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2 Introduction

We spend a significant part of our lives perceiving ourselves as autonomous entities, moving

independently through the cosmic void and believing that our choices and opinions are the sole

result of our own free will. This belief reinforces a comforting illusion of control, allowing us

to attribute our successes and failures to internal rather than external factors.

In recent years, however, it has become increasingly evident that the context in which

choices are made plays a crucial role in shaping those very decisions. As inherently social

beings, the most influential context for us is undoubtedly the social context. Our capacity to use

complex language and build intricate relationships has allowed our species not only to domi-

nate others but also to develop mechanisms of self-regulation. We observe and learn from one

another, internalizing norms, behaviours, and expectations. For example, a person might take

up smoking not because of a deliberate decision but because someone they admire or perceive

as “cool” smokes (see Mercken et al., 2010), subtly influencing their behaviour without explicit

coercion.

Just as we have long believed ourselves to be independent actors, we have also assumed that

only strong relationships—what Granovetter (1973) refers to as “strong ties”1 - are capable of

shaping our decisions and opinions. However, Granovetter’s seminal work has demonstrated

that weak ties can exert influence as well. This raises a fascinating question: how weak can a

tie be before it ceases to have an impact on us? At what threshold does a relationship become

strong enough to influence our choices and actions? Could even the most fleeting and seemingly

insignificant interactions subtly alter our decisions and behaviours?

This overarching question—whether explicitly or implicitly—has been a driving force be-

hind the research presented in this thesis. It reflects a broader interest in understanding how

relationships, contexts, and interactions shape human behaviour, particularly in the digital age.

The central theoretical construct underpinning this thesis is the concept of network. A net-

work is not merely a collection of entities but a structured system in which all elements are

interconnected through various forms of interdependencies. These interdependencies can differ

1Strong ties are generally considered ties that, due to relational characteristics, entail a stronger relationship.

For instance, in the author refers to the “combination of the amount of time, the emotional intensity, the intimacy

(mutual confiding), and the reciprocal services which characterize the tie” (Granovetter, 1973, : p. 1361)
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in nature depending on the type of network. In social networks, for instance, the focus is on

social relationships and the ways in which individuals influence one another through direct and

indirect connections. Networks, by their very nature, provide a powerful lens through which to

study the dynamics of influence, cooperation, and decision-making.

The first chapter of this thesis investigates interpersonal relationships and opinion dynamics,

with a particular focus on bounded confidence models. These models examine how individu-

als’ opinions evolve based on their interactions within a network and the thresholds of tolerance

they exhibit toward differing viewpoints. Specifically, we explored whether sporadic commu-

nication—introduced to model interaction preferences—affects the outcome of the opinion for-

mation process within a network. By leveraging computer simulations, we were able to test

exploratory hypotheses and observe how interaction frequency and structure influence collec-

tive opinion dynamics.

The second chapter shifts focus to LinkedIn relationships among individuals involved in the

development of the European EURO 7 regulation. This chapter seeks to determine whether

informal interactions on LinkedIn are connected to the formal network of relationships derived

from official meetings related to EURO 7. Our findings reveal not only a tangible link between

these network layers but also a series of structural characteristics that highlight specific social

behaviours among the participants. For example, we demonstrate how certain lobbyists, by

virtue of their strategic positions within the relational structure, were able to influence key

aspects of the regulation that was ultimately adopted in March 2024. This chapter underscores

the importance of informal networks in shaping formal outcomes, particularly in high-stakes

regulatory environments.

The final chapter examines online cooperative communities and the ways in which interac-

tions between participants shape individual behaviours. Using Wikipedia as a case study, we

analyzed 1.4 million interactions between contributors to understand how the tone—evaluated

in terms of arousal and valence—expressed by one participant influences the language and be-

haviour of others. While this research draws on well-established psychological theories such as

mimicry and appraisal theory, its novelty lies in the unique context in which these theories are

tested. Unlike typical social interactions, Wikipedia contributors lack access to nonverbal cues
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or other social signals that are often implicitly used to modulate language and behaviour. In-

stead, the only available medium of communication is the text itself. This text not only provides

instructions on what needs to be done (a concept known as stigmergy) but also conveys subtle

social cues that influence how contributors interact with one another. Our findings demonstrate

that even in asynchronous, non-reciprocal interactions, the textual environment significantly im-

pacts individual behaviour, offering new insights into the dynamics of collaboration in virtual

settings.

The findings presented in this thesis highlight how relationships and interactions between

individuals are deeply influenced by their context. Context, in this sense, is not limited to what

individuals can directly observe but also includes the topological characteristics of the network,

which may not be immediately accessible to individual actors. At the same time, we show how

structural and topological features of networks can reveal the presence of complex and nuanced

dynamics that go far beyond the surface-level interactions visible to participants.

Each of the three chapters has benefited significantly from the use of the Python program-

ming language. Nearly all of the data collected for these studies was obtained using custom-

developed software, tailored to the specific needs of each research project. Since the data ana-

lyzed was public and online, the primary challenge lay not in collecting the data but in reorga-

nizing it into a usable format. In practical terms, collecting this data simply involved copying

magnetic alterations from a remote server’s hard disk to our own. Because the data was publicly

accessible, we have committed to fully embracing the principles of open science by making all

collected data and the associated Python scripts publicly available. To protect the anonymity of

the individuals involved, all published data has been pseudonymized using unique identifiers,

and any elements that could potentially reveal personal identities—such as the text produced

by contributors—have been removed. This approach ensures that the research adheres to the

highest ethical standards while fostering transparency and reproducibility.

2.1 Data usage and ethical issues

In the digital age, the widespread availability of data has revolutionized research and business

methodologies. A key element of this research is the extensive use of web scraping techniques
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to gather data. Web scraping refers to the automated extraction of data from publicly accessi-

ble websites. Specifically, Chapter 5, focusing on focusing on Wikipedia, the data collection

process was almost entirely automated. Conversely, Chapter 4, devoted on lobbying activities

related to the EURO 7 directive, only a portion of the data was collected through web scraping,

always in compliance with the platform’s Terms of Service (ToS).

Although these techniques have significantly expanded the scope and volume of data that

can be collected, they have also raised important ethical concerns, particularly regarding the

distinction between public, personal, and private data. These ethical challenges have been ac-

companied by legal and regulatory interventions, progressively establishing clearer ethical and

deontological boundaries. Understanding these boundaries is essential for responsible data col-

lection and management.

Public data refers to information that is openly accessible without restrictions, such as con-

tent on public websites, government publications, and data released under open licenses. Ethi-

cally, scraping public data is generally acceptable, provided that it does not violate the ToS of

the website or places an unnecessary burden on the server. Adhering to guidelines contained in

files like “robots.txt”, which specify permissible scraping activities, is a standard ethical prac-

tice. Moreover, it is critical to ensure that the data is used in alignment with its intended purpose

and does not harm the individuals to whom the data pertains.

Social media platforms present a complex and evolving landscape. Users often share per-

sonal information voluntarily, sometimes without fully understanding the implications. This

dynamic creates a blurred line between public and private data, as accessibility does not negate

the sensitive nature of certain information. While the availability of this data has facilitated

advancements in fields such as social network analysis, sentiment analysis, and behavioural

studies, it also raises significant ethical and legal concerns regarding privacy, consent, and data

protection.

The ethical considerations around personal data are grounded in the fundamental principle

that individuals have a right to privacy, regardless of whether the data is publicly accessible.

Consent is central to this debate: merely sharing personal information on a public platform

does not imply consent for processing, analyzing, or repurposing it for unintended purposes.
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This tension between accessibility and ethical responsibility becomes particularly acute in cases

where personal data is used for commercial gain, surveillance, or profiling without the explicit

knowledge or consent of the individual.

The European Union’s General Data Protection Regulation (GDPR), effective since 2018,

provides a comprehensive framework for addressing these issues. It emphasizes the necessity

of explicit and informed consent for processing personal data, even if such data is publicly

available. Article 6 of the GDPR outlines the conditions under which data processing is lawful,

imposing strict compliance requirements on entities handling personal information, including

social media platforms and third-party aggregators.

Before the GDPR’s adoption, courts played a crucial role in defining users’ rights. For in-

stance, in Google Spain SL, Google Inc. v. Agencia Española de Protección de Datos, Mario

Costeja González (2014), the Court of Justice of the European Union (CJEU) introduced the

“right to be forgotten”, allowing individuals to request the removal of links to personal infor-

mation that is “inadequate, irrelevant, no longer relevant, or excessive”. This ruling underscored

the importance of contextual use of data and the potential harm it may cause, balancing the right

to privacy with the public’s right to access information.

Other cases, such as Bodil Lindqvist (C-101/01, 2003), highlighted that publishing identi-

fiable personal information on a website constitutes data processing under EU law. Similarly,

in Patrick Breyer v. Bundesrepublik Deutschland (C-582/14, 2016), the CJEU ruled that data

cannot be considered anonymized if it can be combined with other legally obtained information

to identify an individual. This distinction reinforces the importance of truly anonymizing data

to protect privacy.

Private data, such as emails, private messages, and confidential records, is not publicly

accessible. Collecting such data without explicit consent is both unethical and illegal. Unau-

thorized access violates privacy rights and can result in legal consequences under regulations

such as the GDPR and the U.S. Computer Fraud and Abuse Act (CFAA). For instance, in hiQ

Labs, Inc. v. LinkedIn Corp., the Ninth Circuit ruled that scraping publicly available data did

not violate the CFAA but emphasized the importance of respecting the website’s ToS and users’

privacy. This ruling illustrates the dual interests at stake in social media scraping: the privacy
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of the individuals whose data is collected and the platform’s right to enforce its ToS.

Ethical and legal considerations extend beyond data collection to its subsequent use, man-

agement, and sharing. For this reason, our research adhered to a strict protocol. For the data

collection from Wikipedia, the platform does not impose explicit restrictions on the use of its

publicly available data or automated tools. Therefore, we used web crawlers implemented with

Selenium to collect the data. After processing, the data was anonymized by removing textual

content irrelevant to our analysis. In the case of LinkedIn, we complied with the platform’s pol-

icy regarding the use of bots or automation tools. Data collection was conducted semi-manually:

pages were loaded manually, and the information was subsequently organized and processed.

By following these measures, we ensured that our data collection and processing adhered to

ethical standards and legal requirements, balancing research objectives with respect for privacy

and platform policies.

At the same time, we fully embraced an open science policy in this research. The data and

Python scripts used for data processing are publicly available in an open repository. To ensure

the anonymity of the individuals whose data was collected, the published data is pseudonymized

using unique identification codes, and any elements that could potentially reveal their iden-

tity—including any texts they may have produced—have been removed.

2.2 Terminology

This thesis focuses on three main themes: social network analysis, opinion dynamics, and

interpersonal interactions. Before delving into the research, it is essential to provide a brief

overview and definitions of key terminology to ensure a robust understanding of the concepts

used throughout the document.

To facilitate navigation of the terminology employed within this thesis, we have chosen to

organize the terms according to their respective chapters, with particular attention to highlight-

ing any nuanced differences in meaning between analogous terms.

One of the most widely used terms throughout this research is “tie”. A tie refers to a con-

nection or link between two individuals. The specific definition of a tie varies depending on

the dataset and context under consideration. Unless otherwise specified, tie in this thesis refers
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to a relationship of friendship or acquaintance. The flexibility of this term allows it to adapt to

different types of relationships as dictated by the focus of each study.

In the first chapter, the focus is on concepts such as opinion, trust, and bounded confidence.

For the purpose of this chapter, the opinion refers to the position an individual holds on a given

topic, expressed as a continuum between support and opposition. For example, the opinion of an

individual i, represented as a value within the continuous interval [0, 1], may reflect their level of

support for or opposition to a specific policy. Adopting a single-dimensional scale simplifies the

analysis, aligning with the original model by DeGroot (1974). While more complex approaches

allow for the simultaneous consideration of multiple opinions or dimensions (Parsegov et al.,

2016), the choice of a single dimension in this research is designed to streamline the modeling

process and focus on core opinion dynamics.

Trust is another crucial concept, although its definition often varies depending on the context

and nature of the research. In this thesis, trust refers to the perceived reliability or credibility

an individual assigns to their neighbours, i.e., the set of people with whom they share a trusted

relationship. More specifically, the trust that an individual i has in another individual j corre-

sponds to the weight i assigns to the opinion of j. This conceptualization allows us to quantify

trust as a tangible influence factor within opinion dynamics.

The concept of bounded confidence describes the conditions under which opinions are con-

strained and influenced. Broadly speaking, bounded confidence models stipulate that opinion

formation is dependent on specific criteria, such as the distance between two individuals’ opin-

ions. In this research, bounded confidence is modeled as a function of this distance, which

determines the extent to which two individuals influence one another.

The second chapter addresses lobbying activities in the context of preparatory work for

adopting the European EURO 7 directive. In this chapter, we employ a multiplex network ap-

proach to analyse social interactions. Multiplex networks are a specific subset of multilayer

networks, which include layers in addition to nodes and edges. These structures enable the

representation of systems characterized by multiple levels, types of edges, or other complex

features. In the most general framework, each node can belong to any subset of layers, and

edges can encompass pairwise connections across all possible combinations of nodes and lay-

11



ers. This framework is further extensible to include hyperedges, which represent connections

among more than two nodes. Additionally, multilayer networks allow for multidimensional

layer structures, where each layer aspect—such as edge type or temporal context—introduces

an additional dimension to the representation. This versatility makes multilayer networks a

powerful tool for modelling complex systems (Kivelä et al., 2014).

In particular, this research focuses on multiplex networks, a more constrained subset of

multilayer networks where the set of nodes remains identical across all layers, but each layer

represents a distinct type of tie (De Domenico et al., 2013). Multiplex networks are commonly

used in studying multi relational networks, as they allow for an in-depth analysis of how differ-

ent layers (or types of relationships) influence one another. In this thesis, multiplex networks

provide a detailed and nuanced representation of the social structure of the observed sample.

This approach is particularly suited to questions that aim to identify the impact one layer or

network has on another.

In the third chapter, the focus shifts to a significantly different setting, examining emotions

and the influence of context on them. Emotions are generally defined as complex psychological

states that involve subjective experiences, physiological responses, and behavioural expressions.

Building on established literature in emotional psychology, this research conceptualizes emo-

tions expressed in written text along two primary dimensions: arousal and valence. Arousal

represents the intensity or activation level of the emotion, while valence captures the positivity

or negativity of the expressed emotion. This dual-dimensional approach provides a comprehen-

sive framework for analysing emotional tone in text-based communication.

Understanding the concept of context is crucial in this chapter, particularly given the unique

characteristics of Wikipedia as a platform. Specifically, the Talk Pages—discussion pages asso-

ciated with each Wikipedia article—serve as the primary context for this analysis. The context

of a Talk Page is further subdivided into distinct components. First, the text corpus includes the

entire collection of comments posted on the page. Second, the thread refers to a topic initiated

by one individual and all subsequent comments within that topic. Finally, the dyadic relation-

ship encompasses all comments exchanged directly between two individuals in response to one

another. Whenever we refer to the context of a comment, we specifically mean the content
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present within the Talk Page—organized as described above—at the time the comment was

posted. Defining context in this granular manner required significant methodological effort and

represents one of the primary contributions of this research.

By carefully delineating these terms and approaches, this thesis establishes a strong foun-

dation for the studies presented in subsequent chapters. This rigorous framework not only

enhances clarity but also provides valuable insights into the intricate interplay between opinion

dynamics, social relationships, and emotional expression.
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3 The role of Simmelian ties and sporadic communication in

opinion dynamics with bounded confidence

Sasha Piccione and Marco Tolotti

Abstract

In this article we study how the network structure and the timing of communication

influence the opinion dynamic process when trust between subjects is bounded by personal

traits and beliefs. Inspired by the classical DeGroot model of consensus, we propose a novel

analytical model capable to describe sporadic pairwise interactions, influenced by personal

traits, strength of ties, trust, and other social/network factors. Our findings indicate that

sporadic communication affects more the most influential actors. In this respect, continuity

in communication is essential for leaders. Additionally, we show that Simmelian ties shape

influential actors, particularly when communication is fluent.

Keywords: Bounded confidence; network structure; opinion dynamics; Simmelian ties;

sporadic communication

3.1 Introduction

Understanding how opinion spreads within organizations or groups appears of crucial relevance

in different fields. The literature regarding advocacy coalitions (Schlager, 1995) has highlighted

the relevance of the role of interpersonal relations between subjects in the formation of sets

of beliefs (Larsen et al., 2006) and the consequent policy formation process (Howlett, 2002).

Starting from the traditional DeGroot model (1974), researchers have tried to develop mathe-

matical models to represent the interaction among agents and opinion formation based on such

interactions by either leaning toward non deterministic models (Choi et al., 2021) or by allow-

ing agents’ behaviour to change (Zhou and Wu, 2022). A second stream of literature, closer

to political studies, proposed opinion dynamics models characterized by bounded confidence

(Hegselmann and Krause, 2002). Here, two subjects interact only if the distance between their

opinions is below a certain threshold. Those studies investigate how opinions and beliefs are

formed. However, in this literature, less emphasis has been placed on other important aspects of
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the opinion dynamics process: where and when—specifically, which structural characteristics

significantly influence opinion formation and the pace at which communication occurs.

Borrowing notions and theories coming from the literature on information flows in organ-

isational networks (Haas, 2015), we identify a set of major topological characteristics to be

considered when studying opinion formation. Specifically, we devote our attention to a specific

segment of such vast literature trying to complement the classical theories of information trans-

fer with the studies of networks and their properties (Hansen, 1999, Tortoriello and Krackhardt,

2010)). Our purpose is to take inspiration from information transfer theories to specify the role

that structural characteristics of a network have on the opinion formation process.

Among the structural characteristics that, according to information transfer literature, foster

the transfer of information, we decided to focus on strong relationships (Granovetter, 1973).

In particular, due to the difficulty of assessing and measuring the strength of a tie, we rely on

the concept of Simmelian ties (Simmel, 1950, Krackhardt, 1998), i.e., ties within a triad, which

have often been used as signaling the presence of a relationship that is stronger if compared to

generic dyads.

Starting from the assumption that each Simmelian tie is a strong tie allows us to bypass

the issue of measuring and calculating tie strength. However, it remains unclear whether this

strength arises from the social dynamics that such a structural configuration implies or if it is

somehow linked to topological characteristics.

We also consider the fact that individuals may convey a message with different frequency

based on their personal preferences or position in the network and the traits of the recipient of

the message. To this aim, we introduce in the process a random component modelling intermit-

tent (sporadic) communication, whose properties explicitly depend on the personal traits of the

agents involved in the communication. Communication is not a deterministic process, rather,

interactions may happen (or not) at different time due to internal or external factors. Some

researches have explored sporadic or fuzzy interactions (Choi et al., 2021) or fuzzy linguistic

(Giráldez-Cru et al., 2021). However, in these papers, authors do not discuss how personal (or

social) traits interfere with preferences in interaction (Xia et al., 2020). In this research, we

divide the communication episode (Yale and Gilly, 1995) into two parts, recognizing the dis-
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tinction between the preferences of the individual sharing their opinion and those of the one

receiving it. Specifically, we represent an individual’s willingness to share their opinion with a

neighbor as a sharing probability. Additionally, drawing from recent advances in the literature

on bounded confidence models (Hegselmann and Krause, 2002), we consider the probability of

interaction between two subjects to depend on the distance between their opinions at a given

moment. On the other hand, the agency and preferences of the opinion receiver are repre-

sented, as in the classic DeGroot model, by the level of trust they place in the received opinion.

Summing up, we propose a new formal model capable to account for agent’s preferences and

the social context (differences in terms of hierachical levels within an organization), personal

traits (bounded confidence), relational structure (Simmelian ties) and specific traits of the com-

munication process itself (sporadic communication). The primary objective of this study is to

explore, by means of a novel analytical model, opinion dynamics with a focus on the influ-

ence of the network structures (where it occurs) and the mechanisms governing the consensus

formation process (how and when it occurs). From a methodological viewpoint, we build an

opinion dynamics model, inspired by the pioneering DeGroot (1974) model and by some more

recent developments in the field of diffusion dynamics (see Assenova, 2018). Our model allows

for sporadic (random) pairwise interactions that may depend on several antecedents such as

the distance of opinions between subjects and other structural characteristics mimicking com-

plex social structures (Choi et al., 2021). At the same time, our analytical model is capable

to contribute to the theoretical framework studying the role of Simmelian ties in information

transfer from which we take inspiration (Tortoriello and Krackhardt, 2010, Gómez-Solórzano

et al., 2019). The goal is to understand whether, in the case of opinion formation à la DeGroot,

Simmelian ties play a role also by virtue of their topological characteristics and not only by

social traits, as suggested by Gómez-Solórzano et al. (2019). We further enhance the model

by adding a personal preference aspect that influences the weight an individual assigns to the

opinion distance with their neighbors. This introduces an idiosyncratic preference that is strictly

subject-specific. In this research, we test this preference element by using hierarchical “classes”

as a simplifying device; that is, the weight an individual assigns to opinion distance with an-

other depends on both their own class and that of the other individual. This approach allows us
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to envision our model applied to organizational contexts with a hierarchical structure, where the

goal is to investigate the role that differences in hierarchical level may play in opinion formation

processes.

