. 2021). This generates hubs (i.e., nodes with very high degree), mirroring social
scenarios where popular actors or content (e.g., public figures or viral news) tend to gain more
attention. In language evolution studies (see Section 5), preferential attachment has been used to
investigate the cultural evolution of languages (Raviv et al. 2020).

Multilayer networks are expressive models that help the representation and analysis of different
types of connections between nodes (Coscia 2021; P.-Z. Li et al. 2020; Lotito et al. 2022; Panayiotou,
Magnani, and Pinaud 2023; Pizzuti and Socievole 2018). They consist of many layers of nodes,
where each layer indicates a type of relationship between the same set of nodes (Dickison et al.
2016). Layers can be topics, temporal intervals (Russo et al. 2024), platforms, channels, or media.
Layers can be analyzed separately or together to understand how relationships overlap. Given
this rich representation, multilayer networks can account for several different social scenarios and
environments at the same time, representing an initial effort to model context (see Section 3) in
network-based communication analysis (Aleta and Moreno 2019; Amato et al. 2017; Kivelä et al.
2014). Multilevel network models allow for the integration of multiple sets of nodes, edges, and their
connections across different layers (Lazega and Snijders 2016). They capture vertical dependencies
between different network layers (representing, for example, individual and organizational levels,
with both within and between-group connections).

Information dissemination processes in communication networks are usually studied by relying
on epidemic models (Firdaniza et al. 2022; Majeed et al. 2018), the voter model (Du 2022; Redner
2017), and the so-called classical diffusion models — i.e., threshold and cascade models (Firdaniza
et al. 2022; M. Li, Wang, et al. 2017; Singh, Srivastva, et al. 2022). These models have been utilized
for many practical applications like studying communication activities and effects (see Section 5),
as well as analyzing negative opinions spread (Luo et al. 2019) and vaccine hesitancy (Fügenschuh
and F. Fu 2023). Recent variations of such models have been used to identify opinion leaders (Ruan
et al. 2015; Yin et al. 2019) and analyze the role of content moderation in the spread of disinfor-
mation (Butts et al. 2023).

In order to enable a unified analysis of communication ingredients (Section 3), Vega and Magnani
(2018, 2023) have proposed new network models to study communication with a comprehensive per-
spective, such as the Temporal Text Network model (TTN). Such a model enhances communication
networks’ richness by including actors, content, and time, allowing for more complete representa-
tions and analyses. TTN also provides actor-content, actor-actor, and content-content links (e.g.,
respectively, message creation, follower-followee relationships, and retweets), and can incorporate
context by directly applying a multilayer transformation to the model.

5 Research areas and applications

We have identified seven key research areas that address specific aspects of studying social commu-
nication through network science. These areas span a wide range of disciplines, including computer
science, linguistics, sociology, social psychology, sociolinguistics, and digital humanities. Such dis-
ciplines have fuzzy boundaries and do not operate in isolation: studies on social communication

11



using network science are inherently interdisciplinary and appear across multiple domains. This col-
laboration enriches our understanding of social communication, as diverse perspectives contribute
uniquely to exploring its complexities. While a complete review of network science applications
in social communication is beyond the scope of this chapter, this section organizes key examples
and highlights important research trends. The examples provided use the ingredients described in
Sections 3, and metrics, methods, and models discussed in Section 4. Specifically, we selected ex-
amples that focus on real-world communication, using non-synthetic, non-random social networks
to ground the discussion.

1. Developing theoretical frameworks for communication networks. This area focuses on synthe-
sizing research findings on social communication into cohesive theoretical frameworks (S. Choi
2020; Locher 2015). Scholars work on creating and refining network science tools, method-
ologies, and techniques for studying communication (Pagan et al. 2021; Rani and Shokeen
2021; Roller and Schweitzer 2021; Sherry 2015; Zeng et al. 2022), producing foundational
knowledge that helps explain social communication phenomena like the role of reciprocity in
trust-building and information exchange (Feng et al. 2014). Research in this area has also
significantly advanced our understanding of how communication networks evolve, thanks to
the development of models and metrics that capture the temporal and spatial dimensions of
interactions.

2. Studying interactional organization. Researchers explore how actors manage communication
exchanges, particularly in digital spaces where technological affordances may both restrict
and empower interactions (Foucault Welles and González-Bailón 2020; Locher 2015), and
where platform limitations prompt the development of new norms and strategies to organize
interactions (Goglia and Vega 2024). They analyze how people participate in multiparty
collaborative conversations (Belkaroui et al. 2015) creating and maintaining coherence and
flow (Brambilla et al. 2022; Childs 2016; Iorio 2016; Nguyen 2022). Studies in this area
address turn-taking and interruptions (Haddington et al. 2023; Jakonen and Niemi 2020;
O’Bryan et al. 2022; Tian et al. 2024), as well as the use of non-textual material such as
emoticons (Beißwenger and Pappert 2019; Gibson 2024; Haddington et al. 2023). For example,
posting incomplete sentences is a common and effective strategy for managing turn-taking,
signaling that more is to come (Locher 2015).

