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ABSTRACT

Online social networks have become the primary arenas for social communication
and behavior. Analyzing these environments requires scalable methods that go be-
yond traditional, small-scale manual approaches. In this thesis, we focus on Twitter
data and computational approaches to model social behaviour, similarity, commu-
nication, and tie strength at a large scale.

Classical sociological concepts such as the distinction between weak and strong
ties and the notion of user similarity remain analytically valuable, yet they are dif-
ficult to operationalize consistently in large datasets. Existing approaches to mea-
suring tie strength are often limited to edge- or node-level metrics, depend on ad
hoc thresholding, and are grounded in ethnographic observations that do not eas-
ily generalize to large-scale network data. To address these challenges, this thesis
develops a scalable computational framework for modelling Twitter-based social
networks and introduces a network-level, multidimensional method for quantifying
and comparing tie strength within ego networks.

This thesis draws on several Twitter datasets, including an ego network collec-
tion, a survey-based dataset paired with Twitter network streams for measuring
user similarity, a geo-labeled Nordic Twittersphere network, and a multi-region cor-
pus comprising Nordic, UK, US, and Australian data for tie strength analysis. All
datasets were built using the now-discontinued Twitter Academic API. Across these
datasets, the thesis conducts diffusion analysis and evaluates alternative similarity
signals derived from interactions, activity patterns, and user-generated content. It
further applies graph clustering methods to detect communities and introduces a
Network Strength Index (NSI), a composite measure built from eight indicators, to
quantify tie strength at the ego network level. Finally, ego networks are clustered
into ordered tie strength groups using the most informative NSI measures, enabling
large-scale comparisons of network structures across geographic regions and gen-
ders.

The key findings of this thesis are as follows. First, the effect of weak-tie and
strong-tie networks on innovation diffusion depends on network size. Examining
language change as a case of diffusion, we demonstrate that once an ego network
reaches approximately 120 nodes, the behavioral distinction between weak-tie and
strong-tie environments largely disappears: both network types exhibit similar dif-
fusion dynamics. Second, we find that among several approaches to measuring
user similarity on Twitter, interaction-based similarity aligns most closely with hu-
man judgment and outperforms similarity measures based on activity patterns or
content. Across all methods, however, similarity estimation becomes less accurate
as network size increases. Third, clustering the Nordic Twittersphere reveals that
its community structure follows national boundaries: countries cluster distinctly,
with no notable cross-country superclusters and no meaningful sub-national clus-
ters. Fourth, our comparison of eight computational measures for estimating tie
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strength indicates that interaction strength (IS), social similarity (SS), and the out-
liers (OUT) are the most informative and robust indicators. These measures remain
stable across networks of varying sizes and degrees, making them the strongest
candidates for large-scale tie strength analysis. Fifth, using the most informative
measures selected through the NSI framework, ego networks can be clustered into
ordered tie strength categories. This enables systematic comparison across popula-
tions. Applying this method to the multiregional corpus reveals consistent regional
patterns: Nordic networks have the weakest overall tie strength, while Australian
networks exhibit the strongest share of strong ties.

This thesis builds a bridge between traditional social theories often grounded
in small-scale or ethnographic observations and scalable computational analysis.
It does so by developing a framework for comparing complete social structures,
such as ego networks, across large-scale Twitter datasets. By operationalizing classic
concepts in a way that generalizes beyond local observations, the thesis provides a
methodological foundation for future research on innovation diffusion, community
structure, and regional or demographic variation in online social networks.

Keywords: Online social networks, network modelling, tie strength, user similarity, ego
networks, graph clustering, innovation diffusion
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1 Introduction

A social network (SN) refers to a set of actors (nodes) and the relationships (ties)
that connect them. Nodes can represent individuals, entities, and organizations [1].
Ties can represent different kinds of relationships, such as friendships, professional
connections, or family relationships [2, 3].

Social networks exist offline and online. Offline social networks are based on
physical, face-to-face interactions among individuals or organizations and are often
shaped by geographical proximity [4]. These networks form through direct contact
in everyday contexts such as family, workplace, and school [4].

Online social networks are formed through digital platforms [5]. In contrast to
offline social networks, where interactions are based on physical co-presence, online
social networks support interactions within the platform and via the internet. In
other words, interactions in these networks are computer-mediated and not limited
by geographical distance [5]. Social media networks such as Facebook, Instagram,
Twitter/X, Bluesky, and online forums such as Reddit fall into this category.

Social networks, whether online or offline, are about relationships, not just in-
dividuals. They are the fundamental part of human life and the basic structures
through which individuals connect, interact, exchange information, and form com-
munities [6]. Analyzing these social structures helps to understand how nodes
interact within a network, providing insights into community dynamics and the
information flow [3].

In this thesis, the focus is on online social networks, specifically those from social
media. Over the past two decades, these networks have expanded rapidly, becoming
so deeply intertwined with everyday life [7]. They influence what we know, whom
we trust, and how we behave, as well as making daily life easier by helping us find
jobs, share news, or learn a new language or skill [8].

Studying how online social networks function now matters across many fields,
from linguistics and sociology to computer science and public policy [9, 10]. What
people read, the opinions they form, and even how online communities grow are
all shaped by online networks. These systems give rise to many familiar online
dynamics, including the rapid spread of misinformation, group polarization, and
the emergence of new words or expressions across platforms [11–13].

Recent studies also in the digital humanities and social sciences describe a broader
shift, the network turn, in which networks have moved beyond their origins as a
technical concept in computer science [14]. They have become a new framework for
thinking across disciplines in society, culture, and communication [14]. This shift
highlights the need to approach, for instance, sociolinguistic phenomena as funda-
mentally network-dependent: what matters is not only what is written, but also to
whom it is written and how individuals are connected [14]. At the same time, a
network model is an abstraction of the real world; while highlighting some rela-
tions, it hides others. Interpretation and methodological choices, therefore, play a
crucial role, especially as large-scale network data and computational techniques
are increasingly used [14]. Accordingly, researchers must remain critically aware
of what network methods enable and how they can be utilized. This perspective
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aligns with the aim of this thesis, adopting computational network modelling to
analyze Twitter-based social networks while keeping these interpretive and societal
implications in view.

Although online social networks have a substantial impact on human behavior, it
is still challenging to study these networks and analyze the interactions within them
in practice. One of the key challenges is connecting the long-standing social theories,
which are often based on small ethnographic observations, to modern computation
methods that can handle large and complex datasets [9, 10]. This thesis aims to
establish this connection via utilizing data-driven modelling and tries to facilitate a
better understanding of how people behave and interact in today’s networked data.

1.1 OVERVIEW OF THE DISSERTATION

This thesis focuses on computational methods for analyzing large-scale online social
networks derived from Twitter (currently known as X). It is a compilation thesis
based on research conducted between 2019 and 2025. The work brings together a
series of papers, each addressing different aspects of how online networks can be
modelled, clustered, and analyzed at scale. Collectively, these papers introduce new
computational approaches and evaluate traditional social network theories, such as
the weak-tie hypothesis, in large digital environments.

The structure of the dissertation is as follows. In Chapter 2, we concentrate on
why social networks matter and explain why modelling them is not a straightfor-
ward task. We also explore the main research questions that this thesis aims to
answer. Chapter 3 introduces the main social media platform and its characteristics,
which served as the primary data source for this thesis. Chapter 4 presents meth-
ods for modeling social networks, focusing on both traditional and computational
approaches as well as a proposed multidimensional approach. Chapter 5 explores
five applications of network modeling. It examines how connections are used in
language diffusion, user similarity analysis, community detection, and tie-strength
measurement. Chapter 6 summarizes the main contributions of the included pa-
pers and outlines directions for future research. Finally, Chapter 7 concludes the
dissertation.
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2 The role of social networks

There is a well-established theory in social network studies that categorizes net-
works based on the strength of their ties into weak-tie and strong-tie networks [15].
Weak ties, such as those among distant colleagues or acquaintances, are valuable
for accessing novel information and opportunities, as they connect individuals to
diverse social circles. In contrast, strong ties, such as ties among close friends or
family members, provide emotional support and trust. However, because individ-
uals within tightly knit groups tend to share similar experiences and knowledge,
strong ties may lead to redundant information [15].

With the expansion of online platforms, researchers have become increasingly
interested in applying social network theory to digital environments [5]. In addi-
tion, as social media usage continues to grow, these platforms have turned into vast
repositories of user-generated content [16]. In other words, repositories that col-
lect data from social media provide rich datasets in terms of interactional informa-
tion and metadata for analysis [16, 17]. Consequently, researchers are increasingly
turning to applying computational methods to analyze these large-scale datasets,
moving beyond traditional, small-scale approaches [I, III, IV, V, 18].

Analyzing online social networks and their massive user-generated content dataset
has applications across various domains, such as information diffusion [19], lan-
guage change [I, 20, 21], the formation of location-based communities [III, 22], and
connecting individuals based on shared characteristics [II, 23].

Recent research has begun to question the extent to which Granovetter’s the-
ory [15] on the strength of weak ties applies in digital environments [I, 18]. In par-
ticular, how weak ties influence language change in online settings [I,21,23,24]. Ad-
ditionally, recent literature has examined how network structures and the strength
of ties between users affect language use on social media platforms [20, 21].

Tie strength can also influence information sharing patterns within a network.
Social networks enable individuals to disseminate content to a wide range of audi-
ences [23]. Research indicates that the likelihood of users sharing content increases
when their friends have already shared the same content [23]. Previous studies
suggest that weak ties expose users to non-redundant and novel information. In
contrast, strong ties might be more influential but often lead to the circulation of
redundant information [25, 26]. Accordingly, recent research has investigated the
extent to which exposure to social signals influences information-sharing patterns
on platforms such as Twitter and Facebook [20, 23].

Online social networks are also influential in language change. They operate as
the pathways through which linguistic innovations spread [I,20,21]. Del Tredici and
Fernández [21] argued that new words and language patterns often emerge from
central community members with relatively weak ties. These innovations are then
adopted and propagated by users with strong ties within more tightly connected
subgroups [21]. This highlights the fundamental role of social networks in language
change within communities [27, 28].

Another area where social networks play a significant role is forming location-
based communities by connecting users who reside in the same geographic area [III,
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22]. Our results based on Twitter data demonstrate that users tend to cluster
strongly according to their home country [III]. In addition, although it is easy to
connect globally, there is little interaction among people in nearby but different
countries [III].

Homophily refers to the tendency of people with similar traits to form connec-
tions, and social networks play an important role in it [23]. There is also another
form of similarity called perceived similarity, which refers to how similar an indi-
vidual seems to another person based on personal opinions [II]. Social networks
impact perceived similarity and how users consider themselves similar to others
and establish connections based on shared activities [II].

In this thesis and through modeling large Twitter networks, we study these dy-
namics. Each paper (i.e., I, II, III, IV, and V) focuses on a specific aspect, ranging
from language diffusion and user similarity to community structure and tie strength,
providing an integrated view of how social connections operate in digital environ-
ments.

In summary, the role of social networks across various domains highlights the
importance of analyzing and understanding them. However, several key challenges
arise when modeling these networks [III, 20, 28–32]. The following section outlines
the key overall challenges that arise when attempting to study social networks.

2.1 CHALLENGES IN STUDYING SOCIAL NETWORKS

The first challenge is the sheer size of these networks. They can involve billions
of nodes and ties. Existing and traditional analysis tools often struggle to scale to
these networks [31, 32]. Consequently, we need high computing power and efficient
algorithms to collect, store, analyze, and process these large-scale networks [IV, V,
20, 29, 32].

The second challenge is the complex, dynamic nature of digital social networks [33].
Connections and interactions develop over time and can differ significantly in strength
and type [IV]. Modeling these differences requires approaches beyond simple binary
representations of connections [33]. The potential noise and absence of social back-
ground information about users is the third challenge that makes modeling more
difficult [II, 22, 34].

The fourth challenge is developing algorithmic approaches to capture network
structures and their processes while dealing with big-scale datasets. These algo-
rithms must perform automatic labeling processes in acceptable time [V]. In addi-
tion, understanding the rich, multivariate metadata associated with these networks
also requires novel and effective analysis and visualization approaches [30].

2.2 RESEARCH QUESTIONS

Existing methods for modeling large-scale online social networks still face several
limitations. As an interdisciplinary doctoral study, this thesis integrates perspec-
tives from computer science and linguistics to better understand social dynamics
in digital environments. The key research questions addressed in this thesis are
summarized as follows:

1. How can the strength of ties in large-scale, unstructured online social network
data be operationalized using computational methods?
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2. To what extent does network size moderate the roles of weak and strong ties
in the diffusion of innovations?

3. How can user similarity be measured from user-generated social media data,
and which data modalities best capture perceived similarity between users?

4. How does network size affect the accuracy of computational measures of user
similarity?

5. To what extent can social media users from Nordic countries be accurately
clustered into communities based solely on their network connections?

6. Do hidden, or sub-national community structures, emerge within large re-
gional social networks beyond expected country-level divisions?

7. How can tie strength in ego networks be quantified in a robust, interpretable,
and multidimensional manner using social media interaction data?

8. How can large-scale online ego networks be automatically classified along a
weak–strong tie continuum using data-driven methods?

9. What structural, regional, and demographic patterns characterize ego-network
clusters defined by different tie-strength profiles?

In [I], we revisit, from a theoretical perspective, the long-standing sociolinguistic
theory of social networks [35]. We focus on the claim that weak-tie environments
facilitate linguistic innovation, while strong-tie networks reinforce norms and resist
change [35]. However, most prior evidence for this claim comes from small datasets
derived from ethnographic observations and surveys [I,36]. Hence, it is not possible
to generalize it to large social media datasets, where communication between in-
dividuals is digitally mediated, and the population frequently shifts or reorganizes
connections [I].

Considering these challenges, in [I], we seek to answer whether computational
methods can be utilized to operationalize network ties at scale using an unstructured
dataset constructed from social media. In addition, we study whether the traditional
distinction between weak and strong ties in social network theory becomes less
meaningful as networks scale up [I]. In other words, if we consider large networks,
whether the distinction between weak-tie vs. strong-tie environments undermines
in promoting change or resisting it.

To address our first question in [I], we introduce two complementary approaches
to measure tie strength in social networks and to enable sociolinguistic network
analysis on a scale. We reconsider one of the proposed methods in [I] for measuring
tie strength later in [IV] and [V], providing more detail. We adopt the method,
revise and extend it. Meanwhile, in [I], to improve validity, we implement a bot-
detection stage using metadata available in the dataset and exclude accounts with a
high proportion of automatically generated content [37].

Related to the second research question in [I], our central finding is that network
size fundamentally conditions the role of tie strength in the diffusion of innovation,
particularly in small networks [I]. In smaller online networks, the constructed ego
networks behave differently; however, as networks grow, somewhere around 120
nodes, the distinction progressively diminishes, and weak and strong ties online
networks no longer show meaningful differences [I].
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In small offline social networks, ties form for many reasons, such as friendship
or collegiality [38]. However, in an online social network that is not limited by
face-to-face interaction, how and why are connections established? Especially in
bigger networks with hundreds of users, what is the story behind different ties?
Studies show that similarity is a major factor in forming new connections on social
media [39, 40].

User similarity in social media is highly subjective [II, 41]. Rather than measur-
ing objective behavioral overlap, user similarity is often conceptualized as perceived
similarity [41]. A key assumption is that perceived similarity between users mainly
reflects admiration and respect rather than being measured by personal characteris-
tics [II, 41]. In other words, users judge who is more similar to them based on their
own interpretations rather than by predefined traits [II].

Our first research question in [II] is how well user-generated data can be used
to investigate and measure user similarity. Also, how different data modalities and
social interaction dynamics on social media can be employed to measure (perceived)
similarity. Second, which data category most effectively predicts similarity? To find
the answer, we consider three different categories of observable data on a social
media platform: a) interaction data such as replies and retweets, b) activity history
representing profile-based behavioral features, and c) linguistic content of users. We
measure user similarity across these categories and compare against the ground-
truth similarity dataset collected via an online survey [II].

We go beyond in [II], aligning with the investigation of the network size effect
in [I], and ask whether the network size influences similarity accuracy. We study
the correlation between network size and the similarity prediction accuracy across
different categories. Our results demonstrate a negative correlation, indicating that
similarity can be calculated more accurately in a smaller network [II].

Online social media platforms have generated large-scale interactional networks
that have been increasingly studied across disciplines [42, 43]. However, these net-
works are often too large to be studied directly, and methods such as sub-sampling
have been used to manage the volume [III,44]. Also, most of the literature has stud-
ied national or language-specific Twitterspheres, and a regional and multi-country
context is unexplored [45, 46]. The Nordic region, where countries are culturally
and geographically close, provides a compelling case for exploring whether social
media connectivity patterns follow geography or language [III]. In addition, ear-
lier studies mostly relied on noisy approaches, such as interface languages or time
zones, to identify the national Twittersphere for regional analysis [45, 46]. There is
therefore a need to detect national communities more accurately, as well as to adopt
a network-based approach that uses social ties to uncover the intrinsic community
structure in a large regional Twitter network.

In [III], we seek to answer how accurately Twitter users can be clustered based
solely on their social connections. We investigate whether clustering results based on
Twitter friends’ relationships align with users’ home countries in the Nordic region.
By asking this question, we aim to address a broader issue: to what extent online
connectivity mirrors national identities, even in geographically close and culturally
similar countries in the Nordic region.

Our second research question in [III] focuses on hidden and sub-national clus-
ters. We examine whether additional, previously unknown clusters exist beyond
the expected country-based divisions (5 clusters representing the five Nordic coun-
tries). This also includes whether users from one country or a country cluster can
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be further subdivided into two or more stable clusters based on interaction ties rep-
resenting friendship in a social network.

In [III], we finally focus on the suitability of the clustering criteria and evaluate
our methodological robustness. By using different cost functions for clustering,
we seek to determine which one best captures community structure in the Nordic
Twittersphere [III, 47]. Particularly, we compare three cost functions and evaluate
their performance [III, 47].

In the literature on computer-mediated communication (CMC), there is increas-
ing interest in large-scale social media data; however, these datasets are mainly
treated as text corpora, with their fundamental network nature being ignored [IV,
48]. In addition, existing studies on measuring tie strength in online networks typ-
ically rely on a single indicator, such as shared friends, thereby oversimplifying the
multidimensional nature of social tie strength and failing to capture many of the
factors that influence it [20, 29, 35]. Also, existing approaches treat tie strength as a
pairwise concept, making it difficult to rank and compare networks by tie strength
[IV]. There is, therefore, a methodological gap for a robust, interpretable, and scal-
able computational approach to quantifying tie strength in a complete social struc-
ture, such as ego networks, that we aim to fill in [IV] through modifying the basic
model we introduced in [I].

In [IV], the first question we ask is: to what extent can the tie strength of ego
networks constructed from computer-mediated communication be quantified using
interaction metadata extracted from social media? The question targets the lack of
systematic and interpretable measures for describing how weak or strong an indi-
vidual network is. In the second research question in [IV], we concentrate on the
multidimensionality of tie strength. In particular, we contrast one-dimensional ap-
proaches and explore how measures derived from interaction patterns and network
topology jointly influence tie strength in networks.

Addressing previous research questions in [IV] allows us to investigate how
large-scale compute-mediated communication data may shape language use and
social behavior. After developing an algorithmic approach that captures the mul-
tidimensional nature of tie strength and places individual social networks along a
continuum from weak to strong tie structures, we can then ask what new types
of linguistic and social analysis become possible. By incorporating structurally in-
formed measures such as tie strength, we treat social media not merely as a text
corpus, opening new avenues for examining language variation, diffusion, and so-
cial behavior at scales that were previously inaccessible.

We know that tie strength is a central concept in social network theory, influenc-
ing information diffusion, innovation, and social support [23, 49, 50]. Yet it remains
difficult to model in large-scale datasets constructed from online networks [V]. In
[V], instead of relying on thresholds or domain-specific heuristics, we introduce a
multidimensional approach that uses the revised measure set proposed in [IV] to
label each network by tie strength. In [IV], we focused on measuring the strength
of the entire ego network rather than classifying individual ties; however, what
remains missing is an automated, scalable labelling method for large-scale social
network datasets. In [V], we address this gap by proposing a platform-independent
approach and bridging social network theory and data-driven clustering. The pro-
posed framework in [V] allows labelling digital ego networks based on measurable
structural and instructional properties.

In [V], we seek to answer how online ego networks can be automatically clus-
tered. Doing so, we aim to move beyond the binary distinction between weak and
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strong ties toward a graded categorization of networks along a weak-strong tie con-
tinuum. This question seeks to address the lack of a generalized platform-agnostic
method for labeling networks from online social media. The second research ques-
tion in [V] concerns the structural patterns that may emerge across clustered tie-
strength categories. We concentrate on statistical and social characteristics distin-
guish the clustering results. We examine whether there are systematic regional and
demographic differences among the detected tie clusters.

To address the existing gaps mentioned in this section, a social media platform
is required that provides large-scale, real-world interaction data. Among available
platforms, Twitter (used to) offers a unique environment for studying social inter-
actions, information flow, and language use. Its open data policy, rich interaction
patterns, and global user base make it suitable for testing social network theories
and developing computational models at scale.
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3 Twitter as a research laboratory

Twitter, currently known as X, is the primary data source of this thesis and its
published papers. Twitter is a social network created in March 2006 and allows
its users to share text and URLs (up to 280 characters), images, and videos. Every
account (user profile) on Twitter has a list of followers, those who are following the
account, and a list of following (friends), those the account follows. Accounts on
Twitter could be either public or private. For the public accounts, their content
would be visible to others, while for the private accounts only their follower can see
their contents.

Twitter previously maintained an open policy regarding data accessibility. The
platform used to offer various free Application Programming Interfaces (APIs),
which enabled researchers to collect large-scale data from the Twitter archive. This
converted Twitter into a valuable research laboratory and an ideal environment for
studying large-scale social media data and examining societal phenomena in a dig-
ital context.

Following the Cambridge Analytica controversy in 2018, an era often referred to
as the “APIcalypse” began, during which many social media platforms significantly
restricted data access [51, 52]. Twitter was one of the last big companies to follow
suit. It maintained free API access for years, only ending it after its rebranding
in mid-2023, when it introduced a paid model instead. For the purposes of this
thesis, we utilized Twitter’s now-discontinued Academic API, which once allowed
researchers to gather historical data reaching back to the platform’s early days.

Working with large-scale social media data inevitably raises questions about
ethics, privacy, and data ownership. Public posts may seem open to analysis, yet
the boundaries of what is acceptable to collect and interpret are not always clear.
In the European Union, the Digital Single Market Directive (2019/790)1 has made
text and data mining for scientific research purposes legally possible, offering a
more transparent framework for responsible data use. This thesis follows the ethi-
cal responsibility principles by focusing only on publicly available information and
anonymizing it so that it cannot be traced back to individual users.

3.1 EGO NETWORK

A key concept we focus on is the ego network (see Figure 3.1). Ego networks are
the foundation and primary characteristic of individual networks and are essential
when analyzing human behavior on social networks [53,54]. As illustrated in Figure
3.1, an ego network is a social structure centered around an individual (ego), its
direct connections (alters), and the connections between alters.