Specifically far as results are concerned, we show that sporadic communication may nega-

tively impact influential actors, especially in the presence of interaction imbalances among sub-

jects. Indeed, some individuals that have a large social influence in the deterministic opinion

dynamics à la DeGroot, result to suffer from intermittent communication. Moreover, they also

suffer a larger variance in the possible outcome of their relative influence. Therefore, especially

for leaders role, it becomes crucial to ensure continuity in communication flows to avoid such

unpleasant outcome. As far as the network structure is concerned, we show that Simmelianity

plays a role in shaping influential actors in the network, especially when communication is suf-

ficiently fluent. In particular we highlight how also the characteristics of the neighborhood of

the analysed subject is relevant to their influence.

The remainder of the paper is structured as follows. In the next section, we briefly review the

literature in the context of information transfer and network structural properties, with a specific

emphasis on Simmelian ties; we also discuss the classical and more recent literature related to

opinion dynamics. In Section 3, we introduce our model, discussing its main ingredients, and

their role in the opinion formation process. In Section 4, we analyze our model by means of

numerical simulations with the scope of understanding what is the impact of the introduction

of stochastic interaction and, in particular, what is the role that is played by Simmelian ties by

virtue of their topological peculiarities. Section 5 concludes with some final considerations.

3.2 Literature Review

As summarised in the Introduction, the nature of this article is twofold; on the one hand, we

are aiming at understanding how Simmelian ties might impact the influence a subject has in the

opinion formation process within an organization. On the other hand, we want to further the

discussion regarding the micro-motives giving rise to the spread of a specific opinion, especially

when communication is sporadic.

To facilitate the reading of the literature review and the rest of the paper, we have included
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all necessary notation used in this chapter in Table 9.

3.2.1 The role of network structures: where it happens

In discussing the role of network structure in the diffusion of opinion, there are specific aspects

regarding the characteristics of the overall network that are considered to either facilitate or hin-

der the diffusion of an opinion. In this section, we briefly explore the different levels of analysis

that researchers have taken into account in their studies regarding the transfer of information.

Information transfer and opinion dynamics are two topics that have often been addressed

separately by different streams of literature that sought to deepen their understanding. However,

there have been cases where this divide was bridged by combining the two bodies of literature,

yielding significant results. For example, Assenova (2018), building on the classic DeGroot

model (DeGroot, 1974), developed a technology diffusion model using a threshold. The main

assumption was that if individual i was sufficiently convinced of the relevance of a particular

piece of information or good, then they would share their information. Similarly, a large body

of literature has examined the role of information transfer in opinion formation processes, as

information is an integral part of the opinion being shared (Price et al., 2006). Furthermore, the

literature on information transfer allows us to develop a broad and robust understanding of what

structural characteristics facilitate the transfer of opinions within a group and can thus better

provide valid insights into studies regarding opinion dynamics.

In line with previous studies, we distinguish among different levels of analysis pointing

attention to the overall network, to the ego-level network (Burt and Celotto, 1992, Cohen et al.,

1990), on the characteristics of the dyad (Granovetter, 1973) and, finally, on more complex

relational conformations (Krackhardt, 1998; (Gómez-Solórzano et al., 2019). This part of the

literature review has the scope of building a solid understanding of where information moves

within a network, i.e. what structural characteristics facilitate its movement.

Subjects in sparse networks are considered to be reaching areas possessing diverse informa-

tion (Rowley et al., 2000) and to be facing less constraints caused by the “prevailing cognitive

scheme” (Wang et al., 2014 p. 486). On the contrary, dense networks promote trust and coop-

eration among its members (Coleman, 1988) due to reputation effects (Kreps et al., 1990).
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The studies that focus on the ego subjects, either analyze their personal qualities or their

position within the network. Haas (2015) has pointed out the presence of three “types” of in-

dividuals that appear to be particularly relevant in the matter of information transfer: brokers,

gate-keepers and boundary spanners (Cohen et al., 1990, Tushman, 1977). Brokers are con-

sidered to be subjects that find themselves to be bridging to otherwise disconnected groups of

people and that can, thus, exploit the advantage caused by such condition (Burt and Celotto,

1992, Burt, 2004). On the other side, the advantage that gate-keepers enjoy is in relation with

the company or the organization they operate for (Haas, 2015). Finally, boundary spanners

(Tushman, 1977) are those subjects that are “capable of translating contrasting coding schemes

[. . . ] between the work unit and external information areas” (p. 591). (Friedman and Podolny,

1992), provide an even broader definition, talking about a “central role in intergroup relations”

(p. 28).

When it comes to ties’ characteristics and information transfer, tie strength is one of the char-

acteristics that is generally deemed as relevant (Gargiulo et al., 2009, Friedkin, 1982, Hansen,

1999). In the literature, ties’ strength is considered as the “combination of the amount of time,

the emotional intensity, the intimacy (mutual confiding), and the reciprocal services which char-

acterize the tie” (Granovetter, 1973, : p. 1361).

Some more recent researches have highlighted how the strength of a tie can be inferred from

the structural characteristics surrounding the edge itself. More precisely ties composing cliques,

i.e. a subgroup of a network that are composed by members that are all connected to each other,

are generally deemed to be strong as such a tightly knitted mesh of relationships involves several

social dynamics (Gómez-Solórzano et al., 2019). There’s a relevant branch of the research that

focuses on cliques composed by three subjects, i.e., triads (Krackhardt, 1998, 1999, Kilduff and

Lee, 2020). Triads are particularly interesting due to the psycho-social dynamics that come into

play and that affect each relationship. As a matter of fact, such type of relationship are called

“Simmelian ties” (Simmel, 1950, Krackhardt, 1998). A Simmelian tie is a tie between two

subjects who have, at least, a third relationship in common, i.e., a Simmelian tie is a tie within a

triad (Krackhardt, 1998). More formally, nodes i and j have a Simmelian tie if such there exist

a common neighbor k such that i and j are part of a closed triad:
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(i, j) ∈ E is Simmelian =⇒ ∃k : (i, k) ∈ E & (j, k) ∈ E,

where E represents the set of ties in the network. There are three main aspects that dif-

ferentiate Simmelian ties from other dyads (Gómez-Solórzano et al., 2019). The first group of

elements regards the reciprocity, the symmetry and the transparency that characterize the triad

(Simmel, 1950); all subjects in the triad know each other and everyone is aware of it (Krack-

hardt, 1999). Secondly, since everyone knows each other, when two subjects are interacting,

the third party behaves as an indirect controlling dispositive (Krackhardt, 1998). In this respect,

the third party acts as a counterbalance to potential power imbalances (Gómez-Solórzano et al.,

2019, Krackhardt, 1999). Gómez-Solórzano et al. (2019) argued that triads best express the

necessary social normative power that prevents one of the subjects to behave in an “unregu-

lated” way. Finally, the presence of a third subject permits the triad to be less susceptible to

external influence (Gómez-Solórzano et al., 2019). (Tortoriello and Krackhardt, 2010). By in-

creasing the stability of the relationships within the triads, favor the development of a “common

language and shared understanding among the parties involved” (Tortoriello and Krackhardt,

2010). Having highlighted the characteristics of Simmelian ties, in this research we want to ex-

plore whether the impact of Simmelian ties in opinion formation processes and, in particular, in

the influence one can have on such process depends on the social implications here highlighted

or also by virtue of their topological characteristics.

3.2.2 Opinion dynamics: how and when it happens

There are several analytical approaches to the study of opinion dynamics, differing for their

baseline assumptions, the complexity of the implemented models, and their applicability to

real situations. One of the most inspiring ones is undoubtedly the (DeGroot, 1974) model,

developed with the aim of studying how the opinion of subjects changes depending on their

starting opinion, the opinion of the others and the relationship they have among each others.

The model is based on a graph structure G(N , E) composed by N nodes (individuals) and E

ties. The opinion of an individual (pi(t)) regarding a specific topic/idea vary in time due to

the influence caused by the interaction with individuals to which i is connected. Opinions at
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any generic time t are represented by p(t) = (p1(t), ...pn(t), ...pN(t)), where pn(t) ∈ [0, 1];

similarly, p(0) is the vector that represents the set of initial opinions. In line with opinion

dynamics literature, actor j may influence actor i depending on the trust that i places on the

opinion of j (Tij). The matrix T, represents the overall set of “trust”, ties within the entire

population of actors. Note that, T’s rows sum to 1, and is constant in time. The opinion of the

sample are updated at each time period so that:

p(t) = Tp(t− 1), (1)

meaning that, for Agent i, we have

pi(t) =
N
∑

j=1

Ti,jpj(t− 1). (2)

This classical approach has been developed in many directions. Recently, among the others,

Ding et al. (2019) explores the impact of centrality in reaching consensus; Shen et al. (2023)

studies the impact intermittent interaction by specific actors; Assenova (2018) proposes several

settings to describe different social dynamics such as innovation diffusion; finally, Risco (2025)

applies the model to information transfer.

One basic property of the DeGroot model is trust as, according the the model as in (1), it

directly determines the magnitude of influence other can have on one’s opinion. However, trust

is not only relevant for opinion dynamics but also for information transfer (Tsai and Ghoshal,

1998, Rutten et al., 2016). Some studies have highlighted the importance of trust and perceived

leadership in the active search for information (Yale and Gilly, 1995, Khvatova et al., 2016).

Trust of actor i in shaping the opinion of actor j can be defined as the weight actor j puts on

the opinion of i when forming her own opinion. Therefore, mathematically, putting together all

values of trust, we form a matrix, the so called trust matrix T; this is of paramount importance

to shape the final opinion reached by the society. Under mild assumptions on the (deterministic

and static) trust matrix, the final opinion reached is determined by the relative importance of the

individuals in the network.

Despite its importance, the DeGroot model has some limitations, already acknowledged
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by the literature. One aspect, not often considered so far, is the focus on when individuals

communicate. Classical models assume that each person interacts with all her neighbour at any

generic iteration of the process. Some recent studies have proposed random communication

channels and/or non constant communication flows (Choi et al., 2021).

Another relevant stream of research regards bounded confidence models. In the original

DeGroot model, agents spread their opinion at any iteration and no matter of their confidence

level in the opinion. This assumption has been relaxed in Hegselmann and Krause (2002) where

users will share their opinion if the difference between their opinions is within a certain thresh-

old. The model has been widely used in understanding modern days phenomena such as echo

chambers (Baumann et al., 2020) and also in decision making processes (Dong et al., 2018).

The model has also been adapted to different specifications such as time delayed interactions

(Choi et al., 2021), heterogenous confidence (Liang et al., 2013) diverse generalisations that

tried to include a more complex agent’s reasoning and behaviour to others’ opinions (Burfurd

and Wilkening, 2022).

In the next section we propose a model where some of the aforementioned aspects are

considered in order to analyze the relative social influence of individuals depending on their

personal traits, their confidence, their willingness to communicate, their position in the network,

and the characteristics of the whole network itself.

3.3 The model

We start this section by refreshing some basic ideas behind the original DeGroot model as

defined in (1). In line with opinion dynamics literature, actor j may influence actor i depending

in the trust that i places on the opinion of j. The matrix T, represents the overall set of “trust”,

ties within the entire population of actors. Eventually, if the network that is analyzed is strongly

connected and aperiodic (DeGroot, 1974, Anderson and Ye, 2019), a consensus is reached. In

order to precisely understand the impact that each subject plays during the opinion formation

process, we focus on those cases in which the consensus is reached.

This means that, after a sufficient number of iterations, p(t) → p∗, where p∗ is a constant

vector, namely, each subject has the same opinion. In this case, it turns out that p∗ is the only
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solution to the fixed point problem

p = T∞p, (3)

where T∞ = limtT
t is well-defined (see DeGroot, 1974). In case of consensus, it can be

proved that all rows of T∞ are equal and represent the social influence vector s, such that the

value of consensus, p∗, can be obtained as p∗ = s · p(0) (Golub and Jackson, 2010). In this

respect, the s vector represents the overall impact that each subject had on the achieving the

consensus and is the key ingredient to answer the question ’who is the most influential?’ as the

larger is si, the more influential is actor i in the process.

After having briefly collected some of the main characteristics of the DeGroot model, we

discuss how we generalize it. In this research, we aim to treat each interaction between two

individuals as a communication episode (Yale and Gilly, 1995), a moment in which interaction

entails communication and the exchange of information or opinions. The authors use this term

to highlight that it is not possible to fully understand the motivations that stand behind the

communication episode without considering the perceptions and preferences of both parties

involved.

Similarly, we aim to divide this interaction into two parts: on one side, the perception and

preferences of the opinion receiver are already considered in the classical DeGroot model and

many of its generalizations, represented through the trust matrix T, which indicates the weight

that subject j assigns to the opinion of subject i. The innovation we introduce in these models

is the inclusion of subject i’s willingness to interact with j. Specifically, we represent this

willingness as a probability, Ài,j(t).

The overall interaction occurring at time step t is summarized by the matrix B(t) = (Bi,j(t)),

where Bi,j(t) expresses whether subjects i and j have interacted at time t. More formally, the

matrix B(t) is specified as follows for each (i, j) ∈ E and t > 0:

Bi,j(t) =















1 with probability Ài,j(t)

0 with probability 1− Ài,j(t)

(4)

The interaction probability may depend on individual factors related to i, dyadic factors

concerning the relationship ij, or even exogenous factors. Furthermore, it is important to note

23



that Àij(t) may differ from Àji(t).

The possibility of having two different probabilities of opinion sharing between two indi-

viduals allows us to represent imbalances in terms of interaction preferences. Specifically, the

ability to make the probability of opinion sharing from i to j different from that of j to i enables

us to represent interaction preferences that may be due to exogenous factors, as in the example

we wish to illustrate here of opinion dynamics between individuals belonging to two different

hierarchical classes.

In our specific case, drawing from the literature on bounded confidence models, we aim to

make this probability dependent on the distance between the opinions of the two subjects at a

given moment. Formally:

Ài,j(t) = À0i,j ·
(

1− |pi(t− 1)− pj(t− 1)| · µi,j
)

. (5)

Some clarifications on (5) are warranted. First, note that the probability of interaction has

two components: an ex-ante interaction probability À0i,j and a time-dependent factor. The latter

depends on |pi(t− 1)− pj(t− 1)|, which represents the opinion distance between i and j at the

previous step. Thus, the greater the distance in opinions between i and j, the more sporadic their

interaction. This approach allows us to disentangle two distinct motives for sporadic communi-

cation: an ex-ante eagerness to communicate, potentially dependent on characteristics of actors

i and j, and an ex-post interaction probability influenced by the process itself. We moderate

the relevance of this time-dependent (endogenous) factor by virtue of a parameter µi,j , which

takes value within [0, 1] and represents the weight that subject i gives to the distance of opinion

between subject j. Suppose that Subject i does not put excessive importance on the distance of

opinion with a peer j; then, µi,j will be small. Note that if Àij = 1 ∀ ij and µij = 0 ∀ ij it be-

comes deterministic model à la DeGroot. The decision to introduce µi,j lies on the assumption

that the propensity of a subject to share their opinion with someone is not equally distributed

among the neighbours, but depends on the specific characteristics of the relationship that the

subjects share. At the same time, making the interaction probability to be linearly dependent on

the distance of opinion would be simplistic.

By including Bi,j , we are taking into consideration the fact that i and j are connected it
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does not necessarily mean that they are always communicating and that, in particular, the first

will share the opinion to the second. The introduction of a stochastic element in the dynamic

process, forces us to apply some adjustments to the classical trust matrix as defined above.

Specifically, Equation (1) has to be generalised to encompass sporadic communication, namely,

the possibility that, at a specific time, agents i and j do not communicate. In this case, when

updating the opinion vector, the trust i poses on j’s opinion has to be redistributed to the other

neighbours, included i. Such arrangement is necessary so that the rows of resulting trust matrix

sum to 1 regardless the time step. The natural generalisation to sporadic communication of the

original model is represented by a new trust matrix T̃(t) (the sporadic trust matrix), represent-

ing the redistributed weights that the subjects pose on the persons they talked with at time t.

Specifically, T̃i,j(t) is defined as follows:

T̃i,j(t) =
Ti,jBj,i(t)

∑N

j=1 Ti,jBj,i(t)
. (6)

Note that the new sporadic trust matrix is stochastic and time-varying, where the numerator

can either be equal to 0 or to Ti,j while the denominator acts as a normalization factor that takes

into consideration all the interactions that subject i had at time t. For instance, if i does not

interact with any of her neighbour at time t, the trust she poses on her own opinion (Ti,i) will

be equal to 1. On the contrary, if i interacts with all her neighbours at time t, T̃i,j(t) = Ti,j .

Moreover, T̃(t) is still a trust matrix, in fact:

N
∑

i,j

T̃i,j(t) = 1, (7)

for all i, j and t, and

T̃i,i =
Ti,i

∑N

j=1 Ti,jBj,i

. (8)

In particular, if all Bi,j = 0, T̃i,i = 1. Generally speaking, under the new sporadic trust model,

each subject will update its opinion as follows:

pi(t) =
N
∑

j=1

Ti,jBj,i(t)pj(t− 1)
∑n

j=1 Ti,jBj,i(t)
, (9)
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which can be simplified as:

pi(t) =
N
∑

j=1

T̃i,j(t)pj(t− 1). (10)

It is important to stress that, due to the way in which we designed our model, Subject i

can be informed by her jth neighbour if and only if the condition expressed in (4) is true;

eventually, Subject i updates her opinion taking into consideration those neighbours that are

likely to interact to her. Such likelihood, again, depends on the distance of opinion and on the

weight that is posed on such distance. The opinions of the sample are updated at each time

period so that:

p(t) = T̃(t)p(t− 1). (11)

Differently from the classical DeGroot model, it is not possible to find p∗ as the solution of

the fixed point problem p = T̃p, since T̃ is not constant in time. Nevertheless, Chatterjee and

Eliashberg (1990) suggested an approximation to the actual consensus, based on the following

procedure. By definition, for all t,

p(t) = T̃(t) · T̃(t− 1) · ... · T̃(1) · p(0). (12)

Furthermore, in case of convergence to a consensus, we can estimate the value of the con-

sensus, p∗, with an approximation, based on a sufficient number of iterations:

p∗

ϵ = T̃(t∗) · T̃(t∗ − 1) · ... · T̃(1) · p(0), (13)

2here t∗ is the smallest t such that

∥p(t∗ − 1)− p(t∗)∥ < ε,

with ε representing a small tolerance value. This stopping criterion identifies the point where

the vector p(t) converges sufficiently close to a stable state.

Based on this, we define the **(approximated) equilibrium sporadic social influence ma-

trix** as

T̃∞ := T̃(t∗),
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which approximates the long-term behaviour of the system. Using this equilibrium matrix, we

derive an **approximation of the social influence vector** s̃ by simply selecting any of its

rows.2

3.4 Simulations and results

In this section we propose a set of numerical experiments based on simulations with the aim of

analysing the peculiarities of our model and the role that each component has on the final equi-

librium expressed in terms of consensus and the weight that each subject had in reaching such

consensus. We perform several experiments based on different specifications of the structure of

the network, of the characteristics of the subjects and of the model itself. The final aim is to

isolate different aspects that we deem to have an impact on the overall process.

3.4.1 Types of networks

To explore the impact that the introduction of sporadic interaction and the preference for inter-

action between subjects due to personal characteristics, as well as the opinion distance between

them, have on the social influence s̃i that each Subject i has on reaching consensus, we will

conduct ad hoc experimental simulations.

Specifically, we perform various simulations using two ad hoc network structures: The so-

called “Kite”, network as in Krackhardt (1990) (see also Brandes and Hildenbrand, 2014), and

a “Torus”, network by 36 nodes as depicted in Figure 1.

The first graph was chosen as it was designed to highlight differences in terms of central-

ity measures, given that the most central individual varies depending on the centrality measure

considered. Essentially, this graph serves as a quick way to visualize whether certain centrality

measures are more likely to correlate with a higher s̃i. The Torus graph, in contrast, features

nodes with the same centrality regardless of the measure used. This allows us to better ex-

amine the role that potential imbalances in preferences, due to exogenous factors, may play in

determining social influence s̃i.

