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ABSTRACT

Social media platforms like Telegram have transformed the way information is consumed
and shared between people. Amid the COVID-19 pandemic, unregulated information ex-
change on Telegram has led to an increased spread of false or misleading information, with
unknown impact on the course of the pandemic. Analyzing the structural traits of Telegram
channel networks could offer crucial insights into information dynamics. Yet, limited public
data availability and the platform’s closed nature present substantial challenges for investi-
gation. This thesis presents a novel dataset of COVID-19-related Telegram channels, col-
lected using a custom-built Telegram crawler, and a comprehensive analysis of its structural
characteristics. The dataset contains over 128k channels and to our knowledge comprises
the largest Telegram dataset to date. Structural analysis reveals a hierarchical organization
within the network, with distinct modules and submodules. The hierarchical representation
reveals language patterns, prevalent topics, and COVID-19 relatedness, providing the first
step for a nuanced understanding of the underlying structure. The results significantly con-
tribute to the understanding of the Telegram network’s structural characteristics and provide
a valuable resource for future investigations. The dataset and analysis serve as a foundation
for further research, fostering a deeper understanding of the dynamic landscape of online

communication, misinformation, and social interactions.
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1 INTRODUCTION

In the digital age, social media has become a ubiquitous part of our lives. It has revolutionized
the way we communicate and interact with each other. Not only has it changed the way we
connect with other people, be they friends, family, or strangers, but it also allows us to com-
municate with people all over the world in real-time. Moreover, social media has changed the
way we consume news and information in general. Instead of relying on traditional media
outlets, such as newspapers, radio, or television, we increasingly access information through
social media platforms. For instance, instead of waiting for the morning newspaper or the
evening news broadcast, many people now get their news by scrolling through their social
media feeds'.

This shift in news consumption is often criticized as social media platforms are not held to the
same standards as traditional media outlets. Social media platforms lack the quality control
and fact-checking mechanisms of traditional media outlets. This might be due to the sheer
amount of content being shared on these platforms and the providers’ inability to keep up
with the moderation of the content.

Among the variety of social media platforms, Telegram has emerged as a significant player re-
porting 700 million monthly active users?. It was first mainly known as an instant messenger
but has evolved into a hybrid between a messenger and a social media platform. Telegram
boasts unique policies, including encrypted messaging, group chat capabilities that can be
similar to a public forum, and a sense of anonymity that some users find appealing. As Tele-
gram proudly advertises it has never shared data with a government agency and will not do so
in the future [3], it is a popular platform for privacy-conscious users. For instance, Telegram
has been used by activists and journalists to communicate securely and anonymously [4-6].

However, this same lack of regulation and accountability has also attracted criminals and
extremists, who use Telegram to organize and coordinate their activities but also to host
dialog on extremist topics. Telegram is the major platform for US extremists [7, 8], for in-
stance, right-wing US extremists used Telegram to organize the storming of the US Capitol
in 2021 [9]. In Germany, the far right and corona protesters are also heavily relying on Tele-
gram [10]. Further, Telegram is also used as a marketplace for restricted goods [11].

During the COVID-19 pandemic, a surge in active Telegram users [2] prompted a flood of
pandemic-related discussions, from measures and vaccinations to symptoms and treatments.

! According to the Eurobarometer, a survey on public opinion in the European Union, 28% of people in Europe
have not read any written press in 2022 [1]
These 2022 numbers are an increase of 200% in comparison to pre-pandemic numbers in 2018 [2]



Consequently, a variety of often contradictory information was shared, ranging from con-
spiracy theories to scientific studies. Even though not all of this information is wrong per se,
it is still often misinforming and/or misleading. This spread of misinformation posed chal-
lenges for public authorities, who had to counteract it while educating the public about the
pandemic. The European Commission approved the Digital services act (DSA) in 2022 [12],
which imposes legal responsibilities on online platforms and intermediaries, including mea-
sures to combat the spread of false information and harmful content. However, the DSA
impact on the COVID-19 pandemic misinformation is arguably small, as the DSA was in-
troduced after the pandemic had already been ongoing for several years. Further Telegram
is just not big enough to fall under the scope of the DSA as it only applies to platforms with
more than 45 million users in the EU [12, 13] and Telegram has self-reported 38.5 million
users in the EU [2].

The lack of regulatory responsibility for social media be it in terms of quality control and
fact-checking during the COVID-19 pandemic has resulted in a significant increase in both
COVID-19 cases and fatalities, a phenomenon aptly characterized as the “Infodemic” [14-17].
Understanding how misinformation is shared between individuals and how these individuals
form communities to further share this misinformation is crucial to understand the impact
of social media and misinformation on society. Not only to retrospectively understand the
impact of misinformation on big or even global events such as the COVID-19 pandemic or
elections, but also to give us the tools to combat the spread of misinformation in the future.

To enhance our understanding of misinformation and its impact on society, we must navi-
gate the intricate landscape of social media networks. These platforms can be perceived as
intertangled webs of users, communities, and the content they share, collectively shaping a
dynamic network. Communities, as integral components within this network, play a crucial
role in shaping the dissemination of information and influencing user interactions. They
may arise organically, as users form groups based on shared interests, common goals, or lin-
guistic commonalities. Communities may share similar characteristics, such as the type of
content they share, the frequency of their interactions, or their size. These characteristics can
be used to identify and classify communities within the network, providing valuable insights
into the dynamics of information flow.

Within the specific context of Telegram, the formation of communities might be a multi-
level process. At the foundational level, communities materialize as users join groups or
channels. Expanding to a higher level, these groups and channels may further interconnect
and form structures by sharing similar interests or just speaking the same language. This
yields modular structures which describe discrete functional distinct components within the
network on multiple levels.

This potential hierarchical structure of modular components within a social media platform
is of particular interest, especially as it’s plausible to hypothesize the existence of structured
and/or organized groups dedicated to seeding misinformation. They maliciously share in-
formation with the intention of distributing it to a large audience. When thinking about
spreading information with political or ideological motives, for instance, to manipulate pub-
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lic opinion is plausible. There is some evidence that such influencing campaigns are already
being deployed in large-scale operations. For instance, the Russian Internet Research Agency
allegedly created fake accounts on social media platforms to represent themselves as US cit-
izens and spread information to influence the 2016 US presidential election [18].

Understanding the dynamics between these modular components in general and how they
emerge and interact with each other is crucial to understanding the impact of social media
and misinformation on society. Not only for countering the impact of misinformation during
a crisis like the pandemic but also for safeguarding the integrity of information ecosystems
in the future.

1.1 NOTES ON THE STRUCTURE OF THIS THESIS

This thesis is structured into three main sections. The initial section, which you are cur-
rently reading, serves as an introduction, presenting the overarching topic, and the central
research question and gives some background information. The subsequent section focuses
on the analysis of Telegram data, encompassing discussions of outcomes and a summary of
key findings. The final section delves into the methods employed throughout this thesis.
Placing the methods section towards the end of the thesis is a deliberate choice, as it may
prove challenging for some readers without a background in statistical physics. Neverthe-
less, comprehending these methods is pivotal, as they underpin the results presented in the
second section.

This document is designed to be read in a double-page format, mimicking the layout of a
traditional book. For an optimal reading experience, consider viewing the pages in pairs,
with the page numbers located on the outer edges.

1.2 BACKGROUND

This section provides essential insights into the contextual background of this thesis, focusing
on social media, particularly Telegram. Further, we lay the groundwork for the central theme
of modular structures and their significance in community detection.

The background serves as a foundation for the subsequent exploration, designed to be acces-
sible to a broad audience. For mathematical details please refer to the methods, see Chapter 4.

1.2.1 TELEGRAM’S UNIQUE LANDSCAPE: UNREGULATED ENVIRONMENT, PRIVACY
EMPHASIS, AND STRUCTURAL DISTINCTIONS

Telegram stands out from other social media platforms for several distinctive reasons. Unlike
many mainstream platforms, Telegram operates in a mainly unregulated and unmoderated
environment. It lacks fact-checking, censorship, and content moderation mechanisms that
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are seen on other social media platforms like Facebook, Reddit and Twitter. Further, Tele-
gram is marketing itself as a privacy-focused platform, which is in stark contrast to the data
collection practices of other social media platforms. Telegram stores data in multiple data
centers around the world, making it difficult for governments to enforce law compliance as
data is distributed over multiple jurisdictions. According to Telegram, they have never shared
any data with any government agency [2].

The growth in Telegrams’ popularity and its unique features have led to it becoming a focal
point for discussions about misinformation and disinformation. The platform’s unregulated
and unmoderated environment, combined with its commitment to user privacy, has cre-
ated an environment where the spread of misinformation can occur relatively unchecked.
Researchers face challenges in obtaining data for analysis due to Telegram’s emphasis on pri-
vacy. Unlike more accessible platforms, Telegram does not give researchers access to an API
for data collection.

Telegram’s structure is built around the core elements of groups, channels, and users, creating
a versatile and user-friendly communication platform. Groups serve as hubs for interactive
discussions, allowing multiple users to participate in real-time conversations. They can be
public or private, fostering various levels of engagement. Channels, on the other hand, are
ideal for broadcasting information to a wide audience. They function as one-way communi-
cation streams, making them perfect for news outlets, businesses, or individuals looking to
share content with their followers. Depending on the channel’s settings, users can interact
with the content by liking, commenting, and sharing by forwarding a message to another
user, group, or channel. Lastly, users are at the heart of the Telegram ecosystem, connecting
with others through individual chats and forming relationships within groups and channels.
The multi-faceted nature of Telegram’s structure gives users the flexibility to choose how they
want to engage with content and connect with others on the platform, making Telegram a
dynamic and adaptable messaging service but also a versatile social media platform.

Telegram’s unique design sets it apart from other social media platforms in several ways.
Unlike many other networks, Telegram does not have a large-scale search engine’, making
it challenging to discover specific groups and channels of interest. Users must rely on alter-
native methods, such as sharing links within other channels or relying on word-of-mouth
recommendations, to access niche or lesser-known content. This means that discovery on
Telegram is often driven by the platforms’ organic growth and community-driven sharing,
rather than a centralized search algorithm. While this can make it more difficult to find
content initially, it also cultivates a sense of community and encourages users to engage with
content they discover, creating a different dynamic compared to platforms with robust search
features.

While the research community has already created datasets for studying Telegram, such as
the TGDataset [19] or the Pushift dataset [20] these datasets lack specificity or were not avail-
able at the start of this thesis. The TGDataset is the largest publicly available Telegram dataset,
containing ~120k channels, including messages. It contains a broad mix of content, for in-

*The existing search is very limited only showing little results and is not searching message content.
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stance, it consists of 23.9% religious content (4725) and 8.7% COVID-19-related channels
(1716). On the other hand, the Pushift dataset is small compared to the TGDataset, con-
taining only 28k channels. These channels were collected before 2020, thus not including a
majority of COVID-19-related channels.

While the existing datasets offer valuable resources for studying Telegram, they fall short in
addressing the specific requirements of our further research. Our focus on understanding the
dynamics of misinformation and disinformation related to COVID-19 within the Telegram
ecosystem necessitates a more specialized dataset. The TGDataset, while extensive, lacks the
granularity needed for our investigation, with a broad mix of content that extends beyond
our research scope. Furthermore, the Pushift dataset, though useful for historical context,
does not capture the surge in COVID-19-related channels that emerged after 2020. Given
the dynamic nature of information dissemination during a global pandemic, it is crucial to
have up-to-date and relevant data for a comprehensive analysis.

1.2.2 MODULARITY AND COMMUNITY STRUCTURES IN TELEGRAM

Given Telegrams’ unregulated nature and the challenges associated with data access, studying
the platform presents a set of intriguing research opportunities and complexities. In partic-
ular, we are interested in the structure of the network formed by Telegram users and their
interactions. Of special interest are the communities that emerge organically, comprising
individuals, channels, and groups. Within this context, we explore the concept of modu-
lar structures as it pertains to the segmentation of Telegram users, channels, or groups into
discrete, functionally distinct components.

Modularity refers to the property or characteristic of a system, structure, or network be-
ing composed of distinct, self-contained, and interrelated components or modules. These
modules are designed to perform specific functions or tasks while maintaining a degree of
independence. Depending on the context and application, modularity can take various def-
initions mainly depending on the field of study. For instance, in biology, modularity refers
to the ability of an organism to be divided into discrete functional units. In computer sci-
ence, modularity refers to the ability of a system to be divided into independent modules. In
network analysis, modularity refers to the ability of a network to be divided into distinct com-
munities or modules. Most definitions of modularity share the common theme of dividing
a system into discrete, functionally distinct modules.