Ego networks provide the analytical granularity necessary for understanding tie
strength and user similarity, which is explored throughout this thesis. Studying
them offers a close look at individual behavior while still revealing broader patterns
of connection. In addition, ego networks are the personal layer of a social network,

1Directive (EU) 2019/790 of the European Parliament. Retrieved 7 November 2025, from https://eur-
lex.europa.eu/eli/dir/2019/790/oj/eng
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Radu A

BC

Masoud

Figure 3.1: Masoud’s ego network consists of 5 nodes and 8 directed edges.

offering not only who someone is connected to but also how those connections
interact with one another.

In Figure 3.1, Masoud is the ego node and follows Radu, A, B, and C. While A,
B, C, and Radu represent the alters, with only Radu and C following Masoud back.
The arrows shown in Figure 3.1 capture these one-way or mutual relationships,
indicating that a directed edge points from the user who follows to the one being
followed. From Masoud’s point of view, then, Radu, A, B, and C are his friends,
whereas only Radu and C count as his followers.

3.2 LOCATION ON TWITTER

Accessing location is a long-standing and important challenge while working with
online data. For instance, Tabarcea et al. [55] provided a good summary of how
location is used in search engines, where the key is first to extract and access the
location. On Twitter, users can share their geographical location through several
channels, such as tweet text, profile bio, or geo-location-enabled tweets. When ana-
lyzing Twitter data considering the geographical location, two main questions usu-
ally arise. The first is how easily a user’s location can be inferred, and the second
is how trustworthy each method is for doing so. The following walk-throughs the
three different channels that can be utilized to identify location and outline what
each one offers, along with its shortcomings.

The first channel that enables accessing geographical locations is the tweet text.
In a study by Tabarcea et al. [56], the authors utilized street-name prefix trees to
extract location from free-form text. However, on Twitter, the location is rarely exact
down to the street address but is more likely to be a casual mention of the place
(see Figure 3.2). On Twitter, as shown in Figure 3.2, users may include location
names directly in the text of a tweet. Extracting that information, however, is not
straightforward. It first requires natural language processing (NLP) methods to detect
potential place names and, second, to validate them. The following explains some
of the challenges that might arise while extracting the location for their tweet-text

The first challenge is that many locations share the same name, which can make
interpretation problematic. For instance, in the tweet shown in Figure 3.2, the word
Paris might refer to Paris, France, or just as easily to Paris, Texas. Without additional
context, there is no reliable way to distinguish which one the user meant and actu-
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After living here for many years, I had the chance to visit Paris

Figure 3.2: A tweet including a location pointer.

ally visited. In this scenario, the final result is a precision vs. recall decision-making
problem, as explored by Fränti et al. [57], but in a different domain. A greedy selec-
tion of names leads to high coverage but many incorrect locations (high recall but
low precision), whereas too strict verification results in only a few, but more certain,
locations (low recall but high precision).

Another challenge in extracting location from tweet text is the presence of com-
mon words that can also represent place names. For example, Orange could refer to
a color, a fruit, or a city in southern France. In addition to this ambiguity, users of-
ten employ abbreviations or nicknames, such as Philly for Philadelphia, which further
complicates the task. In such cases, contextual or localized knowledge is necessary
to infer the actual location. Finally, even when a location name is successfully de-
tected in the text, its mention does not necessarily imply that the author resides
there. For instance, in Figure 3.2, the user states he visited Paris, but there is no
indication that he lives there or was in Paris at the time of posting the tweet.

Considering these challenges, extracting location from the tweet text was not
applicable and was out of the scope of this thesis, and we did not consider it during
this research journey.

The second channel that can be utilized is extracting the location from the Twitter
profile. In every Twitter profile, as demonstrated in Figure 3.3, there is a location
field that allows users to share their location with others. However, this location field
is not reliable. It is a free text field that allows users to enter locations in different
formats and mention locations that do not exist or are fictional.

The third channel is utilizing geo-tagged tweets. On Twitter and under the user
profile settings, there is a feature that, if the user activates it, a geolocation tag will
be added to every single tweet that the user posts.

4 2

Figure 3.3: A Twitter user profile.
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1:24 PM Apr 13, 2023 from Joensuu, Finland

Place type: city
Country code: FI
Country: Finland
Full name: Joensuu, Finland
Name: Joensuu
Bounding box:

1. 62.570706
2. 29.682215
3. 62.645575
4. 29.824496

Figure 3.4: A geo-location-enabled tweet and how the location information looks
like on Twitter (left) and how it looks like in the collected data using the API (right).

Fazal et al. [58] explored a web crawler to retrieve geo-tagged pages, and the
resulting count was very low, somewhere <0.1%. Social media, Twitter in our case,
however, is dynamic, and content is more often created on the go. Location is easier
and more natural to attach to Tweets than to static web pages, which are rarely
visited when people are visiting the places. In fact, social media was considered a
significantly more promising source for location-tagged content for content creation
than the web [59].

Even though due to privacy preservation the majority of Twitter users do not
use this feature [22], but still, some of them share their tweet locations. We need a
sufficient sample size from the population to make reliable conclusions about our
study subjects; in contrast, location-based applications should have high coverage
of relevant locations [59].

Figure 3.4 (left) illustrates a geolocation-tag-enabled tweet and how its location
information is displayed on the Twitter platform. Figure 3.4 (right) displays the
same tweet’s location data as extracted for our data repository collected via the
Twitter API. In contrast to the location information from a user’s profile, Twitter
provides geo-tagged tweet location information in a standardized format, including
the country ISO code2 and geographical coordinates represented as a bounding box
defined by the minimum and maximum latitude and longitude values.

2List of country codes by alpha-2, alpha-3 code (ISO 3166). (n.d.). Retrieved 28 October 2025, from
https://www.iban.com/country-codes
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4 Methods for modelling online social networks

In this section, we briefly review different approaches toward modelling online so-
cial networks. These models have evolved from manual, theory-driven measure-
ments in small offline communities to computational, data-driven approaches that
can handle large-scale digital environments. Early work on measures of tie strength
focused on individual ties in small networks, while more recent approaches, such
as our proposed method, enable quantifying entire ego networks.

4.1 MANUAL MEASUREMENT

The traditional sociological and sociolinguistic approaches fall in this category. The
core characteristics of these approaches are that they mainly rely on human judg-
ment, surveys, interviews, and ethnographic observation [15, 60–62]. In these ap-
proaches, the strength of the tie is inferred from the time people spend together, the
emotional intensity of the relationship, intimacy, and reciprocal support [15, 60, 61].
Considering the methods that been used for data collection in this category, such
as ethnographic observations, the networks are typically small, somewhere around
30–50 nodes, which are deeply contextualized and domain-dependent [60, 63].

In these traditional methods, researchers typically used a name-generator sur-
vey to detect social ties, in which participants listed people they regularly inter-
acted with [60,64,65]. Interactional data among individuals are sometimes manually
coded by the researchers based on the observed or reported events. Tie strength is
also typically assessed using self-reported evaluations based on measures such as
interaction frequency or relationship duration. Tie strength is commonly classified
into binary or ordinal categories, such as weak ties vs. strong ties [15, 60, 65].

These methods have both strengths and limitations. On one hand, these meth-
ods emphasize interpretability and high contextual validity. Since they are based on
observations and self-assessment, they capture the social meaning behind the rela-
tionships. Also, like Granovetter [15] and Milroy’s research [60], they have a strong
grounding in social theory. On the other hand, these methods suffer from poor scal-
ability to large populations and are mainly limited to small networks. They are also
costly in terms of the required time for data collection and highly subjective. More-
over, due to their nature for data collection and data encoding, they are difficult to
replicate across different contexts or domains.

4.2 COMPUTATIONAL ESTIMATION

Manual measurement and labelling failed to scale up, especially with the emergence
of online platforms generating massive interaction data [I, IV, V, 66]. Accordingly,
there was a need for algorithmic and data-driven approaches capable of analysing
large, rich datasets [I, 67]. These methods aim to infer tie strength indirectly from
observable behaviour. For instance, they estimated tie strength for individual ties
using proxies, such as interaction frequency [29] or share of common friends [68].
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The majority of methods that use proxies to estimate tie strength rely on single-
dimensional metrics [20,29,68]. These approaches typically operationalize tie strength
using measures of interaction frequency or interaction intensity. Interaction fre-
quency may refer, for example, to the number of phone calls, text messages, or
direct messages exchanged between two users [18, 23, 29, 69]. Interaction intensity
can also incorporate structural features of the network, such as neighbourhood over-
lap or the proportion of mutual connections [20,21,68]. These methods typically use
predetermined thresholds for classification, such as median or heuristic cut-offs, to
label ties as weak or strong. In addition, these models focus on edges rather than
entire social structures [18, 23].

Unidimensional estimation approaches overcome the drawbacks of manual la-
belling methods. They can scale up to handle large datasets with many users.
However, they consider tie strength unidimensional, overlooking its complex na-
ture. Also, they rely heavily on ad hoc thresholds, rendering their results context-
dependent and impossible to generalize. Finally, they are edge-level methods and
cannot produce a single interpretable value for an ego network.

4.3 A MULTIDIMENTIONAL APPROACH

Here, we briefly elaborate on our multidimensional approach, which is a platform-
agnostic network-level method for modelling online social networks using a prede-
fined measure set [IV]. The initial version of this model relied on six measures and
was applied in [I]. Later, in [IV], we improved the approach, expanded its measure
set to eight, and studied it in more detail. Through statistical analysis and measure
validation, we identified the most effective measures proposed in [IV] and employed
them in [V] to cluster tie strength in online social networks.

Our approach builds upon this idea that social relationships are inherently mul-
tifaceted and have many sides; therefore, they cannot be reduced to a single met-
ric [I,IV,V,35]. Tie strength should reflect the complex nature of a network dynamic
and capture many aspects, such as the instructional, structural, and positional prop-
erties of nodes and edges [I, IV, V]. Our proposed approach moves from pairwise
tie strength to whole-ego network strength, from single indicators to multidimen-
sional indices, and from binary classification to a continuous strength scale. We
assume that network strength originates from the combined structure of interac-
tions, not from isolated edges, and that ego networks can be meaningfully placed
on a continuum from weak-tie to strong-tie networks [IV].

We introduce the network strength index or NSI, a single interpretable score that
maps each ego network to a spectrum of weak-to-strong-tie networks [IV]. We cal-
culate NSI based on eight measures to quantify tie strength at the network level.
These eight measures are as follows:

1. Interaction strength (IS): A weighted value based on the frequency of interac-
tions between nodes in the networks. Higher IS values indicate a stronger tie
network.

2. Relative interaction strength (RIS): The relative version of the IS measure. It cal-
culates the proportion of interactions between alters relative to those between
alters and egos. RIS interpretation aligns with IS; higher values indicate a
stronger tie network.
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3. Social similarity (SS): The number of common friends between pairs of nodes
in the ego network. As with SS, the higher the value, the stronger the tie in
the network.

4. Outliers (OUT): The proportion of alters that become isolated when the ego
node is removed. For OUT, lower values happen in stronger tie networks.

5. Asymmetry closeness centrality (ACC): The absolute difference between incom-
ing closeness centralities and the outgoing closeness centralities. A lower value
for ACC indicates a stronger tie network.

6. Average of betweenness centrality (ABC): The average betweenness centrality for
all the nodes in the network. Lower values of ABC mean a stronger tie net-
work.

7. Range of betweenness centrality (RBC): The difference between the maximum
value and the minimum value of betweenness centrality of nodes in the net-
work. Similar to ABC, lower RBC values also indicate a stronger tie network.

8. Density (DENS): The number of available links in the network compared to the
total possible number of edges. Higher values for DENS mean a stronger tie
network.

Among these eight measures, IS and RIS are based on interactions between nodes
(altars and ego) within the network. The SS measure is derived from set theory and
is based on Jaccard similarity [70]. ACC, ABC, and RBC are centrality-based mea-
sures from the field of graph theory. OUT and DENS are topological and structural
measures we extract from each ego network.

After extracting these measures per network, reverse scaling is needed for OUT,
ACC, ABC, and RBC to ensure consistency, so that in all eight measures, higher
values denote a stronger tie network. Then we normalize the measures to ensure
they have the same impact on the final value. Finally, to calculate the NSI, we
average these eight measures per network, yielding a value between 0 and 1, where
0 is the weakest and 1 is the strongest.

Our method matters because it avoids relying on a single heuristic or threshold
for tie-strength classification. It allows us to assign a single value per network that
describes the tie strength of the entire social structure. By doing so, we can compare
and rank ego networks based on their tie strengths. Finally, the whole pipeline is
explicitly designed to handle large-scale computer-mediated communication data,
specifically constructed from social media.
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5 Network modelling and analysing behaviour

In this section, we first briefly explain clustering and graph clustering, which have
been used as tools throughout this thesis. Next, we shortly review the five articles
on which this thesis is based on. We go through papers one by one and explain each
paper’s main focus, motivation, research questions, methods, and key results.

5.1 CLUSTERING

Clustering is an unsupervised machine learning method, meaning it operates on
data that does not include predefined labels [71]. In clustering, the goal is to group
objects, datapoints, entities, so that similar items are placed in the same cluster while
dissimilar items are placed in different clusters [72]. In other words, a cluster is
where objects inside the cluster are similar to each other compared to those outside
the cluster (in other clusters) [73].

There are massive, complex datasets that are nearly impossible for humans to
manually analyse and extract information from [47]. By grouping related items,
clustering facilities simplify these large datasets [47]. By doing so, clustering enables
the identification of hidden patterns, such as multimorbidity groups, in healthcare
data [73, 74].

For a given dataset as X = {x1, x2, . . . , xN}, where N is the number of datapoints,
clustering aims to find a partition as P = {P1, P2, . . . , Pk} of X into k disjoint clusters,
and the centre of each partition as C = {c1, c2, . . . , ck} [75]. Figure 5.1 indicates a
dataset of 9 datapoints clustered into 3 clusters and the centroid of these clusters.

Clustering happens via optimizing an objective function. Sum of square error
(SSE) is one of the most utilized cost functions that will be minimized during the
clustering process [75]:

SSE =
N

∑
i=1

||xi − cj||2 (5.1)

𝑋 = {𝑥1, 𝑥2, … , 𝑥9} 𝑃 = {𝑃1, 𝑃2, 𝑃3} 𝐶 = {𝑐1, 𝑐2, 𝑐3}

Datapoints Clusters Centroids

Figure 5.1: A dataset (left), clustering results (middle), and the centroids of clusters
(right).
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Figure 5.2: An input graph including 8 nodes (left) and the graph clustering results
into 2 clusters/communities (right).

K-means is a well-studied partition-based clustering algorithm [75] that is used
in [V] to cluster Twitter ego networks into different tie-strength categories.

Graph clustering, or community detection, as illustrated in Figure 5.2, is the
partitioning of a network’s nodes into clusters, where nodes within each cluster
are more connected to each other than to nodes outside the cluster [47]. In other
words, there are more connections within the nodes inside each cluster than outside
it [47]. Figure 5.2 represents an input graph including 8 nodes, which is clustered
into two clusters/communities. Graph clustering can be used to simplify large net-
works, such as disease co-occurrence networks, so humans can analyse them and
the information from them [47, 73].

M-algorithm is a graph clustering method directly derived from k-means [47].
There are three main differences between standard k-means and the M-algorithm.
First, the standard k-means works on numerical data, meaning it requires numerical
input values to calculate centroids (cluster means). In contrast, the M-algorithm
cannot directly calculate the mean from the input data, since the input is a graph
(nodes and links). Second, in k-means, distance measures such as Euclidean distance
are used to evaluate how to move a datapoint between clusters. However, in the
M-algorithm, a step called the delta approach is used to evaluate moving nodes
between clusters and their impact on the cost function. Third, a common weakness
of standard k-means is falling into local optima; however, to avoid this problem,
M-algorithms randomly merge two clusters and split one cluster before fine-tuning
the result [47].

We utilized graph clustering, particularly M-algorithms, in [III] to detect country
clusters in a network dataset compiled from the Nordic region.

5.2 LANGUAGE CHANGE

Language change is the universal and constant evolution of the language system [76].
Birth and adoption of new words (neologisms), spelling, and grammatical structures
are all examples of language change [I]. For a change to succeed, speakers (social
media users in our case) must first come into contact with it and second decide to
use it [I, 77]. Innovation diffusion is the social process that spreads language change
from its origin (innovators) to a broader community, where they decide whether to
adopt it and whether it becomes established as a norm [I]. That is why a successful
language change is considered a social phenomenon.

One major limitation in the literature on weak-tie hypotheses in sociolinguis-
tics is that these studies have historically relied on small-scale ethnographic data,
often collected through observations and interviews [I]. In [I] Our primary moti-
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vation was to address this gap by modernizing the weak-tie hypothesis through
analysis of large-scale online social networks. In particular, we tested whether the
traditional and long-standing distinction between weak-tie environments (promot-
ing language change) and strong-tie environments (resisting it) disappears when we
consider large networks of mobile individuals [I].

To achieve our goal, as the first step, we needed to collect and form a dataset of
large online networks. We manually handpicked 10 non-academic Twitter accounts
that primarily post content in English from the metropolitan areas of Helsinki and
Stockholm [I]. We used the Academic Twitter API to collect their entire networks
as well as all recent messages posted by these accounts, up to the last 3,200 (the
API’s limit). We also applied more filters, such as having more than 300 friends and
followers combined on the platform.

As of the second step, we needed to develop a computational method to estimate
tie strength at scale. The proposed method had two main features. First, it relies
on the idea that, in contrast to existing models, tie strength is a multidimensional
concept influenced by many factors [I]. Second, it should be able to handle large
networks collected from social media and vast datasets. Accordingly, we borrowed
concepts from graph theory and set theory, and via analysing the collected interac-
tional data, we extracted six measures from each network [I]. After transforming all
the extracted measures to the same scale and normalizing them, we calculated the
average values for each network as the tie strength value. We sorted the networks
by the calculated values and labelled the top 5 networks with the highest values as
strong-tie networks, and the rest as weak-tie networks.

For the third step, we needed to define innovation and encode it in a way so that
we can track and analyse it within the networks. Since we are dealing with social
media data, mainly text, we focused on defining and extracting innovation from text
content [I]. In more detail, we used a combination of linguistic measures, such as the
use of contracted forms (e.g., won’t, I’m), and grammatical changes that are mainly
used by non-native speakers [I]. We considered these digital measures as modern
markers of how new language habits disseminate.

In the last step, we applied statistical testing to compare the identified weak
and strong-tie networks against the encoded and extracted linguistic measures. Our
results demonstrated that the traditional distinction between weak and strong-tie
networks for promoting or resisting change disappears in online networks with
more than 120 participants [I].

5.3 USER SIMILARITIES

In social network analysis, identifying users who are more similar to each other
based on specific traits or sharing behavioral characteristics is called user similarity
[II, 78]. However, user similarity is highly subjective and, in most cases, rather than
having common characteristics, it involves admiration or respect between users [II,
79]. There are also different versions of user similarities, such as self-view, perceived,
and peer-view similarities [II, 80].

User similarity matters in social network analysis, as it facilitates understanding
of the social structure and helps predict user behavior [II, 81]. Common character-
istics between users are often what initiate building a connection in the first place
[II]. Also, users who are more similar to each other are more likely to share prefer-
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Figure 5.3: The online platform we designed for collecting ground-truth data from
Twitter users. We published the survey through university channels. The collected
answers and data then been anonymized and stored on the School of Computing
servers at the University of Eastern Finland.

ences, enabling social media owners to improve their recommendation systems and
personalized suggestions [82].

In [II] we focused on identifying what makes Twitter users feel similar to each
other. In other words, we concentrated on perceived similarity. Previous stud-
ies argued that it is a highly subjective phenomenon [II]. Consequently, instead of
focusing on a specific trait to measure perceived similarity as in the standard defini-
tion, earlier studies mainly focused on measuring the extent to which users admire
others [II]. To study this phenomenon in [II], we further explored the similarity
component. We considered both user-generated interaction data and linguistic fea-
tures, as well as activity history, to measure perceived similarity. In particular, we
first asked to what extent user-generated data on Twitter can be used to investi-
gate user perceived similarity. Second, what user-generated data most effectively
predicts perceived similarity?

To answer these questions, we first needed ground-truth data. We designed an
online platform1 (similarity survey) and collected ground-truth data directly from
Twitter users. We asked survey participants to rank the top 10 users most simi-
lar to themselves. 14 Twitter users participated and filled in the survey. For those
who participated, we collected their entire network, as well as the latest 3,200 mes-
sages/tweets for each user in their network. Figure 5.3 presents information from
the similarity survey (left) and the similarity form we asked participants to fill in
and submit (right).

Second, we developed three quantitative models to measure the similarity of
Twitter users using data collected from their accounts. We asked Twitter users to
provide a list of accounts similar to themselves and then compared this list against

1The similarity survey is available at: https://cs.uef.fi/~fatemi/usersimilarity
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three models we developed to measure similarity. We measured similarity a) using
the interactions between an ego node and its alters, b) analyzing the hashtag set for
each ego node and its alters, c) profiling activity history for each ego node and its
alter and then measuring the distance between profiles [II].

Our results in [II] suggested that using the interactions that an account has with
its alters is the best way to measure similarity between Twitter users. In other
words, measuring user similarity based on interactions between users outperforms
both hashtag and activity history similarity. Our results also demonstrated that
the accuracy of measuring similarities based on interactions, hashtags, and activity
history is negatively correlated with network size (number of nodes). Finally, a
gender analysis showed that, for male networks (male ego nodes), we can measure
similarity more accurately than for female networks (female ego nodes), regardless
of the method used [II].

5.4 DETECTING COMMUNITIES

The literature studied Twitter data from different countries, mostly focusing on a
single country or a specific language [III, 44]. In [III], as an unexplored context
and to address the limitations of national Twitter studies, we focused on multiple
countries. By taking a regional and multi-country perspective, we concentrated on
the Nordic region. The Nordic countries form a theoretically interesting case as they
are geographically close, culturally similar, and partially linguistically related, with
the exception of Finnish, yet different countries [III].

In [III], we analysed whether we could cluster geographically labelled Twitter
user networks and to what extent the clustering results align with users’ home coun-
tries in the Nordic region. We also tried to extract and explore whether there are any
hidden or additional cluster(s) beyond the five-country clusters in the data. Also,
utilizing three different objective functions, which one is the most suitable for clus-
tering a geographically sparse social network dataset? Finally, we analysed whether
there is content similarity between clusters from different countries in the region.

To meet our goals, the first step was data collection and constructing a geograph-
ically labelled network dataset. In this regard, we used the Nordic Tweet Stream2 or
NTS [83].

NTS is a web application developed at the University of Eastern Finland as
part of a project funded by the Research Council of Finland and its Research In-
frastructure program. It allows users to search, subset, visualize, and download
user-generated social media data from the Nordic region. The NTS dataset contains
nearly 74 million messages from over 888 thousand user accounts from January 2013
to May 2023. Figure 5.4 represents the NTS homepage. The author is a member of
the NTS development team, and the tool is hosted by the IT Center for Science (CSC)
in Finland.

We extracted all users whose tweets were included in NTS and collected their
information from Twitter. In the second step, we filtered the collected users to verify
their locations, excluded suspicious users with highly abnormal activity patterns,
and formed a directed network for the remaining accounts.