2This step is justified by the classical DeGroot model, which ensures that, under consensus, all rows of T̃∞ are

identical and correspond to the social influence vector s̃. For more details, see Golub and Jackson (2010).
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Figure 1: Kite graph (left) and Torus graph (right)

The aim is to visually determine whether and what effects the introduction of sporadic in-

teraction has on the influence that an individual has in reaching a consensus.

Lastly, to isolate and understand the effect that Simmelian ties can have on s̃i, we repeated

the simulations on a Torus network to which we added 4 ad hoc ties and performed ANOVA

analysis. The ultimate goal was to understand if and how having a Simmelian tie can have a

positive effect on s̃i at different probability levels.

3.4.2 Scenarios related to communication

We now specify how we introduce sporadic communication as defined in (4). We identify a

number of different scenarios based on specific values of the parameters À0i,j and µi,j as in (5).

We first consider a benchmark situation, scenario (o), where À0i,j = 1 and µi,j = 0 for all actors.

Under this assumption, considering (5), we can see that if µi,j is equal to 0, then À0i,j is multiplied

by 1. Being À0i,j set to one in this baseline scenario, Ài,j(t) = 0 at every time step. Such scenario,

in which all individuals interact to with each neighbour at each time step is equivalent to the

DeGroot one.

We then introduce six scenarios characterized by different values of the two aforementioned

parameters.

In the creation and planning of scenarios, we aimed to consider the potential applicability of

the model. We chose to account for two hierarchical classes within an organization or company

with the intent of hypothesizing two specific behaviours. Specifically, Table 1 outlines such

scenarios based on the model used and the criteria for determining the interaction probability.
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Scenarios (i)-(iii) are related to cases where communication is sporadic but not dependent on

the opinion of the two individuals, namely, µi,j = 0. By setting µi,j equal to zero, the differ-

ence of opinion between i and j has no weight in determining the probability of interaction. To

test different modelling assumptions, under the three scenarios, À0i,j is characterized in different

ways. In Scenario (i), the value of À0i,j is fixed at an intermediate value for all actors. In Scenario

(ii), it depends on the dyad under consideration; to this aim, we classify the subjects into two

groups: “leaders”, and “followers”. Leaders are more likely to share their opinions with follow-

ers (resulting in a higher probability), while followers are less inclined to share their opinions

with leaders (resulting in a lower probability). Members within the same group are indifferent

to each other, resulting in equal probabilities for interaction and non-interaction. In Figure 1,

we can see in blue the followers and in red the leaders. Finally, in scenario (iii), the communi-

cation probability is randomly assigned to each pair of actors, according to a beta distribution

with parameters ³ = 1 and ´ = 1.3 As for Scenarios (iv)-(vi), we use the same rationale but

letting µi,j vary, and fixing À0i,j = 1. In this way, we focus on a communication probability that

is ex-ante deterministic but then varies depending on the opinion’s vector evolution and, more

precisely, on the distance of opinions among subjects.

Table 1: Specification of interaction probabilities for each scenario

Homogeneous Heterogeneous Random

(i) (ii) (iii)

γi,j = 0 ξ0ij = 0.5 ξ0ij =











0.2 if i in “followers” and j in “leaders”

0.5 if i, j both in “followers” or in “leaders”

0.8 if i in “leaders” and j in “followers”

ξ0ij ∼ Beta(1, 1)

(iv) (v) (vi)

ξ0i,j = 1 γij = 0.5 γij =











0.2 if i in “followers” and j in “leaders”

0.5 if i, j both in “followers” or in “leaders”

0.8 if i in “leaders” and j in “followers”

γij ∼ Beta(1, 1)

3We have chosen a beta distribution as it allows a simple and not skewed opinion distribution within 0 and 1.

For instance, even though the expected value of this beta distribution is 0.5, differently from scenario (i), each ij

has a different probability allowing, thus, ξ0ij and ξ0ji to be different.
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3.4.3 Simulation procedure

The simulations are carried out as follows. First, the type of network (Kite or Torus) and a sce-

nario as in Table 1 are chosen. In this way, the graph G and the matrices À and µ are identified.

Second, the opinion vector is initialized according to a beta distribution with parameters ³ = 1

and ´ = 1. Two technical parameters controlling for the convergence to consensus, as defined

in (13), are introduced, namely, the maximum number of iterations allowed (max steps) and ε.

The algorithm is designed to stop either when the variance of the values of the opinion vector

p(t) is smaller than ε, or when the number of iterations exceeds the predetermined upper bound.

If the number of iterations exceeds the upper bound, the simulation is discarded and a new one

is started.

The simulation procedure is described by Algorithm 1. The specific dynamic in which the

opinion updating mechanism is carried out is specified in Algorithm 2. A simplified version of

the Python code is given in Appendix 7.1.

The output of the procedure is a stationary (random) T̃∞ matrix and the related stationary

(random) social influence vector s̃. We carried out 100,000 simulations for each scenario as in

Table 1 and for each type of network (Kite and Torus). For each simulation, several metrics

are then collected and eventually linked to each Subject i through the value of s̃i. Finally, we

statistically analyse the properties of the social influence vector in terms of all the antecedents

of the model described above.

Algorithm 1 Simulation procedure

Input: G, influence matrix, probability matrix, initial opinions, max steps, ϵ
Output: opinions
Function simulations(G, influence matrix, probability matrix, initial opinions,

max steps, ϵ):
step← 0 opinions← initial opinions
while step < max steps and ∆(opinions) > ϵ do

opinions← event(G, influence matrix, probability matrix, opinions) step←
step+ 1

end

return opinions
end
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Algorithm 2 Detailed update algorithm

Input: G, influence matrix, probability matrix, opinions
Output: updated opinions
Function event(G, influence matrix, probability matrix, opinions):

event influence matrix← zeros matrix of size num× num
for each node i in G.nodes do

for each neighbor j of i in G do

if rand() > 1− probability matrix[i][j] then
event influence matrix[i][j]← 0

end

else
event influence matrix[i][j]← influence matrix[i][j]

end

end

end

for each row i in event influence matrix do
Normalize the values in row i of event influence matrix

end

for each node i in G.nodes do
updated opinions[i]←

∑

j opinions[j]× event influence matrix[i][j]

end

return updated opinions
end

3.4.4 Numerical results - Descriptive analysis

In Figure 2, we represent the distribution of social influence variable s̃i for each subject in

Scenarios (i)-(vi). In each plot, it is also provided (in red) the value of the social influence in

case of the baseline deterministic (DeGroot) model. All plots refer to the simulations carried

out on the Kite network.

Initially, we notice that the social influence that subjects acquire in the baseline (DeGroot)

model does not match the averages of the models where sporadic interaction is introduced.

Interestingly, subjects with high social influence in the baseline model tend to lose relevance.

Conversely, those who appear to have low social influence in the baseline model gain relevance

in the model where sporadic interaction is introduced. As expected, the introduction of a pref-

erence in communication (Scenario (ii)) produces a visible impact on the distribution of social

influence. Comparing Scenarios (i) and (ii) we can easily notice how being in the “leaders”

group (from Subject 6 to Subject 9) represents an advantage for subjects despite the structural

characteristics in which they are set. Finally, looking at Scenario (iii), it is noteworthy that the
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(a) Scenario (i) (b) Scenario (ii) (c) Scenario (iii)

(d) Scenario (iv) (e) Scenario (v) (f) Scenario (vi)

Figure 2: Distribution of s̃ in Kite Network

subject who benefits at most from the introduction of random preference is Subject 9, i.e., the

most isolated one (see Figure 1). This result may be attributed to the quasi-isolated position of

the subject, which may facilitate the emergence of a stubborn agent, i.e. an agent that influences

but is not influenced by others. In particular, if Subject 8 does not frequently share its opinion

with Subject 9, the latter will be able to disseminate its opinion through Subject 8 without be-

ing influenced by it. Referring to Figure 2, we can observe a greater presence of outliers and,

simultaneously, a minor impact of the introduction of sporadic interaction. Specifically, the

averages of the distributions do not deviate significantly from the social influence value of the

deterministic model. While the differences are still noticeable, they are dampened by the fact

that the interaction probability also depends on the opinion that the subjects within the network

have at a given time t. These findings seems to suggest that it is not relevant whether or not the

communication probability varies according to the vicinity of opinions at a given time, rather,

it depends on the intrinsic characteristic of the dyads.

Lastly, Figure 13 in Appendix 7.1 13 represents the distribution of social influence in all

the scenarios in the case of the Torus network. A review of Scenarios (ii) and (iv) reveals that

being labelled as “leader”, is not the sole determining factor in the ability to influence. The

characteristics of one’s own neighbourhood also play a role. For instance, Subject i’s ability to

influence is contingent upon not only the likelihood of sharing its views with its neighbours, but
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also the likelihood of its neighbours sharing theirs.

Consequently, in the upcoming stages, we seek to explore the role that potential differences

in terms of the interaction probability between Subject i and i’s neighbors play in determining

a higher or lower s̃i.

Another aspect that we want to explore in this phase is the role of simmelianity on shaping

social influence. More specifically, we wonder whether, ceteris paribus, having a Simmelian tie

could have an impact on the influence that a subject can have on the opinion dynamics. To this

aim, we carry out a different simulation experiment. The Torus network (see Figure 1) has been

augmented with additional ties, with the objective of enabling subjects with a slightly higher

degree (namely, degree 5). Consequently, some of these newly established ties contribute to

the formation of Simmelian ties. To check for the effect of simmelianity, differently from

the previous analysis, we fix the interaction probability to values 0.1, 0.3, 0.5, 0.7, and 0.9

for each tie ij in different runs of the experiment. Then, we group the subjects according to

their degree and depending on whether they have at least one Simmelian tie. We collect in

Appendix 7.1 all the descriptive statistics of the results related to this experiment. In particular,

we carry out an ANOVA analysis with the aim of understanding whether the values in terms

of influence were systematically different between the identified groups. From the results of

the Tukey test carried out for different interaction probabilities (Table 10) we can see that the

differences between groups are not significant for lower probabilities while, with the increase

of communication probability, such differences become significant. From such results we can

infer that, on the one hand, in case of too sporadic communication, the role of topological

characteristics tends to decrease. On the other hand, there are intergroup differences that can be

noticed. For instance, the role of the degree is undeniable and justifiable. However, it is relevant

to notice that there are differences between subjects with the same degree having a Simmelian

tie and subjects not having a Simmelian tie. Surprisingly, however, having a Simmelian tie

would advantage subjects with a higher degree and results to be detrimental for subjects with a

lower degree. Such results might be related to the way in which the network was designed. For

instance, subjects with degree 4 and that had at least one Simmelian tie were bound to be next

to two subjects that have a Simmelian tie and with a degree of 5 with a consequent imbalance
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of degree. Nevertheless, there is a discernible yet statistically significant impact of Simmelian

ties, as a result of their topological characteristics, on the influence that subjects exert in the

opinion formation process.

We can conclude this section saying that the presence of sporadic communication, namely,

introducing randomness into a traditional opinion dynamics model, impacts differently on the

ex-ante social influence hierarchy. More specifically, leaders who are advantaged by their struc-

tural position are likely to see this advantage eroded by the introduction of sporadic interac-

tion. similarly, such sporadic interaction may lead to the emergence of almost stubborn agents.

What’s more, the introduction of sporadic interaction seems to make the ability of i’s neighbour

relevant in determining i’s social influence. As a matter of fact, being able to influence those

who are influential appears to be relevant. Furthermore, we highlighted the role of simmelian-

ity on the social influence of agents. Highlighting how their impact depends on other structural

characteristics. Eventually, we can conclude that sporadic communication moderates the effect

that structural characteristics, including Simmelian ties, have in shaping the social influence at

the equilibrium.

3.4.5 Numerical results - Inference analysis

Having isolated and highlighted the impact of Simmelian ties on the social influence of subjects,

we now want to see what is the role of other structural characteristics of the network and if there

is an interaction between some of them and the simmelianity of a node.

To further understand which structural characteristics might impact s̃i, we adopted a sta-

tistical inference approach. Specifically, we repeated the simulations as outlined above for the

Kite and the Torus network and changed the network structure for each simulation by utilizing

an Erdős-Rényi random network generator model (see Gómez-Gardeñes and Moreno, 2006).

We chose this model over others commonly used, such as Barabasi-Albert or Watts-Strogatz,

because it allows for a normal distribution of most of the variables we intend to take into consid-

eration (see Harrison et al., 2016). As before, the number of collected simulations is 100,000.

The metrics collected and used as independent variables concern the node’s position within

the network, microstructural characteristics around the observed node (e.g., the presence of
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Simmelian ties), and differences in terms of interaction preference between the observed subject

and its neighbours.

The first aspect we observe is the aggregate capacity of a subject to communicate and, in

particular, whether it is more likely that it share its opinion to others or to receive the opinion of

others. We look at the out− degree and the in− degree of the focus subject as they represent,

respectively, the possible occasions to share the opinion to its neighbours and to receive the

opinion of the neighbours. However, considering the mere in − degree and out − degree

overlooks the role that the weight of ties (in our case, the probability to interact). At the same

time, taking the simple mean of interaction might lose the relevance of having many ties. Trying

to understand whether having more ties or having “heavier”ties is more relevant, Opsahl et al.

(2010) propose the following metrics:

C³
D−out(i) = kout

i ×

(

wout
i

kout
i

)³

, (14)

C³
D−in(i) = kin

i ×

(

win
i

kin
i

)³

. (15)

Here, C³
D−out(i) represents the weighted out-degree measure of node i, while C³

D−in(i) rep-

resents the weighted in-degree of node i. The term kout
i is the out-degree of node i, indicating the

number of outgoing ties, and kin
i is the in-degree of node i, indicating the number of incoming

ties. Similarly, wout
i denotes the total weight of outgoing ties of node i, and win

i denotes the total

weight of incoming ties of node i. The parameter ³ adjusts the influence of the tie weights: if

³ < 1, nodes with lower kout
i or kin

i are favoured, whereas if ³ > 1, nodes with higher kout
i or

kin
i are favoured.

In our case, win
i is calculated as the sum of the probabilities that the neighbours of a given

node i communicate with i and wout
i as the sum of probabilities that i communicates with its

neighbours. We therefore name (14) as the Outward Probability and (15) as the Inward Proba-

bility.

To better stress the potential relevance that imbalances between C³
D−out(i) and C³

D−in(i), we
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propose to consider a ratio between the two metrics. We, define

ProbRatio³(i) = C³
D−out(i)/C

³
D−in(i)

as the ratio between i’s probability to share the opinion to others and i’s probability to receive

the opinion from others. We set ³ to different values so that, similarly to Opsahl et al. (2010),

we can see whether having more ties or having higher probabilities have a higher impact on the

influence the subject has on the opinion formation process. A similar approach is proposed for

what regards the weight µij as defined in (5).

Wanting to verify the potential role that Simmelian ties can have in determining the social

influence exercised by the focal subject we consider to number of Simmelian ties a subject

has as well as the number of Simmelian ties that the neighbours of the subject itself have.

The Neighbour Simmelian metric evaluates the average number of Simmelian ties within the

neighbourhood of a node i, denoted as

1

|N(i)|

∑

j∈N(i)

Number of Simmelian ties of j.

This metric highlights the structural characteristics of the local network around a node, provid-

ing insights into the interconnectedness and the nature of the ties within its neighbourhood.

Eventually, considering the way in which interaction probabilities are defined in (5), we

suggest to take into consideration the distance from the midpoint of the position of the focal

subject at t = 0,

dist(pi) = |pi(0)− p(0)|

where pi(0) is the initial opinion of subject i at t = 0 and p(0) is the average of opinions of all

the subjects at t = 0.

These metrics collectively offer a comprehensive understanding of the structural and in-

teractional dynamics within the network, providing a robust framework for our analysis. In

addition to these metrics, we wanted to take into account more traditional node importance

measurement such as Betweenness Centrality, Eigenvector Centrality and Page-Rank Central-
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ity (see Ding et al., 2019, Harrison et al., 2016, Freeman, 1978). An overall description of the

metrics can be found in Table 2.

Table 2: Descriptive Statistics

Variable Min 1Q Mean Median 3Q Max Var

Influence 0.000 0.029 0.050 0.046 0.065 1.000 0.001

Weighted Indegree0.5 1.000 3.981 5.026 4.950 5.992 12.687 2.177

Weighted Indegree1.0 1.000 2.960 3.828 3.740 4.600 10.060 1.442

Weighted Indegree1.0 0.552 2.186 2.939 2.847 3.596 8.816 1.077

Weighted Outdegree0.5 1.000 3.980 5.026 4.954 5.993 12.432 2.185

Weighted Outdegree1.0 1.000 2.960 3.828 3.740 4.600 10.180 1.450

Weighted Outdegree1.5 0.544 2.184 2.939 2.847 3.591 9.008 1.083

Probability Ratio0.5 0.400 0.913 1.010 1.000 1.095 2.149 0.021

Probability Ratio0.5 0.319 0.840 1.037 1.000 1.192 3.260 0.080

Probability Ratio0.5 0.184 0.771 1.082 1.000 1.299 5.879 0.204

NProbRatio 0.474 0.963 1.094 1.087 1.217 2.200 0.040

Simmelian 0.000 3.000 4.661 5.000 6.000 15.000 6.368

NSimmelians 0.000 4.500 5.361 5.429 6.300 12.000 1.941

BetCent 0.000 0.018 0.046 0.037 0.064 0.399 0.001

EigCent 0.003 0.160 0.211 0.212 0.263 0.482 0.005

DegCent 0.053 0.211 0.301 0.316 0.368 0.789 0.011

InitPosition 0.000 0.238 0.475 0.475 0.712 0.950 0.083

Pagerank 0.013 0.040 0.050 0.049 0.059 0.126 0.000

With the aim of better understanding what characteristics might affect the social influence

we proceeded with a linear regression analysis. More precisely, we here opted for a Ridge re-

gression. Ridge Regression is particularly advantageous over Ordinary Least Squares (OLS)

linear regression when multicollinearity is present among the independent variables. In the

presence of multicollinearity, OLS estimates become unstable, leading to large variances in the

coefficient estimates, which means that even small changes in the data can lead to significant

changes in the estimated coefficients. Ridge Regression addresses this issue by adding a regu-

larization term to the cost function, which shrinks the coefficient estimates towards zero. This

shrinkage reduces the variance of the coefficients, leading to more stable and reliable estimates.

James et al. (2023) explain that ridge regression finds coefficient estimates, represented by ´,

by determining the values that minimize the expression shown in the following equation:

n
∑

i=1

(yi − ´0 −

p
∑

j=1

´jxij)
2 + ¼

p
∑

j=1

´2
j , (16)
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where ¼ is a regularization term that controls the intensity of penalization applied to the

regression coefficients. To determine the optimal ¼ value, we conducted a grid search paired

with 5-fold cross-validation. Once the optimal ¼ was identified, we retrained the model using

this selected value. To evaluate the statistical significance of the identified regression coeffi-

cients, we utilized non-parametric bootstrap confidence intervals (Efron and Tibshirani, 1994).

Specifically, if zero does not lie within a (1 − ³)% confidence interval for a regression coeffi-

cient, we reject the null hypothesis that the coefficient is equal to zero at the ³% significance

level. Previous researches have employed bootstrap methods in the context of ridge regression

(Sabbaghi, 2019, Crivelli et al., 1995).

Before proceeding we the analyses, we normalized the independent variables to ensure that

each variable has a mean of zero and a standard deviation of one. Normalizing the variables

in this way helps the Ridge Regression algorithm apply penalization consistently across all

features, preventing features with larger values from dominating the model.

This comprehensive fine tunes the model making it more interpretable, and robust, mini-

mizing over-fitting while maintaining an optimal level of bias and variance.

Table 3 presents the OLS linear regression results examining the relationship between the

social influence of each subject and the various independent variables above described in Sce-

narios (i), (iii), (iv) and (vi).

The results indicate that the intercept is consistently significant across all models, which

implies that even in the absence of other predictors, the baseline level of the dependent variable

is substantial. The ProbRatio variables show significant positive coefficients in various models

and at different values of ³. As it can be seen, changing the value of ³ does not affect the impact

that the ratio of the probabilities as defined in (14) and (15) on the Influence of the subject. Such

lack of difference can be attributed to the normalization of the variables. Such result suggests

that higher probability ratios are associated with increases in the social influence. Similarly,

the GammaRatio variables, including GammaRatio0.5, GammaRatio1.0, and GammaRatio1.5,

are significant in Models (vi)a, (vi)b, and (vi)c respectively, indicating a positive association

between higher gamma ratios and the Social Influence. It can be noticed that GammaRatio

variables have a lower impact if compared with ProbRatio ones, and this can be explained

38



Table 3: OLS Linear Regression Results
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considering that the former regards a parameter that influences the probability of interaction

while the latter regards the probability of interaction itself.