In the literature on network analysis, modularity is predominantly recognized as an approach
to community detection, where one maximizes a modularity score by maximization. It is a
quite popular approach, as it is easy to implement and understand. However, modularity
maximization suffers from a variety of serious conceptual and practical flaws, which have
been documented extensively [21-24]. Its usage can be considered harmful for a variety of
reasons, including overfitting, resolution limit, and sensitivity of the result to the size of the
network. However the underlying idea of modularity, namely to divide a network into dis-
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crete and functionally distinct components, still gives valuable insights into the structure of
the network.

Recognizing the limitations of modularity maximization, researchers have turned their at-
tention to alternative methods like Stochastic blockmodels (SBMs) which similarly aim to
divide a network into discrete and functionally distinct components. SBMs offer a proba-
bilistic framework for modeling complex networks, and they have gained traction for their
ability to address most of the shortcomings of the modularity-maximization approach. E.g.
using prior knowledge about the network structure, SBMs can overcome the resolution limit
and are less sensitive to the size of the network. Additionally, SBMs can handle networks
with overlapping or hierarchical structures, making them a valuable and more generally ap-
plicable method for community detection [25].

Notably, statistical physics has emerged as a significant contributor to the subfield of modu-
larity and community detection in network analysis. Offering an array of statistical method-
ologies originally proposed for analyzing complex systems. Among these contributions,
Tiago P. Peixoto has played a pivotal role in advancing the realm of community detection
within networks. His work combines methodologies from statistical physics and Bayesian
inference, resulting in a profound impact on the field [26-35].

Nonetheless, in this work, we will use modularity in a broader sense, as a measure of how well
a network can be divided into discrete and functionally distinct modules. As it was recently
shown that modularity maximization and SBMs are equivalent under certain (but relatively
limited) conditions [36, 37], thus this approach to modularity seems justified.

1.3 RESEARCH GOALS

The research goals of this thesis are twofold, first, we create an extensive but COVID-19-
specific Telegram dataset, which includes channels, messages, users, and most importantly
the interactions between them. This dataset and software created will be published and made
available to the public to facilitate further research on Telegram and misinformation/disin-
formation during the COVID-19 pandemic. We enhance the typical approach of snowball
crawling [19, 20], by adding a guidance mechanism, which allows us to target a specific topic
and only collect data that is relevant to our research.

Further, we construct a network from this data and analyze its structure. We take a specific
interest in the communities emerging from its structure organically, as they can be seen as
communities of like-minded individuals and groups. We will use the framework of SBMs
to infer these communities and perform model selection to determine the most likely gen-
erative model for the recorded data. This allows us to validate the existence of hierarchical
structures within the network. We will then further use the most likely model to analyze the
communities inferred within the network and their characteristics. This will allow us to draw
conclusions about the meaning of these communities and their role within the network.
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As the goals for this thesis are twofold, so are the results. For one a software package was de-
veloped which allows us to extract data from Telegram and second we analyzed the resulting
dataset. In the following we will give a brief overview of the key findings, please refer to the
following sections for more details.

During the duration of this thesis, we developed and deployed a Telegram crawler software
to collect, the largest currently available dataset on Telegram, encompassing over 128k dis-
tinct channels including all their messages and if available users. As further described in
the methods Section 4.1 a guidance mechanism was proposed and implemented, which al-
lows to systematically target specific topics in the crawling process. This allowed us to create
a COVID-19 targeted dataset, which is not only large but also mainly focused on a single
topic.

We used this resulting dataset to find and analyze organically occurring modular structures
within the network of Telegram channels. To this end, we used Bayesian model selection
to evaluate a variety of different generative stochastic blockmodels on the network repre-
sentation of the Telegram dataset. We found very strong evidence for the hierarchical and
degree-corrected stochastic blockmodel m.gb".

We found the inferred modules of the hierarchical degree-corrected stochastic blockmodel
mgb°" to encode semantic meaning. The modules group languages together and are also able
to distinguish between different topics. Notably, the model was able to partition the network
into meaningful modules without any knowledge about the content of the channels.
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2.1 Collected dataset

2.1 COLLECTED DATASET

The herein-presented Telegram dataset is the largest available as of today. As of writing this,
we found a total of 433.12k channels of which we fully downloaded 128.15k. This includes
2.10B messages and 15.56M users of which 5.91M are members of a channel. Further, we
recorded 1.82B text entities, 543.79M reactions to messages, and 3.69M polls with a total of
14.39M answers. The data was collected over the course of 19 weeks and totals 1.47 TB on
disk. For a summary of all collected data see Table 2.1 and the corresponding structure in
Fig. 4.3.

Metric Count Size
Messages 2.10B 1.22TB
Entities 1.82B 202.00 GB
Reactions 543.79M 41.82 GB
Channels 433.12k 126.53 MB
Polls 3.69M 718.75 MB
Poll answers 14.39M 1.14 GB
Users 15.56 M 1.02GB
Channel Members 591M 406.73 MB
Total 1.47TB

Table 2.1: Summary of collected Telegram data. The number of users, channels, messages, polls,
reactions, and entities and the approximate size of the corresponding table in the database
including indexing.

Most of the data collected are messages. These come in a variety of types, e.g. text, images,
web pages, videos, stickers, documents, voice recordings, polls, and games. Because of stor-
age, bandwidth, and potential copyright issues, we decided not to record any binary data,
further, we do not record any interactive message types as these need server-side validation.
Therefore we disregard videos, images, audio, and games. Nonetheless, we collect all message
metadata, this includes potential text captions and timestamps. See Table 2.2 for a complete
list of message types and their respective frequency. Further, we record entities within mes-
sages, these are mainly links to other channels, web pages, and mentions of users. These
could be extracted post hoc but as Telegram automatically parses these we decided to record
them directly (see Table SI1.1).

The dataset was collected using snowball crawling with a self-created guidance mechanism
and a heavily biased seed list (see Section 4.1). Thus, the collected data might not be represen-
tative of the full Telegram ecosystem. Nonetheless, the priority of our guidance mechanism
decreased by 99% since the beginning of the collection, indicating that the crawler changed
from a guided to a random walk (see Supplementary Fig. S1.6). However, we expect the
content to be highly biased towards the keywords used in the guidance mechanism, i.e. the
dataset should be highly targeted. This was the intention from the beginning to ensure a fo-
cused investigation into misinformation in the specific theme of the COVID-19 pandemic.
This same process allows other researchers to create their own targeted dataset, allowing fur-
ther research on Telegram.
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Type Count Fraction (%)
PHOTO 675,803,742 32.12710
TEXT 598,493,991 28.45187
WEB_PAGE 492,988,094 23.43621
VIDEO 211,153,063 10.03803
DOCUMENT 44,894,001 2.13422
STICKER 40,465,639 1.92370
AUDIO 14,557,606 0.69206
ANIMATION 13,809,547 0.65649
VOICE 5,730,157 0.27241
POLL 4,625,447 0.21989
VIDEO_NOTE 814,939 0.03874
DICE 167,547 0.00797
LOCATION 12,986 0.00062
CONTACT 9,616 0.00046
VENUE 4,242 0.00020
GAME 949 0.00005
Total 2,103,531,566 100.00000

Table 2.2: The number of messages per type and their respective fraction to the total number of
messages.

The keyword list used for the guidance mechanism was translated into 44 different languages.
Nonetheless, we find the majority of messages collected are in Russian, English, and German
(see Supplementary Fig. S1.5). The same holds true for the majority languages of the channels
i.e. the language with the most messages per channel. If one accounts for the number of
active speakers of each language we find a slightly more diverse distribution (see Fig. 2.1).
The diversity in language usage is skewed towards low values, indicating that the majority of
channels are not multilingual but rather use a single language (see Supplementary Fig. S1.4).
The language distribution and the normalized language distribution of the channels indicate
that even though the keywords used in the guidance mechanism were included in 44 different
languages, the collection preferentially targeted specific languages. Possible explanations are,
that Telegram is just more used in these languages, the keywords are more frequently used in
these languages or there might be overlap between similar keywords in different languages.

Initially, we found no correlation between the number of daily posted messages and the
progress of the COVID-19 pandemic. We find no significant correlation between the Ox-
CGRT [40] stringency index (a measure of the strictness of Nonpharmaceutical Interven-
tions (NPIs)) nor the new cases (daily reported cases). Nonetheless, we find that the num-
ber of channels created increased during the first European COVID-19 vaccination cam-
paign [41] and the initial phase of the Russian invasion of Ukraine [42] (see Fig. 2.2 and
Supplementary Fig. S1.3). Further, the number of messages posted slightly decreases on
weekends and during the night (see Supplementary Fig. S1.2). Indicating that the dataset
mainly contains channels from european time zones.

Additionally to a messages’ metadata and text content the dataset also includes reactions to
messages and polls. These are distinct features of our dataset and are to our knowledge not

10
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German, which is not surprising as these are the most commonly spoken languages (A).
If one accounts for the number of active speakers of each language we find a slightly more
diverse distribution (B). We identify a language as majority language if the number of
messages per channel in that language is greater than the number of messages in all other
languages. We only included messages where the language was detected with a confidence
of at least 90%. Detection was done with FastText [38]. The number of active speakers per
language is taken from Ethnologue [39].
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Figure 2.2: Recorded messages and the relation to the COVID-19 pandemic. We find no significant

correlation between the number of daily messages (C) and the number of new cases (A)
nor the stringency index (B). Nonetheless we find that the number of channels created (D)
increased during the first European COVID-19 vaccination campaign [41] (star) and the
initial phase of the Russian invasion of Ukraine [42] (diamond). The stringency index is a
measure of the strictness of NPIs and is estimated by the Oxford COVID-19 Government
Response Tracker [40]. The new cases are aggregated by Our World in Data [43]. For the
correlation analysis see Supplementary Fig. S1.3.
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included in other available datasets. Reactions are a Telegram feature introduced at the start
0f2022 and allow users to react to messages with emojis [44]. Reactions are used frequently as
we found 9.75% of all messages posted to contain at least one reaction this includes messages
posted before the introduction of the feature as users might react to these messages afterward.
After the 1st January 2022, we found 45.6% of all messages to contain at least one reaction and
17.4% to contain at least ten reactions. We found a slight increase in the diversity of reaction
usage during 2022 which might indicate that users are getting more familiar with the feature.
The most common reaction is the thumbs up (39.4%) followed by the heart (11.8%) and the
grinning face emoji (10.8%) (see Fig. 2.3). The feature was officially introduced on the 1st
of January 2022 but we found an explosive growth in usage at the end of February 2022 this
coincides with the initial phase of the Russian invasion of Ukraine [42]. Alternatively, this
could also be explained by a delayed roll-out of the feature on different platforms.
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Figure 2.3: Number of different reactions to messages. The number of weekly reactions massively
increased at the end of February 2022. This coincides with the start of the Russian invasion
of Ukraine [42] (diamond). Afterwards the number of reactions stayed mostly constant
(A). The relative reactions per week of 2022 stay mostly constant (B), but there is a small
increase in diversity of reactions usage during 2022 (C). The most common reaction is
the thumbs up followed by the heart and the grinning emoji (D), we observed a generally
lower usage of “negative” emojis such as the puking face, angry face, or shit emoji.

Telegram allows users to create polls with up to 10 options, depending on the poll settings
one or multiple options can be chosen by a single user. The dataset includes 3.7M polls
with a total of 14.4M distinct options. The distribution of votes per poll shows no apparent
conformity to a visible distribution (see Supplementary Fig. S1.1). Out of all polls, we could
collect the number of voters for 33.0% of polls, as the visibility of the number of votes can be
disabled. Further out of all polls 5.6% allow multiple choice answers.

We also record the users that are part of a channel. Even though the visibility of users can be
disabled by a channel administrator, this is mostly not the case for channels with the purpose
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2.1 Collected dataset

of discussion. We encountered 17.6k channels where the public user list was enabled, which
is 13.49% of all downloaded channels. The number of users per channel has a median of 13
(mean of 404) and it is correlated with the number of messages per channel in logarithmic
space with a Pearson correlation of 0.33 (95% CI: 0.28 - 0.37)(see Fig. 2.4). This correlation
is not surprising as it suggests that channels with more users tend to have more messages,
which aligns with the expectation that discussions are typically more active in larger groups.
The opposite case could also be possible, since a lot of channels are one-way communication
channels, e.g. news channels, or ticker channels.
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Figure 2.4: Number of users and messages per channel. The number of users per channel is corre-
lated with the number of messages per channel with a pearson correlation of 0.33 (95%
CI: 0.28 - 0.37). The number of users per channel is truncated at 6 users for improved
visibility. The heatmap shows the number of channels with a specific number of users and
messages. Dashed line indicate the 95% confidence region of a truncated multivariate nor-
mal distribution fitted to the data.