In the third step, we applied the M-algorithm (see section 5.3) to cluster our
network dataset into 5 clusters, corresponding to the five countries in the region [III,
47]. We utilized three cost functions to compare how well each objective function

2The NTS web application is available at: https://nordictweetstream.fi
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Figure 5.4: NTS web application home page.

performs, and its results match the ground-truth labels of the user’s county [III,
47]. Our results demonstrated that conductance outperforms the other objective
functions, and its results best align with the users’ home country clusters [III, 47].

In the fourth step, to analyze potential hidden clusters in the data, we tried to
place the data into 6 clusters [III]. Figure 5.5 illustrates the ground-truth network at
the top and the clustering results from adding an addiction cluster across 6 different
runs. As shown in Figure 5.5. Adding the 6th clusters made the results very unsta-
ble, and the location of the 6th clusters changed in different runs of the algorithm
[III]. The instability in adding an extra cluster demonstrated that there are no 6th
clusters naturally.

We also examined the existence of sub-country clusters. However, the outcome
suggested that there is no meaningful sub-country clustering in the data based on
geographic location [III].

In the last step, we analysed the content of clusters detected by the M-algorithm.
We analysed hashtag statistics for each country cluster, as well as the most used
hashtags for each country, to identify the dominant theme [III]. In addition, we cal-
culated overlaps among the hashtags used in each cluster pair to measure content
similarity. We aimed to analyse how closely content similarity follows the connec-
tion patterns in our network dataset. Our results demonstrated that countries that
are strongly connected do not necessarily share a high number of hashtags or use
the same set of hashtags [III].
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Figure 5.5: The ground-truth Twitter network from the Nordic region (top). Clus-
tering results from 6 different runs of M-algorithms and clustering data into 6 clus-
ters (bottom).

5.5 MEASURING TIE STRENGTH

In [IV], we proposed a computational approach to construct an ego network from
computer-mediated communication (CMC) data. We utilized a massive geograph-
ical network dataset, the digital social network corpora (DSN corpora), collected
from Australia (AU), the United Kingdom (UK), the United States (US), and the
Nordic Twitterspheres [IV]. Figure 5.6 (top) illustrates different parts of the DSN cor-
pora. The dataset includes three native English-speaking countries and the Nordic
countries. Figure 5.6 (Middle) shows the geographical distribution of ego nodes in
DSN corpora from Australia, the United Kingdom, and the United States. Finally,
Figure 5.6 (bottom) presents ego networks and their interconnections from three
cities in DSN Britain, drawn from the DSN corpora. For each city network, each
color represents an ego network.

We introduced the network strength index (NSI), which enables quantifying
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tie strength not for a single tie or node in the network but for the whole social
structure, such as an ego network [IV]. NSI is a revised and extended score com-
pared to the method utilized in [II]. What makes NSI more valuable is that it is
platform-independent and can be applied not only to Twitter networks but also
to any platform that supports the formation of directed social networks, such as
Bluesky [IV]. We also demonstrated how enriched network information, by adding
network strength values, can be used to study linguistic behavior and illustrated
this through a case study on swearing on Twitter.

In computer-mediated communication research, social media is often considered
only a textual corpus and overlooks the networked nature of data [IV]. Also, a
robust, standardized approach to forming social ego networks from interactional
data was missing. In addition, as explored in [II], the existing literature treated tie
strength as a unidimensional concept applicable to a single node or tie, whereas
we argued the opposite and introduced an approach that allows assigning strength
values to a complete social structure and ranking them [II, IV].

In [IV], we mainly focused on the possibility of forming ego networks from inter-
actional data collected on Twitter and on the extent to which we can systematically
measure the tie strength of these structures. In more detail, we aimed to measure tie
strength for each ego network utilizing eight measures and to place each network
on a spectrum of weak to strong ties [IV].

We collected and created a large-scale network dataset. We streamed geolocated
tweets from AU, UK, and the US and extracted the users who published them. For
the Nordic region, as we did in [III], we used the users whose tweets were included
in the NTS tool. After a few filtering phases aimed at identifying genuine human
accounts, we collected ego networks, interactional data, and messages for accounts
that passed the filtering [IV].

In [II], we utilized 6 measures to calculate network tie strength. In [IV], after
forming the dataset, we defined a measure set, a) comprising the 6 measures used
in [II] and revised one of them, b) one new proposed measure, and c) one taken from
a graph theory concept. In total, we extracted 8 measures per network and, after
processing to ensure consistent interpretation, calculated the NSI. This single value
represents the tie strength per network and ranges from 0 (weakest) to 1 (strongest)
[IV].

To validate our measure set, we generated random ego networks as a baseline
to compare the distribution of our measures across real-world and randomly gen-
erated ego networks [IV]. In addition, we examined the correlations between the 8
measures and network sizes and degrees to assess the robustness of these measures.
Moreover, as a case study, we employed the NSI to test how swearing, as a linguistic
feature, varies with tie strength and network size [IV].

Our results demonstrated that using the proposed method and NSI value, we
can produce a single interpretable value for each ego network, enabling us to com-
pare, rank, and group networks across large datasets by their tie strength [IV]. The
validation stage indicated that not all the measures used are equally informative,
with some being best at distinguishing between random and real-world networks.
While some of the measures, especially those more based on user interactions, are
more robust across networks of different sizes and degrees, and better support com-
parability [IV].

In addition, comparing real-world networks with randomly generated networks
revealed that the former tend to have more weak-ties, with many networks orga-
nized around the ego and fewer alter-alter connections [IV]. Finally, the linguistic
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Figure 5.6: DSN corpora structure. Top, different regions and parts of the DSN
corpora. Middle, The geographical distribution of ego nodes in AU, UK, and US.
Bottom, ego networks from three cities in DSN Britain.

case study indicated that swearing with F-words varies with network properties,
with a higher probability of using such items in weak-tie networks [IV]. Also, in the
case of F-word usage, size matters: very small networks show a lower usage rate
[IV].

5.6 CLUSTERING TIE STRENGTH

[V] is the last paper included in this thesis. We received the best paper award for V
in the ISKE 20253 conference in November 2025 in Shunde, China.

In [V], we proposed a scalable, automated method for classifying ego networks
based on tie strength. In [V], using the four best measures calculated in [IV], we

3International conference on intelligence systems and knowledge engineering (ISKE):
https://iske2025.com
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treated each ego network as a datapoint in a four-dimensional space. Then, we ap-
plied clustering and placed ego networks into four groups: weak, moderately-weak,
moderately-strong, and strong. We aimed to move beyond traditional threshold-
based approaches and manual labelling to categorize networks as weak or strong.

One major limitation of methods for detecting and labelling networks by tie
strength is that they rely on ad hoc thresholds or manual labelling. In addition,
prior approaches often do not work at scale [V]. Accordingly, a platform-agnostic,
automated approach with good performance at scale was missing. In [V], we pro-
posed an automated framework and evaluated the extent to which we can cluster
digital ego networks based on their tie strength. We also analysed the structural
and interactional characteristics that distinguish weak-tie networks from strong-tie
ones. Finally, we analysed how tie-strength patterns vary across different regions
and demographic groups in online networks.

We utilized four measures studied in detail in [IV] for clustering. Precisely, a)
interaction strength (IS): a weighted interaction frequency across edges, b) relative
interaction strength (RIS): proportionate of interaction happens between alters vs.
ego-alter interactions, c) social similarity (SS): shared of common friends inside the
network, and d) outliers (OUT) percentage of nodes become isolated if ego is re-
moved from the network. We extracted these measures from each network and
represented each network as a 4-dimensional feature vector.

After transforming our network dataset into a 4D vector space, we applied a
cleaning and filtering phase to avoid noisy clustering. We defined thresholds for
each measure and removed invalid cases. Also, to filter outlier datapoints, we ap-
plied an iterative two-threshold (2T) approach integrated with median absolute de-
viation (MAD) on the data [V, 84]. Next, we clustered our dataset into four clusters
using repeated k-means with multiple initializations to avoid potential local optima.
Finally, we labeled the final clusters by their centroid strength as weak, moderately-
weak, moderately-strong, and strong.

To validate the number of clusters for tie strength, we used clustering metrics
such as the Silhouette [85], Calinski–Harabasz [86], and WB-index [87]. We test
these metrics across different numbers of clusters; the first two metrics indicate that
k=4 is the best. However, in the case of web index, k=4 was the second-best option,
with a slight difference from the best option, k=5.

As one part of the experiments, we compared cluster distributions across lo-
cations. Our results revealed a strong regional pattern [V]. For instance, Nordic
networks demonstrated the highest share of weak-tie networks and the lowest share
of strong-tie networks. Australian networks were the opposite of Nordic networks
and had the highest share of strong-tie networks and the lowest share of weak-tie
networks [V]. UK networks were more balanced than those in other locations, and
the US network leaned more toward weak-tie networks [V].

Finally, we compared the distribution of tie strength across genders. The digi-
tal social network corpora we used in [V] were assigned gender labels by Fränti et
al. [57]. Our results indicated that male networks (networks with male ego nodes)
are more common across all four tie-strength categories than female networks (net-
works with female ego nodes). In addition, there was one overall pattern in the
data: female and uncategorized accounts appeared relatively more in the weaker tie
clusters than in the moderately-strong and strong clusters [V].
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6 Summary of contributions

[I]: The paper aims to test whether network size affects the distinction between
weak and strong ties in digital social networks and how this impacts language use
and change. Most sociolinguistic network studies used small-scale ethnographic
data. Consequently, there is limited empirical evidence on how network size af-
fects the weak-tie vs. strong-tie distinction. This paper introduces a computational
method for analyzing large Twitter-based social networks and demonstrates how
this method can be utilized to investigate language variation and innovation at scale.
Our results indicate that, first, at approximately 120 nodes, the difference between
weak and strong ties disappears. Second, weak and strong ties contribute similarly
to language diffusion in large networks. These findings contradict earlier theories
based on small networks, where only weak ties were seen as channels for innova-
tion. This paper extends sociolinguistic research into large digital environments,
which is valuable for analyzing language change and information diffusion in large
digital networks.

[II]: This paper investigates how well user interaction history, activity pattern,
and generated content can predict perceived similarity between Twitter users. Pre-
vious studies mainly relied on subjective perceptions without identifying which
type of user-generated data best predicts perceived similarity in social networks.
We first introduce a dataset combining Twitter data with user-reported similarity
perceptions. Second, three computational methods based on interaction, activity,
and hashtag are proposed to measure similarity. Our results demonstrate that
interaction-based similarity outperforms the other methods with the highest accu-
racy. In addition, the accuracy for measuring similarity decreases as the network
size increases. Finally, male ego networks display slightly higher similarity detec-
tion accuracy than female ones across all methods. The findings offer a practical
method for identifying similar users in social networks, useful for researchers in
social network analysis and recommendation systems.

[III]: This paper analyzes social connections among Twitter users in the Nordic
countries and examines whether users cluster by country based on friends networks.
Previous studies on national Twitterspheres often rely on hashtags or sub-sampling,
but there is limited large-scale research using graph clustering to analyze country-
level patterns in multi-country regions like the Nordics. We created a large Twitter
network across five Nordic countries utilizing geo-tagged data. Then, we applied a
recent graph clustering algorithm (M-algorithm), evaluated how closely user clus-
ters aligned with national borders, and analyzed clusters content by country. Our
results illustrate that clusters align strongly with home countries; over 90% of user
links are within the same country. Also, five distinct clusters corresponding to five
Nordic countries were identified, with no clear evidence of sub-clusters within coun-
tries. Finland had the highest internal connection rate (99%), while Sweden had the
most external links. Finally, hashtag use differed significantly between countries,
supporting the clustering results. This paper provides insights for researchers inter-
ested in social media data by revealing strong national clustering in user interactions
and content, demonstrating the effectiveness of graph clustering methods, and high-
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lighting digital divides in geographically close regions.
[IV]: This paper aims to identify reliable measures for quantifying the strength

of ties in digital ego networks and evaluate how these measures perform across real-
world and random Twitter-based networks. Previous studies considered tie strength
a unidimensional concept depending on measures such as interaction frequency or
emotional closeness, which oversimplifies the concept. Consequently, a multidi-
mensional approach that considers multiple factors for measuring tie strength was
lacking. This study proposes and evaluates eight measures to calculate tie strength
utilizing large-scale Twitter data. Our results demonstrate that out of the eight stud-
ied measures, Interaction Strength (IS), Social Similarity (SS), and Outliers (OUT) are
the most effective at distinguishing the real-world from random networks and mea-
suring tie strength. In addition, Nordic ego networks tend to have the weakest tie
structures, especially based on IS and OUT measures. Researchers studying social
networks, information flow, and language change can use the proposed approach to
better model and simulate social behavior, such as how innovations, slang, or ideas
spread depending on whether ties are weak or strong.

[V]: This paper explores how social media networks can be clustered into weak-
tie and strong-tie networks based on measurable features. In addition, what are
the statistical characteristics that differentiate these clusters? Measuring tie strength
based on heuristics or thresholds that exist in the literature are not scalable or au-
tomated. Also, there is no comprehensive, data-driven method for clustering large-
scale online networks by tie strength. Using k-means clustering and four tie strength
measures, we developed a pipeline to group ego networks into weak, moderate, and
strong-tie categories. We applied the method to a large geo-located Twitter dataset
(DSN corpora), offering a scalable way to study tie strength in social media. Our
results demonstrate that UK, US, and Australian users mostly form strong-tie net-
works. In addition, Nordic users are more likely to form weak-tie or moderate-tie
networks. The findings can be utilized by marketers and advertisers targeting users
based on the network type and platform designers improving user experiences and
content delivery by understanding tie strengths.
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7 Conclusion

Online social networks shape how people share information, innovate, use language,
and build trust. They influence many aspects of daily life, yet they remain difficult
to study systematically. Classic social theories were developed using observations of
small, local networks, while contemporary born-digital data are massive, metadata-
rich, and structurally complex. This thesis positions itself as a bridge between these
two worlds: it connects foundational theories, particularly the weak-tie hypothe-
sis and broader tie strength theory, with scalable computational models capable of
analyzing large-scale social media networks.

Throughout this thesis, the ego network served as the central unit of analysis.
The ego, its alters, the ego–alter and alter–alter connections, and the interactions
occurring along these ties constituted the core structural and behavioral elements
examined. Across the studies, our recurring objective is to move beyond manual,
edge- or node-level analyses and single metric approaches. Instead, we advance to-
ward platform-agnostic, network-level, multi-dimensional computational modelling
capable of capturing the full complexity of social structures at scale.

We revisited the classic sociolinguistic claim that weak-tie networks facilitate lin-
guistic innovation, whereas strong-tie networks reinforce norms and resist change.
Earlier support for this theory is drawn primarily from small-scale ethnographic
studies, raising questions about its applicability to large-scale social media networks.
In this thesis, we examined whether computational methods can operationalize tie
strength at scale using Twitter ego networks and whether the theoretical distinction
between weak and strong environments holds as network size increases. To do so,
we defined linguistic innovation using text-based markers and compared diffusion
patterns across weak and strong tie environments. The results showed that network
size plays a critical conditioning role: in smaller ego networks, weak and strong ties
exhibit distinct diffusion behaviors, consistent with the classic theory. However, as
networks grow, these differences diminish, and around a threshold of roughly 120
nodes, the distinction effectively disappears.

We analyzed user similarity in online environments to determine which digital
signals best predict perceived similarity on social media. Although prior research ac-
knowledges that perceived similarity between online users is inherently subjective, it
remains unclear which observable online cues align most closely with human judg-
ment. To address this, we collected ground-truth similarity assessments through
an online survey and compared them with three computational approaches based
on interaction patterns, activity profiles, and user-generated content. Our findings
demonstrated that interaction-based similarity aligns most closely with human per-
ceptions and consistently outperforms the other methods. In addition, we observed
that the accuracy of similarity estimation is conditioned by network size: as net-
works grow larger, the ability to measure similarity accurately decreases, regardless
of which computational approach is used.

Next, we examined community detection within the Nordic Twittersphere. While
previous Twittersphere studies typically focused on a single region or language, a
multicountry, multilingual analysis of this scale has been largely missing. To ad-
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dress this gap, we constructed a geographically labeled network dataset represent-
ing the Nordic Twittersphere and applied the Malgorithm for clustering, comparing
results across several cost functions. Our findings indicated that community struc-
ture aligns strongly with national borders: each Nordic country forms a distinct
cluster, and no additional sixth regional-level cluster emerges. We also found no
meaningful subclusters within individual country clusters. Furthermore, the sim-
ilarity relationships between countries’ content-based clusters do not mirror their
connectivity patterns, indicating that content similarity and structural connections
follow different logics in this context.

Moreover, unlike traditional research on computer-mediated communication, we
analyzed social media data while explicitly accounting for its networked structure.
To support this, we introduced the Network Strength Index (NSI), a network-level
measure of tie strength constructed from eight indicators. The NSI maps each ego
network onto a continuous scale from 0 to 1, enabling systematic ranking and com-
parison of networks by their overall tiestrength configuration. We also developed
the Digital Social Network (DSN) corpora, a large geolabeled dataset comprising
Twitter ego networks from Australia, the United Kingdom, the United States, and
the Nordic region. Using this dataset, we validated the eight tiestrength indica-
tors against randomly generated networks and evaluated their robustness across
variations in size and degree. Our results showed that interaction strength, social
similarity, and the outliers are the most informative and reliable measures for dis-
tinguishing real-world networks from random baselines. Furthermore, the DSN
analysis revealed clear regional differences: weaktie networks are more prevalent in
the Nordic region compared to the other three regions in the dataset.

Finally, we developed a platform-agnostic clustering pipeline to cluster online
social networks based on their tiestrength profiles. Using the four best-performing
indicators identified through the NSI framework, interaction strength, relative inter-
action strength, social similarity, and the outliers, we represented each ego network
as a four-dimensional feature vector. We then applied repeated k-means clustering
with random initialization to partition the networks into four ordered tiestrength
categories: weak, moderately-weak, moderately-strong, and strong. After validat-
ing the number of clusters, we conducted analyses based on cluster composition
and user gender. Our results showed that tiestrength patterns vary systematically
across regions. Nordic networks are skewed toward weaker tiestrength categories,
whereas Australian networks are skewed toward stronger ones. UK networks dis-
played a more balanced distribution, while US networks leaned toward the weaktie
clusters. The gender analysis revealed that, across all tie-strength categories, male
networks are the most common. In contrast, female and uncategorized networks are
disproportionately represented in the weaker clusters and are less common in the
strongest tiestrength category.

Across this thesis, three overarching themes connect the papers. First, network
size consistently shapes what can be observed in the analyses and results. In [I],
the behavioral distinction between weaktie and strongtie environments diminishes
once ego networks exceed roughly 120 nodes. In [II], the accuracy of usersimilar-
ity predictions declines as network size increases. In [IV], tiestrength indicators
are explicitly tested for robustness with respect to size and degree, demonstrating
how strongly network scale conditions measurement outcomes. Second, the the-
sis advances a shift from classic social-theoretical concepts, such as weak ties and
community structure, toward scalable, operational tools for analyzing large online
networks. This progression culminates in the development of the reusable network
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strength index [IV] and a platform-agnostic clustering framework [V], both of which
treat social media not merely as text streams but as complex networked environ-
ments. Third, the findings show that geography continues to play a meaningful role
in online social structures. In [III], connectivity-based clusters in the Nordic Twit-
tersphere align closely with national borders, and in [V], tiestrength distributions
vary systematically across regions. Together, these themes demonstrate how struc-
tural scale, theoretical grounding, and spatial context jointly shape social processes
in online networks.

Future work can extend this thesis in several clear directions. First, the NSI and
the clustering framework should be applied beyond Twitter to assess how well they
transfer to other directed online networks and whether their performance general-
izes across platforms with different interaction norms. Second, improving location
inference methods would substantially strengthen all regional and demographic
analyses, as geographic signals remain incomplete and uneven across users and
platforms. Third, the NSI model itself can be refined by further validating the con-
stituent measures and adjusting the feature set or weighting scheme, given that
some indicators are consistently more informative than others. Finally, the frame-
work should be linked to a broader range of outcomes beyond the initial linguistic
diffusion case study, and the size effect warrants direct investigation to better under-
stand why the weak/strong tie distinction dissipates around 120 nodes and under
what conditions that threshold may shift.
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Social networks play a role in language variation and change, and the social network

theory has offered a powerful tool in modeling innovation diffusion. Networks are

characterized by ties of varying strength which influence how novel information is

accessed. It is widely held that weak-ties promote change, whereas strong ties lead to

norm-enforcing communities that resist change. However, the model is primarily suited

to investigate small ego networks, and its predictive power remains to be tested in large

digital networks of mobile individuals. This article revisits the social network model in

sociolinguistics and investigates network size as a crucial component in the theory. We

specifically concentrate on whether the distinction between weak and strong ties levels

in large networks over 100 nodes. The article presents two computational methods that

can handle large and messy social media data and render them usable for analyzing

networks, thus expanding the empirical and methodological basis from small-scale

ethnographic observations. The first method aims to uncover broad quantitative patterns

in data and utilizes a cohort-based approach to network size. The second is an

algorithm-based approach that uses mutual interaction parameters on Twitter. Our

results gained from both methods suggest that network size plays a role, and that the

distinction between weak ties and slightly stronger ties levels out once the network

size grows beyond roughly 120 nodes. This finding is closely similar to the findings

in other fields of the study of social networks and calls for new research avenues in

computational sociolinguistics.

Keywords: social networks, Twitter, bot exclusion, data mining, weak ties, social network size

INTRODUCTION

This article focuses on social networks and explores network size as a key determinant in the
network theory used in sociolinguistics. Building on Granovetter (1973), the theory postulates that
individuals form personal communities that provide a meaningful framework for them in their
daily life (Milroy and Llamas, 2013). An individual’s social network is the sum of relationships
contracted with others, and a network may be characterized by ties of varying strength. If ties
are strong and multiplex, the network is dense, and individuals are linked through close ties
(such as friends). Conversely, ties can be weak in which case individuals are predominantly
linked through occasional and insignificant ties (such as acquaintances), and the network is
loosely knit. Most importantly, networks contribute to language maintenance and change. Ample
empirical evidence shows that loose-knit networks promote innovation diffusion, whereas dense
multiplex networks lead to communities that resist change (Milroy andMilroy, 1978, 1985; Milroy,
1987; Lippi-Green, 1989). The underlying reason for the weakness of strong ties in transmitting
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innovation is the fear of losing one’s social standing in a network.
Adopting new ideas is socially risky, and we do not want to “rock
the boat” in dense social structures.

Even though the social network theory is influential in
sociolinguistics, it is mostly based on small data. Most studies
have focused on what are usually referred to as ego networks
obtained using ethnographic observation. According to Milroy
and Milroy (1992, p. 5) this “effectively limits the field of
study, generally to something between 30 and 50 individuals.”
Moreover, it has been suggested that the quantitative variable
of a network “cannot be easily operationalized in situations
where the population is socially and/or geographically mobile”
(Milroy, 1992, p. 177). In this paper, we concentrate on networks
that are larger than small networks of only a few dozen
of individuals. This has been done because evidence from
social anthropology suggests that average human networks are
substantially larger, and individuals can maintain networks with
well over 200 nodes (McCarty et al., 2001). Prior empirical work
in sociolinguistics has therefore covered only a limited section of
possible network sizes.