On the other hand, the neighborhood probability ratio (NeighProbRatio) and neighborhood

gamma ratio (NeighGammaRatio) do not show consistent significance across the models, indi-

cating a less clear relationship with the social influence. The Simmelian variable is consistently

significant and positive across all models where it is included, suggesting a strong positive as-

sociation with the social influence. Conversely, NeighSimmelian shows a significant negative

association in all models, indicating that a higher presence of Simmelian ties within ego sub-

ject’s neighborhood is associated with lower levels of the social influence.

Furthermore, Betweenness Centrality is significant in all models, suggesting a positive as-

sociation with the dependent variable. The DistanceOpinion variable a negative and significant

in Models (iv),(vi)a,(vi)b,(vi)c, suggesting that greater distance in opinion from the midpoint of

the considered range is associated with a lower social influence.

In conclusion, the results indicate that various node centrality measures, ProbRatio and

Betweenness Centrality, are significant predictors of the social influence. What appears to be

interesting, considering the scope of this research, is represented by the other measurements.

Looking at the role that Simmelian ties and the presence of Simmelian ties within the ego

subject’s neighborhood, we can confirm what we observed in the descriptive analysis, namely,

having Simmelian ties is favourable but being connected with subjects who have Simmelian

ties is detrimental. These findings highlight the importance of both direct and neighborhood-

based network characteristics in understanding the underlying processes captured by the social

influence. The use of a log transformation has effectively normalized the residuals, allowing for

more robust and reliable interpretations of the regression coefficients.

3.5 Conclusion

In this research, we proposed a bounded confidence opinion dynamics model that accounts for

both sporadic interaction between subjects and their interaction preferences. We explored the

impact of introducing sporadic interactions and potential asymmetries in interaction preferences

on social influence. We investigated how such traits interact with various structural character-
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istics of the network. Specifically, we aimed to examine whether Simmelian ties and different

centrality measures influence the role played by each subject.

By comparing the deterministic DeGroot model with several variations introduced in this

study, we found that sporadic communication significantly reduces the impact of structural

characteristics on determining the social influence of subjects. In particular, it appears that those

with a higher influence in the deterministic model risk to lose more influence in the moment in

which sporadic communication is introduced. Overall we highlighted that the introduction of

sporadic interaction tends to decrease difference of expected influence. However, when the pos-

sibility of asymmetric preferences between subjects is introduced, different phenomena can be

observed. Such asymmetry, in fact, allows for the convergence to diverse values of consensus,

different from the deterministic model. In the simulations we carried out we were able to notice

how, given specific circumstances, some peripheral subjects were able to acquire a major impact

on the convergence achieved due to the fact that they would influence more than they are in-

fluenced. The introduction of sporadic interaction does not negate the structural characteristics

of the node; rather, it allows for the configuration of cases that, although extreme, can occur in

reality.

Similarly, our analysis demonstrates that the structural characteristics of the subjects and

their neighbors retain their relevance, although this relevance diminishes as the probability of

interaction decreases. Specifically, by using the hierarchical class stratagem, we aimed to high-

light how belonging to a hierarchical class can impact the influence that a subject has during the

consensus-building process. Starting from the assumption that certain categories of individuals

are characterized by a greater or lesser willingness to share their opinion with other categories

of individuals, it is possible to identify which subjects can more easily gain influence due to

their role within an organization or company and their position within the network. It is impor-

tant to note that it is not just the position of the analyzed subject that has an impact, but also

the structural characteristics of their neighborhood. For instance, while having Simmelian ties

offers advantages due to the topological characteristics they bring, it is equally true that having

neighbors with a high number of Simmelian ties can be detrimental.

This research introduced sporadic interaction into opinion dynamics models to emphasize
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the role that interaction frequency can play at the expense of the intensity of trust between two

subjects. The main aim of this approach was to represent a two-sided event: on the one hand,

the decision of subject to share their opinion with subject , and on the other hand, the decision

of the latter regarding the weight to give to the former’s opinion. Our analysis highlighted

that the frequency of interactions and their distribution within the network can lead to complex

outcomes that significantly differ from those predicted by the deterministic DeGroot model.

It is important to note that this research is not without limitations. Our findings are mostly

based on computer simulations, with parameters set without proper calibration to real data.

However, the analysis conducted can still inform future research, possibly based on empirical

data, that aims to understand phenomena regarding followers, leaders, or the role of formal

structures in information transfer within an organization. Future research would benefit from

elucidating potential relationships between different characterizations of subjects, particularly

focusing on exogenous factors.
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4 Liking those you met the most

Sasha Piccione

Abstract

This research investigates the interactions among individuals who participated in the

European legislative process for the adoption of EURO 7 Regulation, with the objective

of identifying which actors played influential roles, based on the central positions they oc-

cupy within the interaction network. To achieve this goal, the study employs techniques

and methodologies typical of social network analysis, with a particular focus on the pres-

ence of an informal network. This network is characterized by public interactions between

participants on the social media platform LinkedIn, allowing for a deeper understanding

of the underlying social dynamics. By utilizing LDA and sentiment analysis, we charac-

terize the role and the expressed emosiont by the involved individuals, taking into account

the linguistic features they expressed in their online activity. Using Exponential Random

Graph Models (ERGM), the research ultimately demonstrates a causal connection between

the formal and informal networks. This, in turn, helps to answer the research question re-

garding the relevance and centrality of specific stakeholders during the legislative process.

Keywords— Lobbying, Social Network Analysis, Social Media Platform, Multilayer

Networks.
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4.1 Introduction

The study of interest groups and their influence on public policy has long been a cornerstone of

political science. Early interest group theory, developed within the pluralist framework, posited

that decentralization exists to accommodate the policy demands of a society fundamentally

composed of numerous social and economic groupings of individuals and competing organi-

zations, such as business associations, labor unions, and environmental groups (Dahl, 1961,

Truman, 1951). These groups were regarded as essential for a functioning democracy, provid-

ing citizens with a voice in government decisions and ensuring that diverse interests could be

represented within the political process.

However, pluralism has been criticized for overlooking significant power imbalances be-

tween groups, leading to the development of more nuanced models, including elite pluralism

and regulatory capture theories (Lowi, 1969), neopluralism (McFarland, 2007), and structural-

ism (see Lindblom, 1982). Structuralism, in particular, shifted attention from the attributes of

individual groups to a broader structural perspective, emphasizing the patterns of relationships

among actors, including other interest groups, policymakers, and stakeholders (Knoke, 1990).

This structural turn fundamentally reshaped the field, paving the way for methodologies like

social network analysis (SNA) to map and analyze political networks with unprecedented pre-

cision.

SNA introduced a new dimension to the study of lobbying dynamics and interest group

influence by highlighting the strategic positioning of actors within broader networks (Scott,

1991). Research by Baumgartner and Leech (1998) and Knoke et al. (1996) demonstrated

that effective lobbying often depends less on direct financial contributions and more on an

actor’s position within a network. Strategic network positions, such as centrality and brokerage,

allow groups to amplify their influence by controlling or facilitating the flow of information and

resources (see also Mahoney and Baumgartner, 2015).

The application of SNA has proven instrumental in understanding how interest groups orga-

nize and mobilize to exert influence over policymakers. Studies such as those by Mahoney and

Baumgartner (2015) emphasize that the success of lobbying efforts is not merely a function of

financial or material resources but is significantly shaped by the structural positioning of groups
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within networks of policymakers and stakeholders. Similarly, Knoke’s comparative research

on labor politics in the U.S., Germany, and Japan 1996 illustrates how differences in network

structures across countries result in varying levels of influence exerted by labor unions on na-

tional policies. These studies highlight the role of structural and systemic factors in shaping

political outcomes, offering a more nuanced understanding of the mechanisms that underpin

interest group influence.

By leveraging SNA, researchers have uncovered the hidden structures that govern political

influence, moving beyond traditional metrics of group power such as membership size or finan-

cial resources. Instead, the focus is on how interest groups and individuals navigate complex

networks, form alliances, and leverage their positions to maximize their impact on policymak-

ing (Zeng and Battiston, 2016). This network-based approach sheds light on the mechanisms

of power that operate beneath the surface of pluralist democratic systems, offering a more so-

phisticated understanding of how influence is exerted and maintained.

Given the significant role of lobbying activities in shaping public interest, numerous national

and supranational legislative efforts have sought to promote greater transparency in lobbying

practices. For instance, initiatives such as the Transparency register 4 have aimed to regulate

and disclose lobbying activities more effectively. However, systematically profiling the opinions

and interests of lobbyists remains a complex challenge, often requiring innovative approaches

and methodologies (Sluban et al., 2018).

This challenge has been amplified by the rise of social networking platforms, which have

transformed how individuals express their positions and target specific groups or individuals.

Social media platforms like LinkedIn have become powerful tools for professional networking

and public engagement, enabling stakeholders to amplify their influence on public opinion and

policy debates. Concurrently, these platforms have facilitated the profiling of interest group

representatives, particularly lobbyists. Studies such as (Yilmaz et al., 2024) illustrate how digital

engagement and online network positioning not only signal an individual’s influence but also

significantly shape it. In this context, LinkedIn emerges as a modern public agora, where

lobbying efforts can intersect with broader social and professional dynamics.

4Available at https://transparency-register.europa.eu/index en
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Considering that lobbyists do not operate in isolation but rather “work in packs” (Mahoney

and Baumgartner, 2015), understanding how individuals navigate between their digital pres-

ence and offline roles is critical for clarifying their broader impact on legislative processes.

This study aims to bridge the gap between the in-person interaction network associated with

the procedural work of the legislative process for the adoption of the EURO 7 regulation and

the digital interaction network established by the same individuals on LinkedIn. Our analysis

focuses on identifying key behavioural patterns to uncover potential connections between these

in-person and online networks.

The goal of this research is to explore how online and offline interactions intersect, reveal-

ing whether structural correlations exist between these two spheres of activity. By doing so,

we aim to understand how, in cases where offline lobbying activity information is missing or

incomplete, analyzing online activity could help fill these gaps and provide complementary

insights.

The remainder of this paper is organized as follows. In the next section, we review the most

relevant research addressing lobbying activity through the lens of Social Network Analysis.

We then present and describe our research setting and the data collection process. Following

this, we introduce our methodology and the analyses performed, alongside the final results.

The paper concludes with a discussion of the findings and their implications for the study of

lobbying dynamics and interest group influence.

4.2 Literature Review

The application of Social Network Analysis (SNA) in lobbying research has gained signifi-

cant traction in recent years, focusing on understanding the interactions and influence strategies

among interest groups and different actors. One key element in this area of research is mapping

the complex relationships between lobbyists, policymakers, and stakeholders within the polit-

ical process. SNA enables researchers and practitioners to quantify and visualize not only the

single interactions but also the overall structure of these interactions, which can significantly

impact lobbying outcomes. Studies like Baumgartner and Leech (1998) have laid the founda-

tion for network analysis by illustrating how power within the policy domain is concentrated
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among key actors and how these relationships affect the policy process.

Bipartite networks (networks in which there are two classes of nodes and a link can connect

only nodes belonging to two different classes) have been used to profile lobbyists interests as

well as similarity among them(Scott, 2013), but also to connect political actors (Fischer et al.,

2019).

More recent studies have built upon this foundation by integrating SNA into specific sectors,

such as financial regulation, where networks have been shown to shift post-crisis. For instance,

Redert (2022) explored the evolution of lobbying networks in the European financial regulatory

environment following the 2007–2008 financial crisis, demonstrating that crises often lead to a

diversification of lobbying actors and a breakdown of previously cohesive lobbying networks.

This shift has broader implications for understanding how lobbying efforts adapt in times of

regulatory change and crisis.

Furthermore, studies like the one of Kim and Kunisky (2020) proposed to apply advanced

network models to reveal how special interest groups form coalitions and influence legislative

decisions. In their research, they propose the integration of bipartite and community detec-

tion models in these studies has advanced the theoretical understanding of how interest groups

operate within different political structures, such as the U.S. Congress.

The structural analysis of lobbying networks has also expanded beyond traditional political

settings. Hofman and Aalbers (2017) discuss how spaces of lobbying are shaped by both physi-

cal and digital environments, offering a more spatial perspective on the flow of information and

resources within lobbying networks. Their research adds an important dimension to the study of

lobbying by examining the geographical and digital proximity of actors and their access to key

decision-makers, opening the discussion regarding the definition of proximity with the advent

of new communication technologies such as “the internet, phone, virtual meetings, and social

media” (Hofman and Aalbers, 2017).

More recent studies have pushed the boundaries of Social Network Analysis (SNA), apply-

ing it to concepts and elements of discourse.

Fisher et al. (2013), for example, introduced the concept of Discourse Network Analysis

(DNA), which examines the network of concepts linked together like a co-occurrence network,
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representing the relationships between ideas in public discourse as well as in lobbying Leifeld

(2017). DNA has gained traction in the last few years as an effective tool for studying the

lobbying capacity of various actors, as demonstrated by Sick (2023), who applied this method

to analyse the rhetoric used by lobbying groups.

One of the key challenges in accurately representing lobbying activities through Social Net-

work Analysis (SNA) lies in profiling the actors, particularly in capturing their opinions and

interests regarding the issues they aim to influence. Profiling stakeholders based on their roles,

interests, and social positions within a network is an inherently complex task. This complex-

ity is further exacerbated by the tactics and strategies adopted by lobbyists and policymakers

to obscure or deliberately confuse the nature of their activities, despite efforts by national and

supranational authorities to promote transparency, such as through initiatives like the Trans-

parency Register (see Naurin, 2007, Veksler, 2016).

The aim of this research is to propose an innovative approach to addressing these challenges,

particularly in filling the gaps surrounding the activities and profiling of individuals engaged in

lobbying. In our specific case, this approach is applied to the European Union, where the

unique institutional and legislative environment offers both opportunities and complexities for

understanding lobbying dynamics. By integrating advanced SNA techniques with insights from

digital engagement and network positioning, this research seeks to enhance the transparency

and understanding of lobbying practices within the EU context. In the following chapter we

outline the main approaches adopted with the scope of better profiling lobbyists and, eventually,

propose our method of using a multiplex network.

4.2.1 Online and offline networks

Social Network Analysis (SNA) has been widely employed to understand and measure lobby-

ists’ power (Jäger, 2013). However, as highlighted in the previous section, lobbyists’ intent to

obscure their activities can hinder researchers’ ability to accurately portray the structure of lob-

bying networks. This limitation presents a significant challenge to the transparency and analysis

of lobbying practices.

The emergence of social media platforms, however, has created and popularized new spaces
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for interaction among individuals. While the nature and characteristics of individual interactions

on these platforms differ from those in offline contexts, multiple studies have demonstrated

behavioral similarities between the two. For instance, Dunbar et al. (2015), examining Twitter

and Facebook, showed that structural characteristics found in online networks closely resemble

those of offline networks. This suggests that despite the limited range of actions afforded by

these platforms, online interactions can mirror offline relational patterns.

The purpose of social media platforms has evolved far beyond merely sharing moments and

photos with friends. These platforms have rapidly assumed the role of a public agora (Colleoni

et al., 2014, Kruse et al., 2018), where individuals share opinions, organize political actions,

and engage in public discourse (Urman and Katz, 2022). While the rise of social media has

raised concerns about its impact on political processes and public interest (see Boutyline and

Willer, 2017), these platforms have also become arenas for institutionalized political actors

(Sørensen, 2016). Specifically, Sørensen (2016) demonstrated how the active participation of

Danish Members of Parliament on social media has recently increased direct engagement with

citizens, driven primarily by the opening of direct channels of communication.

In this study, we ask whether similar behavioural patterns can be observed within lobbying

dynamics. Specifically, we aim to explore the potential correlation between lobbyists’ inter-

actions on social media platforms and their targeting of specific individuals. By adopting a

multiplex approach (De Domenico et al., 2013, Kivelä et al., 2014), we propose juxtaposing

the formal network of meetings held during the legislative process for EURO 7 with the infor-

mal interaction network of the same actors on LinkedIn. While the formal meeting network

is shaped by technical and procedural necessities (see Chalmers, 2013), the informal LinkedIn

network reflects the free choices and initiatives of individual actors.

We hypothesize that the informal LinkedIn network will exhibit structural dependencies

typical of social networks, such as reciprocity and popularity. Moreover, we anticipate a cor-

relation between the formal meeting network and the informal interaction patterns observed on

LinkedIn. Understanding these connections may offer valuable insights into how lobbyists nav-

igate between formal institutional spaces and informal digital arenas, potentially shaping their

influence in the legislative process. This approach not only sheds light on the interplay between
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formal and informal lobbying practices but also highlights the increasing relevance of digital

platforms in modern political dynamics.

To verify these hypotheses, we employ Exponential Random Graph Models (ERGMs),

which are statistical tools used to analyse and represent the structure of networks by estimating

the probability of connections between nodes based on specific patterns or attributes. ERGMs

capture network dependencies such as mutual relationships, triadic closure, and node-specific

characteristics, providing a realistic model of social interactions. These models are essential for

understanding the social dynamics within networks, predicting future connections, and identi-

fying influential actors or behaviours in complex systems.

4.3 Methodology

The data utilized in this research is multifaceted but can be preliminarily divided into two main

categories. The first category pertains to the EURO 7 legislative process. Specifically, we

collected and mapped the meetings that involved members of EU institutions, company repre-

sentatives, and NGOs representatives. Gathering information on these meetings between EU

institutions and stakeholders enables us to develop a comprehensive understanding of the so-

cial dynamics that unfolded throughout the legislative process. In particular, by analyzing the

topological position of the participants within the process, we were able to identify the key

players who played a significant role in influencing the opinions of both EU institutions and

stakeholders.

Another crucial aspect tied to the EURO 7 legislative process is the ensemble of public

consultations and feedback submitted by stakeholders to the European Commission via its in-

stitutional channel. At the time of data collection, a total of 177 documents were available at

“have your say” dedicated page. These documents are critical to our analysis as the corpus of

text they form allows us to identify the most important topics brought up when talking about

the EURO 7 and, thus, which LinkedIn posts are relevant to our research.

The second category of data concerns LinkedIn activities carried out by individuals involved

in the legislative process in various capacities. Specifically, we focused on the posts written by

these individuals and the publicly traceable interactions among those in our dataset of meet-
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ings. The aim of this dataset is twofold: first, to understand the emotions expressed in social

media posts by individuals involved in the legislative process, and second, to trace and map the

interactions among these individuals.

The data collection outlined here ultimately aims to establish a causal connection between

the two groups of collected data. Specifically, this research seeks to produce a multilayer net-

work, where the layers represent, respectively, the network of meetings held during the leg-

islative procedure that led to the adoption of EURO 7 and the network of online interactions

among the same individuals. The objective of this approach is to develop an understanding of

social dynamics not only in isolation but in a way that takes into account potential correlations

between the two layers.

4.3.1 Data description and Network construction

The dataset consists of 291 meetings (hereafter referred to as an event), with each event attended

by, at least, 2 participants. Given the nature of the data we possess, it is necessary to develop

a method to define our network. Specifically, the network is constructed as follows: for each

dyad i, j within the set of individuals who participated in an event , there is an edge ij.

∀ (i, j) ∈ V, if i, j ∈ event⇒ edge(i, j) = 1

Thus, every event is characterized by a clique, as an edge is assigned to every possible

pair of individuals participating in the same event. However, since there are overlaps between

the groups of participants in various events, using the frequency of meetings between any two

individuals i and j as the weight of that edge results in a network where individuals exhibit

highly heterogeneous topological properties. In Figure 3, a graphical representation of this

network is shown. The network consists of 123 subjects and 1779 edges.

In Figure 3, a graphical representation of the network in question is shown. The thickness

of the ties connecting two nodes represents the weight of the connection, i.e., the total number

of meetings between the two connected individuals. The color of the nodes represents their

affiliation, with EU institution members in blue and external entities in green. The size of the

node reflects the betweenness centrality Freeman et al. (1991) of the node.
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Figure 3: Meetings Network

As seen in Figure 3, several cliques can be easily identified, particularly located in the

peripheral areas of the graph. This suggests that these individuals participated in fewer meetings

with other individuals. At the same time, several central actors can be identified at the core of

the network. This central positioning is a result of their participation in multiple meetings

with a diverse range of individuals, allowing them to establish a broad set of heterogeneous

connections.

In Figure 4, we provide a summary of the characteristics of the network under analysis. As

shown in Figure 4a, the majority of the edges have a weight of 0.5. Since this is an undirected

network, the weight of each edge is halved. The maximum edge weight of 3.5 indicates that,

at most, two individuals met multiple times. By observing the degree distributions (Figures

4b and 4c), we can see that most connections between subjects are relatively weak, especially

when considering weighted edges.