The dataset is collected by using the forwarded messages and their metadata, out of all mes-
sages 17% are forwards. We can leverage these forwards and create a network representa-
tion of the dataset which allows for further analysis of the underlying network structure of
the Telegram ecosystem (see Section 4.1.5 for further details). The number of ingoing and
outgoing forwards per channel i.e. the in and out-degree of the resulting network does not
strictly' follow a power-law degree distribution (see Fig. 2.5). This might be an unexpected
result for a social networks [45] but on the other hand power-law degree distributions and
therefore scale free networks are generally considered rare [46-48].

Because of organizational overhead and the sheer size of the dataset, it is not yet publicly
available. Additionally, it is not clear to which extent the data can be published without vio-
lating the privacy of users and still conforming to European data protection laws. However,
we plan to publish as much of the dataset as possible in the near future. Nonetheless, the
network representation of this dataset without including the content of messages is available.

'T was told by a colleague and neuroscientist, that the out-degree is power-law like with an exponential cutoff.
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Figure 2.5: Summary of forwarded messages and the resulting network structure. The distribution
of the number of forwards relative to the total number of messages in the chat (A) shows
the majority of messages in a given channel are not forwards (median 7.54%). The in-
and out-degree distributions of the resulting network do not follow a power-law degree
distribution (B). Whiskers indicate the 95% Confidence interval (CI) obtained by boot-
strapping.

For instance, this can be used to reproduce most of the results of the following section. The
network data is published on GRO.data[49].

2.2 MODEL SELECTION

We compared 8 different Stochastic blockmodel (SBM) variants where we varied the inclu-
sion of different model features. The features we included are:

« Directed edges: - As edges in the graph correspond to messages being forwarded from
one channel to another. This is arguably a directed process.

« Hierarchical structure: - Hierarchical structure is included as we expect the Telegram
network to be organized in a hierarchical fashion (communities of communities).

 Degree correction: - Degree correction is included as the standard SBM assumes high
homogeneity in the degree distribution of the nodes, which is often not a reasonable
assumption for real-world graphs.

For a full description of all model variants please refer to Section 4.5. We compare these
variants using Bayesian model selection as described in Section 4.3.

All proposed models can be defined on a multigraph, i.e. a graph with multiple edges between
the same pair of nodes, and on a simple graph, i.e. a graph with at most one edge between
the same pair of nodes. We opted to only compare multigraph models as it is common for

Telegram channels to forward messages to the same other channel multiple times 2.

?Further, multigraph and simple graph models are difficult to compare as the observed graph data is different.
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2.2 Model selection

The most likely model out of the tested models is the hierarchical model with degree correc-
tion mgbCh. It has a Minimum description length (MDL) of 34 509 kbit (95%CI: 34 502 kbit
to 34 518 kbit). Compared to all other models, it is at least &' = In(897997) ~ 9 - 10389994
more likely. This result is significant as normally a factor of more than 20 is considered deci-
sive evidence that the data is more strongly supported by one model over the other [50, 51].
For an overview of the model comparison i.e. the posterior odds ratios between the models
see Fig. 2.6 and Table 2.3.

Abbreviation In(K) 95% CI ~ K features

mgbh 0 -13031 13045 1E+0  hierarchical, deg. corrected

mgb" 897997 790727 1019571 9E+3509  hierarchical

mgb®" 1650389 1637745 1662641  6E+6450 hierarchical, deg. corrected, directed
mgb© 1965230 1956391 1972519  2E+7681  deg. corrected

mgbdh 3359806 3274056 3516317 2E+13132  hierarchical, directed

mgb®e 3551768 3542819 3559135 4E+13882  deg. corrected, directed

mgb 3727290 3718436 3734538 5E+14568

mgbd 7029211 7020369 7036482 5E+27474  directed

Table 2.3: Model comparison of all models compared to the best model (1mgb°") as baseline. The
log posterior odds ratio In(K') is show and an approximation for the Bayes factor K =
e!™(K) is given. Further the 95% CI for the log posterior odds ratio is given and the features
of the model are listed.

In earlier runs using a smaller subset of the data we also included a SBM variant which al-
lowed for overlapping communities mgb°. However, this model did not converge with the
full dataset as the overlap models are more complex than other models. Nonetheless, in ear-
lier runs we found it to be less likely than most other models. Therefore it is not included in
the final model comparison results.
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Figure 2.6: Model comparison of all models compared to the best model (1mgb°") as baseline. We
compare the all models to the most likely one via their log posterior odds ratio In(K).
We choose to keep the value logarithmic and as the differences are large. On average the
non-directed models variants perform better. Red denotes the non-directed and blue the
directed model variants. Whiskers denote the 95% CI of the log posterior odds ratio.

We find the directed and non-directed variants show consistent results between different
model variants. For instance, the most likely directed model is also the hierarchical and
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degree corrected variant (mgb?®"). The same internal ranking for the non-directed and di-
rected model variants is observed. Unexpectedly the non directed models perform better on
average (see Fig. 2.6). This is surprising as the edges in the graph correspond to messages
being forwarded from one channel to another. This is arguably a directed process and thus
we would expect the directed models to perform better. However, the ability of users to join
the original channel through forwarded messages introduces a bidirectional aspect to the
communication flow. This bidirectional aspect challenges the assumption that the commu-
nication process is strictly directed and thus might be a reason why the non-directed model
variants perform better on average.

As the log posterior odds ratios between the different model variants are very decisive we
choose to only further analyze the best model for our collected data i.e. the hierarchical and
degree corrected model (mgb°™).

2.3 STRUCTURAL ANALYSIS

The hierarchical and degree corrected model mgb“® explains the collected data best. Dur-
ing sampling of the equilibrated model, we found 4875 modules (95%CI: 4874 modules to
4876 modules) as the most likely number of modules. As it is a hierarchical model, modules
might include other modules and thus form a hierarchy. We found that ten hierarchies i.e.
layers describe the data best. After the tenth layer, all channels are assigned to the same sin-
gular module. The number of modules is mostly stable within each layer, as the number does
not change significantly during sampling (see Fig. 2.7). This does not necessarily indicate that
channels are assigned to the same module in each sample. For instance, two channels might
swap their module assignment during sampling.

I _ __ _
959 960 i i 80
L10

Density

7

41
Number of modules

Figure 2.7: Marginal posterior distribution of the number of modules per layer. The number of
modules is mostly stable across all layers (L1 - L10) during sampling. Only the second
layer shows a ambiguous number of modules where the model can’t decide between 959
and 960 modules.

Out of all 128k channels we found 762 (0.6%) channels with ambiguous module assignments.

The probability for this node to belong to more than one module is higher than 20%. The
model is not able to assign these nodes to a single module with confidence. The reasons for
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2.3 Structural analysis

this can be manifold. For instance, the node might statistically belong to multiple modules
or the model might not be able to distinguish between the modules. This might be due to
the fact that the model is not able to capture the underlying structure of the data or that the
data is inherently ambiguous. Only a small percentage of channels are assigned to multiple
modules, thus the model confidently assigns most nodes to a single module on the first layer.

To visualize the channels we use their module assignment in each level as a prior for a Scalable
Force-Directed Placement (stdp) layout [52]. This allows the computation of a 2D embedding
for each node in the graph based on the inferred communities. Compared to a simple spring
layout, the sfdp layout, especially using the inferred modules as a prior, allows for better
separation of the different modules. The resulting layout is shown in Fig. 2.9. Here, we show
the channel module assignment of each layer in a separate panel. For following graphics
using this layout we opted to not show any edges (forwarded messages) as they mostly overlap
and reduce the readability of the figure.

Even though the sfdp layout gives an overview of the inferred
modules, without any coloring it is not clear how the mod-
ules relate to each other. An alternative to the sfdp layout
is a radial layout [53]. Here the channels are arranged in a
circle with lines or bundles of lines as connections between
the channels. Layers are circles with decreasing radius here
the lines are bundled together if channels are assigned to the
same module. This allows us to highlight the relationship
between modules or channels across different layers. For an
example of this layout with coloring corresponding to the
module assignment see Fig. 2.8. This comes with the trade-
off of a reduced readability of the modules itself but one can
see how modules are grouped across layers.

Of course, it is not clear if the inferred modules are mean-

ingful. For instance, the model might not be able to capture
the underlying structure of the data or the data might be in-
herently ambiguous. Basically, we could be just fitting noise.
In the following we investigate the modules in more detail
to answer the question of whether the inferred modules are

Figure 2.8: Example of a radial layout of the in-
ferred model. The modules are colored
according to the module assignment on
the second layer. For a comparison us-
ing the sfdp layout see Fig. 2.9 (L2).

meaningful or not. We do this by labeling the modules and investigating said labels.
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Ctl=3217

Figure 2.9: Overview of the inferred modules in each of the nine layers. Each point represents a

18

channel and is colored according to its module assignment on the corresponding layer (L1-
L10). Colors are reused across layers and do not indicate a cross-layer relationship. For
the first three layers, colors might also be reused for module assignment, as picking more
than 200 perceptually distinct colors for quantitative data is difficult if not impossible [54].
Colors might be reused for the different modules in these lower layers. The number of
modules shown in each layer C'2* is indicated in the top right corner of each panel.



2.4 Meaningfulness of the inferred modules

2.4 MEANINGFULNESS OF THE INFERRED MODULES

The partitioning of the channels by the model is done without any prior knowledge of the
content, purely based on the structure of the graph of channels and their forwarded messages.
It is therefore not clear if the inferred module assignments encode a humanly interpretable
and meaningful properties of the channels.

To enhance the interpretability of the partitioned modules, we explore various labeling strate-
gies to discern patterns and relationships within the inferred modules. These strategies aim
to unveil underlying patterns and relationships within the inferred modules. Labeling mod-
ules can be done in a variety of ways e.g. by the topic of the channel, by the language used
in a channel, or by the number of messages sent in the channel. The absence of a singular
correct method makes the labeling process inherently subjective. Because of simplicity, we
opted for the following approaches to identify labels for the inferred modules and investigate
their meaning:

o Language: We used the language of the channel as a label. We used the fasttext-
langdetect package [38] to detect the language of all messages. For each channel, we
then assigned the language with the highest probability over all messages in the chan-
nel.

« Topic: We used the most frequently used words in each channel and used the models
hierarchical structure to extract topics on different layers. This is very similar to tf-idf
approaches [55]. This method was chosen as it is straightforward to implement and
gives a good overview of the content of each channel and module.

o COVID-19 relevance: We investigate the priority values of each channel as computed
earlier for the guidance mechanism in the data acquisition process. This gives us a
value for the COVID-19 relatedness of each module.

We observed that all the examined labels are organized into distinct modules. Labels asso-
ciated with language and COVID-19 exhibit a clear separation between modules, while the
topic labels are more difficult to interpret as they are not as clearly separated as the other la-
bels and interpretation is more subjective. Nevertheless, we generally found strong evidence
that the inferred modules are meaningful and that the model can capture the underlying
structure of the data without any prior knowledge of the content.
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2.4.1 LANGUAGE

People tend to communicate more with people that speak the same language. Forwarding a
message into a channel with a different majority language is less likely as the recipients might
not understand the content of the message. This should lead to more edges intra-language
than inter-language. Overall, it is thus expected that different languages are grouped into

different inferred modules.

Out of all the used languages within a module, one or a small
number of languages is favoured, which is shown by the gen-
eral low diversity in language usage per module (see Fig. 2.10).
The diversity in language usage within a module is consistently
lower than what would be expected under a random assign-
ment of channels to modules. This pattern holds across all lay-
ers, although the difference is less pronounced in upper layers
where the number of modules is smaller than the total number
of identified languages.

The upper layer modules seem to consolidate similar lan-
guages, with less frequently used languages being assimilated
into the higher layer (elevated) modules. Notably, the merging
process in the lower layers appears to prioritize languages that
share similarities or are geographically proximate, e.g. this is
observed for Ukrainian and Russian or Portuguese and Span-
ish (see Fig. 2.11).

Without any prior knowledge of the content and languages
used in the channels, just by using the structure of the graph
of channels and their forwarded messages, the model separates
different languages into different modules and groups the same
or similar languages into the same module. This indicates that
the model can capture the language structure of the data.