We have two research foci. First, we test the extent to which
social media data from Twitter and computational methods
could be utilized to operationalize network ties of highly
mobile individuals in very large datasets. Second, we specifically
concentrate on the effect of network size on the validity of the
theory. We investigate if the fear of losing one’s social standing by
“rocking the boat” disappears in large strong-tie networks.

To respond to these questions, we discuss two computational
methods that can take up large and messy social media
data and render them usable for analyzing networks in
sociolinguistics, thus expanding the empirical basis from small-
scale ethnographic observations. The first method aims at
uncovering broad quantitative patterns in data and utilizes
what we call a cohort-based method of network size. The
second consists of an algorithm-based approach that uses mutual
interaction parameters in Twitter and aims to verify the patterns
obtained using the cohort-based approach.

By doing so, the article continues our pilot investigation,
which suggests that network size is a crucial component in the
theory. Our first results indicated that weak ties are meaningful
in small networks, but the distinction between truly weak ties
and slightly stronger ties levels out when network size increases
beyond a certain threshold level (Laitinen et al., 2017). This
pilot was based on social media data that had not yet been
cleaned of unwanted software robot data (i.e., bots). In the
present study, we attempt to replicate the study using a more
accurate dataset from which we have removed bots by means of
machine-learning techniques and by using novel computational
methods to test our first observations. Bot content can result in
inaccuracies, and previous computational sociolinguistic studies
rely on a range of methods when bots are handled. Their presence
may be recognized, but they are nevertheless included in the
results (Huang et al., 2016; Laitinen et al., 2017). Other methods,
such as excluding material by using metadata parameters, are
occasionally used (Coats, 2017), but as we demonstrate below
in section Material and Methods, more advanced solutions
are available.

As shown in the next section, the role of network size in
sociolinguistics is an understudied phenomenon, which not only
requires new tools but could also shed light on the contrast
between strong and weak ties in innovation diffusion. One
example is that while the weak-tie model is beneficial, it has
recently seen substantial theoretical elaboration, and recent
advances have broadened the understanding of networks ties
as a unidimensional concept (Aral and Van Alstyne, 2011).
What is clear is that weak-tie and close-knit networks are
different for small ego networks obtained through ethnographic
methods, but if network size is ignored, the social network
theory is not fully consistent with some of the major findings
in sociolinguistics. First, it is widely held that there is one
period when individuals maintain maximally close ties with their
peers, and that is adolescence (Chambers, 2003, p. 90–91). Yet,
the role of adolescents in language change is indisputable and
verified in both real-time and apparent-time studies of change
in progress (Labov, 2001, p. 76; Tagliamonte and D’Arcy, 2009).
There might, of course, be other reasons than interpersonal ties
during adolescence that lead teens to diverge from adult norms,
but network size deserves to be studied in more detail. Moreover,
ample macro-level evidence suggests that densely populated and
sufficiently large working-class urban areas have, throughout
history, been sites for innovations (e.g., the Jewish quarters all
over Europe, Harlem in New York City, or St. John’s Ward
in Toronto). Pan et al. (2013) suggest that it is the size and
density of the ties of a center that are crucial for information
diffusion. They investigate social-tie density and information
contagion in urban populations, and their quantitative model
shows how density, with both weak and strong ties, drives the
“super-linear” growth of interaction and information diffusion.
Close-knit urban centers may, of course, be sufficiently large to
sustain individuals with weak ties through whom innovations
spread to a community, but we simply do not yet know whether
the role of weak and strong ties levels out beyond a certain
threshold level.

Section Social Networks in Variationist Sociolinguistics
Discusses not only the theoretical basis of social networks in
sociolinguistics but also reviews recent insight from complex
systems analysis and social network theory. Section Material and
Methods details the material and the two methodologies. Section
Results presents the results, and, finally, section Conclusions
discusses the implications of our findings.

SOCIAL NETWORKS IN VARIATIONIST
SOCIOLINGUISTICS

Social network analysis in the variationist paradigm transpires
from the idea that individuals establish interpersonal ties
of varying strengths to form communities. These personal
social networks are not independent from other socio-cultural
frameworks but are closely related to other variables, such as
gender and social layer (Milroy and Milroy, 1992). Interpersonal
ties influence the rate at which innovations are adopted and
how they diffuse into a community. Sociolinguists have shown
that strong networks tend to maintain and support local norms
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and provide resistance to the adoption of competing norms
from the outside. Conversely, conditions that are characterized
by weak and uniplex ties are important channels for outside
influence as people in such situations tend to accommodate
to each other linguistically. Contact situations with weak ties
therefore contribute positively to the spread of innovations.

This finding builds on Granovetter’s (1973, p. 1365)
observation that “only weak ties may be local bridges.” More
people can be reached through weak ties, but not all weak
ties serve this function, “only those acting as bridges between
network segments” (1983, p. 229). To explain this somewhat
counterintuitive observation, Granovetter (1973, 1983) argues
that close-knit networks encourage local cohesion and norm-
enforcing communities where the adoption of innovations is
risky. Loose-knit networks with individuals already on the social
fringes are more susceptible to external innovations. In addition,
weak ties may be expected to be more numerous among mobile
individuals and are thus more likely to contribute to the diffusion
of an innovation.

In variationist sociolinguistics, network ties have been
operationalized in various ways (Milroy and Llamas, 2013). In
the Belfast study, they were measured using five indicators to
establish how complex and dense a particular tie was. The
indicators consisted of (a) having membership in a locally-
based group, (b) having ties with at least two households in
the neighborhood, (c) sharing a workplace with two or more
individuals from the neighborhood, (d) sharing a workplace
with same-sex individuals from the neighborhood, and (e) being
involved in voluntary activities with individuals from the same
workplace. The responses resulted in a network strength scale,
which formed an independent variable, and these values were
compared to the dependent (phonological) variables. The results
show that the individuals with strong network ties with the local
community also exhibited the highest share of local, vernacular
speech, and “that a close-knit network has an intrinsic capacity to
function as a norm-enforcement mechanism, to the extent that it
operates in opposition to larger scale institutional standardizing
pressures” (Milroy and Milroy, 1985, p. 359).

A large body of variationist sociolinguistic literature exists in
which the network-based approach has been applied to small
contemporary communities (Milroy and Llamas, 2013). Milroy
and Milroy (1978) use 46 speakers from three urban, blue-
collar Belfast communities, and the network ties were established
through a participant observation process in which a researcher
was introduced to a community by means of a friend-of-a-friend
technique. Of these, 12 had network scores qualifying them as
weak tie individuals. The same also applies to Granovetter’s
(1973, p. 1368–1371) study as his empirical data came from
a random sample of 100 personal interviews taken from the
total sample of 282. Carefully constructed personal networks are
obviously important, but the availability of social media data also
forces us to ask if the model holds when tested with considerably
larger networks.

Network size has not been considered as a separate
independent variable in variationist sociolinguistics (Milroy and
Llamas, 2013). The model has been applied to large communities
in macro-level approaches (Milroy and Milroy, 1985; contrasting

Icelandic and English; Raumolin-Brunberg, 1996; investigating
mobility as a result of the Civil War in the seventeenth-century
England, and Nevalainen, 2000; examining patterns of mobility
in Early Modern London). However, while all of these studies
are rich in linguistic evidence, they nevertheless contain no direct
quantitative evidence of how much weak ties actually increase in
the settings that are examined. They rely on indirect evidence of
migration patterns, population growth and birth/death rates for
instance, but information of average network size per community
is not detailed.

Recent findings in social anthropology have shown that an
average network size is larger than a few dozen individuals.
Dunbar (1992, p. 469) has suggested that the neocortex size and
the number of neocortical neurons impose a cognitive upper
limit on an individual’s information-processing capacity. These
limit “the number of relationships that an individual can monitor
simultaneously” to around 150 nodes. Additionally, McCarty
et al. (2001) use two methods to estimate the size of average
networks. They use what they term the scale-up and summation
methods, and the results show “a remarkable similarity between
the average network size[s] generated by both methods (∼291)”
(2001, p. 28). They estimate, however, that network sizes for
various subpopulations can be substantially larger. These include
clergy, politicians, labor organizers, and diplomats.

Sociolinguistic research has covered a part of the feasible
network sizes. Figure 1 visualizes this with the aid of dummy
data. The x-axis indicates the size of networks and the y-axis the
rate of innovation adoption for network types. The left-hand part
shows the size of the networks covered, while the right shows how
these fare with cognitively possible human network sizes.

We added a regression line to the visualizations but given
the absence of empirical evidence it is impossible to know
whether the line continues if we have evidence exclusively from
small networks.

Recent findings from fields outside sociolinguistics suggest
that network sizes play a more substantial role than previously
thought. Ma et al. (2019) focus on trust in public and private
social media groups, surveying 6,383 Facebook Groups users.
Their observations show that people trust private groups more
than they do public groups, which is to be expected. However,
the differences between group types disappear once the group
size exceeds circa 150 members. When networks become larger,
individuals are no longer be able to perform themental reasoning
of who actually is in the group and who is not. Therefore, the
difference between network types levels in large networks.

Moreover, increasing empirical evidence has recently led
social network scholars to question the unidimensionality of
the weak-tie model. Brashears and Quintane (2018) for instance
elaborate on the idea of bandwidth in social contacts as an
additional dimension. This concept refers to the total flow
of information and accounts for capacity, frequency, and
redundancy of network ties. Their model shows that even though
humans acquire a smaller proportion of new ideas through
strong contacts, the greater bandwidth of these contacts means
that more total content is transmitted through these contacts.
Strong contacts could therefore be more likely to transmit a
greater share of novel information than weak ties, which could
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FIGURE 1 | A schematic representation of the network sizes covered (Left) and also the cognitively possible networks (Right).

explain the role of large urban working-class centers as places
for innovation.

We investigate networks in Twitter and operationalize them
using metadata available for each account. These are related to
network size and mutual interaction patterns. Previous studies
in computational sociolinguistics have used such information
more to extract social network structures (Nguyen et al.,
2016), but less to deepen understanding of the social network
theory, which is the locus of this article. Eleta and Golbeck
(2014) apply machine learning to study how social network
characteristics and linguistic profiles influence language choice
and how multilingual users of Twitter mediate between language
groups in their social networks Their data consist of 92 ego
networks, and the observations show that the proportion of
English users in the network is the most significant predictor
of language choice. Moreover, if a network consists of L2
users, this will increase the likelihood of L2 use. Kim et al.
(2014) investigate how virtual networks impact multilingual
practices, and they quantify “the degree to which users are the
‘bridge-builders’ between monolingual language groups.” Hale
(2014) studies networks utilizing mentions and retweets, and
his results confirm the central role of multilingual users, and
those who use English in particular, as the bridging forces in
the network.

MATERIALS AND METHODS

To test the computational methods, we use two sets of Twitter
data. Section A Cohort-Based Approach to Network Size uses
evidence from the Nordic Tweet Stream corpus (NTS), which is a
real-timemonitor corpus of geolocated tweets and their metadata
from the five Nordic nations (Laitinen et al., 2018). Section An
Algorithmic Approach to Networks in Sociolinguistics utilizes an
algorithm-based method, which makes use of mutual interaction
data from a set of accounts from the Nordic region.

The NTS is being collected using the free Twitter Streaming
API and the HBC (https://github.com/twitter/hbc) as the
downloading mechanism. We apply a double filtering with the
geolocation information and the Nordic country codes to ensure
that thematerial originates from the region (Laitinen et al., 2018).
While tweet data offer an efficient way of capturing big societal
data, there are limitations. As an illustration, users who do not
want to share their geolocation are not included. Depending on
privacy settings and the geolocation method used, tweets either
have (a) an exact location specified as a pair of latitude and
longitude coordinates or (b) an approximate location specified
as a rectangular bounding box. These geolocation data are
available in the metadata attached to the message. Alternatively,
no location at all is specified. For location, the data are derived
either from the user’s device itself (using the GPS) or by detecting
the location of the user’s Internet Protocol (IP) address (GeoIP).
Exact coordinates are almost certainly from devices with built-in
GPS receivers (e.g., phones and tablets). The GeoIP-based device
location can be tricked by using proxy gateways. Attempting to
hide one’s location is probably most common amongst users with
a malicious intent, such as bots.

To exclude bots and to increase data accuracy, we use a
machine-learning algorithm developed by Lundberg et al. (2019).
The version recognizes automatically generated tweets (AGTs)
written in English and in Swedish. We define an AGT as a tweet
in which all or parts of the natural language content are generated
automatically by a bot or other type of program. The algorithm
makes use of nine numerical and nominal properties that can be
computed directly from the tweet metadata. The accuracy rate of
the algorithm is over 97%. The results in section A Cohort-Based
Approach to Network Size exclude possible bot accounts, whose
share of AGTs is>50%, and section An Algorithmic Approach to
Networks in Sociolinguistics focuses on genuine human accounts
that have been selected manually.

The first method (based on cohorts) does not assume a pre-
existing social network as the starting point but rather aims at
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TABLE 1 | Raw statistics for the data used in section An Algorithmic Approach to Networks in Sociolinguistics.

Account Friends Net size Loss rate (%) Tweets Retrieval (in mins) Text collection (in mins)

account_01 409 221 46 312,350 230 38

account_02 335 166 51 253,758 181 33

account_03 309 195 37 286,945 201 33

account_04 332 175 47 150,774 184 25

account_05 201 105 48 100,915 105 14

account_06 418 132 68 192,944 140 23

account_07 468 281 40 316,944 291 41

account_08 448 286 36 322,566 303 40

account_09 418 216 48 189,628 229 26

account_10 496 297 40 516,686 282 67

uncovering quantitative patterns in the data. Tomeasure network
sizes and to correlate size with the rate of innovation, we use
two metadata attributes available for each tweet. They measure
the number of one’s online friends and followers, and networks
are operationalized as follows: The number of followers indexes
truly weak ties (i.e., requires no action from a user), and the
number of friends is an indication of slightly stronger links
(i.e., requires user effort). We suggested previously that these
metadata offer a way of measuring social networks and are ideal
for research purposes, because they are automatically generated
and hence they reduce the observer bias (Laitinen et al., 2017).
They are also freely available to researchers with intermediate
computing skills.

Similar to Milroy (1987), we operate under the assumption
that social networks are abstractions, but we also propose that
information from digital social network applications can be used
to distinguish between ties of varying strengths. Friend and
follower counts are useful indicators of social networks because
of their differing qualities. Our definition of truly weak ties and
slightly stronger ties is similar to Granovetter’s (1973, p. 1361)
assumption that the “strength of a tie is a (probably linear)
combination of the amount of time, the emotional intensity, the
intimacy (mutual confiding), and the reciprocal services which
characterize the tie.” His methodology assumed stronger ties to
be “friends,” while weak ties consisted of “acquaintances,” very
similar to what we do below. By the same token, while we do
not claim that friend count would indicate stronger ties in the
sense in Milroy (1987), we assume that our operationalization of
digital social networks is closely similar to the underlying idea
of networks. Indeed, Milroy (1992, p. 178) argues that “a tie is
‘weak’ if it is less strong than the other ties against which it is
measured,” which also holds true for the follower counts when
compared with friends.

The second method, the algorithm-based approach, zooms
in on a set of real networks extracted by accessing account
information through the Twitter API. We employ data such as
friends and follower patterns, re-tweets, mentions, and directed
messages. The accounts are anonymized, and we work with two
types of network.

• Large (100–300 nodes) weak-tie networks

• Large (100–300 nodes) close-tie networks

We identified a set of accounts similar user profiles and extracted
all interaction data available. The policy limitation of the
API allows accessing up to 3,200 of the latest messages for
each unprotected account. The account holders are from the
metropolitan areas of Helsinki and Stockholm, are not working
in academia, identify as males, have >10 messages primarily in
English, and have more than 300 friends and followers. The last
figure comes from a study that estimates median network sizes
for multilingual individuals (Laitinen and Lundberg, 2020).

We narrowed the candidate accounts to ten and extracted
their networks, including recent tweets and mutual interaction
profiles. We excluded verified accounts (i.e., subpopulations with
anomalous networks of politicians/celebrities/businesses) and
accounts with more than 1,500 contacts (friends + followers).
This was done to ease the time required for extracting mutual
interaction data from large social networks. It is important
to note that, while the number of accounts is small, the
data extraction through the API takes circa 3–6 h per account
(Table 1).

Even though the algorithm-based approach is tested with ten
accounts, the size of our data is large. For instance, the mean
network size is over 200 individuals (207), and the size of the
textual data is over 2.6 million messages. In Table 1, the net
size represents the number of collected accounts for the network
(number of nodes in the graph). The loss ratio indicates the
percentage of accounts lost after filtering.

The mutual interaction patterns are subjected to algorithms in
order to assign labels of weak or strong networks to the accounts.
The algorithms are explained in detail below, but they are mainly
from the graph theory and the set theory, and some of them
have been developed by us. For instance, we use betweenness
centrality, which is a measure based on finding the shortest path
between nodes (Freeman, 1977; Brandes, 2001) and closeness
centrality (Perez and Germon, 2016). Kuikka (2018) argues that
betweenness measures identify nodes that act as brokers between
communities and are used to detect the density of how people
are connected to each other in a network. We also use Jaccard
Similarity Coefficient (JSC), which is a symmetric measure that
calculates the similarity between two sets, and it is used to
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measure the similarity between accounts in terms of the number
of common followers/friends. The assumption is that the share
of common friends/followers is higher in a strong-tie network
than in weak-tie settings. In addition, we assign weights to each
account in the network and employ a method which we call
disjointness. This last method enables us to estimate how well
the nodes in a network are connected if the ego node were to be
removed. The network labels are therefore multidimensional.

As for the dependent variables, we employ items that are
frequent enough to be used in the testing phase. First, the cohort-
based method uses the dominant language for each account.
This information is available in the NTS metadata, and the
share of English messages per account is correlated with network
sizes. As our data come from the Nordic region, it ought to
be noted that while English has no de jure position in the
region, it is increasingly used as a lingua franca. Space does not
permit us to discuss the sociolinguistic diversity of the region,
but see country overviews in Modiano (2003), Preisler (2003),
Leppänen et al. (2011), and Graedler (2014). Previous studies
that use Twitter data have suggested that a great majority of
messages in one location, a region for instance, are from residents
of that location (Gonçalves et al., 2018; Lamanna et al., 2018)
and not from visitors and tourists. The cohort-based method
uses information from tens of thousands of accounts, and we
assume that our dataset is reliable, given the general limitations
of Twitter data. We use automatically-assigned language labels,
and although automated language identification methods are
not entire accurate, the agreement between human coders and
Twitter’s language recognition system is fairly high for languages
written in the Latin alphabet (Graham et al., 2013).

Second, the algorithmic approach uses a mixture of linguistic
features available in the tweet text. These features consist of
contracted forms (won’t, ‘ll, I’m etc.), and NEED to used as a
semi-modal auxiliary. These features are qualitatively different
as the contracted forms index colloquial, spoken-like use (Biber
et al., 1999, p. 1128–1132), while NEED to is currently undergoing
change in English (Leech, 2013) and is highly pervasive in ELF
use in the Nordic region (Laitinen, 2016).

RESULTS

A Cohort-Based Approach to Network Size
We illustrate the cohort-based method first using data from
199,832 accounts from the NTS, from which we removed
subpopulations with anomalous network profiles, as defined in
section Social Networks in Variationist Sociolinguistics. After the
initial results, we test the findings with data from which software
bots are removed. These bot-free data consist of 90,887 accounts,
obtained from the NTS but limited to Sweden only (labeled
as NTS-Human-Swe).

The null hypothesis is that increasing the number of network
ties does not lead to increases in the share of English per account.
The cohort-based approach for both categories is specified in (1)–
(6) (it refers to followers in the NTS, but the same procedure
applies to friends and to both datasets):

(1) We sort out all the accounts based on their followers’ counts.

FIGURE 2 | Friends and followers visualized (199,832 accounts).

(2) The accounts are divided into N equally-sized cohorts where
cohort 1 is the 199,832/N, and it has the lowest follower
count, and cohort N has the highest. N can of course
be adjusted.

(3) We compute the percentage of tweets written in English per
each account.

(4) The language identifier used is Twitter’s own language
identification tool, the accuracy of which is discussed in
section Material and Methods.

(5) We can adjust the proportions of English in the tweet stream
(EngMajor) for each cohort and associate the cohorts with
the EngMajor percentage. The results here use >50% share
of messages in English (for other proportions, see Laitinen
et al., 2017).

(6) We correlate the cohorts against the percentages and
visualize them.

An average account profile in the NTS is such that the median
size of networks is 235 friends and 195 followers. Figure 2

shows how the friend and follower counts are distributed in
the data. There is a relatively straightforward (x = y) spread
of the values. The only exception is the friends category,
in which Twitter imposes an upper limit of 5,000 friends
that each individual account can follow (https://support.twitter.
com/articles/66885#). The only way to increase one’s friends
count is to gain new followers, and therefore there is an
even more direct correlation of friends/followers after the
5,000 mark.

Figure 3 (left) illustrates a 10-cohort division visualizing how
cohorts differ in terms of the >50% percent threshold. The
result shows that more Twitter followers means more messages
in English, with the non-parametric Kendall tau correlation
coefficient (0.956) indicating a strong positive correlation
between the two vectors at statistically significant levels (p <

0.0001). Note that cohorts 1–4 are accounts with fewer than the
median number of followers (i.e., 195).
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FIGURE 3 | The correlation between followers (Left) and friends (Right) and the share of accounts in which English dominates.

FIGURE 4 | The correlation between 20-cohort friend category and

the EngMajor.

The quantitative pattern with these truly weak ties is clear. The
correlation between the follower counts and the use of English
is linear, and the correlation is strong. Of the accounts in which
the number of followers is lower than the median, roughly 40%
have the majority of their messages in English. The higher that
we move in the cohorts, the higher is the share of such accounts.
At the other extreme, in the cohorts with the highest number of
followers over half of the accounts fulfill the criterion.

The quantitative pattern for the slightly stronger ties (friends)
is shown on the right. The correlation between the number
of friends and the increase in the use of English is strongly
positive, with the Kendall tau correlation coefficient at 0.867
(p < 0.0001), i.e., for all of the 199,832 accounts in the
dataset, more online friends means a larger share of messages
in English.

However, contrary to what is observed with truly weak ties, the
stronger network index behaves differently. For small networks,
the increase in network size has no impact on the response

variable. It is only from cohort 4 onwards that the share of
EngMajor increases when we increase the number of friends in
the network.

These results suggest that there is a straightforward
correlation in the truly weak tie networks, but the friend
data indicates that the distinction between weak ties and stronger
ties levels out when the network size is large enough. If we had
restricted our analysis only to traditional small networks of 30–50
nodes in ethnographic attempts, our data would have confirmed
the customary finding related to the diffusion of innovations
and network strength. That is, weak ties promote change, and
stronger ties prevent it. However, the results obtained using this
approach suggest that this is not necessarily the case. Once the
network size grows to become large, the traditional distinction
between weak and stronger ties disappears. Note that we are not
referring to the percentages of the accounts, but to correlational
patterns of the variable. Large networks here mean that the
network sizes are still within the cognitive limits (see section
Material and Methods).