In Figure 4d, we can clearly observe that the vast majority of subjects have a betweenness

centrality close to zero. This result stems from the fact that the network is composed of overlap-

ping sets of cliques, meaning that very few individuals act as bridges between groups. Referring

back to Figure 3, we can see that only a small number of subjects are bridging across different

clusters. This feature, however, is not necessarily a drawback, as it highlights the significance
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(a) Edge Weight Distribution (b) Unweighted Degree Distribution

(c) Weighted Degree Distribution (d) Betweenness Centrality Distribution

Figure 4: Network Analysis Plots

of an individual’s role by virtue of their position within the network.

At this point, it is time to introduce the second dataset, which concerns LinkedIn activity.

With respect to LinkedIn data, we collected a total of 1,630 posts written by the subjects

from either the moment their accounts were created or from the 1st January of 2014. The posts

included in this dataset were either written or reposted by individuals who participated in the

meetings related to the EURO 7 legislative process and, as such, are part of the set of individuals

forming the meeting network introduced earlier.

For each post, all available metadata was collected. Specifically, we gathered the text, hash-

tags, whether the post was a repost (and, if so, the original author), as well as information on

individuals who liked, commented (including the text of the comment), or reposted the post.

While these likes, comments, and reposts do not have a time-stamp and therefore cannot be pre-

cisely positioned in time, they provide valuable insight into the network of people interacting

with these posts, and, in particular, the network of interactions among individuals involved in
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the EURO 7 process. Simultaneously, we gathered information about the posts with which the

individuals belonging to our meeting network interacted. This step is necessary to provide a de-

tailed representation of the interaction network, both among the focus subjects and the potential

neighbors they may have in common.

The construction of this network is much more straightforward: if a person liked, com-

mented on, or reposted someone’s post, a tie is created between the individual interacting with

the post and the post’s author. Unlike the meeting network, the LinkedIn interaction network is

directed.

The resulting graph consists of 58357 nodes and 81991 ties. Focusing exclusively on in-

dividuals who participated in the EURO 7 discussions, the LinkedIn network is composed of

111 nodes and 722 ties. Specifically, the number of nodes in this latter graph is smaller than

the number of nodes in the meeting network because many individuals either did not have a

LinkedIn account or were not active on the platform. In Table 4, we can see a brief description

of the networks and the specification regarding the condition for edge existence. In Figures 5a,

5b and 5c we can see the graphical representations of, respectively, the repost network, the com-

ment network and the like network. The size of the nodes represent the Degree Centrality of

each node while the color represents the emotions they expressed in posts regarding the EURO

7 (see infra). Finally, in Figures 6, 7 and 8 we can see the graphical description of the amount

degree, weights and betweenness centrality distributions of the, respecctively, the repost, the

comment and the like networks 5.

Network Name Condition for Link N. Nodes N. Edges Density

Network Meetings i and j participated in the same meeting 168 1783 0.127

Likes Network i likes a post of j 57002 71368 0.000

Filtered Likes Network i and j are present in Network Meetings and i likes a post of j 105 538 0.051

Comments Network i comments on a post of j 8069 8568 0.000

Filtered Comments Network i and j are present in Network Meetings and i comments on a post of j 80 129 0.020

Repost Network i reposts content from j 1865 2055 0.000

Filtered Repost Network i and j are present in Network Meetings and i reposts j’s content 46 55 0.026

Table 4: Networks Summary

As it can be seen in Table 4, the networks relating to LinkedIn interactions are quite sparse

and the degree distribution is particularly skewed. In Figures 5b and 5c we can see that the

5In the creation of these graphs, we reduced the set of nodes and edges by eliminating all the nodes that were

not reciprocated. Such choice was taken due to the fact that, considering the way in which data were collected,

most nodes had only one link.

54



networks are characterized by a dense core composed by central agents. The ones that compose

the cloudy periphery are the subjects that have interacted with the subjects that participated to

the works for the EURO 7 but that are not strongly connected with the rest of the network.

It appears that these subjects are unrelated individuals that are loosely interested in the posts

produced by the focus subjects.

(a) Repost Network (b) Comment Network

(c) Like Network

Figure 5: Overview of Interaction Networks: Repost, Comment, and Like Networks

In order to construct a multilayer network with the meeting network and the one regarding

online interactions, it was necessary to link the two datasets. Since the data came from different

sources, we had to perform a “names game” (Raffo and Lhuillery, 2009), i.e., finding a way to

ensure a safe matching process while avoiding false positives. After having pre-processed the

names for an easier matching (see Raffo and Lhuillery, 2009), we opted for fuzzy matching, a
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Figure 6: Network Metrics Distributions of Repost Network

Figure 7: Network Metrics Distributions of Comment Network

technique used to compare strings by measuring their similarity rather than requiring an exact

match. Specifically, in our case, we calculated the Levenshtein distance (the difference in terms

of insertions, deletions, and substitutions) (Levenshtein, 1966, Cohen et al., 2003), obtaining

a similarity score. If this score exceeded a threshold of 0.95, the two names were considered

identical. Finally, we performed a manual check for matches with a similarity score above 0.8

to ensure that important observations were not missed.

4.3.2 Sentiment Analysis

Before proceeding with the network analysis, we sought to characterize the individuals based

on the emotions expressed in their posts regarding EURO 7. To this aim, we filtered the posts

for relevance and then analyzed them based on the emotions expressed within the content.

Applying topic modeling to social media posts can uncover the most prominent topics,

while sentiment analysis determines whether the public discourse on these topics is generally

positive, negative, or mixed. This approach has been widely used in public policy and social

Figure 8: Network Metrics Distributions of Like Network
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media studies, offering researchers valuable insights into both the subject matter and the public’s

emotional response (Blei et al., 2003, Pang and Lee, 2008).

Latent Dirichlet Allocation (LDA), introduced by Blei et al. (2003), is a popular method for

topic modeling, particularly for large text datasets. LDA assumes that documents are mixtures

of topics, where each topic is a distribution over words. Mathematically, the model is described

as:

P (w|d) =
K∑

k=1

P (w|z = k) · P (z = k|d)

where P (w|d) is the probability of word w in document d, P (w|z = k) is the probability of

word w in topic k, and P (z = k|d) is the probability of topic k in document d.

In our study, the textual corpus used to train the LDA model consisted of 177 documents

coming from public consultations and feedback submitted by stakeholders to the European

Commission. This choice of corpus was driven by the desire to obtain texts from a diverse group

of stakeholders, all converging on the central theme—EURO 7. This allowed us to bypass the

need for additional classification steps regarding document relevance.

The LDA model was subsequently applied to the LinkedIn dataset, with posts considered

relevant to a topic if the proportion of that topic exceeded 0.45 . This enabled us to analyze posts

most closely related to the identified topics. The number of posts selected for further analysis

was 1331.

Sentiment analysis was then performed on these posts using TextBlob, which assigns a

polarity score ranging from -1 (negative) to 1 (positive). The assignation of a polarity score

is single-word-wise and is based on a previously evaluated corpora of words. The sentiment

scores were categorized into five groups: extremely negative, mildly negative, neutral, mildly

positive, and extremely positive, based on the quantiles of the score distribution. This approach

provided a nuanced view of the emotional tone across the LinkedIn posts (Pang and Lee, 2008,

Shirky, 2011).

In Figure 9, we can see a stacked volume plot of the posts published on topics related

to EURO 7, categorized by the emotion expressed in the text of the post. Specifically, some

notable observations can be made. There is a noticeable increase in the volume of posts starting
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from 2022. Additionally, it is relevant to highlight that there were distinguishable spikes in

activity around the highlighted dates (10th November 2022, 9th November 2023 and 24th April

2024. The presence of these activity spikes suggests a connection between the progress of the

work on EURO 7 and the activities (of the workers themselves) on the social media platform

LinkedIn. In the next section, we will attempt to analytically explore the networks of meetings

and LinkedIn interactions, with the aim of identifying a correlation between these two relational

structures.

Figure 9: Stacked volume of posts divided by emotion (Percentage on the right)

In order to better understand the structural characteristics of the networks we are dealing

with, we decided to utilize Exponential Random Graph Models (ERGM). The use of ERGMs

in this study aims to explore the relationship between two networks: the in-person meeting

network and the online LinkedIn interaction network. By applying a multilayer approach, we

seek to understand how face-to-face interactions might influence online behaviours among the

same individuals, and whether structural correlations exist between these networks.

ERGMs are essential for capturing the complexity of interactions by modeling dependencies

between ties, offering insights into how one network (e.g., meetings) might drive the dynamics

of another (LinkedIn) (Robins et al., 2007). For instance, face-to-face interactions might fa-

cilitate online connections, or online exchanges might influence in-person negotiations (Lusher

et al., 2013).

This multilayer framework considers both the formal nature of the meeting network and the

informal dynamics of LinkedIn, where interactions extend beyond formal contexts (Snijders

et al., 2006). Linking these layers allows us to assess whether frequent or intense in-person
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meetings lead to a higher likelihood of online engagement, and whether the same actors hold

central positions in both networks. These key actors may serve as bridges between formal policy

processes and informal public discussions, amplifying influence across platforms (Yilmaz et al.,

2024).

By examining how the meeting network impacts online interactions, this approach provides

a deeper understanding of how social dynamics in policy making unfold across both structured

and informal environments.

Table 5: ERGMs Coefficient Table for like-network

Model 1 Model 3 Model 5 Model 7 Model 9 Model 11 Model 13 Model 15 Model 17 Model 19

edges -4.295*** -4.416*** -4.478*** -4.365*** -4.368*** -4.594*** -6.411*** -3.513*** -4.056*** -6.781***

(0.059) (0.065) (0.064) (0.062) (0.062) (0.072) (0.124) (0.155) (0.177) (0.264)

mutual 3.558*** 3.417*** 3.382*** 3.530*** 3.549*** 3.359*** 1.606*** 3.570*** 3.357*** 1.514***

(0.157) (0.167) (0.164) (0.157) (0.161) (0.164) (0.202) (0.154) (0.163) (0.204)

comment 5.002*** 4.768*** 4.776*** 4.797*** 3.557***

(0.319) (0.313) (0.335) (0.324) (0.382)

meeting 0.935*** 0.857*** 0.839*** 0.814*** 0.530***

(0.082) (0.088) (0.088) (0.088) (0.113)

betweenness like (in) -0.002*** -0.003***

(0.0002) (0.0003)

betweenness like (out) -0.003*** -0.003***

(0.0002) (0.0003)

degree like (in) 0.131*** 0.140***

(0.007) (0.008)

degree like (out) 0.124*** 0.127***

(0.007) (0.008)

emotion (in) -0.728 -0.012 1.850*

(0.696) (0.745) (0.810)

emotion (out) -3.147*** -2.944*** -1.377.

(0.714) (0.743) (0.826)

inst→ext 0.199 0.072 0.023 0.154

(0.135) (0.146) (0.143) (0.161)

ext→inst 0.663*** 0.613*** 0.608*** 0.394*

(0.119) (0.124) (0.125) (0.156)

inst→inst 0.841*** 0.398. 0.339. 0.430.

(0.164) (0.208) (0.205) (0.258)

AIC 4047 4225 3960 4297 4297 3942 3075 4314 3929 2948

BIC 4071 4249 3992 4321 4337 3998 3123 4346 4001 3052

. p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001

Table 6: ERGMs Coefficient Table for comment-network

Model 2 Model 4 Model 6 Model 8 Model 10 Model 12 Model 14 Model 16 Model 18 Model 20

edges -7.347*** -6.474*** -7.526*** -6.553*** -6.579*** -7.869*** -7.848*** -5.251*** -7.958*** -8.378***

(0.267) (0.180) (0.279) (0.189) (0.200) (0.316) (0.282) (0.443) (0.619) (0.812)

mutual 1.825** 3.552*** 1.522* 3.541*** 3.552*** 1.347* 0.716 4.020*** 1.286* 0.291

(0.614) (0.595) (0.623) (0.608) (0.608) (0.629) (0.686) (0.551) (0.587) (0.696)

like 4.990*** 4.817*** 4.742*** 4.753*** 3.742***

(0.310) (0.320) (0.326) (0.319) (0.384)

meeting 1.594*** 0.772** 0.691** 0.696** 0.035

(0.247) (0.279) (0.280) (0.271) (0.341)

betweenness comment (in) -0.035*** -0.018**

(0.005) (0.006)

betweenness comment (out) -0.028*** -0.020**

(0.006) (0.007)

degree comment (in) 0.597*** 0.331***

(0.054) (0.066)

degree comment (out) 0.495*** 0.302***

(0.065) (0.081)

emotion (in) -3.220. -2.125 -3.166

(1.890) (2.145) (2.799)

emotion (out) -0.902 2.535 3.929

(1.844) (2.047) (2.559)

inst→ext 1.382*** 1.128*** 1.160*** 1.055**

(0.316) (0.334) (0.333) (0.403)

ext→inst 1.010** 0.436 0.438 -0.445

(0.350) (0.437) (0.437) (0.445)

inst→inst 2.241*** 1.579*** 1.591*** 0.916.

(0.367) (0.425) (0.425) (0.557)

AIC 552.2 806.4 545.4 811.5 813 533.5 608.7 845.6 535.4 493.7

BIC 576.2 830.4 577.4 835.5 853 589.5 656.7 877.6 607.5 597.7

. p < 0.1, * p < 0.05, ** p < 0.01, *** p < 0.001
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4.4 Results and Discussion

The two tables present the results of several Exponential Random Graph Models (ERGMs)

applied to both the like-network and the comment-network, which provide insights into the

structural features that influence online interactions related to EURO 7. In these models, the

networks are weighted, where the weight of an edge indicates the frequency of in-person meet-

ings between the connected individuals. The ERGMs explore multiple factors that contribute

to the formation and persistence of ties within these networks, including mutual interactions,

online engagement (likes and comments), and the influence of in-person meetings.

In Table 5, which focuses on the like-network, the coefficient for edges is consistently neg-

ative and highly significant across all models suggesting network sparseness. The positive and

significant coefficient for mutual interactions highlights that reciprocity is a dominant feature

in the network. Users who like each other’s posts are likely to reciprocate, forming stronger

mutual ties over time.

Models that include the comment variable show a strong positive relationship between likes

and comments. This indicates that when individuals comment on a post, they are more likely to

also like that post. This is an expected behaviour, as deeper engagements often involve multiple

forms of interaction.

What is particularly relevant to this study is the role of in-person meetings. The variable

representing meetings is significant across most models, demonstrating that individuals who

meet face-to-face are more likely to interact online through likes. This finding suggests that

real-world interactions foster stronger virtual engagements, reinforcing the idea that personal

meetings enhance online network activity.

Additionally, we see that certain attributes of the participants also play an important role in

shaping online engagement. The directed ties from institutional actors to external stakeholders

show positive and significant coefficients in several models, suggesting that institutional actors

are central to promoting online engagement. This highlights the role of institutions in creating

and fostering online interactions, especially through likes. The AIC values suggest that Model

11, which includes mutual interactions, comments, meetings, and directed ties, provides the

best fit for the structure of the like-network.
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Turning to Table 6, which focuses on the comment-network, similar trends are observed.

The edge coefficient remains negative and highly significant, indicating that not all potential

ties between nodes are realized, which again suggests network sparseness. However, the mu-

tual interaction coefficient remains positive and significant, indicating that users tend to engage

in bidirectional communication, reciprocating by commenting on each other’s posts. This reci-

procity mirrors the findings from the like-network, reinforcing the idea that social exchanges

online are often reciprocal.

The inclusion of the variable for likes shows a strong positive correlation, meaning that

individuals who like posts are also likely to comment on them. This finding indicates that liking

is often a precursor to deeper engagement in the form of comments. The meeting variable, once

again, is significant, indicating that offline interactions lead to increased online interactions,

this time through comments. This supports the hypothesis that real-world connections amplify

digital interactions across both likes and comments.

Directed ties between institutional actors and external stakeholders are significant in several

models, particularly in Model 12. The positive coefficients for these ties suggest that insti-

tutional actors are instrumental in driving online discussions, actively engaging with external

stakeholders and reinforcing the ties between these two groups.

Across both tables, several key themes emerge. First,in line with Lewis (2015), reciprocity

is a dominant force in both the like-network and the comment-network. The likelihood of mu-

tual interactions is high, reinforcing the bidirectional nature of online engagement. Second, we

can notice how degree centrality, have a positive impact on the likelihood of giving and receiv-

ing a like or comment, reflecting a reinforcement mechanism, where higher centrality leads to

continued activity. The correlation between offline meetings and online interactions is evident.

Individuals who meet in person are more likely to engage with one another online, whether

through likes or comments. This reinforces the idea that offline relationships are vital for fos-

tering online networks, suggesting a strong link between face-to-face meetings and subsequent

digital engagement. Finally, institutional actors play a central role in shaping both networks, as

they not only influence the formation of ties but also drive the conversations and interactions

that occur within these networks. At the same time we found mixed or non significant results
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when it comes to the impact that the expressed emotions had on the relations among subjects.

Future research could consider different instruments to assess the positivity and negativity of

the content in a post. Furthermore, another venue for research would regard the opinion re-

garding the EURO 7, rather than the emotion, expressed in a post. This type of approach could

also focus on different structural conformations such as echo chambers and better help with the

profiling. As a matter of fact, for some subjects it is not possible to assess their opinion regard-

ing the EURO 7 regulation and the linked topics. However, it could be possible to estimate the

opinion of one subject by taking into consideration the users they’re interacting with.

This paper wanted to present the characteristics of the networks representing, on the one

hand, the meetings that incurred among subjects within the EURO 7 works and, on the other

hand, the interactions occurred among the same subjects on the social media platform LinkedIn.

The scope of this approach is to propose a multilayer network composed by a formal and a more

informal network and to, by doing so, develop a better comprehension of the relational dynam-

ics that are undergoing and of the prominence of specific actors by virtue of their position within

the position they occupy within one network. With the help of LDA and sentiment analysis we

also tried to characterize the involved subjects according to the opinion they expressed in the

post they shared on the platform with the eventual aim of understanding whether such emotion

can influence the structure of the network. We found some correlations with the two networks

and also highlighted the role that institutional subjects have in driving the interactions on the

online platform but we didn’t find sufficient results for the emotional aspect of our research.

Nevertheless, the preliminary results here highlighted prove to be sufficiently strong and signif-

icant to suggest further research.
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5 I’m Politer than you just because I think you are

Sasha Piccione and Nicolas Jullien6

Abstract

This study examines how participants in Online Open Collaborative Communities,

specifically Wikipedia, express emotions while cooperating considering the limitations of

Computer Mediated Communication (CMC). Using sentiment analysis, we analyse over

312,000 Wikipedia Talk Pages to explore the influence of context on emotional expression.

We assess the arousal (emotional charge) and valence (pleasantness) of comments, correlat-

ing these with the tone of surrounding discussions and the emotional patterns of users. Our

findings show that context, especially at the thread level, significantly influences the emo-

tions expressed, with mimicry and emotional appraisal playing key roles. This research

contributes to understanding the complexities of online collaborative work and offers a

valuable dataset for future studies. The insights could also inform the development of tools

to manage emotions and prevent toxic behavior in online communities.

Keywords— Online Open Collaborative Communities, Wikipedia, Sentiment Analysis.

6IMT Atlantique, LEGO-M@rsouin. Technopole de Brest Iroise, 29238 Brest, France. Nicolas.Jullien@imt-

atlantique.fr
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5.1 Introduction

The COVID-19 pandemic has fostered the diffusion of virtual teamwork, i.e. team members

working independently and communicating through digital infrastructures. This tendency is

connected to the rise of Online Open Collaborative Communities (OOCCs), i.e. communi-

ties in which any users can intervene and participate to the creation process that we witnessed

in the last few decades. Such organizational shift entails several challenges (Marlow et al.,

2017, Morrison-Smith and Ruiz, 2020) as the technical characteristics of such infrastructures

constrain what actions are possible and how the collective work is organized (Ronzhyn et al.,

2023),

and more specifically in this research, the ability of group members to communicate and

coordinate effectively.

Indeed, when looking at the main theories of group coordination, we can discern two

branches. The first group pertains to explicit coordination, encompassing situations where indi-

viduals directly communicate their actions or intentions to identify and manage tasks effectively.

While theories of implicit coordination (e.g. Rico et al., 2008) suggest that, by sharing mental

models, team members can predict and adjust behaviours without communication. However,

the reliance on shared mental models poses limits on the viability of implicit coordination.

For example, in OOCCs there is no formal authority to impose a particular way of working or

solving disputes among participants.