The computed language diversity is limited by the language de-
tection algorithm. The used language detection algorithm/-
model fasttext-langdetect [38] has an unweighted accuracy of
76.8% on the WiLi [56] dataset and (only) includes 139 lan-
guages. While this algorithm performs reasonably well, it is
important to acknowledge that the accuracy rate introduces a
level of uncertainty in the language assignments. Misclassifica-
tions occur and consequently, the observed language patterns
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Figure 2.10: Language diversity in the in-

ferred modules per layer. The
diversity in the language us-
age per inferred module (red) is
lower than what would be ex-
pected for a random assignment
of channels to modules (blue).

and the inferred modules should be interpreted with a degree of caution. Future iterations of
this analysis could benefit from the incorporation of more sophisticated language detection
models or techniques to improve accuracy and mitigate potential misclassifications.
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Figure 2.11: Majority languages of the modules across hierarchies. Each channel is represented by
a dot on the outer ring. The channel is colored according to the majority language of
the first layer module it is assigned to. Lines show 75k subsamples of the edges in the
hierarchical model. The inner rings, where lines are bundled shows the different layers
of the hierarchical model. The most used languages stay separated across most layers (see
e.g. orange, green, blue). Smaller languages get assimilated into larger ones, for instance,
the Ukrainian language (red-purple) gets merged into the Russian language (orange) in
layers 2-4 (see at the bottom).
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2.4.2 COVID-19 RELATEDNESS

Similar to the used languages we expect the model to
separate COVID-19-related channels from non-COVID-19-
related channels. This is due to the assumption that COVID-
19-related channels are more likely to interact with each other
and these channels share a similar audience. For instance, mes-
sages from a channel dedicated to COVID-19 news are more
likely to be forwarded to channels discussing vaccines, treat-
ments, or prevention strategies. This pattern of interconnectiv-
ity should lead to the model effectively distinguishing between
different topics and separating them into different modules.

During the crawling process of the dataset, we already com-
puted a COVID-19 relatedness score for each channel based
on the number of COVID-19-related words used in the chan-
nel that connect to this channel via a forwarded message (see
Section 4.1). We use the same metric but on the channels con-
tent itself to compute a COVID-19 relatedness score for each
channel. We expect that this score is a good initial indicator for
the COVID-19 relatedness of a channel and allows us to label
modules accordingly.

We found that the model is on average able to group channels
into modules based on their COVID-19 relatedness. The me-
dian COVID-19 relatedness per module shows a larger vari-
ance than what would be expected under a random assignment
of channels to modules. This is most predominant in the lower
layers up to the sixth layer (see Fig. 2.12). In the upper layers,
this difference is less pronounced which indicates, that the up-
per layers might not prioritize the segregation of COVID-19-
related information to the same extent as the lower layers (see
also Supplementary Fig. 52.12). The nuanced layer-specific be-
havior further suggests that COVID-19 relatedness is struc-
turally less important to the network of channels as compared
to the language of the channel which showed a more consistent
pattern across all layers.

As the relatedness is a continuous value, we do not expect a

I Random modules
Il Inferred modules

250-"1
O-—H-ﬂ-m—m
L2
250 A
O-—v—vm
250 {13
O-Wm
100 44
1]
Qo
2 0 et .
S L5
50
G
20 e .
€ L6
Z 25+
O-—v—v—rﬂh—r-ﬂhv-—v—v-rwm'—v—v-ﬁ
10_L7
O-M
L8
5_
0-—.-mw—.-r#-mw—.-mm—.-m
L9
2_

I

10° 10° 10*

Median COVID-19
relatedness [arb.]

Figure 2.12: Median COVID-19 related-

ness in the inferred module
per layer. The variance of the
median COVID-19 relatedness
per layer is higher (red) than
what would be expected under
a random assignment of chan-
nels to modules (blue). This
especially holds for the lower
layers L1-L6.

clear classification of COVID-19-related and non-COVID-19-related channels. Instead, we
expect a variety of modules with different COVID-19-relatedness values. Indeed, the in-
ferred modules seem to group channels with similar COVID-19 relatedness into the same
module (see Fig. 2.13). While some modules exhibit a strong decoding of COVID-19 re-
lated channels, others group modules without COVID-19 related channels. This suggests a
potential suppression or exclusion of COVID-19-related information in specific channels.
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Figure 2.13: COVID-19-relatedness of the inferred modules on the third layer. The COVID-19-
relatedness of the channels is computed as the median guidance priority of all channels
in the module. A small number of modules hold the most (black) and least COVID-19-
related channels (yellow). Compared to the baseline, assuming a random assignment of
channels to modules (gray), the model is able to group channels with similar COVID-
19 relatedness into the same modules. Here represented is the third layer where this
separation is most predominant. Whiskers indicate the 68% CI of the median.
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2.4.3 TOPIC LABELS

To gain insights into the topics discussed within a channel and, subsequently, within the
inferred modules, we computed module-specific word frequency distributions. These distri-
butions serve as indicators of the topics within a module and allow further validation of the
assumption of topic separation by the model.

We incorporated language information from the earlier analysis and removed stopwords ac-
cordingly to improve the accuracy of the topic extraction. This step enhances the topic rep-

resentation by eliminating common words such as “the”, “a”, and “and” that do not contribute
significantly to the topic.

We collected channels in a variety of sizes, some with a few hundred messages and others with
several million messages. These channels might be grouped together into the same module
by the model. To keep the word frequency distribution comparable between channels of
different sizes, we weight the word frequency by the number of messages in each channel.
This is very similar to established tf-idf approaches [55] where the goal is to compare the
importance of a word in a document to a corpus of documents.

Since the model includes hierarchical partitions, we extended this weighting strategy to the
word frequency distribution of modules within a module. E.g. the word frequency distri-
bution of a module in layer 5 is the weighted average of the word frequency distribution of
the submodules in layer 4. This hierarchical weighting mechanism ensures that the word
frequency distribution remains representative and comparable across modules in different
layers (see Fig. 2.14).

Within the scope of this thesis, it is not feasible to explore and present all computed topics
and labels. Therefore, we have chosen to focus on the branch of modules primarily contain-
ing German channels (refer to Fig. 2.11, highlighted in green) for further exploration. The
topics identified within this German subset reflect a diverse range of discussions, including
geopolitical events, and public health concerns. Some topics are more clearly defined, such as
the discussion of the COVID-19 pandemic or the Ukraine-Russia war, while others are more
ambiguous(see Fig. S2.11). The identified topics are distinct from each other, thus indicating
once more that the model is indeed able to separate different topics into different modules.

It is essential to acknowledge certain limitations in our approach. Firstly, the approach ig-
nores word order during topic extraction. This limitation might affect the nuanced under-
standing of context and meaning, particularly in languages where word order plays a cru-
cial role [57]. Additionally, while our analysis includes stopwords removal for precision, we
did not employ lemmatization [58]. Lemmatization could enhance the identification of core
word forms, potentially refining the accuracy of topic extraction and making the results more
interpretable but it is nuanced and might not be applicable to all languages.
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Figure 2.14: Hierarchical topic extraction using inferred modules. The hierarchical structure of the

inferred modules allows the extraction of topics on the different layers. The topics on the
first layer (smaller colored bar plots) get combined to form broader topics on the upper
layers based on the module structure (colored to gray to red dots). An example is shown
from a module in layer 5 (red) and its corresponding submodules (gray to colored). We
picked this branch from the german speaking modules see Fig. S2.11 in green.
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3 CONCLUSION

In conclusion, this thesis has conducted a comprehensive examination of Telegram data, re-
vealing insights into its structural characteristics and setting the stage for future investiga-
tions. The presented dataset and analysis aim to be a valuable resource for researchers in
diverse disciplines, fostering a deeper understanding of the dynamic landscape of online
communication, misinformation, and social interactions. The Telegram dataset itself pro-
vides a wealth of information for exploring communication dynamics, user interactions, and
network structures on social media platforms. As we wrap up this thesis, let us contemplate
the findings, potential avenues for future research, and broader implications.

3.1 SUMMARY

The collected dataset is both unique and extensive, providing a rich source of information for
analysis. Its global scope enables the observation of prominent geopolitical events reflected
in the communication patterns within the data. It’s crucial to note that data collection is an
ongoing process, ensuring the dataset remains dynamic and relevant for continuous exami-
nation.

In the structural analysis, the framework of Stochastic Block Models has proven highly effec-
tive for handling large-scale real-world data. Utilizing this framework, very strong evidence
for a hierarchical structure within the Telegram network was found. The hierarchical or-
ganization allows for the separation and grouping of modules within different layers of the
model, providing a nuanced understanding of the underlying structure. Importantly, the hi-
erarchical representation not only reveals the macro-level organization of the network but
also offers insights into the micro-level relationships among channels.

The inferred modules encode language patterns, prevalent topics, and COVID-19 related-
ness. Along with the capability to further analyze these modules, the analysis serves as a
valuable baseline for in-depth investigations. The framework of Stochastic Block Models not
only shows the potential for detailed examinations of social networks’ structural intricacies
and dynamics but also opens avenues for more targeted studies, such as the exploration of
evolving trends, identification of influential channels, and understanding the flow of infor-
mation within specific topic clusters. In essence, the framework not only captures the static
structural features but also provides a dynamic lens to delve into the evolving nature of the
dataset, paving the way for a more profound and nuanced understanding of its complexity.
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3.2 Outlook

3.2 OUTLOOK

While this thesis offers a comprehensive analysis of the Telegram data and its structural
characteristics, numerous open questions and potential avenues for future research remain.
The ongoing data collection presents opportunities for further exploration across various re-
search domains. In the following we discuss some of the potential applications of the herein
presented dataset and analysis.

One promising avenue for future research involves incorporating prior knowledge into the
partitioning process. In this thesis, we have chosen an uninformative prior, assuming equal
probabilities for all possible partitions. However, the integration of domain-specific informa-
tion or external data sources as informative priors could significantly enhance the accuracy
and the relevance of the structural analysis, which allows to tailor the partitioning process to
the specific research question.

The disregarded models in the model comparison, while not included in the final analysis,
may still prove useful depending on the research question at hand. While our study focused
on selecting the most likely model for the Telegram network, the exclusion of certain models
does not diminish their potential relevance in different contexts or for specific research ob-
jectives. Further the potential to create or refine more models that better suit the Telegram
network remains.

The emergence of Large Language Models (LLMs) in recent years raises concerns about the
presence of bots that can effectively mimic human behavior. A critical question it is possible
to reliably identify these bots within our dataset. Investigating methods to discern between
genuine human interactions and those orchestrated by LLMs could provide valuable insights
into the evolving landscape of online communication and influence mechanisms.

While research has explored the connection between misinformation spread and the impact
on the spread of COVID-19, there are ample opportunities to further validate and deepen
this understanding using the herein presented dataset. Investigating the dynamics of mis-
information within Telegram channels and its potential influence on public perceptions and
responses to the pandemic could provide valuable insights into the role of online communi-
cation in the context of public health crises.

In the domain of social science, the identified modules may offer insights into the dynamics
of online communities, social interactions, and the formation of digital subcultures. Un-
derstanding how individuals engage with one another, form connections, and contribute to
the construction of online spaces is essential for comprehending the evolving landscape of
contemporary social interactions.

Given the recent nature of the collected data, there is a unique opportunity to conduct anal-
yses on contemporary geopolitical events. Specifically, the ongoing data collection allows for
the exploration of how the Telegram platform is utilized to discuss and disseminate informa-
tion related to current global events. For instance the currently ongoing Russian-Ukrain war.
Analyzing how information related to the conflict is disseminated, received, and discussed
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within different channels could contribute to a nuanced understanding of online discourse
during geopolitical events.

3.3 ETHICAL CONSIDERATIONS

In the exploration and analysis of large-scale datasets, particularly those involving user-
generated content and interactions, ethical considerations and the protection of user privacy
are of utmost importance. The Telegram dataset, being a substantial collection of commu-
nication data, raises several ethical concerns that need consideration prior to the dataset
publication.

The dataset includes user information such as usernames, first and last names, which raises
concerns about individual privacy. Even though the names can be chosen freely by the user,
they may still contain sensitive information. For example, a user might opt to use their real
name as their username for easier identification by friends and family. While the dataset
may be pseudonymized, replacing problematic information with unique identifiers, the risk
of re-identification remains, especially if combined with the other available information. As
the data is still publicly available through the Telegram platform, it is possible to reconstruct
the original dataset or parts of it even if the dataset is pseudonymized. For instance, utilizing
message content, timestamps, and channel details could potentially lead to the identification
of users, undermining the intended privacy protections.