To explain this finding, we must balance between the
limitations and the advantages of our data. The most obvious
limitation is that wemight observe a random quantitative pattern
that emerges from messy data. Moreover, we do not know
anything about the density or the multiplexity of the network
ties but can only assume that the friends category represents
a slightly stronger network index, since it involves an active
decision to follow someone. The friends network index might
also include a greater share of interactive networks. To tackle
the limitations, the next section applies a different method and
approaches ego networks.

The obvious advantage is the size of our data. Each cohort
in Figure 3 consists of nearly 20,000 accounts, and we are not
restricted to small ethnographic records. The network size for the
first three cohorts is 0–122. As pointed out earlier, the median
number of friends is 235. The results support rejecting the null
hypothesis, but the threshold level of 122 stems from an arbitrary
value of ten cohorts.
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Figure 4 tests the observations using 20 cohorts. As the
interest is on slightly stronger ties, we only use the friends
data. The figure confirms the observation and indicates a leveled
proportion of EngMajor for the first five cohorts. After that,
the network size correlates positively with the increasing use
of English in the tweet stream. The Kendall tau correlation
coefficient is 0.905 at a statistically highly significant level
(p < 0.0001).

Cohorts 1–5 consist of networks of <100 individuals, and
a marked increase takes place only after cohort 5 (100–122
individuals). The share of accounts with a >50%+ share of
tweets in English increases systematically for each cohort so
that for cohort 6 it is 41.2%, and for cohort 19 it is 51.9%.
Cohort 20 has its friends count at over 1700, and according
to our present understanding, these represent “evangelists” in
the Krishnamurthy et al. (2008) sense, i.e., they are more
or less automated bots aiming at increasing their friends
basis automatically.

Figure 4 suggests that the threshold network size after which
the distinction between weak ties and slightly stronger ties levels
is of around 122 nodes. Next, we zoom into the bot-free data, and
the main question is whether we can replicate the findings using
the bot-free data. Overall, the number of bots in the Swedish
subset is low (1,149 accounts = 1.0%), but they generate a high
number of tweets (404,804= 7.6%). The majority language in the
bots is English, since nearly 20% of all of the English tweets were
identified as AGTs, but the corresponding share for Swedish was
<2% (see Laitinen and Lundberg, 2020). The visualizations also
exclude the smallest networks of fewer than five nodes.

The bot-free quantitative patterns are shown in Figure 5,
and they are similar to those observed earlier. As for followers
(left), they show a linear increase in the share of messages in
the English per cohort as we move to the right on the x-axis.
The correlation between network size and the share of English
is not only straightforward but also statistically significant, as
the Kendal tau correlation coefficient is one (p < 0.0001). For

smaller networks, the share of English is around 40%, and it
increases for every increase in the network size, so that the share
for the largest networks is well over 50%. The increases are slight,
but the shares of the English use nevertheless increase for each
cohort. Once the network size grows larger, we observe more
noteworthy increases.

The right-hand side visualizes the slightly stronger ties
(friends) and verifies the initial observations. These results
confirm the findings presented above. The observations show
that the correlation with slightly stronger ties is equally linear,
and this is also supported by the Kendal tau value (0.944,
p < 0.0001). However, the share of English actually decreases for
the small stronger-tie networks. That is, the empirical evidence
presented here suggests that truly weak ties and slightly stronger
ties behave slightly differently for small networks, but the
distinction disappears once the network size grows larger. The
share of English remains flat for cohorts 1–3 of the truly weak ties
(left), while the share actually decreases for the slightly stronger
ties for the smallest networks (right). Cohort 4 consists of those
whose network size exceeds 120 nodes.

The present section has presented our cohort-based approach
to measuring networks in social media. While we acknowledge
that the method is straightforward, it has obvious benefits for
this type of big and rich data approaches to language variability
and social networks. The method is light in terms of computing
power, as the values can be easily obtained from the data stream.
In addition, we can use data in their entirety since each account
makes the values directly available with minimal or no data loss.

The obvious difference between this approach and the
ethnographically-oriented data-collection in Milroy (1987) is
that our method does not deal with ego networks but rather takes
a top-down approach, correlating network size and a linguistic
feature. As for the innovation, previous studies have shown that
English in the Nordic region is closely associated with age; this
means that the younger generations clearly use English as an
additional tool more often than do the older groups (Leppänen

FIGURE 5 | Bot-free correlations of truly weak ties (Left) and slightly stronger ties (Right).
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et al., 2011). Unfortunately, age is not included in the metadata
parameters in the raw data, and its role cannot be controlled.

The main finding here is that we can confirm our pilot results
in Laitinen et al. (2017). The new cohort-based findings using
bot-free data suggest that network size plays a role in leveling the
differences beyond a certain threshold. The following section will
turn its attention to ego networks.

An Algorithmic Approach to Networks in
Sociolinguistics
This section digs deeper into digital networks and uses an
algorithmic method that complements the results above and
provides tools for analyzing networks of mobile individuals. We
operate with the 1-step neighborhood, which consists of a focal
node, ego, and nodes directly connected to it. We also include
the connections between nodes (degree 1.5). Twitter is a directed-
graph network, and we are interested in what accounts “see”
instead of how they are “seen,” and consider friends rather than
followers in the analysis. Consequently, we deal with a graph-
based structure in which nodes represent accounts and directed
edges are considered as a friend relationship, as in Figure 6,
which visualizes two nodes in which A is either following B, or
B is a friend of A.

The method assumes that account activities and mutual
interaction between accounts have an impact on the relationship.
To subject activities to the algorithms, we collected up to 3,200
recent tweets in JSON files for each account in the network and
then extracted the values for how many times accounts in the
entire network retweet or quote another account in the same

FIGURE 6 | A simplified example of a directed graph.

network, and counted the number of times that accountsmention
each other.

In order to extract ego-networks and to assess network values
(either weak-tie and close-knit), we applied multiple criteria
to the edges and nodes. While many of them are used in
data mining, they measure network activities rather like the
ethnographic methods in Milroy (1987) but applied to the
parameters available in digital social networks.

First, we use a linear combination in (1), in which we assign
weights to the links in the network.

Edge weight = (w1 ∗ retweetcount) +
(

w2 ∗ quotecount
)

+ (w1 ∗mentioncount) (1)

Wherew_1, w_2, andw_3 are weights that can be assigned based
on the application of interest so that

∑3
i=1 wi = 1. Weights

regulate the importance of each feature in the analysis. For
instance, if we want to focus on the number of retweets, we assign
w_1 = 1 while w_2, w_3 = 0. Moreover, we assume that those
accounts that have a higher rate of publishing tweets have more
impact on the information flow in a network, which should be
considered as a factor. The point is to separate active accounts
from those that use Twitter passively while rarely creating any
content. To assign weights, we extracted the age (in days) of each
account and the total number of tweets. Then, calculating the
average number of tweets per day for each account and using (2),
we can assign weights to the individual nodes as well.

Node weight (A) =
average tweets per day for account A

W
, (2)

where : W =
∑N

i=1
average tweets per day for account Ai. (3)

Figure 7 visualizes an ego network with 30 nodes and 142 edges,
(a) without assigning weights to the nodes and edges, and (b) by
assigning weights using the formulae in (1)–(3). The larger the
node, the higher the value for tweets per day, and the thicker the
link, the stronger the connection between the nodes.

Second, we use betweenness centrality (BC) to detect the
density and to interpret how people in a network are connected

FIGURE 7 | An ego network, without assigning weights (Left), and with weights (Right).
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to each other. The BC values represent the ratio with which an
account establishes the shortest path between any pair in the
network (Freeman, 1977). In other words, the BC of node v is
the sum of the fraction of all of the shortest paths for any pair of
nodes in the network that pass through v:

CB (v) =
∑

s,t ∈ V

σ (s, t|v)

σ (s, t)
(4)

Where V is the set of nodes in the network, σ (s, t) is the number
of shortest paths between nodes s and t, and σ (s, t|v) is the
number of shortest paths between s and t that pass through
V . Hence, the lower the BC value, the fewer the shortest paths
passing through that account, and vice versa. The assumption
is that the lower the spread (i.e., the difference between the
higher and the lower values) of BC values in a network, the
more connected the accounts are to each other, and the network
consists of strong ties.

Consider Figure 8, in which the spread of the BC values is
zero. The network is complete as all the nodes are connected to
each other and the shortest path between each pair of the nodes
is the direct path between those two nodes, and the path does not
pass through any other nodes.

Figure 9 visualizes two real Twitter networks. The yellow
nodes represent the ego, while the black links represent Two-way
connections and blue links show One-way connections. Using

FIGURE 8 | A complete graph with 6 nodes and BC mean and spread.

visual cues, we can see that the left side is a weak-tie network,
while the one on the right represents a stronger-tie network, and
this is also supported by quantitative evidence. The spread value
for the weak-tie network is 0.5455 and the corresponding value
for the strong ties is 0.3014. We use normalized BC values to
address the effect of network sizes on the calculations.

The third measure is closeness centrality (CC), a concept that
measures the distance between nodes (Perez and Germon, 2016).
In the graph theory, the distance between two nodes is defined
as the length of the shortest path between two nodes. CC is the
reciprocal of the sum of the distances from a node to all the
other nodes in the network. As in the case of the BC analysis,
to eliminate the effect of network size we applied the normalized
CC values in the analysis. The normalized CC value is calculated
using the formula in (5):

CC (v) =
N − 1

∑N−1
i=1 d (u, v)

. (5)

Here, d(u, v) is the shortest-path distance between u and v, and
N is the number of nodes in the network. The CC values are
between 0 and 1 for each node, and higher values of closeness on
average could be interpreted as higher connection rates between
nodes. In a directed graph in Twitter, there are two CC values for
each node (i.e., incoming and outward). If the difference between
the two CC values on average is low, it indicates that the majority
of the connections in a network are Two-way links. Therefore,
the network is a stronger-tie network.

The next two measures have been purpose-built by us and can
be illustrated by inspecting the two networks in Figure 9, above.
In the weak-tie network (left), the majority of the accounts are
connected to each other through the ego node, while the accounts
in the right-hand network are not only connected to the ego node
but to the other accounts in the network as well, which means
that the network consists of stronger ties. If we remove the ego
node and its incoming/outgoing links from the data, we can then
calculate the ratio of disjoint nodes in the network. We assume
that the higher the value of the disjointness ratio, the weaker the
network will be. Furthermore, as mentioned before concerning
the edge weights, we can calculate the mean values of the edge

FIGURE 9 | A weak-tie ego network (Left) and a strong-tie network (Right).
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FIGURE 10 | Ten candidate accounts and their corresponding values for indices.

weights for each network. We would argue that, for a stronger-
tie network, the mean value of the edge weights should be higher
than the corresponding value for a weaker-tie network because
individuals in a strong-tie network might be expected to have
more interaction and activities than in a weaker-tie network.

The last algorithm strengthens the method by bringing in a
tool that enables us to measure the similarity between two sets. It
builds on the idea that individuals in a strong-tie network might
be expected to be more similar to each other than individuals in
a network characterized by weak ties. If we use Milroy’s (1987)
ethnographic work as our point of comparison, men in the Belfast
neighborhoods were localized and spent more time with those
who were similar to themselves in their dense strong-tie networks
than women.

To measure similarity between sets, we use the Jaccard
Similarity Coefficient (JSC). It is a symmetric measure that can be
used to calculate the similarity between sets A and B as follows:

JSC =
|A ∩ B|

|A ∪ B|
(6)

The assumption is that if two accounts have a high number of
shared friends (i.e., a high JCS value), they are more similar
to each other than two other accounts with a lower JCS value.
Consequently, if the average JCS values for all the nodes in ego
network A are higher than the averages for another network B,
it means that the accounts in the A network are more similar to
each other and that we are dealing with a stronger-tie network,
and vice versa.

Consider the two networks presented in Figure 9, above.
Using the formula presented in (6), we can calculate themean JSC
value for the weak-tie network to be 0.12 and the corresponding

value for the stronger-tie to be 0.9. The average similarity for the
network on the right is almost 8 times higher than the average
similarity for the network on the left.

To measure the network qualities, we extracted the values for
each network and, with the aid ofMin-Max normalization, placed
them on an interval [0,1]. We subtracted the calculated values for
the BC mean, BC spread, disjointness ratio, and CC difference
from 1 in order tomake them comparable with the other features.
The values are shown in Figure 10. The higher values for each
feature (i.e., the darker the cell) indicate stronger-tie networks,
and vice versa.

To assign labels (weak-tie or strong-tie) to the candidate
networks, we calculated the mean values (strength coefficient
alpha) for each cell in Figure 10. We then labeled the accounts
with lower alpha values as weak-tie networks (W1–5) and the rest
as strong-tie networks (S6–10), as shown in Figure 11.

The strength values (top) and the visualizations of all of the
ten networks suggest that the algorithms are able to distinguish
between networks with differing qualities. The visualization
shows that the candidate networks as a whole can be roughly
divided into weak-tie networks and networks with stronger ties.
The method is robust and is not affected by smaller clusters that
might appear, for instance, inside a weak-tie network. As a whole,
therefore, we are able to suggest that the differences between
the network types are supported by complex multidimensional
quantitative data and visual cues. The next step is, then, to test
to see whether differing network structures are reflected in the
linguistic behavior.

In the last part of this study we investigate how the dependent
variables, listed in section Materials and Methods above, are
distributed among the network types. The accounts, their sizes,
and the normalized frequencies (per 100,000 messages) of the
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FIGURE 11 | Visualizing all the candidate networks.

dependent variables are shown in Table 2, below. The three
columns on the right show the number of English messages in
the network, the number of contractions in the text, and the
frequency of NEED to + V constructions. It is important to note
that, while the observations are based on a limited number of
accounts, the data have been retrieved from the entire network
connected to the ego node. These data consist of a total of 2,074
network nodes with over 2.6 million messages and nearly 30
million tokens of text. The network sizes vary, with the smallest
possessing 105 nodes and the largest nearly 300. The number of
messages varies between 100,915 and over half a million. The
mean is 264,351 messages.

Figure 12 shows three boxplots that visualize the relationships
between the weak- and strong-tie networks and the three

TABLE 2 | Statistics related to the dependent variables (normalized per 100,000).

Account Network N msg. EngShare Contr. NEED to + V

W1 221 312,350 63,220 3,860 630

W2 175 150,774 40,910 940 310

W3 105 100,915 81,195 3,580 770

W4 132 192,944 45,237 3,230 560

W5 216 189,628 68,688 3,800 610

S6 166 253,758 79,534 2,590 840

S7 195 286,945 61,039 2,930 660

S8 281 316,944 85,387 5,790 890

S9 286 322,566 62,170 2,610 450

S10 297 516,686 81,261 6,290 1,070
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FIGURE 12 | The relationships between the network types and the dependent variables.

dependent variables. The data show no consistent pattern in
which large networks would be quantitatively different from
each other, but large weak and strong-tie networks behave
similarly in terms of these variables. For the count of English
messages (left), the mean value for the strong-tie networks
is higher, but when tested with the Welch Two Sample t-
test for independent samples, the differences between the
networks are not statistically significant (t = −1.55, p >

0.05). The mean value for the contracted forms is slightly
higher for the weak-tie networks, but the differences are not
statistically significant (t = −0.97, p > 0.05). As for the lexico-
grammatical variable, the mean is higher for the strong-tie
networks, but the differences are not statistically significant
(t =−1.55, p > 0.05).

The quantitative patterns observed are clear. When we
investigate the large networks whose sizes are above the
threshold level suggested in section A Cohort-Based Approach
to Network Size, we can observe identical patterns. The results
show no distinction between large weak-tie and strong-tie
networks, which suggests that the differences observed in
small ethnographic studies level out when the network size
becomes sufficiently large. These observations support the
cohort-based findings in section A Cohort-Based Approach
to Network Size, above, and they also introduce ways of
measuring the digital networks of mobile individuals in the
social media.

We have attempted to demonstrate our algorithmic method
which utilizes data-mining of the social media and uses a
range of quantitative measures to establish network indices. The
method enables us to establish networks of varying strengths
and to determine that these varying qualities can not only be
visually confirmed (Figure 11) but also supported by quantitative
information. The method requires some computational power
but still involves a qualitative element, since we have endeavored
to ensure that the candidate networks represent similar content
profiles. As we point out above, previous studies have suggested
that various subpopulations have anomalously high network
profiles (McCarty et al., 2001), and, at this stage, the objective
has been to ensure that the candidate networks are similar. Our

future objective is to test the algorithmic method with a far larger
set of networks.

CONCLUSIONS

This article has investigated digital social networks of highly
mobile individuals, and we have attempted to contribute to
the study of social networks in sociolinguistics by providing
tools for accessing large networks. The research objective
has focused on the role played by network size as a key
determinant in social networks. We have shown that network
size has not been used in variationist sociolinguistics. Recent
network studies in other fields have, however, suggested that
network size could play an important role and that the
distinction between network types might level out beyond a
given threshold size of networks (Ma et al., 2019). Another
of our motivations has been to observe real networks whose
size is close to the average (at least in Western societies). The
mean size of the ego networks (207 nodes) used in section
An Algorithmic Approach to Networks in Sociolinguistics far
exceeds the size of networks that have been covered in previous
sociolinguistic studies, but they still fall within the limits of
viable networks, as discussed in section Social Networks in
Variationist Sociolinguistics.

As for the research questions, the first question focused
on improving the methods used in sociolinguistics so
that the quantitative variable of a network could be better
operationalized in situations where the population consists of
both socially and geographically highly mobile individuals. We
have introduced two methods for accessing the networks of
mobile individuals, thus expanding the empirical basis from
small-scale ethnographic observations. Section A Cohort-Based
Approach to Network Size introduced cohort-based methods,
while in section An Algorithmic Approach to Networks in
Sociolinguistics we detailed an algorithmic approach. The
methods have a strong empirical basis, and they offer new
tools for variationist sociolinguistics. They reveal fundamental
differences in comparison with ethnographic approaches. For
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instance, one of the advantages of ethnographic social network
studies is that the methods build on the idea that networks are
intrinsically a participant-related concept rather than something
than an outsider analyst could construct (Milroy and Llamas,
2013). Our cohort-based method adopts an alternative approach,
a clearly analyst-driven approach aimed at uncovering broad
quantitative patterns in data rather than looking at existing
networks. However, the algorithmic approach is very similar to
the original idea, since the starting point is an existing network.
As in Milroy and Milroy (1978) and Milroy (1987), the second
method assumes the unit of study to be essentially a pre-existing
category. Moreover, our method assumes network ties to be
multidimensional, as the algorithms account for not only
frequency of communication, but also a range of other factors.
This means modernizing the network concept in sociolinguistics
and bringing it closer to the contemporary idea that networks
are not based on a simple dichotomy but consist of a range of
attributes (Brashears and Quintane, 2018).

The second research question concentrates on the effect
of network size on the validity of the theory by combining
methods from sociolinguistics with computer science. Our
results gained from both methods suggest that network size
plays a role, and that the distinction between weak ties and
stronger ties levels out once the network size grows beyond
roughly 120 nodes. This finding is similar to the finding related
to trust in networks (see section Social Networks in Variationist
Sociolinguistics, above). We would, therefore, suggest that
further studies be made of the digital networks of mobile
individuals. Our raw data and the code are publicly available to
other researchers.

Our future plans include continuing to work using the
two methods. We plan to expand the cohort-based method
and to test it with other dependent variables than simply
language choice. Moreover, the metadata available in the
tweet stream contain a number of possible predictors other
than network size, and they need to be tested using linear
regression. As for the algorithmic approach, our objective is to

collect data from (tens of) thousands of accounts to scale up
the method.
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Abstract—Earlier studies have established that the (perceived)
similarity of users is highly subjective and reflects more on how
people respect/admire others rather than their characteristics
or behavioral similarities. We study this phenomenon among
Twitter users, and while confirm that it is indeed the case, we
further explore the components of similarity by investigating it
using data from three categories (interactions between egos and
alters, profile-based activity history, and linguistic content in the
messages). We use interactions as estimation for admiration and
observe that it has more impact and a higher correlation to
the perceived similarity than other objective measures, including
similarity based on user profiles and their use of hashtags.

Index Terms—Social network analysis; Ego network; User
similarity; Users interactions; Activity history.

I. INTRODUCTION

We investigate user similarity in social media. The broad
framework is such that social media has opened up to be a
big and rich source of data [1], [2]. Analyzing this massive
data with manual, computational, or interactive methods can
lead to novel insights that can be employed in a variety
of applications and fields in fundamental research [2], [3].
The notions of social networks, together with social media
and social network analysis (SNA), offer powerful models
and approaches for understanding social structures [4]. Social
network analysis embraces a wide range of applications and
can be used in different domains from internet applications of
location-aware recommendation [5] to understanding behavior
patterns of large numbers of individuals in social sciences and
the humanities, where the dynamics of interactional behavior
can substantially broaden the evidence based on fixed social
categories. The underlying idea of SNA is to establish user
similarities to identify the most similar individuals through
various interactional and social factors [6], [7].

Previous literature identifies three categories of individual
similarity that in some cases may lead two individuals who
were initially unacquainted to establish a connection and
initiate interaction in a social network [8]. First, self-view
similarity is a dyadic method that indicates how similar two
individuals are according to self-ratings. The second category
is the perceived similarity. Opposite to the self-view, the
perceived similarity is an idiosyncratic mode that quantifies
the similarity between two individuals based on a specific
trait according to their perceptions. The last one is peer-view

similarity, a group approach, in which peer views are used to
quantify two individuals’ similarity on a specific trait [8].

As discussed in Section I-C, we adopt the perceived-
similarity approach. We ask Twitter users to provide a list of
accounts that are similar to themselves and then compare this
list to large user-generated data of interactions. The objective is
to identify which interaction category most effectively predicts
similarity.

A. Twitter Ego Networks

A literature review from computer science and social an-
thropology reveals that ego networks are the cornerstones
in studying social networks [9], [10]. They are the primary
structural characteristics of individual networks [9]. Indeed,
the concept of an ego network is essential when identifying
key features of human behavior. Depending on the application
of interest or methods in analyzing ego networks, a range
of definitions appear in past literature [11]. As illustrated
in Fig. 1, we define an ego network to consist of a single
individual or an account (ego) and the other accounts directly
connected to the ego (alters) and the links between alters [12].

As primary material in the empirical part, we use mutual
interaction data and user profile information obtained from
Twitter. It is a micro-blogging and social network application
that enables users to share text (up to 280 characters excluding
URLs, mentions, and hashtags), photos, videos, and voice
messages [13]. A social network on Twitter incorporates an
ego node, those followed, and those who follow. The ego
is an account (a node) that has a direct connection to all
of the other accounts inside the network. Those followed or
friends are accounts that an individual (ego) is following, while
followers are the ones who follow the ego node. Twitter users
can generate content and maintain interaction with their social
networks and other accounts via tweets, mentions (replies),
and retweets that users post. Mentions or replies refer to the
response of other users to someone’s tweet. When retweeting,
it is possible to add text or other modalities to the original
tweet (retweet with a quotation).