A third alternative to the traditional explicit-implicit coordination dichotomy is coordination

through the work product itself, a particularly effective approach in text-based online organiza-

tions (Bolici et al., 2016, Arazy et al., 2016). This mechanism, akin to the biological process of

“stigmergy” (Grassé, 1959, Marsh and Onof, 2008), is defined by Heylighen (2007) as a process

where “the work [...] done by one agent provides a stimulus (‘stigma’) that entices other agents

to continue the job.”

In this context, the artifact serves as “the sign (or contribution), the interface, the location,

and the processing defining the semantics of stigma in stigmergy” (Ricci et al., 2007). While

stigmergy effectively explains why users converge on whether a task should be addressed, it falls

short of explaining how they agree on the approach to completing it. Coordination requires not
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only consensus on what should be done but also on how to build upon others’ contributions.

These complex actions often necessitate explicit communication Dipple et al. (2014), even in

online environments (see Weltevrede and Borra, 2016, Bolici et al., 2016).

Considering the importance of asynchronous communication in these contexts, the qual-

ity of communication remains a critical factor in determining a virtual group’s performance.

High-quality communication fosters trust (Jarvenpaa and Leidner, 1999, Jarvenpaa and Keat-

ing, 2021, Bleakley et al., 2022) and minimizes the risk of misunderstandings (Hwang, 2013).

However, the anonymity characteristic of Computer Mediated Communication (CMC) poses

significant challenges, stripping interactions of social cues and reducing the emotional depth of

exchanges (Greineder and Blohm, 2020).

In such settings, the only emotions contributors in OOCCs can perceive are those conveyed

through the text used for coordination. This corpus of text serves a dual role: it provides in-

formation about completed and pending tasks while also reflecting the emotional and relational

dynamics at play during earlier stages of the creative process. This interplay highlights the

importance of understanding how text-based communication impacts group dynamics and indi-

vidual emotional expression.

While previous research has focused on how demographic factors influence contributors’

emotions (Gallus and Bhatia, 2020), less attention has been paid to how the collaborative con-

text itself shapes these expressions. More precisely this paper aims to investigate how the

emotions embedded in the text corpus used for coordination influence the emotions expressed

by individuals in subsequent interactions, offering new insights into the emotional dynamics of

virtual collaboration.

To do so, we draw on well-established psychological theories, such as emotional mimicry

(Hess and Fischer, 2022) and Communication Accommodation Theory (Bernhold and Giles,

2022). Both theories emphasize the tendency to adapt or imitate the language and emotional

tone of one’s interlocutors. We aim to investigate how the emotions embedded in the text

corpus used for coordination influence the emotions expressed by individuals in subsequent

interactions, offering new insights into the emotional dynamics of virtual collaboration.

The dataset used in this research consists of collected and processed data from discussions
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taking place in Talk Pages associated with 312,088 Wikipedia Articles. As one of the most

prominent computer-mediated cooperative platforms, Wikipedia serves as an ideal setting for

this study. The platform lacks a hierarchical conflict resolution mechanism (Lerner and Lomi,

2020), relying instead on the autonomous management of conflicts and disputes (Weltevrede

and Borra, 2016).

This research leverages Wikipedia’s fully traceable interaction history, where all comments

and modifications are publicly accessible, to build an extensive and detailed dataset. These

unique characteristics make Wikipedia an exceptional case study for exploring the complexities

and effectiveness of communication mechanisms in virtual teamwork.

Guided by key theories in emotion psychology (Scherer, 2005, Gallois et al., 2005), we

investigated the factors influencing the tone and emotions expressed by users on Wikipedia’s

Talk Pages. These pages serve as the primary space for coordination and planning of knowledge

contributions on Wikipedia (Viégas et al., 2007a).

In this study, emotions are evaluated along two dimensions: arousal and valence. Arousal

reflects the degree of excitement and energy associated with a word or text, while valence

refers to its pleasantness (Warriner et al., 2013). Our analysis spans the Talk Pages of 312,088

articles, assessing the contextual factors that shape the emotional tone of user comments, such

as the general tone of the page, the specific tone of the comment being replied to, and the usual

emotional behaviour of the comment’s author.

Unlike previous studies on Wikipedia’s Talk Pages (Gallus and Bhatia, 2020, Iosub et al.,

2014), this research builds its variables solely on the information visible to participants—specifically,

the text of the comments. By focusing exclusively on observable data, such as user interactions

within Talk Pages, we aim to provide actionable insights and recommendations for practitioners.

For this reason, we excluded unobservable elements, such as demographic information, which

are inaccessible to Wikipedia contributors and hence irrelevant for the scope of our study.

The results show that the emotions expressed in the context are positively correlated with the

emotions expressed by users in subsequent comments. Furthermore, in line with Communica-

tion Accommodation Theory (CAT), we demonstrate that the subjective evaluation of emotions

within the context influences deviations from the author’s emotional baseline. This mechanism

66



also emerges in cases of extreme behaviour, where the context significantly impacts the like-

lihood of high-valence or high-arousal comments. Interestingly, the magnitude of contextual

influence varies across levels, with the thread level consistently emerging as the most impactful.

This research contributes in two primary ways. First, it provides insights into how the

emotions expressed by users in collaborative settings are shaped by the ongoing discussion

and context. Second, it proposes a tailored methodology to test well-established theories, such

as mimicry and CAT, in a setting characterized by a substantial number of observations and

near-complete transparency of the information accessible to participants. This transparency

minimizes the number of extraneous variables, enabling a more focused and robust analysis.

The chosen research setting not only facilitated the production of a large dataset—an important

contribution in itself—but also allowed us to construct it with a comprehensive understanding

of the data available to the observed subjects.

In sum, this study not only advances our understanding of the role of emotions in collabo-

rative online environments but also offers a replicable methodological framework for exploring

the interplay between emotion, context, and cooperation in other settings.

The article is structured as follows. In Section 5.2 we provide provide an overview of the

characteristics of the relationship between coordination with a particular focus on Computer

Mediated Communication environments. Taking inspiration from main psychology theories

regarding emotion expression, we provide insights regarding the role of the context in defining

one’s emotional expression. In Section 5.3 we present our case study and the method we used

to construct the dataset. Section 5.4 present our results, before discussing in Section 5.5 the

relevance of our first results, but also their limitations and how they can be addressed with the

aim of furthering the research area in which this paper is set.

5.2 Literature review

In this research we aimed at studying the contextual factors that influence the way in which

people express their emotions in Wikipedia Talk Pages. In order to do so, in this section we will

present the role that emotions play in cooperative process and how they are experienced and

expressed by individuals. We, then, explore the peculiarities of Computer Mediated Commu-
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nication (CMC) with particular attention to the role of communication and its different forms.

We, then introduce Wikipedia, our case study that exemplifies CMC environments. We present

its peculiarities and recent findings in studies relevant to our research. This will allow us to

propose a specification of the emotions we intend to analyse and to define our hypotheses.

5.2.1 The role of emotions in communication

Communication does not regard only the transfer of information but also contextual aspects.

Affective communication is used to communicate information on the goals, beliefs and intents

of an individual towards social exchange (Van Kleef, 2009). This “information” helps group

members to coordinate their efforts. For instance, (Tsai et al., 2012) found that higher positivity

in the tone expressed by group members can compensate for a lack of trust within the group,

positively impacting creativity in low-trust contexts. Furthermore, according to the literature

on psychological safety and voice behaviour, when team members feel safe and comfortable

in their environment, they are more likely to express their thoughts and encourage others to

participate in team tasks (Edmondson, 1999, LePine and Van Dyne, 1998). In high-trust groups,

the communication of anger and disappointment can foster cooperation by preventing retaliation

dynamics (Wubben et al., 2009). Additionally, the communication of emotions plays a crucial

role in building trust, as it helps determine and enforce social roles (Vivian et al., 2016).

Several studies have proved the idiosyncratic aspects that influence emotion expression,

such as gender, social status (Gallus and Bhatia, 2020, Hargrave and Langengen, 2021), as well

as the language and the vocabulary one can use to communicate with others (Panayiotou, 2004).

Positions of power also affect how people express themselves (Berdahl and Martorana, 2006),

and this can be leveraged by the recipients of the communication. This last aspect seems to

indicate that emotions are also context-dependent: one feels and expresses an emotion accord-

ing to one’s perception and evaluation of the context. Indeed, according to general appraisal

theory (Scherer, 2005), the emotions one experiences and expresses - through facial and body

expressions, voice tone, and lexical choice - result from an individual’s evaluation of a specific

external stimuli. In various contexts, individuals use personal dispositions and social principles

to appraise and react to external stimuli (Scherer, 2021). In teamwork contexts, emotions can

68



be triggered by internal or external stimuli if they are evaluated as goal-relevant (Watzek et al.,

2019).

Shifting to an approach that adopts a more interactive view, Communication Accommoda-

tion Theory (CAT) (Bernhold and Giles, 2022) and theories regarding emotional mimicry (Hess

and Fischer, 2022) focus on the interaction between subjects and the perception-behaviour link

(Chartrand and Bargh, 1999). They suggest that people involved in an exchange tend to con-

verge their verbal and nonverbal communication (Swaab et al., 2011). Such convergence in-

volves enacting behaviours and emotional expressions similar to those of the interlocutor, as

speakers use both conscious and unconscious mimicry mechanisms to signal the sharing of

appraisals and intentions (Hess and Fischer, 2022).

While these theories primarily address contexts rich in social and contextual cues, such as

those providing information about the identity or emotions of the interlocutor, the dynamics

can be markedly different in online open collaborative communities. In these environments,

the reconstruction of social identity and the identification of interlocutors’ emotions must be

achieved with far less contextual information, relying almost entirely on the textual content of

interactions. This shift from rich, face-to-face interactions to sparse, text-based communication

introduces unique challenges and adaptations that warrant closer examination. These nuances,

specific to online contexts, will be explored in greater detail in the following subsection.

5.2.2 Communication and coordination in Online Open Collaborative Communities

Online Open Collaborative Communities (OOCCs) are organizations formed by geographically

dispersed users. In these communities, the identities of participants are not necessarily known

and, in some cases, may even be indiscernible (Tanis and Postmes, 2007, Faraj et al., 2011).

These users collaborate to achieve a shared goal, distinguishing OOCCs from general Online

Communities (OCs) such as Facebook and Instagram.

The fluid nature of OOCCs enables the definition of goals of interest through stigmergy,

as noted by Elliott (2016), Crowston and Rezgui (2020), Zheng et al. (2023). The concept

of stigmergy was proposed by Grassé (1959) to describe how termites indicate to each other

the position in which they are expected to leave building material by impregnating such build-
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ing material with specific hormones. Such dynamic can be used to explain how ant can guide

others to food sources or how architects and builders coordinate their tasks through artifacts

such as drawings Christensen (2007, 2013, 2014, 2013). Stigmergic coordination has been em-

phasized in more complex processes where individuals must coordinate their actions using a

particularly limited amount of information. Specifically, Bolici et al. (2016), in analysing inter-

actions among individuals in Free/Libre Open Source Software (FLOSS) projects, highlighted

how the artifact itself serves not only as a product but also as a coordination tool. Each indi-

vidual coordinates their actions by observing what has already been done, ensuring that their

contribution aligns with previous work and facilitates coordination for future contributors. Sim-

ilarly, in OOCCs, contributors can coordinate by relying on indirect communication, either by

creating artifacts (Susi and Ziemke, 2001) or by modifying them (Dorigo et al., 2000). In the

case of OOCCs, when individuals collaborate on a shared project, their efforts and the resulting

changes serve as encouragement for others to participate and contribute as well (see Dorigo

et al., 2000).

Stigmergy, while effective in explaining how users converge on the decision of which topics

to address, falls short of explaining how they converge on how these topics should be addressed.

As a result, horizontal organizations often require dedicated spaces for explicit communication,

enabling participants to coordinate not only on what needs to be done but also on how to con-

tribute to others’ work.

Computer-mediated communication (CMC) in such contexts, however, is inherently chal-

lenging due to issues related to anonymity, deindividuation, and the fluidity of social identi-

ties. The fluid nature of these communities complicates the definition of contributors’ social

identities, normalizing anonymity and fostering ambiguity regarding the identities of partici-

pants (Faraj et al., 2011). Anonymity, in turn, has mixed effects on collective production pro-

cesses (Tanis and Postmes, 2007). According to general deindividuation theory (Coe et al.,

2014), anonymity can encourage aggressive behaviour. Conversely, Social Identity theories

(see Hornsey, 2008, for a review) suggest that anonymity may enhance the salience of group

identity, increasing the influence of social norms on individual behaviour.

In the absence of clearly defined social identities, contributors must rely on limited social
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cues, which are often difficult to discern. The spaces where users interact to coordinate col-

lective creation processes also serve as the primary source of social cues and, consequently, of

social roles that guide users’ expectations about others’ behaviour (Walther, 1997). In particu-

lar, written messages left by contributors act as artifacts that, in a manner resembling stigmergic

mechanisms, signal not only the content—the information to be transferred—but also the con-

text, including emotions, appraisals, and social cues.

These textual artifacts are thus central to coordination. As noted by Arazy et al. (2016),

the artifact encompasses not only the final output but also the entire history of changes, con-

tributions, and communication among contributors. This corpus represents the foundation of

asynchronous, computer-mediated communication that characterizes these platforms. Text pro-

vided by peers serves as normative guidance to which contributors tend to adhere (Rösner and

Krämer, 2016). However, despite the importance of expressed emotions in collaborative pro-

cesses, the role of contextual factors in regulating the emotions expressed by users in CMC

requires further investigation. The next subsection explores why Wikipedia provides a rich case

study for addressing these questions.

5.2.3 Wikipedia: an exceptional case of anonymous cooperation

Wikipedia is a social media platform that has increasingly attracted attention due to its pecu-

liar affordances (social and technical characteristics that allow specific actions - and dynamics

(Weltevrede and Borra, 2016) and the relevance of its main output available to subjects who are

not contributors. The attention it has gathered ranges from different disciplines, from organ-

isation theory (Forte et al., 2009) to gender studies (Gallus and Bhatia, 2020) and to political

sciences (Rijshouwer et al., 2023). Even though Wikipedia exemplifies an emerging collabo-

rative organization (Padgett and Powell, 2012), its collaboration process is neither linear nor

peaceful, as conflicts and “edit wars” are common occurrences on the platform (Weltevrede and

Borra, 2016).

From an editorial point of view, the core affordance of the system is to organise the collabo-

rative creation of an encyclopedia, and to regulate the contributions as they all come together to

form a single corpus. Such mechanism is summarised in the opening sentence on its welcome
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page: “the free encyclopedia that anyone can edit.”

More concretely, the Information System is built to accept only those contributions that

are both good (that add knowledge to the existing set) and correct, i.e., that the content of the

contribution can be agreed upon by users (Rijshouwer et al., 2023).

This organisational layout and these processes are embedded in the tools that allow contribu-

tors to participate, and allow for some forms of “stigmergic” dynamics and mechanisms (Zheng

et al., 2023): contributors can coordinate by relying on indirect communication by creating ar-

tifacts (Susi and Ziemke, 2001) or leaving specific traces Dorigo et al. (2000). For instance,

Zheng et al. (2023) suggest that, by contributing - i.e. adding content, sources or editing - users

of the community signal the relevance of a given topic to others and, by doing so, elicit their

intervention.

However, coordinating suppose a consensus on what is to be done, and how one can add

to someone else’s work. Considering that contributors intervene when they believe that the

reported information is wrong or not satisfying, it takes time to reach a collective agreement

and coordination has phases of discussion, debate, even fights (Kittur et al., 2007).

A significant proportion of the planning and quality control processes associated with Wikipedia

articles are conducted on the platform’s Talk pages. This observation is supported by the find-

ings of Viégas et al. (2007a) and Gallus and Bhatia (2020). A Talk page is associated with each

Wikipedia article. This page is intended for the submission, discussion and critique of contribu-

tions or changes made by other users. Similarly, the discussion process follows a thread format,

whereby users can either initiate a new discussion or reply to a specific comment.

In light of the significance of a productive and accommodating discussion in terms of knowl-

edge production (Jarvenpaa and Keating, 2021), it is crucial to identify the factors that contribute

to a positive and constructive discussion in this environment. It is therefore necessary to ascer-

tain whether the emotion expressed in written comments on Wikipedia’s Talk Pages is linked

to the subject matter and to determine the impact of such comments, as the primary contextual

elements, on the tone of a new comment. In the following subsection we expose the dimensions

of emotions that we intend to explore and propose our hypotheses.
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5.2.4 Hypotheses on emotion expression

In this study, similarly to (Gallus and Bhatia, 2020), we consider emotions in two dimensions,

i.e., valence and arousal. The former indicates the positivity of an emotion while the latter

regards the intensity of that emotion. The reasoning behind this choice is twofold. On the

one hand, these two emotions, together with power, have largely been considered the main

emotional components of verbal expressions (Bradley and Lang, 1999). At the same time, the

dataset provided by Warriner et al. (2013) comprises a particularly wide set of evaluated words

which, as we will see, will facilitate our approach to estimate the emotions expressed within

a corpus of text. In Section 5.3, we provide a thorough description of the measurement of

these emotions. The choice of these two dimensions is driven by their frequent use in psychol-

ogy research when evaluating the emotions expressed through words (Bradley and Lang, 1999,

Osgood et al., 1957). We decided to consider only valence and arousal

As previously discussed, the theoretical explanations regarding the contextual factors that

influence the emotional expression of a subject can be divided into two main groups.

The mimicry behaviour, i.e., when someone’s verbal and non-verbal communication style

and content converge with that of their interlocutor. In the case of Wikipedia’s Talk Pages, the

context is limited to the text that other users have written. This theory aligns with Rösner and

Krämer (2016), who suggest that the text embodies a normative set of guidelines to which users

tend to adhere. The emotional intensity expressed by the corpus of text representing the context

that the user faces should influence the new comment’s emotional intensity. We, therefore,

hypothesize:

H1. The emotional valence (arousal) of a comment is positively associated with the valence

(arousal) level of the contextual text in which it is embedded.

The second group of theories that seek to understand how context influences the emotions

experienced and expressed by an individual, which we have considered in this research, aims to

highlight how such a connection must involve the subject’s evaluation.

Emotional appraisal theory (Scherer, 2005) and Communication Accommodation Theory

(Gallois et al., 2005), in fact, imply that an individual experiences and expresses an emotion

based on their evaluation of an external stimulus.
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In our specific case, the external stimulus is always the corpus of text visible to an indi-

vidual within the Talk Page. In this research, we assume that appraisal occurs by using each

individual’s own language as the baseline. More specifically, subjects will perceive a comment

as having a high level of arousal if its arousal exceeds what they typically express and consider

to be the norm. According to the (CAT), if an individual appraises the emotion expressed in the

context as having higher valence (arousal), they will adjust their language to align more closely

with the perceived language of the context.

We, therefore, hypothesize that:

H2. A user’s deviation from their baseline emotional expression is positively associated with

the difference between their idiosyncratic arousal (valence) and the arousal (valence) expressed

in the context.

In the next section we show the data we utilized and will discuss the method to verify our

hypotheses.

5.3 Data and Methods

This section outlines the data collection and methodology used to analyse the emotions ex-

pressed in comments on Wikipedia Talk pages. By linking each comment to its contextual

elements and the author’s previous activity, we aim to understand the factors influencing the

emotions conveyed.

The data collection and methodology were designed with a primary focus on the data to

be analysed, specifically the emotions of a comment on a Wikipedia Talk page. To understand

which factors might have led to a particular emotion, we aimed to gather all information regard-

ing the contextual elements that the author of the analysed comment might have seen before

posting the comment. To achieve this, we linked each observation (the comment) with all the

preceding contextual aspects present on the Talk Page, as well as with the characteristics of the

author’s previous activity, including their prior contributions to any article’s content page and

Talk Page.
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5.3.1 Data Collection

The scope of the data collection was limited to content created on English Wikipedia as the

methodology we used is based on a sentiment measurement based on a survey of English speak-

ers Warriner et al. (2013). The data collection process was carried out through a web scraping

bot developed using a Python script7.

The data collection protocol was designed in three stages. The first phase is represented by

the selection of the Articles that would constitute the basis of our dataset. After such selection

process, we would collect the information about the discussion present in the Talk pages linked

with the selected articles. Finally, we would check the history of the activity of each subject

that we identified in the previous phase and would collect all the information regarding direct

contributions to Articles and all the comments on Talk Pages.

We first selected all the Today’s Featured Articles highlighted on the English Wikipedia

welcome page between December 1st 2019 and December 31st 20198.