While the dataset does not directly include health information, inferences about users’ health
statuses can be drawn from the content of their messages. For instance, a user mentioning
that they have tested positive for COVID-19 allows for the inference of their health status.
Handling and analyzing such information requires careful consideration to prevent potential
stigmatization or misuse.

A comparable issue emerges in relation to potential criminal activities or unconstitutional
behavior documented within the dataset. We have not actively searched for such content, but
given the size of the dataset and the nature of Telegram as a platform, it is likely that some
of the collected data contains information about criminal activities. This raises important
ethical considerations for future research. When delving deeper into the message content,
it becomes crucial to establish clear guidelines on how to address potential criminal activi-
ties or other illegal actions recorded. Questions arise regarding the ethical responsibility of
researchers, including whether law enforcement agencies should be informed and whether
such reporting falls within our responsibility. Defining an approach to handling such cases
is essential for ensuring that future research is conducted in a responsible manner.
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In the following we will formalize the problem of inferring modular structures in graphs and
describe the collection process of the herein presented Telegram dataset. We introduce the
Stochastic blockmodel (SBM) as a foundational framework for community detection. How-
ever, we recognizing its limitations and therefore also explore refined variants to better suit
real-world complexities. Central to this approach is the usage of Markov chain Monte Carlo
(MCMC) methods, enabling us to navigate intricate graph structures, even when analyti-
cal solutions are intractable. Further we explore model selection in this context using the
Minimum description length (MDL) criterion.

Central to our analysis is also the creation of the used dataset itself. We define data collection
process via snowball crawling and extend it by introducing a guidance mechanism, which
allows to target specific topics in the crawling process. We will also discuss the preprocessing
steps necessary to prepare the data for the analysis.

Our overarching objective is to unravel the modular structure embedded within the Telegram
network, where nodes denote distinct channels and edges forwarded messages between these
channels. Notably, this network may possess multiple edges between the same pair of nodes
and the edges are directed. We will thus extend the standard SBM to account for these com-
plexities. We will also discuss the implications of the multigraph structure and the directed
edges on the inference process. Further we will define a hierarchical extension of the SBM
to account for the nested structure of the Telegram network and an extension to account for
degree heterogeneity.

Infoboxes

In the following you will find small infoboxes like this one, which will contain addi-
tional information about the topic at hand. These are not necessary to understand
the main text and can be skipped on first reading. However, they might contain use-
ful information for the interested reader. I opted for this approach instead of moving
content into footnotes or the appendix, as I find them more readable and less distract-
ing.

First we will start with the data collection process and the preprocessing steps necessary to
prepare the data for the analysis, this is followed by a formalization of the problem of inferring
modular structures in graphs.
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4.1 TELEGRAM DATA ACQUISITION

Telegram does not provide direct a way to download its data nor is there a program for re-
searchers to access the data. Therefore we had to develop a custom solution to collect the
data. We here describe the data acquisition process, the software used and the data itself.

Telegram allows developers to create their own clients, e.g. if you are creating an operation
system for a smart fridge you are able to create a Telegram client for it. This is possible
as all official Telegram apps are open source project'. We can use this to our advantage and
create our own client which allows us to interact with the Telegram Application programming
interface (API) and use it to download data. We here use the Pyrogram [59] API framework

'https://github.com/tdlib/td
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which is a python wrapper around Telegrams MTProto encryption protocol and allows for
asynchronous interaction with the Telegram API.

To systematically download content from Telegram we use the fact that messages can be for-
warded from one channel to another (see Fig. 4.1). The metadata of a such a forwarded mes-
sage contains its origin. Therefore we can use this to discover new channels and download
their content. We start with a single channel and download all messages from it. We then
look for forwarded messages in these messages and download the channels from which these
messages were forwarded. We then repeat this process for the newly discovered channels.
This allows us to discover new channels in a recursive way. This process is called snowball
crawling (see Algorithm 4.1).

A

CHATS CALLS

= A Channel . B Channel
= < ‘ 1 subscriber g < . 1 subscriber
. B Channel

A Channel

October 2

October 2
Channel "B Channel” created

Channel *A Channel Name" created
. A Channel .

Some very important facts | want to share with Some very important facts | want to share
the channel! with the channel!

Figure 4.1: Example of message forwarding between two Telegram channels A shows previews of the
two channels “A Channel” and “B Channel”. B shows the messages of the “A Channel”,
here a single message was posted. In C, the message of “B Channel” are shown, notably a
message from “A Channel” was forwarded and is show. Note the metadata of the message
which shows the origin of the message as “A Channel”.

The Telegram API is not completely public, depending on the request it is necessary to pro-
vide Telegram account credentials. Further, there are some limits* on the number of mes-
sages which can be viewed/downloaded per day and the number of channels which one can
be part of at the same time. To overcome these limitations we used multiple Telegram ac-
counts and distributed the crawling process. This allowed us to partially sidestep these limi-
tations and download more data in a shorter time.

Multiple accounts and distributed crawling

For the crawler, we used 198 Telegram accounts. Each account was created by using
telephone numbers i.e. by sim card. Luckily because of business contracts by the
Max Planck Institute for Dynamics and Self-Organization we were able to get them
relatively cheap. On the other hand the effort activating each Telegram account and

*https://limits.tginfo.me/en
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Data: Initial channel Cipjal

Result: List of discovered Telegram channels

// Initialize a queue with the initial channel
q < {Cinitial}

while g is not empty do

// Pop item from the queue

Ceurrent < Dequeue(Q)

// Get all messages from the current channel
m <— GetMessages(Cecurrent)

// Get forwarded messages

my < GetForwardedMessages(m)

// Discover new channels

Chew < DiscoverChannels(m s)

// Add newly discovered channels to the queue
Enqueue(g, Chew)

end

Algorithm 4.1: Snowball crawling for Telegram channels. Details on distribution of the crawling
process are omitted for clarity.

getting an API authorization key was quite high, it took us about 3 days to activate all
accounts with a four people team.

We then distributed the crawling process over 3 machines, one running the database
and two running the crawler workers itself. Luckily Telegram does not limit the num-
ber of accounts which can access its service from one IP-Address. Otherwise, this
project might be way more complicated.

4.1.1 GUIDANCE

Given the sheer volume of public channels, it’s essential to focus our efforts on those channels
most relevant to our analysis. For instance, channels solely dedicated to reporting cryptocur-
rency prices should not be downloaded or only considered once more meaningful channels
have been exhausted. To this end, we developed a guidance mechanism to prioritize the
crawling of channels with a higher likelihood of containing pertinent data.

As the content of messages is not available before downloading the channel, we predict the
relevance/content of a channel based on already collected channels which have links to it i.e.
channels which contain forwarded messages from it.

We rank each new found channel by a priority score and place them in a download queue.
The score is predicted by the number of keywords in the channels description, the channels
name and the number of keywords in the messages of the channel where the new channel
is found. For instance if we are currently crawling a channel called CovidTruths” and we
find a new channel called "CovidFacts”, we compute a priority score for the new channel
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“CovidFacts” by counting the number of keywords in its metadata and in the messages of
“CovidTruths. We than download the channel with the highest priority score first.

Channels which we predict to be more relevant to our analysis are thus downloaded with a
higher priority. The snowball crawling approach is guided towards a topic hence the name
guidance mechanism. This process is illustrated in a simplified fashion in Fig. 4.2.

Queue N 4 Guidance
SRS -nd I 3 ¢ - == calculate priority
priority for download 2 == based on keywords
B and [fig88age content

o

Worker(s) &
download @g —.— @

discover new )

Figure 4.2: Simplified overview of the crawling process including the guidance mechanism. A
number of workers download messages of channels in parallel. Once a channel is fully
downloaded all content is written to a database and further used for the guidance mech-
anism. The guidance mechanism then calculates or updates the priority score for each
newly found channel. The channel with the highest priority is then downloaded next.
This process is repeated indefinitely.

To formalize this, let us consider we find a new channel cpe,, within the messages M of the
channel ccyrrent. We then calculate the priority of cyew by the following

Poye, = (14 ck(Ne,o,) + k(D)) - > ck(m) (4.1

where ck is the keyword count function, N, is the name of the new channel and D, is
its description and m is a message in the set of messages M of the current channel. This
process is additive in the sense that the priority of a channel is the sum of the priorities of all

channels that lead to it.

The keyword count function ck is counting the the number of times a specific string occurs
in a given text. We also transform all text to lower case, i.e. if the keyword is "covid” and the
text contains “Covid19” it is counted as a match. This is done to avoid at least some stemming
and lemmatization, which can be computationally expensive in an online setting. Further,
stemming and lemmatization is not always possible as we are working with multilingual data
and not all languages have a good stemming or lemmatization libraries.

All of this allows to predict the relevancy of a chat without having to download it, which
is useful as the download of a chat can take a long time, especially if it is a large chat with
many messages and by the limitations imposed by Telegram. This allows us to prioritize
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Data: Initial channel Cipyal, keyword list K

Result: List of discovered Telegram channels

// Initialize a priority queue with the initial channel
dp — {(Oinitiala 0)}

while g is not empty do

// Pop item from the queue with the highest priority
C'currenty p <~ Dequeue(q;))

// Get all messages from the current channel

m < GetMessages(Clyrrent)

// Get forwarded messages

my < GetForwardedMessages(m)

// Discover new channels

Chew < DiscoverChannels(m ¢)

// Calculate priority of new channels, see (4.1)

Dnew — CalculatePriority(Cey, m, K)

// Add newly discovered channels to the queue
Enqueue(qp, (Chew, Pew))

end

Algorithm 4.2: Snowball crawling for Telegram channels with guidance mechanism. Details
on distribution of the crawling process are omitted for clarity.

downloading channels which are more likely to be relevant to our analysis and hence cre-
ate a more focused dataset as we do not download every chat we find. For a pseudo code
implementation see Algorithm 4.2.

As we mainly wanted to focus on the diffusion of (mis-)information and specifically in the
context of the COVID-19 pandemic, we created a keyword list based on COVID-19 pan-
demic related words. The main list contains 87 different keywords in English language, which
are further translated into 44 different languages. The main list can be found in listing 4.1.
We selected the words in this list by picking 10 channels which are relevant to our analysis
preliminary to the crawling process.Than we use a bag-of-words approach to find the most
commonly used words in these channels. This initial list is then further refined by hand and
translated into other languages using google translate. The translation can be found in the
supplementary information S3. We combine all languages into one keyword list and use this
list to calculate the priority values with the ck function.

This guidance mechanism introduces a potential bias, especially in the early stages of the data
collection process. The bias arises from the way channels are prioritized for crawling based
on the number of keywords in their descriptions, names, and the messages of the current
channel. While the intention is to focus on channels that are more likely to be relevant to the
analysis, this method inadvertently favors channels that heavily use the keywords. For our
analysis this is not necessarily a problem and in the limit this bias should disappear as the
number of channels with a high keyword count are limited. However, this should be kept in
mind when interpreting the results of the analysis.
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keywords = ['covid', 'corona', 'virus', 'pandemic','lockdown',

- ‘'health', 'mask', 'distancing', 'outbreak', 'symptom',
"quarantine', 'influenza', 'vaccine', 'vaccination', 'pandemic’,
‘ventilator', 'isolation', 'immunity','hospital','icu',
‘intensive care unit', 'treatment','virologist', 'clinic’,
"homeopathy', 'sick', 'pharma', 'polymerase chain reaction',
'pcr', 'pertussis', 'emergency', 'injection', 'doctors’,
‘cellular', 'remote work', 'frontline', 'covid-19', 'sars’',
'sanitation’', 'pathogen', 'propaganda’', 'disease’, 'epidemic’,
‘diarrhea', 'adjuvants', 'respiratory’', ‘hygiene', 'protein’,
‘medicine', 'new cases', 'positive’,'scientist','contagious’,
‘mandate', 'variant', 'infect’, 'deaths', 'ill"', 'cough',
‘measure', 'viral', 'mrna‘', 'prevent’', "healthcare', 'contract',
'shutdown', 'smallpox', 'booster', 'antibody', 'dose’, 'evidence’, |
‘misinformation', 'isolation', 'observed', 'mandatory’,
‘allergic', 'allergy', 'immune', 'shortage', 'syndrome', 'drug’,
‘chinese', 'test', 'restriction', 'spread', 'vax', 'experimental’]

e

Listing 4.1: Base list of English keywords used in guidance mechanism to calculate priority values.
For the list of keywords in other languages, see supplementary information S3.