Twitter ego networks are directed graphs in terms of friends
and followers. Fig. 1 demonstrates two sample ego networks.
Fig. 1(a) represents a dummy ego network with 9 accounts
and 22 links. Fig. 1(b) illustrates five real and very large
ego networks with interconnections (1,220 nodes and 19,139
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E D

ego

(a) A dummy ego net (9 accounts
and 22 edges).

(b) Five real ego networks from
Twitter and their interconnections
(1,220 nodes and 19,139 edges).

Fig. 1. Two examples of social networks.

edges). While a Twitter network consists of both friends and
followers, we are more interested in friends networks than the
whole or follower networks. As argued in [14], a following
(friend) tie is, from a social and interactional perspective, a
slightly stronger than a follower tie. The reason is that to
become a friend with someone on Twitter, opposite to having
a follower, users make some efforts (fi nd and follow) [14].

B. User Similarity on Twitter

The majority of past methods of similarity analysis and those
determining similarity profi les are based on either individual
ego networks or contents that users post on Twitter. Since the
objective is to focus on perceived similarity, we consider both
the user-generated data of interactions and linguistic content
as well as activity history. Earlier studies suggest that the
(perceived) similarity of users in social media is extremely
subjective, and each user might have his/her own interpretation
of the phenomenon [6], [15]. In other words, instead of
considering similarity based on specifi c traits or behavioral
characteristics, previous studies of perceived similarity aim at
measuring the extent to which users admire others rather than
observing what interactional components actually contribute
to similarity [16].

Evaluating literature on similarity analysis, and especially
those detecting similar users in networks, suggests that mea-
sures for similarity analysis among social network users have
been extensively focused on in the fi elds of information
retrieval and graph theory [17], [18]. Determining similar
users can be accomplished utilizing either data generated by
users in networks or benefi ting from models and techniques
in the graph theory, such as centrality analysis, sub-graph
isomorphism, and community detection [19].

In [20], Zhang et al. utilized textual data generated by
Twitter users to identify communities within the networks.
The authors applied this idea assuming that users who reside
in the same community can be considered similar to each
other. However, considering just one data modality without
considering the accounts that generated the data, such as troll
accounts, might yield unreliable results. The authors in [21],
via characterizing the Twitter friends and followers concepts as

out-degree and in-degree, defi ned a graph structure to analyze
user behavior under the category of graph analytic techniques.
However, the authors in [21] mainly concentrated on tweeting
patterns on Twitter rather than detecting similar users.

Dib et al. in [22] proposed a model to detect similar
users for followee recommendations. Their model utilizes
lexical and semantic analysis to extract features from the
content posted on profi les. Later, using a topology-based
candidate search that was made for the user of interest, the
authors developed a network to stream tweets. Applying a
semantic analysis to the tweets and calculating the similarities
was the next step in their user recommendations [22]. In
2020, Sridhar and Sanagavarapu in [23] proposed an account
recommender model, in which the idea was to construct a
social interaction network based on the similarity of tweet
content. They extracted features via a semantic analysis and
applied a hypernym feature engineering method to improve
the quality of the features. Later, the authors utilized the k-
nearest neighbors model to evaluate the similarity of tweets to
be used when recommending accounts to be followed [23].

Orlandi et al. in [24] focused on user profi ling techniques.
These techniques are mainly used for expressing knowledge
of users and their interests to provide personalised profi le
recommendations, and in [24] the authors proposed a method
to automatically create user profi les by utilizing semantic
techniques. TSim [25], which was proposed in 2018 by
AlMahmoud and Al-Khalifa, is another model for identifying
and investigating similarity of Twitter users based on their
social interactions. TSim considers both friends and followers,
while we are inclined to believe that a friends network is a
stronger network than a friends plus followers network as
it reduces the likelihood of including strangers or bot/troll
accounts which aim at superfi cially confl ating the network
size [14].

There is an abundance of research on user similarity on
social networks [26]– [28]. However, there is a lack of knowl-
edge of which factors, such as user interactions, can affect
the user similarity problem in network studies. Additionally,
it is still unclear how these factors infl uence similarity, and
whether the best factor’s predictive accuracy is good enough
to be employed in practice. This paper aims to analyze and
evaluate the users perceived similarity problem in Twitter
networks with respect to three features. These features are
obtained from user-generated data, their activity history, and
mutual interaction that users have with their social networks.
To provide a comprehensive investigation of the perceived
similarity problem from different perspectives, this paper not
only examines the content created by Twitter users plus their
interactions within the networks, but also encodes the patterns
upon which they generate content and interact with others.

We defi ne an individual’s ego network as all the links that he
or she directly establishes with alters [29], and we focus on de-
tecting the most similar alters to an individual. The underlying
idea comes from social sciences and assumes that people tend
to build communities that supply a meaningful framework in
their quotidian life [30]. Another key assumption is that people
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attempt to maintain interaction with people they appreciate or
respect more, and the hypothesis is that they consider the same
people most similar to themselves. Utilizing user interaction in
networks, profi le information, and the use of textual material
(hashtags), we aim at answering the following questions: First,
to what extent can user-generated data on Twitter be employed
for investigating the similarity between users? Second, what
user-generated data most effectively predicts similarity?

To fulfi ll the research objectives, we fi rst designed an online
survey to collect ground-truth data from Twitter users. Next,
we streamed user-generated data through the Twitter API for
those accounts that had been mentioned in the survey. We
then developed a quantitative model to analyze the similarity
of Twitter users employing these data. Finally, via evaluating
the results, we try to answer the research questions.

C. Data

We collected our data directly from Twitter via connecting to
the Twitter API using Python in two phases. First, considering
the concept of perceived similarity, defi ned as quantifying the
similarity between two individuals based on perception, we
prepared an online survey and advertised it, and asked Twitter
users to list the usernames of the 10 accounts most similar to
themselves1. The respondents could freely decide on the simi-
larity criteria. Second, we retrieved all the available data from
the networks of those who fi lled in the survey. Depending on
the number of accounts in a network and the amount of data,
the collection time varied considerably. Table I summarizes
the collected data statistics. In total, we collected 16,816,460
tweets, retweets, mentions, and quotations (up to 3,200 most
recent items) from 14 ego networks and 8,744 accounts. The
difference between the number of friends (‘Friends’) and the
size of the retrieved networks (‘Networks’) is because of the
private accounts whose data cannot be accessed by anyone
outside the network.

The rest of this paper is organized as follows. Section II
introduces our approaches for investigating the similarity of
Twitter users. Section III evaluates our measures with real
data that we streamed and collected directly from Twitter, and
Section IV concludes the paper.

II. DETECTING SIMILAR USERS IN SOCIAL NETWORK

We extract and analyze user similarity via three approaches
and then compare the result with the ground truth data that we
collected from the similarity survey. We utilize activity history,
user-generated data, and the interaction that the ego nodes had
with their social networks to identify the most similar accounts
to themselves. Then, we compare these results with the list
of most similar individuals from the survey. Fig. 2 presents
an overview of our approach and the three computational
perspectives employed to extract and detect similar users.

1The survey is available at: http://cs.uef.fi /∼fatemi/usersimilarity

TABLE I
TWITTER DATA STATISTICS

# Gender Friends Networks Tweets Retweets Mentions Quotations
1 Male 167 165 83,490 1,529 161,059 20,060
2 Male 118 110 38,333 429 65,316 6,680
3 Female 305 258 104,298 1,993 212,724 19,628
4 Female 197 191 103,392 1,683 232,960 27,130
5 Female 319 298 165,319 1,987 322,984 45,349
6 Female 3,856 3,790 2,265,328 32,910 4,999,656 840,223
7 Female 987 905 291,908 6,746 1,059,173 184,749
8 Male 542 515 191,743 3,884 515,107 90,254
9 Female 453 381 155,659 3,146 402,642 90,538
10 Male 468 457 407,942 5,001 460,663 55,790
11 Male 1013 881 528,451 11,949 943,800 70,143
12 Male 236 203 195,213 3,456 220,382 25,919
13 Male 261 260 205,232 2,482 280,609 33,548
14 Male 333 330 212,531 2,338 368,144 32,858

8 M / 6 F 9,255 8,744 4,948,839 79,533 10,245,219 1,542,869

Note: We anonymized all the accounts, due to the privacy preservation.

A. Interaction-Based Similarity

Our fi rst approach is tied to the interactions that users establish
and maintain in their social networks. As pointed out, a Twitter
interaction occurs and may continue once an account holder
interacts (e.g. replies to a tweet or retweets content) with
content from another account. The underlying idea is that if
two users have more interactions than other accounts, then
the probability is high that they are more similar in some
traits than others, viz. they might have similar interests, or
be interested in similar topics. Note that this does not mean
that the two nodes would have to behave similarly, since they
might, for instance, have opposing political views, in which
case similarity consists of shared interest in politics. It goes
without saying that similarity can consist of anything, ranging
from personality traits to individual views or social factors.

Fig. 3(a) demonstrates how we extracted the interactions
from an ego node (John Doe) and the nodes in his network.
Fig. 3(a) illustrates that this Twitter user has 165 alters
(friends) and 3,221 messages (tweets + retweets + mentions +
quotations). To extract the list of most frequent interactions,
bottom table in Fig. 3(a), we decomposed the ego node
messages and computed how many interactions this ego had
had with each of his friends. After that, we ranked the

interactions hashtags activity 
history

user

interactions hashtags activity activity 
historyhistory

collecting ego networks 
data from Twitter

similarity survey
(collecting ground-truth data)

similarity analysis via three methods

(collecting ground-truth data)

result comparison

Fig. 2. Overview of the proposed model.
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accounts based on frequency and selected the top 10 ones.
This procedure results in two lists of Twitter users, the first
one provided by the user (John Doe) using the online survey,
and the second one is the result of extracting his recent social
interactions in the application. From the mathematical point
of view, these lists are considered two sets of distinct entities,
and the similarity analysis can be accomplished by calculating
the set similarity.

Based on our empirical results, we argue below in Sec-
tion III-A that interaction-based similarity seems to be a su-
perior method for measuring similarity over the other methods
of the profile activity history or hashtags.

B. Profile-Based Similarity
The second approach quantifies Twitter users’ activity history.
Table II shows that we extract a set of activity-based features
(seven features), and then utilize them to create user profiles
for each account and thus all the nodes in the network.

The first calculated feature is Age, and it equals to the
number of days that an account has been active until our
data collection. Tweet indicates the total number of tweets
(including retweets and replies) that an account has published.
As the third feature, we applied the idea of [31] to compute
the Reputation for each account and giving insight of the
credibility of a user. Based on the formula in Table II,
the reputation value for verified Twitter accounts, such as
celebrities and politicians, is close to zero, since there is a
drastic difference between the number of friends and followers
for these verified accounts. Favorite indicates the total number
of times an individual likes others’ tweets. Tweet rate is the
fifth feature and indicating the average number of tweets
that an account publishes per day. The last two features are
related to the hashtags that users integrate into their messages.
The Hashtags category represents the total number of unique
hashtags (types) that an account has used so far, and Hashtag
density indicates the number of hashtags (tokens) per tweet of
an account (taking all the hashtag tokens into account instead
of considering the unique types).

Fig. 3(b) indicates profiles that we built from John Doe’s
ego network using the features that we extracted from his
activity history. After building profiles, to scale the extracted
features and to make them comparable, we apply a min-max
normalization and transform the values into the [0, 1] interval.

Finally, we calculate the distance between the built profiles
by calculating Euclidean distance [32] between the respective
profile vectors consisting of the 7 dimensions (features) listed
in Table II.

We assume that accounts with the same activity patterns
ought to be more similar to each other than those with differing
activities. Consequently, we rank one’s friends based on the
distance that was calculated using the activity profiles. The
lower the distance between two profiles, the more similar these
profiles are considered to be.

C. Hashtag-Based Similarity
The third method to extract and analyze Twitter user similarity
involves hashtags. They are utilized as tags or topics for

tweets, and users attach them to tweets to showcase the topics
discussed. In detail, social media users take advantage of
hashtags as labels to indicate succinctly what is being written,
and they always begin with the ‘#’ sign. Tables III and IV
visualize two dummy hashtag sets with their frequencies. The
idea is that if two individuals regularly use similar sets of
hashtags and share a substantial number of hashtags, these
individuals are probably more similar to each other than those
whose hashtag similarity is lower. That is, if two people are
similar in some specific traits, they will probably care, chat,
and write about similar topics [20].

The first step in this part consists of extracting all the
hashtags. For the 14 ego nodes and their alters, we collect
the hashtags and their frequencies. Next, using Formula 1 we
calculate the similarity between each ego node and its alters
and rank them.

Sim(A,B) =

∑{min(na, nb)|n ∈ (A ∩B)}
total number of hashtags

(1)

Here, A and B are two tag sets (tags and their frequencies
such as Tables III and IV) that belong to two users, and
na and nb are the frequencies of a specific hashtag in A
and B, respectively. For instance, for the two hashtag sets
in Tables III and IV, using Formula 1, the similarity value
will be: Sim(A,B) = (1 + 7)/(16 + 17) ' 0.24.

Fig. 4 presents a more comprehensive illustration of the
ground-truth data (Survey) that a Twitter user, such as John
Doe, provided and three lists that we extracted from his
network content according to the analysis of interactions,
hashtags, and activity profiles. This comparison shows that
there are 6, 3, and 0 similar users between the Survey data and
the Interactions, Hashtags, and Profiles respectively. Applying
Jaccard similarity coefficient (JSC) calculations [32], [33], the
similarity values for John Doe’s ego network, which take into
account interactions, hashtags, and activity history are 33.3,
17.6, and 0. For John Doe’s ego network, the interaction
category turns out to be the best way to identify similar users
among the nodes in his network.

III. EMPIRICAL RESULTS

A. Detecting Similarity of Twitter Users

Table V shows the results of our methods for Twitter user
similarity analysis. We extracted the similar account lists based
on the social interactions, hashtags, and activity history for all
the 14 ego networks shown in Table I using the procedures

TABLE II
ACTIVITY-BASED FEATURES

Features Description
Age (days) age = present day − created day

Tweet the total number of tweets
Reputation reputation = friends

friends+followers
Favorite the total number of likes

Tweet rate tweet rate = tweets
age

Hashtags the total number of unique hashtags
Hashtag density the total number of hashtags per tweet
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Friends Tweets Retweets Mentions Quotations 

John Doe 165 1,206 9 1,898 108

Account Retweets Mentions Quotations Total

1 Candi Lile 4 20 5 29

2 Lawan Moad 0 13 3 16

3 Mona Meder 1 10 4 15
...

164 Tad Pugh 2 8 2 12

165 Jose Sly 1 4 3 8

(a)

Accounts Age
(days)

Tweets Favorites Reputations Tweets
rate

Hashtags Hashtags
densities

1 John 3,334 5,269 44,031 0.63 1.58 127 0.035

2 Candi 3,381 2,256 3,098 0.31 0.67 194 0.138

3 Tad 3,128 18,944 27,090 0.50 6.07 26 0.002
...

166 Jose 1,477 6,335 95,194 0.77 4.29 19 0.003

(b)

Fig. 3. Examples of (a) extracted interactions from an ego network, and (b) how profi les are built using the introduced activity-based features.

TABLE III
A: JOHN’S HASHTAGS

Hashtags Frequencies
SoundCloud 1

Covid 11
Mdpi 1

HR1044 3
Total 16

TABLE IV
B: CANDI’S HASHTAGS

Hashtags Frequencies
Worldcup 3

Covid 7
twitter 1
FIVB 4

SoundCloud 2
Total 17

introduced in Sections II-A, II-B, and II-C. Next, we sorted
each list into a descending order and selected the top 10
accounts for the fi nal stage. Lastly, applying JSC [32], [33],
we calculated the similarity values for social interactions,
hashtags, and activity history between the ground-truth lists
that the ego nodes had provided and the extracted lists.

As Table V demonstrates, the interaction-based similarity
measurement has the highest accuracy on average (19.2%),
much higher than the hashtag-based (7.7%) and the activity-
based (1.9%) similarity analyses. The calculated values for
different approaches suggest that the analysis of ego node
interactions with their friends turns out to be the most effective
way to locate the similar users in a network and outperforms
the other methods that are used here.

B. Effect of Network Size

The authors in [34] discussed the idea that social network
size is an important aspect in network and that size plays an
important, yet understudies, role in various fi elds, including
social media technological design, sociology, and so on. In

1. Gavin Miedema 
2. Savannah Craver 
3. Darren Brobst 
4. Afton Merchant 
5. Beth Brummer 
6. Chrissy Haan 
7. Lucina Calvillo 
8. Lucile Rosas 
9. Inocencia Hess 

10. Darline Brazzell

1. Lawana Moad 
2. Nellie Branson 
3. Carley Samson  
4. Shawna Cifaldi 
5. Mona Madere 
6. Dean Izzard 
7. Kena Mccraney 
8. Sharyl Amaker 
9. Twanda Heyman 

10. Jose Sly

1. Dion Marcella 
2. Candi Lile 
3. Tad Pugh 
4. Rolf Weishaupt 
5. Kathleen Narciso 
6. Jose Sly 
7. Les Brumett 
8. Laronda Mayers 
9. Stephnie Edward 

10. Doglas Vanauken

1. Tad Pugh 
2. Mona Madere 
3. Candi Lile 
4. Lawana Moad 
5. Quentin Warthen 
6. Kathleen Narciso 
7. Carley Samson  
8. Maryeta Webster  
9. Jose Sly 

10. Stephnie Edward

Survey Interactions Hashtags Profiles 

Fig. 4. Example results of similar accounts extraction.

addition, it has been argued that larger social networks (in
terms of the number of nodes in the network) might be more
benefi cial than smaller ones, because size brings in the po-
tential of having more nodes that can carry more information
and thus increase the diversity of social contacts [34]. In this
regard, we conducted an additional investigation to evaluate
the effect of ego network size on the user similarity problem.
Using Pearson correlation analysis [32], [35], we calculated
the linear correlation between the results of our three ap-
proaches and the network sizes. The correlation values of the
network sizes and similarity categories (interaction, hashtags,
and activity) are −0.65, −0.22, and −0.23, respectively. There
is a linear correlation between the three approaches and the
network size values, and the negative coeffi cient values suggest
that the accuracy of the methods decreases when increasing
the number of nodes in networks. In other words, we can fi nd
users that are similar to the ego more effectively in smaller
networks than in larger ones.

Fig. 5 visualizes the correlation analysis results. The 14
ego networks were sorted based on the size of the networks
(‘Networks’ column in Table I), and then we plotted (Fig. 5)
the network sizes against the similarity values for each network
(see Table V). As we mentioned earlier, the interaction-based

TABLE V
SIMILARITIES CALCULATED VIA THREE PROPOSED METHODS FOR THE

14 COLLECTED EGO NETWORKS

# Gender Interactions (%) Hashtags (%) Profi les (%)
1 Male 33.3 17.6 0.0
2 Male 11.1 5.3 11.1
3 Female 11.1 17.6 5.3
4 Female 25.0 11.1 0.0
5 Female 25.0 5.3 0.0
6 Female 0.0 5.3 0.0
7 Female 11.1 5.3 0.0
8 Male 17.6 11.1 5.3
9 Female 17.6 0.0 0.0

10 Male 25.0 0.0 0.0
11 Male 5.3 0.0 0.0
12 Male 33.3 11.1 0.0
13 Male 25.0 17.6 0.0
14 Male 25.0 0.0 5.3

avg. 19.2 7.7 1.9
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Fig. 5. Correlation analysis between the size of ego networks (number of friends) and the accuracy of three proposed approaches for measuring user similarity.
The correlation values of the network sizes and similarity categories (interaction, hashtags, and activity) are −0.65, −0.22, and −0.23, respectively.

similarity has the highest average value for calculating the user
similarity, which is superior when compared with the other two
approaches; its absolute correlation value is also the largest
among the three approaches (|ρ| = 0.65). In other words,
when compared with the hashtag-based and the activity-based
similarities, the interaction-based similarity decreases more
substantially when the ego network size increases.

C. Male Ego Networks vs. Female Ego Networks

Out of the 14 ego networks that we collected from Twitter,
eight identify as males (male ego nodes), and the rest as fe-
males (female ego nodes). We compared the average similarity
values calculated in Table V for the male against female ego
networks. As shown in Fig. 6, the male ego networks result
in higher values than females for all the current methods.
Moreover, adding this additional category does not change the
overall result. For both the male and female egos, using the
interaction-based similarity measure between the ego and the
alters results in the highest accuracy.

IV. CONCLUSION

We have focused on user similarity in social networks and
particularly on Twitter and have utilized a set of particular
methods to measure similarity. The empirical part analyzed
how effectively these methods can be used to measure Twitter
user similarity. The proposed methods aimed at investigating
the extent to which various factors that are directly observable
in user-generated data, such as users interactions, can affect
the user similarity problem in a directed graph network. We
also assessed the impact of these factors as possible predictors
to measure which one is the most infl uential when it comes
to the user similarity problem.

We employed actual user interactions, hashtags in user
posts, and individual activity history as three approaches to
extract features and to measure user similarity between the
ego node and the alters. The results indicate that utilizing user
interactions has the most impact on the similarity problem
and the highest accuracy for predicting similar users. Based
on our observations, we propose that user-generated data on
Twitter, and especially deep network interaction data, can be
employed to identify the most similar users and user groups.
This information can be further utilized in social network
analyses in other fi elds, such as sociolinguistics that focuses
on how language variation and change is embedded in the

social structures in which it is used [30], [36], [37]. What is
more, we investigated that the size of ego networks can slightly
affect the accuracy of the similarity problem in networks. In
more detail, there is a negative linear correlation between the
proposed method and the size of ego networks. That is, by
increasing the network size, we witness decreasing accuracy
in locating similar users. Additionally, we examined the effect
of gender (male egos vs. female egos) on the accuracy of
identifying similar users. The observations suggest that the
accuracy is higher for each of the three proposed methods
when the ego node is male, and thus, further improvements
concerning female accounts are required in the future.

Our plans for the future work include improvements of
our approaches to increase the accuracy of the methods and
to account for particularly challenging cases and scenarios
discussed below, for instance, regarding the effect of network
size and account holder’s gender. In addition, combining
our computational approaches with interactive visual analyses
of social networks [38] and social media [39] to facilitate
research in sociolinguistics is also part of our plans [40].
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[5] P. Fränti, K. Waga, and C. Khurana, “Can social network be used for
location-aware recommendation?” in Proceedings of the International
Conference on Web Information Systems and Technologies — Volume 1:
WEBIST, ser. WEBIST ’15, INSTICC. SciTePress, 2015, pp. 558–565.

[6] M. McPherson, L. Smith-Lovin, and J. M. Cook, “Birds of a feather:
Homophily in social networks,” Annual Review of Sociology, vol. 27,
no. 1, pp. 415–444, Aug. 2001.

[7] M. E. Newman and M. Girvan, “Finding and evaluating community
structure in networks,” Physical Review E, vol. 69, no. 2, p. 026113,
Feb. 2004.

[8] M. van Zalk and J. Denissen, “Idiosyncratic versus social consensus
approaches to personality: Self-view, perceived, and peer-view similar-
ity,” Journal of Personality and Social Psychology, vol. 109, no. 1, pp.
121–141, Jul. 2015.

[9] R. Dunbar, Grooming, Gossip, and the Evolution of Language. Harvard
University Press, 1996.