The scope of such choice is twofold. On the one hand, we wanted to take into account

articles that are generically considered to be high quality articles (Viégas et al., 2007b) and, thus,

according to Viégas and Smith (2004), the related Talk Pages should be particularly dense. At

the same time, however, differently from other scholars (Gallus and Bhatia, 2020, Prabhakaran

and Rambow, 2016), we did not want to start from articles that were already considered as

controversial but rather have a representation of the diversity of the topics covered by Wikipedia,

and thus of its contributors, as according to the subject the composition of the teams writing the

article varies (as the level of subject expert participation in the text produced, see Yarovoy et al.,

2020).

Having collected the first 31 articles, we looked for the hyperlinks present in each Article

that lead to other Articles and added such Articles to our initial set, obtaining a temporary set of

articles. The same process was repeated on these articles obtaining, thus, 312,088 articles. This

second phase of the process was designed to guarantee a sufficient degree of both similarity and

diversity among the articles considered. This degree of diversity allows to control for topic-

7The code will be available in a Git repository.
8A Featured Article is an article chosen by Wikipedia’s editors as considered to be exemplary for its accuracy,

neutrality and completeness. The choice is carried out through an election. Currently, there are 6424 Featured

Articles, i.e. 0, 09% of all Wikipedia’s Articles.
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specific confounding factors.

When it comes to observe the context, we must be careful and consider the context that the

user is actually seeing. For instance, we expect that the thread in which a comment is posted has

a stronger impact on the emotion expressed than the overall Talk Page. We, therefore, propose

to consider different layers of context, i.e., the overall Talk Page, the Thread and comments that

have been previously exchanged with the intended recipient (the “dyadic” level). The comments

sent by users to other users in Talk Pages represent the core object of analysis in this research.

For each comment, we needed to define the sender, the receiver, the thread in which it was

posted, the state of the Talk Page at the moment in which it was posted. The latter aspect would

define the contextual aspects that we consider together with the comment, i.e. what the author

of the observed comment could see before posting the comment. Looking at Figure 10, we

can see an hypothetical scenario. When collecting Comment (C), we would consider the iden-

tity of the receiver (the author of comment (B)), the comments posted in the thread (α) before

comment (C) was posted - thus, comments (A) and (B) - and the comments posted in the talk

page before comment (C) was posted - thus, comments (A), (B) and (E). The combination of

these elements provides a clear understanding of contextual aspects and distinguishes between

events and activities before and after the comment. To evaluate the emotion within the thread,

comments (A) and (B) are taken into consideration. To evaluate the emotion within the overall

Talk Page, comments (A), (B) and (E) are considered. To make sure that we would cover all

the comments posted in a Talk page we took into consideration also the archived discussions

with the aim of having all the information regarding the Talk Page at the moment in which the

observed comment was posted. During this phase we discarded all the comments posted anony-

mously as we could not track their history to study their baseline emotional expression. We,

nevertheless, considered them when rebuilding the context. Eventually, we obtained 1.396.531,

each of which represent an observation in our dataset.

We then collected the activities carried out by the subjects identified in the previous process.

For what regards the contributions to articles, we collected the time-stamp of each subject’s

contribution, the byte value of the contribution, and the article in which the contribution was

made. As for comments, we collected all comments of each subject regardless of the Talk Page
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Figure 10: Stylized structure of Talk page

on which they were posted. For each comment, we collected information about the sender and

receiver, the time-stamp, and the Talk page on which it was posted. It is important to note

that the comments collected during this phase are not the object of analysis but rather serve to

characterize the past activity of the subjects.

5.3.2 Measuring emotions

As mentioned earlier, in this study we take into consideration emotions in two dimensions, i.e.

Valence and Arousal. In order to estimate and measure the emotion that a comment has we rely

on the dataset of ratings created by Warriner et al. (2013). Figure 11a shows a sample of words

evaluated within such dataset.

For what regards the measurement tools, we rely on two main methods, i.e. Word Frequency

Averaging (WFA) and Embeddings (EMB) methods.

5.3.3 Word Frequency Averaging

Word Frequency Averaging, put simply, measures how often a word appears in a text (Humphreys

and Wang, 2018). In order to do so, the comment is first tokenized by converting it to lowercase,

removing all punctuation, and splitting it by white space. This transforms the comment into a
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“bag-of-words” representation, consisting of a set of component words and their frequencies.

Next, the WFA method queries the Warriner et al. (2013) lexicon for the valence and arousal

ratings of each word. The valence or arousal ratings for all words present in the lexicon are then

averaged to obtain an overall measure of the comment’s valence or arousal.

For example, if a comment contains words that are all found in the Warriner et al. lexicon,

the method will average the ratings for each of those words to produce a single valence or

arousal score for the entire comment. This provides a straightforward way to quantify the

emotional content of comments based on the known emotional ratings of the words they contain

(Warriner et al., 2013).

(a) Sample words illustrating Valence and Arousal (b) Density Plot of Valence and Arousal

Figure 11: Overview of Valence and Arousal in Warriner et al. 2013

5.3.4 Word embedding

One limitation of the WFA (Word Frequency Analysis) method is that not all comments contain

words from the Warriner et al. (2013) lexicon, and many commonly used words are missing

from this lexicon. To address this and improve our results, we use another approach: the word

embeddings method.

Word embeddings are tools in computational linguistics that represent word meanings as

high-dimensional vectors, based on word co-occurrence patterns in language. These vectors are
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useful for various text analysis tasks. For more details, see (Gallus and Bhatia, 2020) or (Lenci,

2018).

In this study, we use word embeddings to extend the valence (emotional value) and arousal

(emotional intensity) ratings from Warriner et al. to other words found in Wikipedia comments

that are not in their lexicon. We use the Google News word2vec embeddings model, which

provides 300-dimensional representations for over 3 million words and phrases (Mikolov et al.,

2013).

We first map each word in the Warriner et al. (2013)lexicon to the word2vec embedding

space and use their valence and arousal ratings to train an algorithm to predict these ratings for

the 3 million words in the word2vec model. This allows us to measure the valence and arousal

of many words in Wikipedia comments, even those not in the Warriner et al. (2013) dataset. For

more details on this method, see Hollis et al. (2017).

Each word in the Warriner et al. (2013) lexicon is represented as a vector in the word2vec

space. We use the valence and arousal ratings to develop a function that maps these vectors to

their ratings. Assuming this function is linear, we train it using ridge regression from the sci-kit

learn Python library.

With this trained function, we can predict the valence or arousal of any word or comment.

For a Wikipedia comment, we tokenize it (convert to lowercase and split by spaces), average the

word vectors for each word in the comment, and pass this comment vector through our function

to get the predicted rating. This approach combines the vectors of all words in a comment into

a single vector before predicting the valence or arousal rating, instead of predicting ratings for

each word individually and then averaging them as in the WFA method. Since our function is

linear, this method gives the same result.

5.3.5 Variables

In this research we focus on the emotions and the tone expressed by users when commenting

in Talk Pages and the motivation that might drive such tone. When considering the dependent

variables, which include all possible emotions expressed through comments, the choice and

selection criteria are straightforward. However, when it comes to the independent variables, it is
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important to keep in mind the premises formulated during hypothesis development. Considering

the literature regarding social cues (see Tanis and Postmes, 2003, Rutter and Stephenson, 1979)

and contextual characteristics, we focused on the elements that users see in the Talk Page before

commenting. We analysed the impact of different levels of granularity on the tone of the user’s

comment.

At the same time, however, with the aim of better understanding the potential differences

between current and past behaviours, we wanted to consider and collect different aspects of

user activity history in terms of knowledge contributions on the Article Pages and discussion

contributions on the Talk Pages.

5.3.6 The dependent variables: the comment tone

The main focus of this research is the emotion expressed by users when answering to someone

else in Wikipedia’s Talk pages. The Valence and the Arousal of each comment was evaluated

using both WFA and EMB methods represent our main dependent variables .

To test hypothesis 2, we needed to assess the author’s evaluation of the contextual emotion.

We define the subjective estimate as the difference between the valence (arousal) previously

expressed by the author and the valence (arousal) present in the context with which the author

is confronted. Similarly, we defined the change in the comment, the dependent variable used to

verify hypothesis H2, as the difference between the valence (arousal) expressed in the comment

and the valence (arousal) previously expressed by the author.

In Table 7.3, we provide an overall description of these variables.

5.3.7 Independent variables: the context

The context is defined by the comments that can be seen in the Talk Page by the author of the

comment that is taken into consideration. In our specific setting, the context can be split in three

levels: the previous comment in the discussion (the one the author is responding to), the thread,

and the page.

The Dyadic Arousal and Dyadic Valence respectively represent the Arousal and the Valence

of the comments received by the sender from the author of the comment the sender is answering
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to. In order to measure the tone, we joined together all the considered comments in a unique

string. The string was then analysed using WFA and using Word Embeddedness for the words

not contained in the dictionary provided by Warriner et al. (2013). Taking a broader perspective,

we consider the Thread in which the author posted the observed comment, calculating, thus, the

Thread Arousal and Thread Valence. The same logic has been applied to the Page Arousal and

Page Valence.

Similarly to what we have done for the observed comment, we wanted to take into consid-

eration the difference between the tone of the comments that the user would be facing before

posting their own comment and the user-specific language before the comment i.e. the Subjec-

tive Thread Arousal (Subjective Thread Valence) .

For what concerns users’ idiosyncratic tone, we defined the User Arousal and User Valence

as the user-specific emotional language used before the observed comment. In order to calculate

such variables, we collected all user’s comment posted in Talk Pages before the comment under

analysis and joined them in a unique string. The Arousal and the Valence of the obtained string

would be estimated using both WFA and EMB methods.

We also planned to collect metadata regarding users’ activity on Wikipedia with the aim

of enriching our comprehension of the phenomenon at hand. For instance, we collected in-

formation about the contributing activity (edits to articles). We observed the total amount of

contribution in Articles (User Contribution Production) and in Talk Pages (User Comment Pro-

duction). At the same time we considered Age as the time since the first comment (in months).

The overall idea behind the variables chosen for representing the users activity was to, on the

one hand, obtain an idea regarding the experience of the user (e.g., User Contribution Pro-

duction) and, on the other hand, the characteristics of users’ contribution activities (e.g., User

Comment Density).

A thorough description of the listed variables can be found in page 119.
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5.4 Results

5.4.1 Descriptive statistics

In order to evaluate the emotions expressed in the focus comment and to connect them to the

different contextual levels, it was necessary to ensure that certain requirements were met. For

instance, a comment could be considered if it was responding to another comment. Conse-

quently, we were unable to consider as an object of analysis the comments that were starting

a thread. Similarly, it was necessary to ensure that the comments being analysed were on a

page with at least two threads. If there was only one thread, the text at the thread and page

levels would be identical. Finally, the focus comment had to be written by a subject who had

previously logged in and contributed at least once. Due to the fact that many of the collected

comments represented users’ first comment’s and, therefore, we were not able to evaluate the

emotions expressed by the user in previously posted comments. For such variable, in fact, we

have 1,148,677 observations. For the same reason, we have fewer observations regarding the

tone expressed by the receiver of the comment analysed 1,160,575. When it comes to the con-

textual factors, we lack the pages in which there was no previous thread (obtaining, thus, a total

of 1,296,621 observations) and lack the threads in which the comments preceding the observed

comment were non-readable, absent or written by an IP (obtaining a total of 1,038,095 obser-

vations). The number of observations do not depend on the method utilized to evaluate the

comments. In Table 7.3 we can see an overview of the variables we collected.

5.4.2 Regression analyses and hypotheses checking

In order to check and validate our hypotheses, we carried out a linear regression analysis. We

opted for Ridge Regression as the primary method. Ridge Regression offers significant advan-

tages over Ordinary Least Squares (OLS) regression, particularly in cases where multicollinear-

ity exists among the independent variables. Multicollinearity causes instability in OLS esti-

mates, leading to high variance in the coefficient estimates, which in turn makes them highly

sensitive to small variations in the data. Ridge Regression addresses this issue by adding a reg-

ularization term to the cost function, effectively shrinking the coefficients towards zero. This

shrinkage reduces variance, resulting in more stable and reliable estimates. As described by
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James et al. (2023), Ridge Regression estimates the coefficients, β, by minimizing the follow-

ing expression:

n∑

i=1

(yi − β0 −

p∑

j=1

βjxij)
2 + λ

p∑

j=1

β2

j , (17)

where λ is a regularization parameter controlling the extent of penalization applied to the

regression coefficients. To identify the optimal value of λ, we employed a grid search combined

with 5-fold cross-validation. Using the selected λ, the model was retrained for final analysis.

To evaluate the statistical significance of the regression coefficients, we utilized non-parametric

bootstrap confidence intervals (Efron and Tibshirani, 1994). Specifically, a coefficient was

deemed statistically significant at the α% level if zero was not contained within the (1 − α)%

confidence interval. Previous studies have demonstrated the applicability of bootstrap methods

in Ridge Regression (Sabbaghi, 2019, Crivelli et al., 1995).

Before conducting the analysis, all independent variables were normalized to have a mean of

zero and a standard deviation of one. This normalization ensures consistent penalization across

features, preventing variables with larger magnitudes from disproportionately influencing the

model.

This methodological framework enhances the interpretability and robustness of the model,

effectively minimizing overfitting while maintaining an optimal balance between bias and vari-

ance.

Table 7 shows the results of the Ridge linear regression analysis regarding the contextual

emotion evaluated with the WFA method while Table 8 considers the emotions evaluated with

the Embedded method.

Comparing the models reveals several key insights. First, examining the relationship be-

tween the two emotional dimensions, we observe that they are positively correlated within

individual comments. This finding may reflect a specific characteristic of language and the

way individuals express themselves. However, as shown in Table 8, Models 1b and 2b exhibit

opposite behaviour. More precisely, the correlation between arousal and valence depends on

the method used to evaluate these dimensions within a text. We can see better the relationship

between the two emotional dimension compared in Figure 11. This divergence in the relation-
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Table 7: Ridge Regression with contextual emotions (WFA)

Model Model 1b Model 2b Model 3b Model 4b

Arousal Valence ∆ Arousal ∆ Valence

Const. 0.0000 0.0000 0.0000 -2.666e-17

(0.002) (0.002) (0.002) (0.005)

Comment Valence -0.1749***

(0.002)

Comment Arousal -0.1777***

(0.004)

Page Valence 0.0038*** 0.0715***

(0.008) (0.003)

Page Arousal 0.0718*** 0.0121***

(0.003) (0.003)

Thread Arousal 0.2293*** 0.0269***

(0.002) (0.003)

Thread Valence 0.0130*** 0.1910***

(0.003) (0.003)

User Valence 0.0047* 0.0635***

(0.007) (0.002)

User Arousal 0.0678*** 0.0152***

(0.002) (0.002)

Receiver Arousal dyadic 0.0135*** 0.0038

(0.003) (0.003)

Receiver Valence dyadic -0.0050 0.0240***

(0.007) (0.002)

Comment Valence (rel) -0.1759***

(0.002)

Comment Arousal (rel) -0.1777***

(0.002)

Valence Page (rel) -0.0207*** 0.0738***

(0.002) (0.003)

Arousal Page (rel) 0.0977*** 0.0210***

(0.003) (0.003)

Valence Thread (rel) 0.0271*** 0.1767***

(0.002) (0.003)

Arousal Thread (rel) 0.2029*** 0.0216***

(0.003) (0.003)

Valence Receiver Dyadic (rel) -0.0034*** 0.0613***

(0.004) (0.004)

Arousal Receiver Dyadic (rel) 0.0626*** -0.0085***

(0.004) (0.004)
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Table 8: Ridge Regression with contextual emotions (EMB)

Model Model 1a Model 2a Model 3a Model 4a

Arousal Valence ∆ Arousal ∆ Valence

const 0.0000 0.0000 0.0000 0.0000

(0.000) (0.000) (0.000) (0.000)

Comment Valence 0.1037***

(0.002)

Comment Arousal 0.1008***

(0.002)

Page Valence -0.0063** 0.0691***

(0.003) (0.003)

Page Arousal 0.0558*** -0.0039

(0.003) (0.002)

Thread Arousal 0.2114*** -0.0192***

(0.003) (0.002)

Thread Valence -0.0057 0.2269***

(0.003) (0.002)

User Valence -0.0111*** 0.0935***

(0.002) (0.003)

User Arousal 0.0806*** -0.0022

(0.002) (0.003)

Receiver Arousal dyadic 0.0444*** 0.0073

(0.003) (0.003)

Receiver Valence dyadic -0.011 0.0348***

(0.003) (0.003)

Comment Valence (rel) 0.1020***

(0.002)

Comment Arousal (rel) 0.1013***

(0.003)

Valence Page (rel) -0.0114*** 0.0738***

(0.002) (0.002)

Arousal Page (rel) 0.0648*** -0.0110***

(0.003) (0.003)

Valence Thread (rel) -0.0044 0.2111***

(0.003) (0.003)

Arousal Thread (rel) 0.2018*** -0.0176***

(0.002) (0.002)

Valence Receiver Dyadic (rel) 0.0024 0.0273***

(0.002) (0.002)

Arousal Receiver Dyadic (rel) 0.0366*** 0.0085

(0.002) (0.003)

R2 0.117 0.141 0.088 0.0947

MSE 0.884 0.860 0.921 0.915

RMSE 0.940 0.927 0.960 0.956

MAE 0.703 0.691 0.717 0.713

λ 212.095 212.095 212.095 212.095
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(a) WFA Valence and Arousal (b) EMB Valence and Arousal

Figure 12: Comparison of Valence and Arousal scatter plots for WFA and EMB datasets.

ship between arousal and valence is also evident across other contextual levels when comparing

Tables 7 and 8. Nevertheless, if we focus on the relationship between the arousal (valence) ex-

pressed at different contextual levels, we find that their sign remains consistent across the two

tables, indicating robustness to differences in the methods used for emotion measurement.

For instance, across all models, the variables representing the contextual corresponding

emotion consistently exert a positive impact on the dependent variable, regardless of the specific

emotion analyzed or the method used to evaluate emotional intensity. This consistency strongly

supports our initial hypothesis, which posits a positive correlation between the arousal (valence)

expressed in the context and that expressed in the focus comment. This relationship, driven by

mimicry behaviour, highlights how users adapt their emotional tone to align with the emotional

tone present in the context. Remarkably, this dynamic is evident across all models, irrespective

of the method employed for emotion measurement, further reinforcing the robustness of these

findings.

In contrast, the influence of one emotional dimension in the context on the other emo-

tional dimension in the observed comment tends to be either nonsignificant or slightly negative.

Specifically, in Model 1a, we observe that contextual valence generally exerts an insignificant

influence on the arousal of the observed comment, and when such an effect is significant, its

magnitude remains relatively small. Similarly, in Model 2a, contextual arousal has a negli-

gible or slightly negative impact on the valence of the observed comment. Interestingly, as

observed for the emotions expressed within individual comments, the relationship between the
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two emotional dimensions at the contextual level and those expressed in the observed com-

ment tend to exhibit opposing signs when comparing the two methods of emotion evaluation.

This divergence suggests that differences may arise from methodological discrepancies rather

than inherent emotional dynamics, highlighting the importance of standardizing measurement

approaches or accounting for these differences in future research.

Turning to Models 3a and 4a, we observe similar findings regarding the perceived emotional

intensity, which refers to the impact of the emotion expressed in the context—as perceived by

the author of the comment—on how the author adjusts their language to align with the contex-

tual tone. These results provide strong evidence for the appraisal mechanism, demonstrating

that the subjective evaluation of the context significantly influences deviations in the emotional

intensity of the comment from the author’s baseline. The consistency and significance of these

results across models lend robust support to our hypothesis regarding this mechanism. Specif-

ically, these models highlight the factors driving changes in emotional intensity relative to the

user’s benchmark, offering valuable insights into the dynamics of emotional adaptation in col-

laborative online settings.

Another important thing to stress is the differences in terms of magnitude across different

contextual levels. For instance, it can be noticed that the thread level has an overall higher

impact compared to the other levels (page and dyadic level).

5.5 Discussion and Conclusion

The aim of this research was to investigate whether the emotions expressed in the corpus of

text on Wikipedia’s Talk Pages influence the emotions expressed in subsequent comments. To

achieve this, we adapted theories of emotional expression to the specific context of Online Open

Collaboration Communities (OOCCs). The results highlighted the significant role that context

plays in shaping the emotions expressed by users and, in alignment with Appraisal Theory, how

these emotions are modulated by the subjective perception of the context.