Nonetheless, the guidance mechanism remains a valuable approach for data collection across
diverse research contexts. Its foremost advantage lies in its efficiency, enabling the prioriti-
zation of channels with a higher likelihood of containing pertinent data. This strategic ap-
proach allows us to concentrate our data collection efforts on channels more likely to yield
valuable information, such as those engaged in discussions about the COVID-19 pandemic.
It was precisely this efficiency that motivated the development of the guidance mechanism.

4.1.2 SEED LIST

We initially started the crawling based on a single chat named "Corona_Fakten” but later
on switched to a more diverse seed list. The seed list is a list of channels which are used to
start the snowball crawling. The download queue is initialized with these channels and the
crawling process starts using them. The seed list is created by picking manually picking a
language diverse set of 100 COVID-19 related channels from the TGStats website®. The seed
list can be found in listing S.45.

4.1.3 SOFTWARE

The software package is created with the FAIR Principles in mind, emphasizing data Find-
ability, Accessibility, Interoperability, and Reusability [60]. The source code is readily avail-
able on GitHub". The solution is containerized using Docker, allowing for straight forward
deployment and use in various computing environments.

*https://tgstat.com/
*https://github.com/Priesemann-Group/telegram_crawler
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We opted to use the Pyrogram [59] API framework which is a python wrapper around Tele-
grams MTProto encryption protocol and allows for asynchronous interaction with the Tele-
gram API. Further we use SQLalchemy [61] as an Object Relational Mapper (ORM) to inter-
act with the database which allows for efficient and high-performing database access.

Furthermore, we have also developed an auxiliary monitoring website to track and analyze
the performance and usage of our software. This website provides real-time insights into
the system’s behavior, making it a valuable tool for maintaining and optimizing the crawlers
operation.

All data is stored in a relational database. This allows to query the data in a structured man-
ner, allowing to filter, search and perfom other analysis in the future. We use a MariaDB [62]
database as it is open source and because of previous positive experiences with it. Here we
deploy two database replicas to increase throughput.

Anecdots from the development

Of course during development we run into a number of problems, here I want to
shortly take some time to discuss some of them.

We initially did not expect to collect as much data, therefore we never fought about
limitations of integer as an identifier field. Indeed this lead to some serious problems
as the messages table grew in size, the number of available identifiers in the 32 bit in-
teger “id” column was exhausted. This lead to multiple days of migrating the database
to a 64 bit integer “id” column. Luckily we were able to do this without any data loss
but we lost a few days of data collection.

Initially we also did not use multiple machines but we always developed it with dis-
tributed computing in mind. As a single worker in the crawler (representing a Tele-
gram account) does not take much Central Processing Unit (CPU) resources we al-
ways though running on a single machine was enough. However, we quickly realized
that the crawler is very Input/Output (I0) intensive and that the CPU is not the bot-
tleneck but rather the IO to the database. This lead to the decision to distribute the
crawler over multiple machines and to use a single database server. This lead to a
significant increase in performance and allowed us to collect more data in a shorter
time.

4.1.4 DATA DESCRIPTION

We gathered a comprehensive dataset that encompassed a most of elements within the Tele-
gram platform. Specifically, our data collection efforts included all available and non binary
data, i.e. text messages, users, channels, polls and all related metadata. We opted to disregard
binary data, such as images and videos, due to their large size and possible trademark/own-
ership issues. The database is structured as shown in figure 4.3.
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I O
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Figure 4.3: Database structure of the sql database storing the Telegram dataset. Boxes denote tables
and red lines denote relations between tables.

Additionally to a messages’ text content we record its metadata, including the number of
views, reactions (i.e. likes, dislikes, etc.) and entities (i.e. mentions, hashtags, links). We also
record the users of a channel if possible as it can be disabled by the channels admin and some
general metadata of the channel i.e. its description and some tags which are set by Telegram.
If the message is a poll we also record it in a structured manner with its possible options and
votes for each option if available. We also record if a message was forwarded and from which
channel and by whom.

4.1.5 PREPROCESSING

As we are not too interested in the content of the messages for this analysis. Rather in the
structure by forwards, we disregard the text for now and create a directed multigraph to
represent the interactions within the Telegram dataset. This graph is constructed based on
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forwards of messages from one channel to another. Each node in the graph represents a
channel, and directed edges represent the forwarded messages. We only include fully down-
loaded channel, i.e. we know all outgoing edges of a channel. The graph is created using a
single SQL join query (see Listing 4.2). The results of the query corresponds to the edge list
of the multigraph. The graph is then stored in a the gt (graph-tool) binary format for the
further analysis.

SELECT

m.id as message_id,

m.chat_id as to_chat_id,

m.forward_from_chat_id as from_chat_id,

q.status as to_status,

g2.status as from_status
FROM messages as m

JOIN queue as g ON m.chat_id = g.chat_id

JOIN queue as g2 ON m.forward_from_chat_id = g2.chat_id
WHERE m.forward_from_chat_id is not null;

Listing 4.2: SQL query to create the edge list from the database.

4.2 GENERAL FRAMEWORK FOR STOCHASTIC BLOCKMODELS

With the graph data collected and preprocessed we can now start to think about how to infer
the modular structure of the Telegram network. In this section we will introduce the general
framework for SBMs and derive the entropy of the ensemble for the standard SBM. This
will allow us to formulate the problem of inferring the modular structure as an optimization
problem.

Let us consider an observed graph GG which is composed of N nodes and E edges. In our
case the nodes are the Telegram channels and the edges are forwarded messages between
channels. For now we simplify the graph to only contain undirected edges, we set multiple
edges between the same nodes to a single edge, and we disregard self loops. The resulting
simplified graph is called a simple graph.

SBM are a class of generative models used in statistical graph analysis to describe and un-
derstand the structure of complex networks. These models are based on the assumption that
nodes within a graph can be partitioned into latent groups or communities and the edges be-
tween nodes are stochastically generated based on the community membership of the nodes.
A number of different variants of this model exist, which cater to various aspects and com-
plexities of real-world graphs.

The standard SBM formulation assumes that all the nodes belong to the same community if
they are statistically indistinguishable. This means that the nodes with same expected degree
are part of the same community [63]. Assuming high homogeneity in the degree distribution
of the nodes is often not a reasonable assumption for real-world graphs. To circumvent this
problem, the degree corrected SBM [64] is used. One might also assume nodes can belong to
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multiple communities at the same time. Models including this assumption are called over-
lapping SBM [65] or mixed membership SBM [66]. By considering the temporal information
of the graph, this allows to capture the changing block memberships and evolving patterns
of connections over different time intervals [67-70].

What is a node’s degree?

The term “degree” in the context of graphs is used to denote the number of edges
incident to a node. In other words, the degree of a node represents its connectivity or
the number of connections it has with other nodes.

Even though there exists variety of SBMs, they all share the same general framework. Let
us consider a simple graph for now i.e. the standard SBM, first. In this work, our goal is
to find the optimal community membership ¢; for each node . In other words, we want to
maximize the likelihood of observing the graph given a particular partition {¢;} € [1, C] of
the nodes into communities. General speaking, one can directly derive the log-likelihood £
by considering the probability to observe a particular graph realization P.

L=InP (4.2)

Let’s assume all the graph ensembles are realized with the same probability P = 1/€2, where
() is the number of possible graphs in the ensemble °. This can be interpreted as a micro-
canonical ensemble with an entropy S = In (2. The entropy for this ensemble can just be
derived from the log-likelihood:

L=InP
1
:1 —_—
9
=—InQ
L=-8 (4.3)

Expressing the log-likelihood in relation to the entropy of the ensemble, allows us to later on
simplify and generalize notation. If we can compute the entropy of the ensemble for a given
model, we can directly derive the log-likelihood. Thus this is applicable to any graph model
where the entropy can be computed.

I have a random question, "what is entropy?”

Entropy can be interpreted as the amount of disorder or randomness of a system.

In the context of our graph analysis, it represents the number of different ways the
graph can be arranged while still satisfying certain constraints.

> Assuming the same probability, gives a uniform and noninformative prior for the partitioning. Other prior
distributions are also possible, but we will not consider them in the following.
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Think of it this way: if you have a puzzle with many pieces, the entropy would be low
if all the pieces fit together in only one specific way. But if the pieces can be arranged
in many different combinations and still form a complete puzzle, then the entropy
would be high.

In our case, the entropy is related to the number of possible SBM ensembles that follow
the same characteristics as the observed graph. The higher the entropy, the more
different ways the partitions can be organized while still matching the observed graph
edge and node distributions. On the other hand, a lower entropy means there are
fewer ways to arrange the partitions while satisfying the constraints of the observed
graph.

As a result of (4.3), instead of maximize the likelihood, we can equivalently minimize the
entropy of the ensemble. This is the central idea of the stochastic blockmodel framework.
We want to find the partition {c}} that minimizes the entropy of the ensemble. Therefore,
we can formulate the problem as:

{CA@} =argmin S({¢;}) or (4.4)
{ei}
{¢;} = argmax L£({c;}) (4.5)

Ci

Finding the optimal partition {02} is generally not tractable, i.e. the exact enumeration to test
all possible partitions is not feasible for most networks as naive testing via enumeration scales
with O (g), where NN is the number of nodes and C' the number of communities. Instead one
must rely on approximating methods which are able to sample partitions with a probability
given as a function of the entropy .S (see section 4.4).

The entropy consistently decreases as the number of communities C' increases. This makes
using entropy alone ineffective for identifying the optimal number of communities, espe-
cially when the true number is unknown. This can be seen as an example of overfitting,
where the "best” case puts each node in its own community. The most complex description
minimizes the entropy, but it is not the most useful result. To address this, we introduce a
penalty term through model selection, specifically the minimum description length (MDL)
criterion (see section 4.3), which helps us determine the most suitable model, including the
number of communities.

Before we delve into extending the general framework with model selection considerations,
let’s first explore the entropy of the ensemble in the context of simple graphs. This will help
us in deriving the entropy for more complex graphs later on and also give us a better under-
standing of the entropy itself.
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ENTROPY OF THE STANDARD STOCHASTIC BLOCKMODEL

The standard stochastic blockmodel [63] assumes an observed simple graph G, i.e. there is
only one edge between two nodes and no self-loop. Further, it assumes that the nodes in the
graph can be partitioned into C' distinct communities {c;} € [1, C]. This section considers
the undirected case, the directed case is derived later. We also assume that the degrees of the
nodes are homogeneous within each community, which especially for real-world graphs is
often not the case. We will address this issue later on by introducing the degree corrected
stochastic blockmodel.

As we have seen earlier, if we are able to derive the entropy of the ensemble, we can use our
general framework to infer the community structure. To derive the entropy of a model one
first needs to compute the total number of graphs in the ensemble. We define the number
of edges between two communities x and y as ey, and n,, n, as the number of nodes in
the respective communities. For any given pair of communities = and y we can compute
the number of possible graphs using the binomial coefficient. The total number of possible
graphs realizations (2 is then given by the product of all possible graphs between all pairs of
communities. Here we only consider half of the matrix, as the other half is symmetric. This

is given by
NgN.
= (2) s
Q=] Quy (4.7)
T2y

We can now obtain the entropy of the standard stochastic blockmodel as S, =
suming the values of 7, are large enough that Stirling’s approximation In (];7 ) & NH(%)
holds, we obtain the condensed expression

Sesp = Y InQyy (4.8)
>y
1
=g 2l (5 “9

for the entropy of the standard blockmodel. Here, H(x) is defined as the binary entropy
function, see also equation (4.11).

Approximating the logarithm of the binomial coefficient using stirling approximation

The stirling approximation is used to approximate the logarithm of the factorial func-
tion. It is given by

InN!'ZNInN — N. (4.10)
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By employing this approximation, we can simplify the logarithm of the binomial co-
efficient, given by:

| N | N!
n = n—--
r rI(N —r)!

“NInN-N-rlnr+r—(N—r)ln(N—-r)+ (N—-7r)=T

Although this expression may not appear immediately useful, we can reframe it by
adding and subtracting r In V:

T=NInN—-rlnr— (N —7r)In(N —r)
=NInN—-rlnr—(N—=r)In(N —7)+rInN —rIn N
=(N—-r)nN+r(InN —-Inr) — (N —r)In(N —r)

N N
:(N—r)lnN +7rln—

—Tr r

By introducing the binary entropy function as:
H(z)=—zlnz— (1 —2)In(1 —x) (4.11)

and performing further rearrangements, we arrive at:

N N N N
T="rln2 + (N —p)1
P A S R v
1 1
:N<J’\’,lnr+(1—]’\})ln1_r)
N N
— NH(Z)

Therefore, we obtain the final approximation for the logarithm of the binomial coef-
ficient as:

N
In <r> ~ NH(%) (4.12)

For a full derivation of the stirling approximation and further information see e.g.
Information Theory, Inference and Learning Algorithms [71].