[10] V. Arnaboldi, A. Passarella, M. Conti, and R. I. Dunbar, “Chapter
5: Evolutionary dynamics in Twitter ego networks,” in Online Social
Networks, ser. Computer Science Reviews and Trends. Elsevier, 2015,
pp. 75–92.

[11] V. Arnaboldi, M. Conti, M. La Gala, A. Passarella, and F. Pezzoni, “Ego
network structure in online social networks and its impact on information
diffusion,” Computer Communications, vol. 76, pp. 26–41, Feb. 2016.

[12] R. Burt, “Structural holes versus network closure as social capital,” in
Social Capital: Theory and Research. Routledge, 2001.

[13] I. Eleta and J. Golbeck, “Multilingual use of Twitter: Social networks
at the language frontier,” Computers in Human Behavior, vol. 41, pp.
424–432, 2014.

[14] M. Laitinen, J. Lundberg, M. Levin, and A. Lakaw, “Revisiting weak
ties: Using present-day social media data in variationist studies,” in
Exploring Future Paths for Historical Sociolinguistics. John Benjamins
Publishing Company, 2017, pp. 303–325.

[15] J. Weng, E.-P. Lim, J. Jiang, and Q. He, “Twitterrank: finding topic-
sensitive influential twitterers,” in Proceedings of the third ACM inter-
national conference on Web search and data mining, 2010, pp. 261–270.

[16] R. M. Montoya, R. S. Horton, and J. Kirchner, “Is actual similarity
necessary for attraction? a meta-analysis of actual and perceived simi-
larity,” Journal of Social and Personal Relationships, vol. 25, no. 6, pp.
889–922, 2008.

[17] A. Goel, A. Sharma, D. Wang, and Z. Yin, “Discovering similar users
on Twitter,” in Proceedings of the Workshop on Mining and Learning
with Graphs, ser. MLG ’13, 2013.

[18] V. Kuikka, “Terrorist network analyzed with an influence spreading
model,” in Complex Networks IX. Springer, 2018, pp. 185–197.

[19] W. M. Campbell, C. K. Dagli, and C. J. Weinstein, “Social network
analysis with content and graphs,” Lincoln Laboratory Journal, vol. 20,
no. 1, pp. 61–81, Jan. 2013.

[20] Y. Zhang, Y. Wu, and Q. Yang, “Community discovery in Twitter based
on user interests,” Journal of Computational Information Systems, vol. 8,
no. 3, Feb. 2012.

[21] Q. Yan, L. Wu, and L. Zheng, “Social network based microblog user be-
havior analysis,” Physica A: Statistical Mechanics and its Applications,
vol. 392, no. 7, pp. 1712–1723, 2013.

[22] B. Dib, F. Kalloubi, E. H. Nfaoui, and A. Boulaalam, “Semantic-based
followee recommendations on Twitter network,” Procedia Computer
Science, vol. 127, pp. 505–510, 2018.

[23] S. Sridhar and S. Sanagavarapu, “Twitter social networking graph using
hypernym based semantic similarity detection,” in Proceedings of the
International Conference on Smart Electronics and Communication, ser.
ICOSEC ’20. IEEE, 2020, pp. 28–35.

[24] F. Orlandi, J. Breslin, and A. Passant, “Aggregated, interoperable and
multi-domain user profiles for the social web,” in Proceedings of the
International Conference on Semantic Systems, ser. I-SEMANTICS ’12.
ACM, 2012, pp. 41–48.

[25] H. AlMahmoud and S. Al-Khalifa, “TSim: A system for discovering
similar users on Twitter,” Journal of Big Data, vol. 5, no. 39, Oct.
2018.

[26] C. G. Akcora, B. Carminati, and E. Ferrari, “Network and profile based
measures for user similarities on social networks,” in Proceedings of the
IEEE International Conference on Information Reuse & Integration, ser.
IRI ’11. IEEE, 2011, pp. 292–298.

[27] V. Kuikka, “Influence spreading model used to community detection in
social networks,” in International Conference on Complex Networks and
their Applications. Springer, 2017, pp. 202–215.

[28] A. Tommasel and D. Godoy, “Influence and performance of user sim-
ilarity metrics in followee prediction,” Journal of Information Science,
2020.

[29] M. Laitinen, M. Fatemi, and J. Lundberg, “Size matters: Digital social
networks and language change,” Frontiers in Artificial Intelligence,
vol. 3, p. 46, Jul. 2020.

[30] L. Milroy and C. Llamas, “Social networks,” in The Handbook of
Language Variation and Change, 2nd ed. John Wiley & Sons, Ltd,
2013, ch. 19, pp. 407–427.

[31] J. Lundberg, J. Nordqvist, and M. Laitinen, “Towards a language
independent Twitter bot detector,” in Proceedings of the Conference
of the Association of Digital Humanities in the Nordic Countries, ser.
DHN ’19, vol. 2364. CEUR Workshop Proceedings, 2019, pp. 308–319.

[32] J. Scott and P. J. Carrington, Eds., The SAGE Handbook of Social
Network Analysis. SAGE Publications, 2011.

[33] V. Thada and V. Jaglan, “Comparison of Jaccard, Dice, cosine similarity
coefficient to find best fitness value for web retrieved documents using
genetic algorithm,” International Journal of Innovations in Engineering
and Technology, vol. 2, no. 4, pp. 202–205, Aug. 2013.

[34] H. Rainie and B. Wellman, Networked: The New Social Operating
System. MIT Press, 2012.

[35] R. Taylor, “Interpretation of the correlation coefficient: A basic review,”
Journal of Diagnostic Medical Sonography, vol. 6, no. 1, pp. 35–39,
Jan. 1990.

[36] W. Labov, Principles of Linguistic Change, Volume 2: Social Factors.
Wiley, 2001.

[37] Z. Fagyal, S. Swarup, A. M. Escobar, L. Gasser, and K. Lakkaraju,
“Centers and peripheries: Network roles in language change,” Lingua,
vol. 120, no. 8, pp. 2061–2079, Aug. 2010.

[38] J. Du, Y. Xian, and J. Yang, “A survey on social network visualization,”
in Proceedings of the International Symposium on Social Science, ser.
ISSS ’15. Atlantis Press, Aug. 2015, pp. 419–423.

[39] S. Chen, L. Lin, and X. Yuan, “Social media visual analytics,” Computer
Graphics Forum, vol. 36, no. 3, pp. 563–587, Jun. 2017.

[40] K. Kucher, M. Fatemi, and M. Laitinen, “Towards visual sociolinguistic
network analysis,” in Proceedings of the International Joint Conference
on Computer Vision, Imaging and Computer Graphics Theory and
Applications (VISIGRAPP ’21) — Volume 3: IVAPP, ser. IVAPP ’21.
SciTePress, 2021, pp. 248–255.

Authorized licensed use limited to: University of Eastern Finland. Downloaded on December 10,2021 at 08:22:14 UTC from IEEE Xplore.  Restrictions apply. 





Paper III

Fatemi, M., Sieranoja, S., Laitinen, M., & Fränti, P. (2025)
“Detecting connectivity patterns in Nordic Twittersphere by cluster

analysis”
SN Computer Science, 6(7), 815

https://doi.org/10.1007/s42979-025-04353-y





3/29/26, 8:26 PM Rightslink® by Copyright Clearance Center

https://s100.copyright.com/AppDispatchServlet?title=Detecting Connectivity Patterns in Nordic Twittersphere by Cluster Analysis&author=Masoud… 1/1

© 2026 Copyright - All Rights Reserved | Copyright Clearance Center, Inc. | Privacy statement | Data Security and Privacy
| For California Residents | Terms and Conditions

Detecting Connectivity Patterns in Nordic Twittersphere by
Cluster Analysis
Author: Masoud Fatemi et al

Publication: SN Computer Science

Publisher: Springer Nature

Date: Sep 10, 2025

Copyright © 2025, The Author(s)

Creative Commons
This is an open access article distributed under the terms of the Creative Commons CC BY license, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

You are not required to obtain permission to reuse this article.
To request permission for a type of use not listed, please contact Springer Nature

Comments? We would like to hear from you. E-mail us at customercare@copyright.com





ORIGINAL RESEARCH

SN Computer Science           (2025) 6:815 
https://doi.org/10.1007/s42979-025-04353-y

diverse information (news, opinions, and personal experi-
ences) that users share with others on the application [1]. 
Through interactional links (mutually following each other), 
users create social networks that can be helpful in analyzing 
societal behaviors [2], information dissemination [3], and 
impact on other users and public debates [3]. Within these 
networks, virtual communities can also be identified. The 
abundance of data on Twitter has meant that it has become a 
vast repository that is utilized in both applied fields, such as 
marketing [1], and in extracting novel insights and knowl-
edge in fundamental research [2, 4].

For over a decade, researchers have studied national or 
language-specific Twitter communities, analyzing aspects 
like network structures, clustering, and user interaction 
dynamics [5–7]. In [5], authors studied a follower/followee 
network of 120,000 accounts in Australia (called Australian 
Twittersphere). They used Australian-themed hashtags veri-
fied by the time-zone settings of the users (unique to Austra-
lia). Their study delivers insights into the spread of hashtags 
on Twitter and highlights the discovery of a significant por-
tion of Australian Twitter users, paving the way for innova-
tive data collection methods.

The authors in [7] compared a single-day activity to a 
long-term activity using 177,000 unique accounts in the 
Australian Twittersphere. They observed more diversity in 

Introduction

This study focuses on clustering social media users’ loca-
tions based on their connections. The study uses data from 
X (previously known as Twitter). As is widely known, it 
is a prominent social media platform that has a significant 
influence on our daily lives [1]. This is primarily due to the 
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Abstract
We analyze Nordic social media users by clustering them based on their connections on Twitter. The data consists of 
15,794 users in the five Nordic countries: Finland, Sweden, Norway, Denmark, and Iceland. We first create an undirected 
graph from the friendship relations (mutually following each other), then divide the graph into five clusters using a recent 
M-algorithm, and finally compare the results to users’ locations. The results demonstrate that the users are strongly clus-
tered according to their home country. There is surprisingly little interaction across the countries despite the fact that they 
are, except for Iceland, physically close to each other and have cultural and linguistic similarities. The main language of 
the four countries belongs to the Germanic languages, while Finnish is typologically distinct. We further explore content 
from users in each country, analyzing its alignment with connectivity patterns. Our findings reveal a discrepancy between 
user-generated content similarity in the Nordic region and their connectivity patterns.
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the single-day activity patterns. They also highlighted the 
limitations of hashtag-driven methods. Van Geenen et al. 
in [8] made an attempt to analyze one week of activity on 
Twitter by detecting accounts of politicians, media organi-
zations, and journalists. However, no significant findings 
were reported.

Kwak et al. in [9] investigated Twitter’s dynamics by 
examining a network among 41.7 million users. They used 
PageRank and the number of followers to identify influen-
tial users. The results revealed unique characteristics, such 
as non-standard follower distributions and fast information 
diffusion, primarily through retweets.

In a series of papers [10–12], Münch et al. analyzed the 
German and Italian Twitter networks. The first paper intro-
duces a sub-sampling method based on rank-degree [10]. 
The authors focus only on nodes with higher connection 
degrees. In the follow-up paper, they examined the relation-
ship between the Italian and German Twitter communities 
using a sample of 14,685 nodes extracted based on the lan-
guage of the Tweets [11]. Their third paper showed that the 
sub-sampling approach was able to identify the top influen-
tial accounts in the German Twittersphere based on 1–10% 
sub-sample size [12].

The main limitation of these studies is that analyzing large 
networks requires good tools. Sub-sampling is one possibil-
ity to reduce the size of the data that would be impractical 
to analyze manually. However, clustering would be more 
appropriate in summarizing extensive amounts of data [13]. 
For example, multimorbidity graph was constructed from 
58 million patient diagnoses in Finland and then partitioned 
into diagnosis clusters [14]. The summarization by the clus-
tering made it easier to analyze the content, which would 
have been an overwhelming task if examined the full data 
as such. Clustering has been in various fields, such as health 
science, online marketing, and transportation [14–16].

In social networks, clustering has been employed to 
detect communities [13, 17–19]. The authors in [20] applied 
the Louvain clustering algorithm for the Australian Twit-
tersphere to extract 30 major clusters. They compared the 
thematic content of the clusters and found a shift from a 
technology-centric base to more diverse ones encompass-
ing sports, politics, and celebrity culture. The same cluster-
ing algorithm was applied to the Norwegian Twittersphere 
selected based on the interface language and the profile 
location information in [6]. The study focused on the echo 
chamber phenomenon, but the extracted clusters revealed 
very little evidence for it.

In [21] authors presented a hierarchical clustering algo-
rithm with an information-theoretic clustering criterion 
focusing on the hierarchical aspect of the network. Peixoto 
introduced another information-theoretic clustering method 
based on the minimum description length principle to 

estimate the number of clusters [22]. If the data had natural 
clusters, this approach could potentially find their correct 
number. A follow-up paper by Peixoto provides a theoretical 
background of clustering via extensive discussion of several 
myths that sometimes appear in the literature [23]. We fully 
agree with the arguments made in the paper.

In this paper, we apply cluster analysis to analyze the 
Nordic Twittersphere. Similar to [20], we use the mutual 
follower/followee relationship with the assumption that a 
mutual relationship creates a stronger link than a simple fol-
lowing relation. We use a recent M-algorithm with conduc-
tance criterion, which has been shown to be more robust on 
Lancichinetti data than the widely used Louvain algorithm 
[19]. We do not claim the M-algorithm as a novel contribu-
tion; however, to our knowledge, this is the first time it has 
been applied to community detection in Twittersphere data.

Contrary to the Australian Twittersphere [5], we do not 
have an obvious shortcut like the unique time zone to select 
the Nordic users. Instead, we rely on the geo-tagged data 
collected in the Nordic Tweet Stream (NTS) project [24]. 
Although location data is not always available due to privacy 
or other concerns [25], some Twitter users still share their 
locations to provide us with a large dataset on which to base 
our analysis. Without such geo-tagged database, researchers 
would need to develop methods to infer location.

We compare the clustering result with the physical loca-
tions of the users. Specifically, we aim to determine whether 
a correlation exists between the clustering results and the 
users’ home countries in the Nordic region. The focus on 
Nordic countries is justified given that the five countries 
share substantial socio-cultural similarities, and the region 
has been suggested to be a “laboratory” for research into 
the contexts and consequences of globalization and mobility 
[26]–[27].

The process we followed involve several steps. We first 
collected tweets from the Nordic region between November 
2016 and November 2022. We selected users whose tweet 
locations matched their profile locations in the five Nordic 
countries. We then excluded users who had location-tagged 
tweets in another country than their home country indicated 
by their profile. The resulting graph was then clustered 
using a state-of-the-art graph clustering [19]. We opted for 
five clusters representing the five countries in the data, but 
we also examined the impact of adding a sixth cluster.

The study seeks to answer the following research ques-
tions. First, we aim to determine how accurately the clus-
tering results align with the country division of the users. 
Second, we explore whether there are any hidden or undis-
covered clusters that were not initially apparent. Third, we 
investigate which clustering criterion is the most appropri-
ate for the given data. We make a brief content analysis of 
the country clusters on their use of hashtags although we are 
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aware of its limitations. Our primary goal is to explore the 
existence of clusters, not extensive content analysis.

While previous studies have explored Twitter networks 
in national contexts, our work contributes a novel regional 
perspective by analyzing the Nordic Twittersphere as a uni-
fied yet culturally diverse space. The clear correspondence 
between social connectivity and national borders in our 
results, despite geographic proximity and shared cultural 
features, reveals new insights into how digital communities 
mirror offline identities. This approach not only deepens 
understanding of social clustering in a multilingual, multi-
country context, but also provides a replicable framework 
for analyzing regional networks elsewhere.

While authors in [5] have mapped national Twitter net-
works and observed that users often cluster based on geo-
graphic and cultural lines, our study extends this analysis 
to the Nordic Twittersphere using more recent data from 
2022. By applying a state-of-the-art clustering algorithm to 
a large-scale [19], multilingual dataset, we aim to uncover 
the nuances of regional digital communities in the Nordic 
context, offering comparative insights across multiple coun-
tries with shared and divergent cultural traits.

The structure of the paper is as follows. Section “Nor-
dic Twitter Data” documents the data collection process and 
summarizes the properties of the data. Section “Clustering” 
reviews previous research on network clustering and their 
result analysis. It also details the selected clustering algo-
rithm and studies the effect of the different objective func-
tions. The clustering results are discussed in Sect. “Results”. 
Sect “Conclusions” concludes the paper and suggests poten-
tial future research.

Nordic Twitter Data

Our main data source is the Nordic Tweet Stream (NTS), 
which has been collected continuously since November 
2016 [24]. NTS is a constantly growing dataset that includes 
geolocation-enabled tweets from the Nordic countries from 
November 2016 up to the present [24]. For this study, we 
selected users who had tweets between November 1, 2016, 
and November 31, 2022, resulting in a dataset called Nordic 
Twitter Network (hereafter NTN-2022). This dataset com-
prised a total of 691,521 user accounts.

The time frame was selected to cover only the era before 
the change of Twitter to X. We wanted to minimize the 
impact of external factors such as ownership changes can 
have on a social media platform and its user communities. 
Our choice also allows the data to be used later for compara-
tive studies between Twitter and X.

We opted to use geo-location as the selection criterion for 
the users in the Nordic Twittersphere for two reasons. First, 

in this way, we directly address the challenge of targeting 
research findings to specific geographical areas. This is par-
ticularly valuable for understanding regional nuances and 
how local contexts influence Twitter interactions. Second, 
a country hashtag such as #Finland gives no guarantee that 
the person is from Finland. We do not have similar unique 
time-zone verification as Australia. Limitations of Hashtag 
as a selection criterion have been widely noted in literature 
[28–30].

Instead, we rely on the geo-tagged data collected in the 
Nordic Tweet stream (NTS) project [24]. This may filter 
out many users and have a strong sub-sampling effect on 
the data with possible bias. However, the selected users are 
likely more knowledgeable than those not using geo-loca-
tion. This aligns well with the other researchers focusing on 
expert users [31].

Location Information

Twitter offers two types of locations. The first is the user’s 
self-reported location (text field) in the Bio section. This 
field is not standardized and may be inaccurate, as users can 
enter any location they choose, even a fictional one [32]. 
The second is the geolocation feature, which can be added 
to every tweet by users who enable this option in their pro-
file settings. This location is provided automatically, and it 
is in a standardized format, including the latitude, longitude, 
and the country code. NTS consists of tweets that have this 
secondary location in one of the five Nordic countries: Fin-
land, Sweden, Norway, Denmark, and Iceland.

Nordic Twitter Network

The process of creating the NTN-2022 dataset included the 
following steps: (1) user extraction, (2) user labeling, (3) 
user filtering, and (4) collecting the tweets in the entire net-
work, see Fig. 1. In the first step, we extracted all users who 
had tweets included in the NTS between November 2016 
and November 2022. In the second step, we labeled all users 
based on the country they tweeted from. Users form five 
distinct sets representing the five Nordic countries.

Users who had tweets from more than one country were 
excluded. Including such users may introduce inconsisten-
cies, making it difficult to accurately categorize and analyze 
their generated content. We intend to focus exclusively on 
topics or discussions in Nordic countries. Including users 
who had tweeted from more than one Nordic country might 
dilute the data set intended geographical focus. Moreover, 
excluding users with tweets spanning multiple countries 
improves the data quality and simplifies data analysis and 
interpretation for more straightforward comparisons and 
insights. In this step, 88,381 accounts were excluded.
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number of edges relative to all possible edges in a complete 
graph. For readability purposes, density values are multi-
plied by 1,000. Figure  2 illustrates a sample graph from 
NTN-2022 with 3,273 nodes and 13,483 edges drawn by the 
Gephi open-source network analysis software [36] using the 
Force Atlas 2 algorithm [37].

Clustering

We next describe the clustering algorithm and the compo-
nents it includes and explain the choices behind each of 
them.

In the standard clustering problem, we have a set of points 
as X = {x1, x2, . . . , xN}, and the goal is to find the parti-
tion of these points as P = {p1, p2, . . . , pN} and then the 
center points of the partitions as C = {c1, c2, . . . , ck}. 
This happens by minimizing an objective function such as 
the sum of squared errors in (1) [38]:

SSE =
∑ N

i=1
∥ xi − cj∥ 2� (1)

In graph clustering and community detection, the input data 
is a graph consisting of a set of nodes and edges. The goal is 
to identify subsets of nodes (called clusters or communities) 
so that in each subset, nodes are strongly connected within 
the set and loosely connected to nodes outside the set [39]. 
As in the standard clustering problem, an objective function 
needs to be optimized.

Existing Approaches

Graph clustering algorithms can be categorized into three 
approaches: agglomerative, divisive, and iterative [18]. 
Agglomerative algorithms merge nodes recursively until 
the desired number of clusters is reached [40]. Divisive 
algorithms do the opposite and remove connections until 
a desired number of isolated components are reached 

In the third step, we filtered out abnormal users and users 
with some uncertainty in their location. Specifically, we 
only selected users who self-reported their location in their 
profile, and it matched to the location of their tweets. Con-
sequently, another 484,064 accounts were excluded from 
the data set. In addition, we excluded verified accounts that 
(at the time of data collection) were common for celebrities 
and politicians so that the network consists of mainly real 
genuine people.

As for the network size, we assume the size of a typical 
human network to be over 30–50 [33], and 150–200 is the 
estimated average human network size that one can main-
tain and interact with [34]–[35]. To adjust to these assump-
tions of human networks, we filtered out users who had 
more than 500 contacts. We also excluded the top 1% (very 
active) and bottom 1% (very passive) accounts based on the 
number of tweets. As a result, the initial dataset of 691,521 
users was reduced to 37,057 users.

Once the user list was finalized, we collected the connec-
tions between these users as well as their tweets (up to 3,200 
latest messages, excluding retweets). Directed links were 
established between the users based on the interactional 
relationships. Isolated nodes and smaller disjoint sub-net-
works parts were excluded, and only the largest connected 
component was kept as the final NTN-2022 dataset.

Table 1 summarizes the statistics of the NTN-2022 data-
set. The network includes 15,794 nodes and 54,027 links. 
Most users are from Finland (37%) and Sweden (43%). Ice-
land is the smallest country in this data (2%). Density is the 

Table 1  Statistics of the NTN-2022 dataset
Country Nodes Edges Average 

Degree
Density
(∙1000)

Tweets

Finland 5,872 27,855 4.8 0.83 2,392,135
Sweden 6,871 18,555 2.7 0.39 6,137,063
Denmark 1,490 3,434 2.3 1.55 1,275,974
Norway 1,390 2,357 1.7 1.22 1,613,866
Iceland 261 561 2.1 8.27 178,925
NTN 15,794 54,027 3.4 0.22 11,597,963

Fig. 1  An overview of NTN construction steps
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Louvain algorithm is the most common algorithm for 
detecting communities in social networks, possibly because 
it has been implemented in Gephi [18]. It is an agglomera-
tive algorithm that optimizes modularity as the cost function. 
Modularity is a measure that compares the number of edges 
within a cluster to the expected number if the edge weights of 
the same nodes were randomly distributed (null hypothesis) 
[48]. Clustering is considered good if there are more edges 
within the clusters than expected. The algorithm is fast.