3. Analyzing communication activities and their effects. This area examines the functional use
of content to achieve social actions, such as disagreeing (Anderson and Ye 2019; Lorentzen
2021), persuading (Monti et al. 2022) or giving advice (Xu et al. 2023). This includes both the
active participant, who uses communication to achieve specific goals, and the passive actor,
who experiences the effects. Actors’ behavior is analyzed in terms of both actively pursuing
objectives and passively experiencing the communication impact (Novotná et al. 2023). The
analysis of communication networks allows researchers in this area to produce significant
findings on how linguistic actions shape individual and collective behavior (La Cava et al.
2023), providing actionable insights into societal challenges such as misinformation and social
coordination. Scholars have indeed uncovered patterns of connectivity that drive phenomena
like polarization (Bliuc et al. 2024; Edelmann et al. 2020), information dissemination (S. Peng
et al. 2017), and collective actions (Bail et al. 2018; Rabb et al. 2023; Ramaciotti et al. 2024;
Tardelli et al. 2024).
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4. Investigating situated interpersonal language use. This area examines how communication ex-
presses identity (Locher and Bolander 2015; Yus 2018), establishes group membership (Edel-
mann et al. 2020), and builds and maintains relationships (Collister 2016; Mullan 2024; Tan-
skanen et al. 2024). For instance, users in online gaming communities often adopt specific
jargon or slang to signal belonging (Childs 2016; Iorio 2016). Community detection algorithms
and percolation (Section 4.2) have been applied to, respectively (i) analyze code-switching pat-
terns in multilingual communities, revealing how language choices both reflect and reinforce
social group boundaries (Z. Yang et al. 2016), and (ii) investigate the role of social contact in
the emergence of cooperation in gaming (H.-X. Yang and J. Yang 2019). The resulting knowl-
edge from this area sheds light on complex social and psychological mechanisms surrounding
social communication, significantly advancing our understanding of how language serves as a
social tool to construct and express personality, reinforce cohesion, and navigate social con-
texts. Network analysis has shown, for example, that dense communication networks within
groups reinforce shared norms and linguistic practices, strengthening group identity (Smith
et al. 2020).

5. Exploring various modes of social communication. By modeling interactions occurring in
diverse modes — chats, blogs, emails — with networks, researchers investigate how de-
sign features influence communication. Studies explore how each mode impacts communi-
cation (Máız-Arévalo 2019), including limitations on message length, and fostering distinct
styles. As new modes emerge and existing ones evolve, this area examines how platform
design shapes communication and how different media features influence users’ behavior af-
fecting their discussion patterns (Chowdhary et al. 2023; Goglia and Vega 2024; Locher 2014;
Medvedev et al. 2018; Shevtsov et al. 2023). For instance, Aragón et al. (2017) used reci-
procity metrics on conversation graphs to study a Spanish news platform, finding a significant
increase in reciprocal communication after the introduction of a threaded interface. Contri-
butions in this area also revealed the profound impact that multimodal communication has in
conveying meaning and disseminating knowledge through different channels (Meredith 2019).
These insights have broader implications for understanding how platform architecture can
either promote or hinder communication richness, affecting how information is constructed
and shared.

6. Studying language evolution. Digital communication accelerates linguistic changes, facilitating
the spread of new slang (Awal et al. 2020; Bieswanger 2016; Bohmann 2016; Cutler 2016, 2022;
Hinrichs 2016; Iorio 2016). Networks at lexical, phonological, and semantic levels, with both
actor-actor and content-content links, have been used to study language evolution and the
emergence of specific linguistic features (Al Rozz et al. 2017; H. Chen 2023; Choudhury and
Mukherjee 2009; Cong and H. Liu 2014; Raviv et al. 2020; Shadrova 2022). In particular, this
area has highlighted the role of digital communication as a catalyst for linguistic creativity,
allowing for the rapid diffusion of new expressions and transforming traditional language
norms.

7. Creating and maintaining datasets and corpora. Researchers collect and curate network data
that represent various types of social communication (Chang et al. 2020; Leskovec and Krevl
2014; Peixoto 2024), ensuring high-quality datasets for modeling and analyzing communica-
tion networks. Contributions from this area played a crucial role in establishing the founda-
tional data that enable modeling and analyzing social communication networks. Such data
constitute the key resource for reproducible and openly accessible research.
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6 Conclusion

In this chapter, we have discussed network science as a valuable framework for communication
analysis, bringing structure to diverse aspects of the field. We outlined the five ingredients of
communication analysis — actors, content, links, time, and context — (Section 3), challenging
conventional network-based representations and promoting a richer and more versatile approach
to address the complexity of communication. We reviewed network metrics, methods, and mod-
els commonly used to answer complex questions in the field (Section 4). Finally, we highlighted
and organized a selection of network science applications to communication studies (Section 5).
Through this exploration, we aim to contribute to a deeper understanding of how network science
can continue to evolve and enrich the study of social communication, especially in the digital age.
We hope to encourage thoughtful reflection on the current landscape of network-based approaches
for understanding and analyzing contemporary communication.
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