4.3 MODEL SELECTION

As we have already seen earlier, the entropy is a function which is strictly decreasing with the
number of communities C'. Thus, we cannot use the entropy directly to select the optimal
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number of communities. Instead, we have to use a different approach to select the optimal
number of communities.

Here, the approach of model selection comes into play. It allows us to select the most ap-
propriate model among a set of competing models based on their statistical evidence. In the
context of community detection, it helps us determine the optimal number of communities
by comparing different community partition models and selecting the one that best explains
the data.

Two widely adopted strategies for addressing the challenge of model selection are Bayesian
model selection (BMS) and the minimum description length (MDL) criterion, both of which
have proven effective in various studies [72-74, 27, 75]. It's worth mentioning that these two
approaches converge to identical results [29] given the same model constrains. In the context
of this work, we will use MDL for selection the number of communities and Bayesian model
selection (BMS) for comparing different model varieties.

In the following we will first introduce the MDL criterion, than we will show how to compute
the description length of the standard SBM. Finally, we will introduce the Bayes factor and
show how to use it to compare different models variants as this is the approach we use to
compare different SBM variants.

4.3.1 MINIMUM DESCRIPTION LENGTH CRITERION

The MDL criterion is a general method for model selection that can be applied to any model.
It has its origin in information theory but is often seen as an mathematical application of
Occamss razor. It suggests that among competing hypotheses or models that explain the same
data equally well, the one with the fewest assumptions should be preferred. This concept is
often paraphrased as “simpler explanations are more likely to be correct”

Occam’s razor

Occams’s razor, also known as the principle of parsimony, is a fundamental principle in
philosophy and science that aligns closely with the concept of simplicity. It is named
after the medieval philosopher and Franciscan friar William of Ockham? but is said
to predate him.

This principle can be encapsulated by the Latin phrase "Frustra fit per plura quod
potest fieri per pauciora,” which translates to "It is futile to do with more things that
which can be done with fewer”. It is applied in a variety of fields including philosophy,
economy, law, and statistics.

“The spelling here is not wrong. For some reason the community decided to spell it differently.

Following this principle, the most appropriate model is the one that is simple but also ex-
plains the data well. The MDL criterion is a formalization of this concept. The description
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length of the data is the number of bits required to encode the data using the model and is
an information theoretic measure of the complexity of the data.

In our case the description length is the entropy of the ensemble given by the model and also
the information necessary to describe the model itself. This quantity is than given by

S = —InP(D|f) — InP(6) (4.13)
S5+ Z2 (4.14)

where the first term is the entropy of the ensemble .S and the second is the information nec-
essary to describe its parameters Z. Here we used the shorthand 6 to denote all parameters
of the model. In our case the model parameters ¢ are the block matrix e, and the partition
{ cAZ} The minimum value for the description length is thus an upper bound on the informa-
tion necessary to describe the data [75]. The model with the minimum description length is
thus the one that best compresses the data.

This can be seen as an extension to the general framework of SBMs. Instead of minimizing
the entropy of the ensemble, we minimize the description length of the ensemble and obtain
the optimal partition {CAZ} without being constraint to a fixed number of communities C.
Therefore, we can reformulate (4.4) as

0 = arg min 2 (4.15)
0

where 8 is the optimal set of parameters for the model.

The most straightforward way to use the MDL criterion to select the optimal number of
communities is to perform a parameter swipe over different values of C' and select the one
with the minimum description length. Even though this approach is useful for evaluation
and comparison, it is computationally expensive as we have to fit a model for each value of
C (see Fig. 4.4). We will see later on how to approach this problem in a more efficient way
(see section 4.4).

Before we dive into the details of inference of communities, let’s first look our simple example
of the standard stochastic blockmodel and calculate the description length of the model.

4.3.2 DESCRIPTION LENGTH OF THE STANDARD STOCHASTIC BLOCKMODEL

For the standard stochastic blockmodel, the information necessary to describe the model is
relatively straightforward to calculate. It is determined by the number of possible partitions
and the number of possible block matrices. One can interpret the block matrix as the adja-
cency matrix of a graph itself with C' nodes and E edges which allows multiple edges between
the same pair of nodes. Therefore, the total number of possible block matrices is given by

C
(( ( fj)) )) and the number of possible partitions is given by C*.
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Figure 4.4: The graph demonstrates the relationship between the number of proposed communities,
denoted as C, and the corresponding description length, obtained after equilibration. The
optimal compression of data occurs when C' = 3, as it minimizes the description length
most effectively. However, it's important to note that as the entropy of the model decreases
with increasing C' but the necessary information to describe the model actually increases.
For the chosen parameters of the generated planted partition graph, refer to Fig. 4.5.

Multiset coefficients

A multiset is a flexible mathematical construct that extends the idea of a set by per-
mitting repeated elements. In contrast to sets, where each element appears only once,
multisets embrace the notion of duplicates.

The notation for a multiset coefficient, denoted by ((; ), expresses the number of ways
to choose k elements from a multiset with r distinct elements. That is the number of
ways to choose k elements from a set of  elements with repetition. Multiset coeffi-
cients show a connection to binomial coeflicients, and their calculation can be sim-

plified as
M-y e

This relationship makes computing multiset coefficients more accessible and reduces
complex combinatorial problems to simpler binomial calculations.
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The information necessary to describe the standard stochastic blockmodel is then obtained
by multiplying both quantities and taking the logarithm. This yields

o () w
() o

%NlnC—i—EH(CW)

Zssb =In

=NInC+1n

Yo (4.19)

where H is the binary entropy function as defined as in (4.11).

4.3.3 BAYES FACTOR

Depending on the data it might sometimes be necessary to compare different model variants
to find the most suitable one. For example, in the context of community detection, we might
want to compare a model with degree correction to one without degree correction. We can
compare two models by considering the posterior distribution of each model.

Let’s consider two models denoted by their parameters 6, and ), and the observed data D.
The ratio of the posterior distributions of the two models is given by
_ P(balD) _ P(D0a) P(ba)

Ka =5 @D) = P(DI6y)  Ploy) (420

where we used Bayes theorem to obtain the second equality. This ratio K, is the posterior
odds ration or also called Bayes factor. It quantifies the relative strength of evidence between
the two models. If the Bayes factor is greater than 1, the data favors model 6, and if it is less
than 1, the data favors model ;. Generally, Bayes factors greater than 3 or 5 are considered
substantial evidence in favor of one model over the other [76].

In our context we can even simplify this equation by using the description length of the
model. By encapsulating both denominator and numerator with an exponential and using
the definition of the description length (4.13), we obtain

P(D|0)P(0) = exp(In(P(DI|0)P(6))) (4.21)
=exp(InP(D|0) +InP(0)) (4.22)
= exp(—X) (4.23)
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where ¥ is the description length of the model. This allows us to rewrite the Bayes factor as

o P(Dwa)P(ea) . eXp(_Ea)

Kap = P(D[0,)P(6)  exp(—%3) (4.24)
=exp(Xp — X4) (4.25)
= ep(~A%) (4.26)

where AY = ¥, — 3, is the difference in description length between the two models. This
means that the Bayes factor is proportional to the ratio of the description length of the two
models [32]. Therefore, the blockmodel model with the smaller description length is the one
that better explains the data.

As we are normally working with multiple samples, i.e. X and X! where s and ¢ are the
sample indices, we can compute the Bayes factor for each sample combination between the
two models. This yields a distribution of Bayes factors which we can use to compute the
confidence intervals. Which can be quite compute intensive depending on the number of
samples and models. Alternatively, instead of computing all combinations of samples one can
use bootstrapping to obtain the distribution of Bayes factors. It is done by randomly drawing
from the samples and computing the Bayes factor for each drawn sample combination. This
yields a distribution of Bayes factors which we can use to compute the confidence intervals.
In the limit both methods converge to the same result [77].

4.4 INFERENCE OF COMMUNITIES

Computing the optimal partition {cl} for a given graph is generally not tractable, as the exact
enumeration to test all possible partitions is not feasible for most bigger networks. The naive
testing (via enumeration) scales with O(g), where N is the number of nodes and C' the
number of communities. Instead one must rely on approximating methods which are able
to sample partitions with a probability given as a function of the entropy S or description
length .

Markov chain Monte Carlo (MCMC) methods are chosen for tasks like optimal network
partitioning because they offer a practical solution to complex problems where exhaustive
enumeration is computationally impractical. Rather than evaluating all possible configura-
tions, MCMC provides a stochastic approach that efficiently explores the solution space by
sampling configurations according to a probability distribution, often derived from the prob-
lem’s entropy or likelihood. This stochasticity enables MCMC to navigate high-dimensional
spaces, making it a powerful tool for approximating solutions in various fields, including
network analysis and statistical modeling [78].
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Markov Chain

A Markov Chain is a collection of random variables { X, }, where ¢ is a discrete index
representing time. The evolution of the chain is governed by a transition probabil-
ity P(X¢4+1|X¢), which embodies the assumption that the future state of the chain
depends only on its current state and not on any of its previous states. This is called
the Markov property. For a more formal and detailed definition, refer to Siddhartha
(2001) [78].

Specifically to approximate the optimal partition, we use the Metropolis-Hastings [79, 80]
algorithm to sample partitions according to a probability distribution derived from the en-
tropy of the ensemble. Further, we enhance the naive Metropolis-Hastings algorithm by
using a multiflip approach [27] which allows to better explore the parameter space and bet-
ter escape local minima. Lastly we show the agglomerative heuristics [28] approach which is
very similar to traditional” merge and split approaches [29]. This approach mainly improves
computational efficiency but also helps to avoid metastable configurations. These methods
are mostly implemented by the graph-tool library [81].

4.4.1 THE NAIVE METROPOLIS IMPLEMENTATION

General speaking, MCMC methods are concerned with calculating the likelihood of our
model parameters  given some data D, i.e. P(0|D). This is referred to as the posterior
probability. The posterior probability can be computed using Bayes” theorem

Poip) - PP

(4.27)
The biggest computational problem here lies in the denominator, i.e. the marginal likelihood
P(D). This is almost never know in analytical form, as it requires integrating over all pos-
sible values of §. The MCMC methods are based on the idea of sampling from the posterior
distribution P (6| D) without having to explicitly calculate this marginal likelihood.

The central idea is to construct a Markov chain that has the desired posterior distribution as
its equilibrium distribution. Once this chain converges to its equilibrium distribution (i.e.,
reaches a stationary state), the samples drawn from the chain represent samples from the
posterior distribution.

Specifically, we can use a naive Metropolis approach, which resolves around moving the com-
munity membership of nodes randomly, and accepting or rejecting those moves. A proposed
move is accepted or rejected based on the entropy change caused by the move. These pro-
posed changes are accepted or rejected based on a proposal probability that is proportional to
the posterior distribution P(6|G). This process is exact, since it is guaranteed to eventually
produce the partitions with the desired probabilities, if the Markov chain is ergodic, satisfies
the detailed balance condition and is run for a sufficiently long time.
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Ergodicity and detailed balance condition

The MCMC approach relies on the ergodic theorem, which asserts that a Markov
chain achieves ergodicity when it is both irreducible and aperiodic. This means the
chain can reach any state from any other state and doesn't repeatedly return to a spe-
cific state. Essentially, the chain is capable of fully exploring the entire state space.

Ergodicity is guaranteed by satisfying the detailed balance condition, which serves
as a sufficient condition. This condition ensures that the probability of transitioning
from state x to state y is the same as transitioning from state y to state x. In simpler
words, the chain is reversible, and this condition is also referred to as the balance
condition.

This process is performed in sweeps, where one sweep consists of N iterations, where N is
the number of nodes in the graph. After each sweep, the community membership of each
node is updated once. This process is repeated until the Markov chain reaches equilibrium.
The number of sweeps required to reach equilibrium is called the mixing time 7. The mixing
time is a measure of how long it takes for the Markov chain to produce samples that are
independent from the initial state. Once the mixing time is reached, the Markov chain is
said to have converged to its equilibrium distribution i.e. samples drawn from the Markov
chain after mixing represent samples from the posterior distribution P(6|G).