Embedding-based methods, such as DeepWalk [49] and 
GraphSAGE [50], offer an alternative approach by learn-
ing node representations that can then be clustered using 
standard algorithms like k-means. However, our method 
directly clusters the graph based on link structure, which is 
more suitable for our analysis.

The authors in [51] argue that in real-world graphs, 
there might be several partitions that are close to the global 
optimum. They discussed that an expert could select the 
best among the several good partitions using their domain 
knowledge. However, in the case of large communities, it 
would be an overwhelming task to do. Hence, they proposed 
to split the large partitions into smaller and similar parts to 
provide an abstract interpretation and adequate information 
about the primary partition.

[41]–[42]. Iterative algorithms use an objective function 
which is either minimized or maximized via local optimiza-
tion steps [42]–[43].

Users may also belong to multiple communities as they 
naturally overlap. The seed expansion method in Whang et 
al. grows communities in an overlapping manner [44]. In 
[44] the authors utilized the conductance cost function and 
tried to optimize it.

In graph theory, a highly irregular graph is a graph in which 
for each node, all the neighbors (nodes directly connected to 
it) have different degrees [45]. Karypis and Kumar in [46] 
aimed to partition irregular graphs using a three-step process: 
collapsing nodes and edges (coarsen), detecting communities 
in the coarsen graph through a seed expansion, and refinement 
of the coarsen graph. The algorithm forms balanced clusters, 
which is not the case with NTN-2022 data (see Fig. 2).

The authors in [47] developed a machine learning model 
for simultaneous graph embedding and clustering. Graph 
embedding refers to transforming complex and nonlinear 
nodes and edges into a low dimensional Euclidean space 
(usually vector space) while preserving the main criteria of 
the graph. In social network embedding, preserving commu-
nity membership is a priority. The model uses a parameter 
to control the proximity of nodes during the transformation.

Fig. 2  A sample of NTN-2022 
dataset visualized according to 
the country of the users
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Euclidean distance. This makes it fast but works only for the 
SSE objective function. It is not possible to apply k-means 
directly to networks or graphs without embedding the data 
into vector space. This would degrade the clustering quality 
by adding an extra approximation layer to the process.

The M-algorithm finds the nearest cluster for a given 
node by estimating the change (delta) on the objective func-
tion when switching the node from one cluster to another 
[19]. This can be done fast because the delta depends only 
on the neighbors of the node. This delta approach makes it 
possible to use the M-algorithm with many other objective 
functions.

The algorithm includes two main phases [19]. The first 
phase, called K-algorithm (Algorithm 2), works in a simi-
lar way as k-means. It first constructs an initial clustering 
by growing clusters in random locations. The partitions are 
then gradually fine-tuned by switching nodes to another 
partition if there exists one that improves the cost function. 
The algorithm repeats these phases as long as there are any 
changes in the clusters.

The K-algorithm always converges to a local optimum, 
which is sometimes far from the global optimum. To 
improve the result, the second phase is implemented. It fol-
lows a merge-and-split strategy. First, a random pair of clus-
ters is merged. Then, a random cluster is split. Finally, the 
new clustering is fine-tuned using the K-algorithm. The new 
clustering is kept if it improves the objective function over 
the current best candidate. This process is repeated a user 
specified number of times, allowing a flexible compromise 
between clustering quality and processing time.

It is possible to obtain more information from a single 
network by repeating measurements over different time 
periods [52]–[53]. A stochastic framework and a Gibbs sam-
pling procedure have been used in [54] to cluster similar 
structures within a population of networks instead of focus-
ing on a single network.

We will use a newly proposed graph clustering algorithm 
due to its good clustering accuracy. It was shown to provide 
significantly more accurate results than the other algorithms 
tested in [19] including the widely used Louvain algorithm. 
It is important to have an accurate and reliable clustering 
algorithm so that we can focus on the clustering results 
instead of needing to worry about algorithm performance 
or artifacts.

M-Algorithm

The algorithm is called M-algorithm (see Algorithms 1–2) 
[19]. It is a direct derivative of the k-means algorithm 
adapted for graphs with an additional split-and-merge step. 
The algorithm has several advantages [55]. First, it is com-
putationally efficient and relatively simple compared to 
many other algorithms used for graph clustering. Second, 
it is versatile in the sense that it can be applied for several 
types of objective functions, depending on the application. 
For example, it can be utilized to detect clusters with either 
balanced or unbalanced cluster sizes.

K-means finds the best cluster (one that minimizes objec-
tive function) indirectly by calculating distances to the mean 
vectors of the clusters and selecting the nearest according to 
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Objective Functions

We consider three objective functions: conductance (CND) 
[56], inverse internal weight (IIW) and mean internal weight 
(MIW) introduced in [19]. They are defined as follows:

CND = 1
k

∑ k

i=1

Ei

Ti
� (2)

IIW = M

k2

∑ k

i=1

1
Wi

� (3)

MIW = 1
k

∑ k

i=1

Wi

ni
� (4)

where ni is the size ith cluster, k is the number of clusters, 
Wi is the sum of internal weights in cluster i, Ei is the sum 
of external weights from cluster i, and Ti is the total weight 
of the edges connecting to the nodes in cluster i (Ei +Wi). 
All the objective functions consist of individual components 
for each of the k clusters. The total objective function value 
is calculated as the average of these.

Based on Formula 2, for each state, the CND value 
(between 0 and 1) equals the summation over all the weights 
of all external edges from each cluster divided by the total 
weight of the nodes in that cluster. A small value for con-
ductance represents a good clustering. Minimizing con-
ductance denotes a lower value for the sum of the external 

weights ( Ei) and a higher value for the sum of internal 
weights ( Wi). Conductance also avoids creating overly 
small clusters.

The IIW objective function, see Formula 3, has a value in 
the [1, ∞] range and is the summation of internal weights for 
each cluster ( Wi) multiplied by a constant. Like CND, min-
imizing IIW leads to better clustering results. For example, 
in the case of optimal clustering where k completely sepa-
rated and balanced clusters are calculated from the network, 
all Wi would equal M/k , and the IIW value would be 1.

The MIW proposed in [19] is the weighted version of the 
objective function introduced in [57]. Based on Formula 4, 
it normalizes the internal weights for each cluster ( Wi) by 
dividing by the cluster size ( ni). The MIW objective func-
tion must be maximized to result in more disjoint clusters. 
Maximizing MIW tends to form small dense clusters and 
one large “garbage cluster” for non-dense parts of the graph.

Results

In this section, we take an in-depth look at the NTN-2022. 
We first examine the actual network and the links between 
and within countries. We then apply the Malgorithm dis-
cussed in Sect. “Clustering” and evaluate the impact of the 
objective function on the clustering results. Lastly, we con-
sider data created by users, namely hashtags, to determine 
the similarity of content produced by users from various 
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clustering by the M-algorithm with three different objec-
tive functions (CND, IIW, and MIW). The results in Fig. 3 
illustrate that utilizing CND clustering results is highly cor-
related with the grouping by country.

The other objective functions (IIW and MIW) were 
reported to achieve accurate clustering results both with 
the benchmark data and with the diagnosis clusters in [14, 
19]. Especially IIW gained the best overall results and 

countries and explore the similarity in content and connec-
tion patterns between countries.

Clustering Objective

The visualization in Fig. 2 suggests that the data is strongly 
clustered according to the home country of the users. We, 
therefore, fix the number of clusters to 5 and perform 

Fig. 4  Detected five clusters 
using the M-algorithm with 
conductance function. The result 
matches very closely the home 
countries of the users

 

Fig. 3  Clustering with three different objective functions
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Five Clusters

The clustering results are visualized in Fig.  4, illustrating 
a clear correspondence to the country clusters. The cluster 
borders are quite clear, and very few users are clustered 
differently based on the interactional links than what their 
home country is. There are some weakly connected (almost 
isolated) components that are clustered differently. One 
visible is the small sub-cluster above the Iceland cluster, 
which contains mostly internal links within the cluster and 
very few links to other users in Iceland. In the case of con-
ductance, it is put into the same cluster with Sweden. This 
appears to be an artifact of the algorithm.

The proportion of links between the different country 
clusters are summarized in Table  2. These numbers dem-
onstrate that most links (> 90%) are to users in the same 
country. This shows that users have strong connections 
within their home country and only weak connections with 
other users. Consequently, we can argue that there are five 
intrinsic clusters in the NTN-2022 corresponding to the five 
Nordic countries. A possible explanation is the different lan-
guages used in each country.

outperformed the other objective functions [19]. However, 
the goal of the application was to create balanced clusters, 
and the benchmark data was created accordingly. This is not 
the case here, as there is one much smaller cluster, Iceland. 
In clustering, it will be merged with the Denmark cluster 
when using the IIW function, and the Finland and Sweden 
clusters are split in an arbitrary manner. MIW also detects 
the communities quite poorly. Another difference is that the 
health data in is much more dense (average degree 139 for 
a network of 205 nodes) compared to the NTN-2022 data 
[14], which is much sparser (average degree 3.4). For this 
reason, we use only the conductance objective function in 
the rest of this paper.

Table 2  Proportion of links between country clusters (%)
Source Target

Finland Sweden Norway Denmark Iceland
Finland 99.0 0.6 0.2 0.1 < 0.0
Sweden 1.1 97.5 0.9 0.4 0.1
Norway 1.7 7.2 89.3 1.3 0.4
Denmark 1.8 2.2 1.0 94.8 0.2
Iceland 0.7 2.6 3.6 1.0 92.1

Fig. 5  Clustering results on 
map. Users are plotted at their 
home location and colored by 
the cluster it belongs to (Fin-
land = blue, Sweden = yellow, 
Norway = purple, Denmark = red, 
Iceland = brown). Note: The 
geographical location of Iceland 
is artificially moved closer to 
Norway for making the figure 
more compact for easier analysis
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apparent when the two clusters are plotted separately 
(Fig. 9). Most users are in the bigger dense cluster, whereas 
the second cluster contains merely multiple disconnected 
subgraphs and nodes. These are mainly outliers that lack 
connections. We conclude that, based on the result here, 
it is unlikely that there would be any natural clusters pres-
ent within any of the country clusters. The country clusters 
are strong, but users within one country cannot be divided 
further in a stable manner based on the interactional links 
alone.

Hashtag Analysis

We deepen the clustering based on interactional patterns in 
social networks with a content analysis by exploring the use 
of hashtags in the Tweets by the users in each home country 
cluster. Hashtags (#) are metadata tags used on social media 
platforms to allow users to label their posts by keywords 
[58]. Twitter supports hashtags by making it very easy for 
users to find tweets using a specific hashtag, which creates a 
discussion thread around any topic defined by a user. Other 
users can discover and join public conversations on partic-
ular topics, making hashtags a powerful tool for tracking 
social networks around user-generated content of specific 
themes.

For this purpose, we collected the most recent tweets 
from all users in the NTN-2022, with a maximum of 3,200 
messages (the number of retrieved messages is limited by 
the Twitter API), and extracted the hashtags used in these 
tweets. We then calculated the number of unique hashtags 
for each country. The results in Table 3 display the percent-
age of tweets that include hashtags. The average number of 
hashtags per tweet is higher in the Finland cluster (0.72) 
than in the other countries (Sweden = 0.42, Norway = 0.46, 
Denmark = 0.50, Iceland = 0.45).

Top 10 hashtags of each country are then displayed 
in Table  4 (see supplementary material for hashtags 

Connections to other clusters are asymmetric. Finland 
is the most homogenous among the five countries, having 
99% within cluster connections, possibly explained by its 
linguistic divergence from the other four (all Scandina-
vian) countries. Norway has the most links to other clusters 
(10.7%), of which most are to Sweden (7.2%). Sweden is 
the most linked from other clusters, probably explained by 
its central geographical location.

Visualizing the Clustering Results on Map

The users and their clusters are further visualized in Fig. 5 
so that the users are plotted in their home locations and col-
ored according to the country cluster they were assigned to. 
We did not detect any clear patterns in the user locations. 
One might expect that users in Finland who are clustered 
into the Sweden cluster might live in western Finland as 
most Swedish-speaking Finns live there. This is partly the 
case, but since there are so few users clustered outside their 
own home country, we cannot draw any strong conclusion.

Sixth Cluster

We investigated the data further by adding the sixth cluster 
to see if it would affect the result, see Fig. 6. The main obser-
vation is that the clustering result is no longer stable, and the 
result varies from one run to another because of random-
ness in the algorithm. Sometimes, it divides Denmark (left, 
also in Fig. 7), sometimes Sweden (middle), or it allocates 
the extra cluster to the small, almost isolated sub-cluster in 
Iceland (right). Sometimes, the extra cluster is merely a col-
lection of borderline users that do not clearly belong to one 
country according to their interactional links. This instabil-
ity indicates that the choice for the number of clusters (six) 
is inappropriate for the data [38].

We studied the situation further by dividing the Finland 
cluster into two sub-clusters (Fig. 8). This time, the result 
is stable, but there is only one real cluster. This becomes 

Fig. 6  Having six clusters does not lead to stable clustering results, and the additional cluster is highly sensitive to the initialization
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other topics (1 occurrence), and the country hashtag holds 
the top ranking (#1).

By analyzing the most popular hashtags of each country 
separately, we can make a further observation that strength-
ens the conclusions based on clustering.

First, all countries have their country-specific hashtags 
in their corresponding top 10 lists (#finland, #sweden, #nor-
way, #dksocial, #iceland). We observed that the smaller 
and less central countries among these five had the country 
hashtag higher in the rankings: Finland and Iceland (1st) and 
Norway (3rd). A possible interpretation is that the people in 
such countries have a stronger need to display their origin 
than people in bigger or more central countries. The largest 
country in the region in terms of population and the size 
of the economy are Sweden (6th) and Denmark (9th). Den-
mark is also more connected to continental Europe, which 
may further enhance this phenomenon.

descriptions). They are country-specific, and not even one 
hashtag appears in the top 30 lists of the other countries.

In Finland, the hashtags that appear most frequently 
are related to sports (7 occurrences) and location (2 occur-
rences), and the country-specific hashtag is ranked at #1. 
In Sweden, the most common hashtags include sports (3 
occurrences), music (2 occurrences), politics (1 occur-
rence), location (1 occurrence), and other topics (2 occur-
rences), with the country hashtag ranked at #6.

Norway’s most frequently used hashtags revolve around 
sports (9 occurrences), with the country hashtag ranked 
at #3. In Denmark, the prominent hashtags are politics (4 
occurrences), sports (2 occurrences), awareness (2 occur-
rences), business (1 occurrence), and the country hashtag 
ranking is #9. Lastly, in Iceland, the hashtags that appear 
most frequently relate to sports (3 occurrences), tourism (3 
occurrences), politics (1 occurrence), music (1 occurrence), 

Fig. 7  Geographical distribution 
of the clusters in case when the 
additional cluster is allocated 
to Denmark. The statistics also 
showed high value of between 
these two clusters (14%) com-
pared to the corresponding value 
of the Denmark cluster (5.2%)
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Fig. 9  The two sub-clusters inside Finland cluster consist mainly one large cluster. The second smaller cluster consists only isolated and weakly 
connected sub-clusters, i.e., outliers

 

Fig. 8  Dividing Finland to two 
clusters seemed arbitrarily chosen 
without any natural explaining 
factor. The statistics also showed 
same value of between these 
two clusters (1%) compared to 
the corresponding value of the 
Finland cluster (1%)
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of common hashtags divided by the number of different 
hashtags in the two sets. The outcomes are shown in Table 6, 
where the maximum value of each row is emphasized.

Based on the results, Denmark and Norway share the 
most (10%) of all unique hashtags, whereas Iceland and 
Sweden have the least common hashtags (2.3%). The simi-
larity in hashtags use does not align with the connectivity 
pattern between countries. Based on connectivity percent-
ages in Table 2, the majority of the countries are mostly con-
nected to Sweden, but hashtag use demonstrates the highest 
similarity to Norway.

Our results align with prior sociolinguistic studies high-
lighting strong national clustering patterns in multilingual 
digital spaces. Münch et al. [12] identified clear divisions 
between Italian and German Twitter communities based on 
language, similar to how our clusters correspond to national 
borders. Likewise, the authors in [6] found limited evidence 
of cross-national echo chambers in the Norwegian Twit-
tersphere, which supports our observation of weak inter-
country links. These parallels reinforce the conclusion that 
national identity and language are central in shaping social 
media interaction patterns, even in culturally and geographi-
cally close regions like the Nordics.

Limitations

We have focused on establishing a Nordic Twitter network 
based on the following/followee relations. One limitation 
of this approach is that it does not indicate the strength of 
the connections. An alternative approach would have been 

The content also demonstrated interesting differences. 
We further categorized the top 10 hashtags subjectively 
based on our understanding of their content, see Table  5. 
Sports-related hashtags were the most common. Norway 
had 9 hashtags (all except the country tag) about sports, and 
Finland had 7. They were mostly football (soccer) related, 
with the exceptions of ice hockey and horse race (Finland) 
and handball (Norway). The other countries had only 3 or 
4 sports-related hashtags. Other common themes were poli-
tics (4 hashtags in Denmark), tourism (3 in Iceland), music 
(2 in Sweden) and awareness (2 in Denmark).

What we also examined is the similarity of the countries 
based on the overall use of hashtags. For this, we form the 
sets of all hashtags used in the same country. Jaccard Simi-
larity Coefficient (JSC) [59] is then calculated as the number 

Table 3  Statistics for the retrieved hashtags from up to 3,200 latest messages for NTN-2022 users
Tweets Tweets

with hashtags
Hashtags Hashtags

frequencies
Hashtags per tweet

Finland 2,392,135 28% 308,085 1,734,491 0.72
Sweden 6,137,063 22% 430,957 2,587,983 0.42
Norway 1,613,866 24% 169,009 748,077 0.46
Denmark 1,275,947 24% 138,010 641,646 0.50
Iceland 178,925 11% 26,756 81,231 0.45
Total 11,597,963 23% 1,072,817 5,793,428 0.50

Table 4  Top 10 most frequent hashtags for each country. For each country, hashtags are discerningly sorted based on their shares
Finland Sweden Norway Denmark Iceland

1 finland hundralappen VierHBK Dkpol iceland
2 liiga nowplaying 2pl Sldk fotboltinet
3 helsinki twittpuck Norway dkmedier 12stig
4 ravit Timraik kolbotn dkgreen inspiredbyiceland
5 veikkausliiga svpol ffk1903 Obdk fotbolti
6 huuhkajat Sweden 2fx Dkbiz menntaspjall
7 sinipaidat Ifkgbg mufc sundpol lavacentre
8 tampere Melfest raufossfotball Uddpol kosningar
9 valioliiga årebageri bcfc dksocial skeidin
10 esportsfi vitmagi obosligae Eudk tiujardarnir

Table 5  Categorization of the most frequent hashtags
Finland Sweden Norway Denmark Iceland
Sports 7 Sports 3 Sports 9 Politics 4 Sports 3
Location 2 Music 2 Sports 2 Tourism 3

Politics 1 Awareness 2 Politics 1
Location 1 Business 1 Music 1
Other 2 Other 1

Table 6  Hashtag similarity results (%)
Finland Sweden Norway Denmark Iceland

Finland - 7.2 7.4 6.8 2.7
Sweden 7.2 - 8.0 7.0 2.3
Norway 7.4 8.0 - 10.0 4.6
Denmark 6.8 7.0 10.0 - 5.0
Iceland 2.7 2.3 4.6 5.0 -
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The main finding is that the clustering highly correlates 
with the home country of the users with only minor differ-
ences. Finland had the highest share (99%) of interaction 
connections within the same country, and Sweden had the 
smallest (89%). The result is surprising considering that 
four of the five countries share similar (typologically Ger-
manic) languages and similar cultures [26]–[27]. However, 
their topics on Twitter are very country-specific, and most 
friends are in the same country.

We also added a sixth cluster, but the result was either 
unstable or, in the case of Finland, the algorithm just created 
an additional location outlier cluster. It implies that there 
is no natural additional cluster within any of the countries 
based on the interactional links. Further analysis of the 
hashtag data within country clusters indicated a clear pat-
tern: every country had mainly their own topics. The results 
also showed some country specific behavior in the selection 
of hashtags. For example, Finland and Iceland had the coun-
try name as the #1 hashtag. Another example is that sports 
themes were highly popular in Norway and Finland but less 
so in Sweden and Denmark.

Despite shared geography and cultural similarities, social 
media users in the Nordic region cluster strongly along 
national lines, indicating that digital interactions continue 
to reflect offline national identities. This insight benefits 
policymakers and sociologists exploring digital cohesion 
and platform designers seeking to enhance cross-border or 
multilingual engagement.

Further research should focus more on combining net-
work-related information with more extensive user-gener-
ated textual content, including detecting trends and how the 
topics evolve over time. The data would also allow compari-
son of more profound linguistic differences that vary over 
time and across geographical locations. Similar to [60], it 
would be possible to examine linguistic factors associated 
with English usage in non-native English-speaking coun-
tries by considering the interactional patterns, topological 
properties, and connections among Nordic Twitter users.
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to create a weighted network from the interactions (replies, 
mentions, and retweets) with a more fine-tuned network 
having potentially more information on the relations of the 
users. It would also allow different perspectives by consid-
ering the intensity and frequency. The chosen clustering 
algorithm would generalize to such network structure as 
well. This is a promising direction for future work.

A second limitation is the use of geo-location of users for 
the selection. It has the advantages of being more reliable 
and also having more expert users in the selection. How-
ever, it has a clear sub-sampling effect, which may become 
a limitation if we lack data from where to draw the sample. 
Fortunately, we had enough data.

We also excluded travelling users, i.e. those whose geo-
location mismatches with some of the user’s tweet location. 
This filtering was done to guarantee that we are selecting 
users only from the countries in question. As a side-effect, 
we might have lost some of the nuances in the data, which 
also made it easier for the clustering algorithm to detect 
country clusters. However, the filtering did not help to find 
any sub-clusters either. The method is a compromise of 
location accuracy and the richness of data.

A limitation of using hashtags as a selection criterion has 
also been noted in the literature [28–30]. However, we do 
not use hashtags for the selection, but only for the summari-
zation of the content. Our focus is not to perform an exten-
sive content analysis but to study whether there are natural 
clusters and, if yes, what they are. We found country clus-
ters but no evidence of sub-clusters within a country. Future 
work could explore content-based clustering using embed-
ding methods to extract deeper thematic insights from user-
generated hashtags.

Other papers have reported intra-country clusters. How-
ever, it is possible to create some clusters by an algorithm 
even if the data (within a country) does not naturally divide 
into smaller clusters. In such cases, clustering just serves as 
a sub-sampling method. The smaller the clusters, the more 
differences there are in their content. However, we tried to 
find additional clusters but did not find evidence of them in 
data. A similar result was reported by the authors in [6], who 
did not find evidence of the echo chambers effect. While 
they might exist, a network built from the following/fol-
lowee links is not able to reveal them.

Conclusions

We created a very large social network of Twitter users from 
the Nordic region. The data includes Nordic Twitter users 
who tweeted between 1 November 2016 and 31 December 
2022. We then clustered the users according to their inter-
actional links.
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