Furthermore, the findings demonstrated that the magnitude of the contextual influence on a

user’s emotions depends on the specific contextual level being considered. Notably, our anal-

ysis consistently showed that the Thread level has a greater impact compared to other levels
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of context. Interestingly, contrary to what might be expected, it is not the dimension closest

to the user—such as the dyadic level, representing direct exchanges between individuals—that

exerts the strongest influence. Instead, the dyadic level, while relevant, has a lower impact than

the Thread level. This reduced relevance may stem from several factors. On the one hand, the

scarcity of social cues and the anonymity intrinsic to such environments can lead, as highlighted

in prior research (see Faraj et al., 2011, Greineder and Blohm, 2020), to dynamics of deindivid-

uation where the interlocutor becomes less distinct. On the other hand, this finding underscores

the importance of studying these theories while carefully considering the peculiarities of the

specific setting. In this chapter, we emphasised the role of affordances in defining the potential

behaviours of users.

Specifically, the Talk Page section of Wikipedia is designed to facilitate coordination among

individuals during a collaborative process aimed at achieving a shared goal, i.e., the creation of

an Article on which all contributors converge. As previously noted by Watzek et al. (2019),

the stimuli that trigger emotions in collaborative processes must be goal-relevant. Given that

the Thread is the contextual level most useful for understanding the state of a specific topic,

it is plausible that it exerts the strongest influence because it represents the most goal-relevant

corpus of text. Building on the idea that the entire text corpus used for coordination serves a

normative function (Arazy et al., 2016), we suggest that determining the relevance of context

requires accounting for the afforded actions and ongoing dynamics of cooperation. For exam-

ple, if a user seeks to modify a detail regarding a specific topic, they must coordinate within

the relevant Thread. This coordination necessitates understanding the preceding dynamics of

discussion and collaboration within that thread. The collective and procedural dimensions, am-

plified by anonymity due to the absence of social cues, play a fundamental role in shaping these

interactions.

The novelty of this research lies not in the highlighted social behaviour itself but in the

unique setting considered and the framing of the findings. Online Communities (OCs) and

OOCCs have increasingly attracted attention, particularly due to the prevalence of toxic social

behaviours in these environments, raising concerns across various disciplines. In this study, we

proposed analysing specific social behaviours by taking into account the peculiarities of these
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settings and adapting well-established theories from emotional psychology to fit this context.

The results are particularly relevant as they illuminate not only how emotions are expressed

in online cooperative processes but also how users in online communities collaborate. More-

over, the findings underscore how the process as a whole, rather than individual interactions,

influences the emotions verbally expressed by users.

Practitioners can benefit from these results by gaining a deeper understanding of group dy-

namics in virtual, text-based collaborative teams. These insights could pave the way for the

development of tools to detect early signs of toxic dynamics, potentially enabling intervention

before such behaviours escalate. By focusing on the broader dynamics of emotional expres-

sion, this research provides actionable strategies for mitigating conflict and fostering healthier

collaborative environments.

Another aspect of novelty in this research lies in the data collection methodology and its

underlying criteria. The cornerstone of the data collection process was the individual comment,

with the primary criterion being the perspective of the author of the focus comment. The dataset

was structured to include all the elements visible to the author at the time of writing the com-

ment. This methodological approach ensures a detailed and contextually accurate understanding

of the emotional processes involved.

This research, however, is not without limitations, which simultaneously open avenues for

future investigation. First, the study is based on a single, highly specific setting. Users may have

developed a unique vocabulary and tone of interaction within this environment. Furthermore,

as our results suggest, the platform itself signals and enforces norms that influence behaviour

(Dang Nguyen et al., 2017). A comparative study across different platforms would be valuable

in validating and extending the findings presented here.

While Valence and Arousal have long been considered critical properties of emotional ex-

perience (see Kuppens et al., 2013), they do not provide a comprehensive description of the full

spectrum of emotions that can be expressed verbally. Future research could explore whether

other emotional dimensions or combinations of emotions exhibit similar dynamics to those

identified in this study or whether these patterns are unique to specific parts of the emotional

spectrum (Mohammad, 2016).
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Another promising direction for future work involves investigating new language paradigms

(Fernández-Gavilanes et al., 2018). For instance, the increasing use of emoticons and emojis

in Computer-Mediated Communication (CMC) offers an intriguing avenue for study, as these

elements help reduce uncertainty about the emotions being conveyed in text (Robertson et al.,

2021). Additionally, a cross-linguistic study could enrich the research by accounting for lin-

guistic and cultural variations in emotional expression (Kruspe et al., 2020).

Further research could also connect the “emotional temperature” of a discussion with the

actual state and evolution of the Article Page. As highlighted by Weltevrede and Borra (2016),

understanding the value of disputes in such collaborative settings is crucial. For example, it

would be interesting to explore whether more heated disputes positively impact the quality of the

Article by fostering engagement or whether they discourage collaboration among contributors.

Similarly, identifying specific moments or stages in the editing process—such as restructuring

the page or expanding its coverage—that are more prone to disputes could provide valuable

insights into managing conflict.

Moreover, future research could better fine-tune the magnitude of the different contextual

levels as a function of time. Specifically, it would be interesting to investigate how long a text

continues to impact future comments and whether time plays a role in diminishing its influence.

Considering the cogency of the text within a thread when a stigmergic approach is insufficient, it

is worth exploring whether a prior, no longer relevant conversation can still impact the emotions

expressed in subsequent discussions.

The main contribution of this paper is to advocate for a paradigm shift in data collection

and analysis, urging researchers to consider not only individual behaviours but also the context-

specific factors that shape emotional processes. Recognising that emotions are influenced by

both individual and contextual factors compels us to consider the affordances of the platform

and the interactions mediated through them. Given the growing importance of online collab-

oration and the increasing concerns about toxic behaviours and polarisation, this shift in per-

spective is essential. It offers a framework for understanding and, where necessary, detecting

mechanisms that lead to conflict or disengagement. Ultimately, this approach aims to miti-

gate toxic dynamics, foster constructive collaboration, and prevent the premature withdrawal of
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contributors from platforms such as Wikipedia and other collaborative projects.
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6 Final Discussion

In this research, we proposed three studies aimed at understanding the dynamics at play in in-

teractions among individuals. Specifically, we sought to analyze this phenomenon from two

different perspectives. The first employs a network approach, examining how interactions in-

fluence the processes of opinion formation across all individuals considered and how these

interactions are shaped by exogenous dynamics, such as those observed on LinkedIn and their

relationship with lobbying activities during the preparatory work for the adoption of the EURO

7 directive. The second perspective focuses on asynchronous interaction mediated by an arti-

fact, as exemplified by Wikipedia and its Talk Pages.

Interaction with others and complex communication are defining characteristics of our species,

as they have enabled both social and technological development. Through communication and

the exchange of information and opinions, humans can reduce uncertainty and solve collec-

tive action problems (CAPs) (Smith, 2010). While network theory and social network analysis

are not new concepts, the advent of new technologies has both deepened this approach and

introduced new questions and challenges. On the one hand, digital technologies have vastly

expanded communication opportunities and interaction modalities. On the other hand, they

have also contributed to a form of communication impoverished by the lack of essential social

cues, undermining its effectiveness and completeness. In some ways, this has reintroduced a

degree of uncertainty and ambiguity in interpersonal communication (Faraj et al., 2011). At

the same time, society has witnessed the emergence of complex collective projects in non-

hierarchical contexts, such as Open Online Collaborative Communities (OOCCs) like Debian

and, in this case, Wikipedia. These communities present a particularly intricate phenomenon,

and explaining their emergence and sustainability is a challenging task that an entire body of

literature—spanning information systems, organizational theory, and sociology—has sought to

address (see Rijshouwer et al., 2023, Konieczny, 2010, Kane and Ransbotham, 2016).

The aim of this thesis, particularly in the third chapter, was to understand how interac-

tions between individuals are influenced by the interactions of others. In the specific case of

Wikipedia, the setting is unique in that the interactions necessary for coordination constitute

the only source of contextual information. This exclusivity allows for the isolation of external
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factors, enabling a clearer understanding of how one interaction influences another. As high-

lighted by (Arazy et al., 2016), the text itself in these contexts not only conveys information but

also holds a normative power over user behavior. Our research aimed to demonstrate how the

interactions within a page can impact the behavior and interactions of subsequent contributors.

Specifically, in the case we analyzed, we observed that the emotions expressed in Wikipedia

Talk Pages have an impact on subsequent emotions through mechanisms akin to mimicry.

What stands out as particularly relevant is the variation in the magnitude of the impact that

contextually expressed emotions have across different levels of contextual granularity. The

observation that emotions expressed within the Thread have a greater impact on subsequent

emotions is understandable when considering the technical and procedural characteristics (see

Rijshouwer et al., 2023) specific to Wikipedia. More clearly, emotions expressed within the

Thread have a stronger influence because the Thread plays a critical role in the contribution

process of the Articles. It contains the specific information regarding modifications made to a

particular part of the article associated with the Talk Page.

In the other two studies, we focused on the role of the structural relationships among individ-

uals and how these relationships, on one hand, influence overall processes and, on the other, are

themselves influenced by these processes. These studies highlight the coexistence of an agentic

dimension, in which individual actions play a significant role, and a systemic dimension, in

which larger network structures shape and constrain individual behaviour.

The model generalizing DeGroot’s opinion formation process demonstrated that relaxing

the simplistic condition under which individuals interact leads to non-deterministic consensus

outcomes. Additionally, the influence of individuals—the magnitude of their impact on the

opinion formation process—is equally affected. Specifically, the introduction of stochastic in-

teraction disproportionately affects individuals with high influence in deterministic models à la

DeGroot. Notably, the inclusion of stochastic interactions diminishes the importance of struc-

tural characteristics of individuals (e.g., centrality) or their ego networks (Simmelian ties) in

determining their influence. As a result, sporadic interaction allows peripheral or less central

individuals to exert a greater influence on the process.

This finding underscores how sporadic interactions can redistribute influence within a net-
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work, highlighting the dynamic interplay between individual agency and systemic constraints.

Eventually, we demonstrated how a multiplex network approach can enrich the study of

lobbying activities through a structuralist perspective. This research aimed to highlight the

interconnectedness between the online and offline activities of individuals involved in legislative

processes or matters of public interest. The absence of data often complicates the study of these

phenomena, but a more advanced approach could help uncover greater complicity on the part

of policymakers through their online interactions with lobbyists.

The strength of a network approach lies in its ability to reveal characteristics of the overall

network—features that individual agents themselves cannot significantly influence. By focusing

on these structural dynamics, researchers can gain deeper insights into the systemic interactions

and dependencies that shape lobbying practices and their broader implications for public policy

and transparency.
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7 Appendix

7.1 Appendix to Chapter I

Table 9: Notation Table

Notation Name Meaning

G(N , E) Graph The overall structure representing nodes N and

links E

i ∈ N Node Represents an individual or entity in the net-

work

(i, j) ∈ E Tie or Link Represents a relationship or interaction between

nodes i and j

T ∈ R
n×n Trust Matrix A matrix representing the level of trust or influ-

ence each node places on the opinions of others

p(t) ∈ R
n Opinion Vector A vector containing the opinions of all nodes at

time t

T∞ ∈ R
n×n Equilibrium Trust Matrix The trust matrix as t → ∞, capturing long-term

influence

p∗ ∈ R
n Consensus Opinion Vector The stable opinion vector at consensus

B(t) ∈ R
n×n Interaction Matrix at t A time-dependent matrix indicating whether

nodes interact at time t

T̃(t) ∈ R
n×n Sporadic Trust Matrix A modified trust matrix at time t adjusting for

sporadic communication

s̃ ∈ R
n Social Influence Vector A vector representing each node’s influence in

the final opinion distribution

ξi,j(t) Interaction Probability The probability that node i will interact with

node j at time t

γi,j Weight of Opinion Distance A parameter representing the weight node i

gives to the opinion distance with node j
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def generate_gnp(n, p):

while True:

G = nx.fast_gnp_random_graph(n, p)

if nx.is_connected(G):

return G

# Function to calculate the vector s for a list of influence matrices

def vector_s_calculation(list_of_matrix):

result = list_of_matrix[0]

for matrix in list_of_matrix[1:]:

result = matrix @ result

return result

# Function to check for equilibrium in influence matrix

def check_equilibrium(influencematrix):

import statistics

primi = [matrix[0, 0] for matrix in influencematrix]

if len(primi) < 2:

return False

return statistics.variance(primi) < 9e-10

# DeGroot model simulation

def degroot(G, trust_matrix, steps):

event_matrices = []

K = G.copy()

t = 0

def event():

P = K.copy()

for i in K.nodes:

opchange = [P.nodes[i][’Opinion’] * trust_matrix[i, i]]

for j in K.neighbors(i):

opchange.append(P.nodes[j][’Opinion’] * trust_matrix[i, j])

K.nodes[i]["Opinion"] = np.sum(opchange)

event_matrices.append(trust_matrix.copy())

return K

while t < steps:

t += 1

event()

if check_equilibrium(event_matrices):

break
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return vector_s_calculation(event_matrices)

# Tilde probability model simulation

def tildeprob(G, trust_matrix, probability_matrix, steps):

event_matrices = []

num = len(G.nodes)

K = G.copy()

t = 0

def event():

P = K.copy()

trust_matrix_real = np.zeros((num, num))

trust_matrix_tilde = np.zeros((num, num))

for i in K.nodes:

trust_matrix_real[i, i] = trust_matrix[i, i]

for j in K.neighbors(i):

if random.random() < probability_matrix[i, j]:

trust_matrix_real[i, j] = trust_matrix[i, j]

for i in K.nodes:

trust_matrix_tilde[i, i] = trust_matrix_real[i, i] / np.sum(trust_matrix_real[i])

for j in K.nodes:

trust_matrix_tilde[i, j] = trust_matrix_real[i, j] / np.sum(trust_matrix_real[i])

event_matrices.append(trust_matrix_tilde.copy())

for i in K.nodes:

opchange = [P.nodes[i][’Opinion’] * trust_matrix_tilde[i, i]]

for j in K.neighbors(i):

opchange.append(trust_matrix_tilde[i, j] * P.nodes[j][’Opinion’])

K.nodes[i]["Opinion"] = np.sum(opchange)

return K

while t < steps:

t += 1

event()

if check_equilibrium(event_matrices):

break

return vector_s_calculation(event_matrices)

# Tilde probability with bound model simulation

def tildeprobbound(G, trust_matrix, gamma, steps):

num = len(G.nodes)

event_matrices = []

K = G.copy()

t = 0
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def event():

P = K.copy()

trust_matrix_real = np.zeros((num, num))

trust_matrix_tilde = np.zeros((num, num))

for i in K.nodes:

trust_matrix_real[i, i] = trust_matrix[i, i]

for j in K.neighbors(i):

if random.random() < (1 - ((abs(K.nodes[i][’Opinion’]

- K.nodes[j][’Opinion’])) ** gamma[i, j])):

trust_matrix_real[i, j] = trust_matrix[i, j]

for i in K.nodes:

trust_matrix_tilde[i, i] = trust_matrix_real[i, i] / np.sum(trust_matrix_real[i])

for j in K.nodes:

trust_matrix_tilde[i, j] = trust_matrix_real[i, j] / np.sum(trust_matrix_real[i])

event_matrices.append(trust_matrix_tilde.copy())

for i in K.nodes:

opchange = [P.nodes[i][’Opinion’] * trust_matrix_tilde[i, i]]

for j in K.neighbors(i):

opchange.append(trust_matrix_tilde[i, j] * P.nodes[j][’Opinion’])

K.nodes[i]["Opinion"] = np.sum(opchange)

return K

while t < steps:

t += 1

event()

if check_equilibrium(event_matrices):

break

return vector_s_calculation(event_matrices)

115



(a) Scenario (i) (b) Scenario (ii) (c) Scenario (iii)

(d) Scenario (iv) (e) Scenario (v) (f) Scenario (vi)

Figure 13: Distribution of s̃ in Torus Network

7.2 Appendix to Chapter II

116



Table 10: Tukey Test for Different Interaction Probabilities

Interaction Probability Groups Diff. Lower Upper

Interaction Probability = 0.1

nonsimm5-nonsimm4 -3.414469e-04 -0.001998144 0.001315250 0.9519480

Simm4-nonsimm4 -6.061764e-04 -0.002262874 0.001050521 0.7832798

Simm5-nonsimm4 -3.777131e-04 -0.002034410 0.001278984 0.9364273

Simm4-nonsimm5 -2.647296e-04 -0.001921427 0.001391968 0.9766637

Simm5-nonsimm5 -3.626627e-05 -0.001692964 0.001620431 0.9999362

Simm5-Simm4 2.284633e-04 -0.001428234 0.001885161 0.9847596

Interaction Probability = 0.3

nonsimm5-nonsimm4 1.268534e-03 0.0002068667 0.0023302009 0.0115145

Simm4-nonsimm4 2.532278e-05 -0.0010363443 0.0010869899 0.9999175

Simm5-nonsimm4 1.971574e-03 0.0009099070 0.0030332412 0.0000109

Simm4-nonsimm5 -1.243211e-03 -0.0023048781 -0.0001815439 0.0139873

Simm5-nonsimm5 7.030403e-04 -0.0003586268 0.0017647075 0.3229678

Simm5-Simm4 1.946251e-03 0.0008845842 0.0030079184 0.0000148

Interaction Probability = 0.5

nonsimm5-nonsimm4 0.0034081457 2.758658e-03 0.0040576338 0.0000000

Simm4-nonsimm4 -0.0001790860 -8.285741e-04 0.0004704021 0.8938266

Simm5-nonsimm4 0.0040738448 3.424357e-03 0.0047233329 0.0000000

Simm4-nonsimm5 -0.0035872317 -4.236720e-03 -0.0029377436 0.0000000

Simm5-nonsimm5 0.0006656992 1.621107e-05 0.0013151873 0.0420760

Simm5-Simm4 0.0042529309 3.603443e-03 0.0049024189 0.0000000

Interaction Probability = 0.7

nonsimm5-nonsimm4 0.0041940067 0.0038257202 0.0045622931 0.00e+00

Simm4-nonsimm4 -0.0007284150 -0.0010967015 -0.0003601285 2.20e-06

Simm5-nonsimm4 0.0048435768 0.0044752903 0.0052118632 0.00e+00

Simm4-nonsimm5 -0.0049224217 -0.0052907081 -0.0045541352 0.00e+00

Simm5-nonsimm5 0.0006495701 0.0002812836 0.0010178566 3.47e-05

Simm5-Simm4 0.0055719918 0.0052037053 0.0059402782 0.00e+00

Interaction Probability = 0.9

nonsimm5-nonsimm4 0.0044322715 0.004263174 0.0046013686 0.00e+00

Simm4-nonsimm4 -0.0008825908 -0.001051688 -0.0007134937 0.00e+00

Simm5-nonsimm4 0.0052216596 0.005052563 0.0053907566 0.00e+00

Simm4-nonsimm5 -0.0053148623 -0.005483959 -0.0051457652 0.00e+00

Simm5-nonsimm5 0.0007893881 0.000620291 0.0009584851 0.00e+00

Simm5-Simm4 0.0061042504 0.005935153 0.0062733474 0.00e+00

7.3 Appendix to Chapter III
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Table 11: Model Estimations for Different Interaction Probabilities

Estimate Std. Error t value Pr(>|t|)

Interaction Probability = 0.1

(Intercept) 2.790e-02 2.280e-04 122.391 <2e-16 ***

Nonsimm4 3.313e-04 3.949e-04 0.839 0.401

Nonsimm5 -1.011e-05 3.949e-04 -0.026 0.980

Simm4 -2.748e-04 3.949e-04 -0.696 0.486

Interaction Probability = 0.3

(Intercept) 0.0277760 0.0001461 190.106 <2e-16 ***

Nonsimm4 -0.0008164 0.0002531 -3.226 0.00126 **

Nonsimm5 0.0004522 0.0002531 1.787 0.07398 .

Simm4 -0.0007910 0.0002531 -3.126 0.00177 **

Interaction Probability = 0.5

(Intercept) 2.779e-02 8.938e-05 310.89 <2e-16 ***

Nonsimm4 -1.826e-03 1.548e-04 -11.79 <2e-16 ***

Nonsimm5 1.582e-03 1.548e-04 10.22 <2e-16 ***

Simm4 -2.005e-03 1.548e-04 -12.95 <2e-16 ***

Interaction Probability = 0.7

(Intercept) 2.773e-02 5.068e-05 547.04 <2e-16 ***

Nonsimm4 -2.077e-03 8.779e-05 -23.66 <2e-16 ***

Nonsimm5 2.117e-03 8.779e-05 24.11 <2e-16 ***

Simm4 -2.806e-03 8.779e-05 -31.96 <2e-16 ***

Interaction Probability = 0.9

(Intercept) 2.783e-02 2.327e-05 1195.88 <2e-16 ***

Nonsimm4 -2.193e-03 4.031e-05 -54.40 <2e-16 ***

Nonsimm5 2.239e-03 4.031e-05 55.56 <2e-16 ***

Simm4 -3.075e-03 4.031e-05 -76.30 <2e-16 ***
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