The naive approach is to propose a move to another community with equal probability i.e.
uniform (see algorithm 4.3) and accept or reject the move based on the entropy change of the
proposed move. In practice one also incorporates the possibility to add a new community or
remove one but we will not consider this here for simplicity. In this case one would use the
descriptor length instead of the entropy. The partition entropy change AS is given by the
difference between the entropy of the proposed move and the current state of the Markov
chain. The acceptance probability a is than given by

a= min{eiﬁAS, 1} (4.28)

where f3 is a tuning parameter, often called “inverse temperature parameter”. This parameter
controls the balance between exploration and exploitation. A higher value of 3 leads to a
higher probability of accepting a move that increases entropy. This means that the algorithm
is more likely to explore the parameter space. On the other hand, a lower value of 3 leads
to a higher probability of accepting a move that decreases the entropy. This means that the
algorithm is more likely to exploit the current state of the Markov chain.

The 8 parameter can be tuned during the runtime of the algorithm. The idea is to start with
a high value of # and gradually decrease it over time. This allows to explore the parameter
space in the beginning and then gradually exploit the current state of the Markov chain as
it approaches equilibrium and generally helps to escape local minima. This process is called
simulated annealing [82].
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Even though this algorithm is ergodic and satisfies detailed balance, it can be inefficient. If
the number of communities C' is large and the structure of the network is well defined (i.e.
well constrained by the data), most of the proposed moves are rejected. This can lead to very
long mixing times and thus a very long runtime of the algorithm.

/* Pick an initial state for the community memberships of all nodes =%/
{9} < rand(0,C) Vi
t<+ 0
while ¢t < t,,,4. do
/* Propse a move z —y */
i < rand(0, N)
x4t
y < rand(0, C)
/* Calculate entropy change of the proposed move and acceptance
probability =/
AS + S(x = y) — S(x)
a <+ min{e‘fms7 1}
/* Accept or reject the move %/
Attt
if a > rand(0,1) then
| ey
end
t—t+1

end

Algorithm 4.3: Naive Metropolis algorithm for community inference. Note, that an known value
or initial value for C' is picked here and the transition is proposed from community x to y.

4.4.2 MULTIFLIP METROPOLIS-HASTINGS ALGORITHM

A more efficient approach is to propose a move based on the neighborhood of a node as it of-
ten results in more meaningful changes in the community structure. This approach is known
as the Multiflip Metropolis-Hastings algorithm [27] and consists of attempting to move a
node ¢ from community  to y with a probability based on the neighborhood of the node.

Before accepting or rejecting the move z — y, we first consider the neighborhood of the
node i i.e. its nearest neighbors. We choose a random neighbor node j with the community
z. Depending on the number of edges e., between the neighboring community z and the
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picked community y we accept or reject the move. This conditional probability is then given
by

€y T €

ple = yls) = s (4.29)
e 1
=(1-R,)Z2+R,= 4.30
(- R)ZE 4 R (4.30)
eC
ith L, = 4.31
with R e (4.31)

where € is a free parameter and it is normalized probability by the number of half edges e, =
> . €z and the number of communities C. This is a generalization of the naive approach,
as it can be shown that for ¢ — oo we obtain the uniform proposal probability of the naive
approach.

For every € > 0 this process is ergodic but it is not guaranteed to satisfy detailed balance.
However, this can be enforced using the established Metropolis-Hastings algorithm [83, 79].
A move is accepted with a probability given by

7
o = mind o988 Lz PeP(Y = 22) 1 (4.32)
> pip(z — yl2)

where p! is the fraction of neighbors to node i which belong to block z and {3 is a tunning
parameter, see also eq. (4.28).

Identical to the naive approach, the Multiflip approach is a general applicable, as it can be ap-
plied to any blockmodel where the entropy can be computed. A pseudo code implementation
of the Multiflip Metropolis-Hastings algorithm can be found in algorithm 4.4. Considering
the mixing time 7, the computational complexity of this algorithm is O(7V) but requires
more memory than the naive approach, as one needs to keep track of the neighborhood of a
node [27, 28].

Even though the Multiflip Metropolis-Hastings approach is more efficient than the naive
one, it still has some problems. Depending on the initial state i.e. the starting point, the
mixing time can vary heavily. It is larger if the initial state is far from typical partitions. If
the community structure is well defined, this can lead to metastable configurations where
the community structure of the graph is only partially discovered (see Fig. 4.5). This is a
problem as the algorithm can get stuck in a metastable configuration and can take a very
long time to escape such metastable configurations. Additionally, by observing the entropy
of the ensemble, one can wrongly derive that the equilibrium has been reached. Resulting in
inaccuracy of the final partitions. Therefore, simply considering the entropy of one ensemble
is not a good indicator for the quality of the partition.
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Figure 4.5: During the initial iterations of the MCMC algorithm, the community structure is only par-
tially revealed, but as the algorithm progresses, it becomes capable of identifying the cor-
rect partitions. However, a potential issue arises during the early stages of the algorithm,
where premature conclusions about reaching equilibrium can be drawn solely from the
entropy of the ensemble, this can effect the accuracy of the final results. In this example a
randomly generated planted partition graph [84, 22] was used with 3 groups, 1000 nodes
in each group, a probability of connecting vertices within a group of 0.85% and a prob-
ability of connected vertices between groups of 0.005%. The naive Metropolis algorithm
was used to infer the community structure.

4.4.3 AGGLOMERATIVE HEURISTICS

To avoid the metastable states mentioned earlier, one can exploit the influence of block sizes
on their occurrence [28]. One can use a known better configuration for some C’ > C and
then use it to obtain a better configuration for C'. By merging communities together based on
their size (node count) and edge counts a better configuration can be obtained. Implemen-
tation is done by considering each merge as a community move in the MCMC algorithm.

For each node, m moves are proposed again by considering the neighborhood of the node
(4.29). However, now we start with an initial partition for C’ = N and progressively reduce
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/* Pick an initial state for the community memberships =/
{¢;} < rand(0,C) Vi

t<+<0

while t < t,,,4, do

i < rand(0, N)

x ¢k

y < rand(0, C)

j < rand-neighbor(i) // Randomly select a neighbor j of node i
z

if R, < rand(0, 1) then

/* Recject y proposal and choose a neighbor community instead */
y +— rand-neighbor(x)

end
AS + S(z = y) — S(x)
/* Calculate acceptance probability by considering all neighbor
blocks t x/
—BAS Zt pip(y—w|2)
€ >, pip(z—ylz)’
if a > rand(0,1) then
| ey
end
t—t+1

a min{

end

Algorithm 4.4: Multiflip Metropolis-Hastings algorithm for community inference

the value of C to reach the desired partition size. That is, given some o each iteration we
decrease the number of communities by
C.
Ci+1=—" (4.33)
o
until we reach the desired number of communities C'. The value of ¢ is a parameter that can
be tuned to control the number of merges per iteration.

To counter the impact of unfavorable merges in the initial stages, nodes are also allowed
to move between merge steps. This is achieved by applying the naive or multiflip MCMC
algorithm with 8 — oo.

The Agglomerative heuristics approach has been shown to almost always avoid metastable
configurations, resulting in improved partition quality. Additionally, the algorithm exhibits
excellent computational efficiency, with an overall complexity of approximately O(N log? N),
making it suitable for large-scale network analysis.

For additional details on the implementation of the agglomerative heuristics and a number
of evaluations see Peixoto, 2014 [28].
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4.4.4 SAMPLING AND CONVERGENCE

For all models, sampling was performed using the graph-tool library [81] using a mixture
between the multiflip MCMC algorithm and agglomerative heuristics. We initiated 4 chains
and run a initial minimization of the descriptor length by using agglomerative heuristics
with a 3 value of co. This was done for one sweep because it is relatively cheap and gives
a good starting point for the chains. Subsequently we used simulated annealing to further
equilibrate/fine tune the chains. We started with a 5 = 1 and increased it up to § = 10
in 100 steps logarithmically spaced (i.e. exponential cooling). We considered the chains
equilibrated after there was no change observed in the descriptor length ¥ for a windows
of 4000 draws with 4 chains. We sampled using an inverse temperature of 5 = 10 and a
thinning of 4 (i.e. we only kept every 4th sample). This results in 4000 samples per chain and
16000 samples in total per model. In the further analysis, we discarded the first 1000 samples
as burn-in for each chain.

Full equilibration of the chains can take a long time and is highly dependent on the proposed
model. For instance, the standard multigraph model mgb fitting the full Telegram qraph was
achieved after ~20000 sweeps, here the chains converged to a stable state and the descriptor
length did not decrease further (see Fig. 4.6).

10°3a . .
m—— Chain 1 === Chain 3
h Chain2 =—— Chain4
0

+3.8e7 +3.82357e7
z B 20
S, 800K |
. 15
g 600k -
- 10
o
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MCMC Sweep (equilibration) MCMC Sweep (sampling)

Figure 4.6: Equilibration and sampling of the standard multigraph model on the Telegram graph.
We employ simulated annealing with a beta value from 1 to 10 (A) and a thinning of 4.
The descriptor length 3 continuously decreases until it reaches a stable value after about
20k sweeps (B). During sampling we observed that the chains are converged to a similar
state (C).

To evaluate the convergence and sample quality, we use the Gelman-Rubin statistic, denoted
as R (R-hat) [85, 86]. The utilization of this statistic serves verification to the dependability
of our findings and confirming that the Markov chains used for sampling have successfully
converged. We find that all models have converged to a stable state as the Gelman-Rubin
statistic 12 is close to 1 for all parameters (see Table 4.1). An example of the sample trace of
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the multigraph model mgb is shown in Fig. 4.6. All models show very similar equilibration

and sampling behavior but depending on the model the equilibration can take longer.

Shorthand maximum R
mgb 1.119
mgb? 1.134
mgb© 1.102
mgb%e 1.159
mgb” 1.109
mgb®" 1.102
mgb° 1.064
mgbdeh 1.098

Table 4.1: Table of convergence statistics for all models. The Gelman-Rubin statistic R is close to 1

for all parameters, indicating that the chains have converged to a stable state.

R-hat

to be run for an infinite amount of time.

The between chain variance is estimated by

B =

m
n

m i=1

of the model. The within chain variance is estimated by

marginal posterior variance of var(f|y) by the weighted average

n

o _
var (fly) = -

The idea is to monitor the convergence of the Markov chain by comparing the variance
between chains to the variance within chains and estimating the factor by which the
scale of the current distribution for each parameter might be reduced if the chain were

: > (65 —6.)? (4.34)

where m is the number of chains, n is the number of samples per chain, 0. is the
mean of the jth chain and 6.. is the mean of all chains. Here 6 is a scalar parameter

1 m
_ 2
W=—>s (4.35)
=1
where sjz is the variance of the jth chain. Using these two, we can estimate the

“lwilp (4.36)
n
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and the potential scale reduction factor by

At
. fartoly)
R =\ —. 4.37
W (4.37)
This factor offers insights into how much the scale of the parameter distribution could
be reduced, providing a crucial indication of the chain’s convergence. If Ris close to 1,
the chains have converged, thus yielding reliable samples for posterior inference [86].

4.5 VARIETY OF DIFFERENT STOCHASTIC BLOCKMODELS

We evaluate a variety of different stochastic blockmodels to find the most likely model for our
Telegram dataset. We start with the standard stochastic blockmodel and than add features
to it to create a more realistic model. We will extend the standard stochastic blockmodel to
account for directed edges, multiple edges and implement a degree corrected version. We
will also consider hierarchical blockmodels which allow to describe the network on different
scales and overcome the resolution limit of the standard stochastic blockmodel. Further we
consider the possibility that nodes can belong to multiple communities at the same time
(overlap). For each of these models we will derive the entropy and the descriptor length.

This is done in a modular fashion, i.e. we can combine different features to create a model
which is suitable for our dataset. For instance, we can combine the directed and degree
corrected extensions to obtain a model which allows for directed edges and degree correction.

For naming conventions we proceed as follows. We identified two basic classes of blockmod-
els, one allowing only singular edges between nodes and one allowing multiple edges between
nodes. The first class is the standard stochastic blockmodel (denoted ssb) and the second
class is the multigraph blockmodel (denoted mgb). This differentiation is made because of
the inherent differences in their assumed data structure, thus model selection between the
two classes is not very meaningful. For both classes we define the following extensions: di-
rected edges (denoted with superscript d), degree correction (denoted c), overlapping com-
munities (denoted o) and hierarchical blockmodels (denoted h). Extensions can be com-
bined arbitrary, e.g. a stochastic blockmodel which allows for directed edges and overlap in
community assignment is denoted ssb%°. For a list of all extensions and their corresponding
shorthand see table 4.2. All possible combinations sum up to 32 unique models.

Considering our Telegram dataset, the model should be directed and allow for multiple edges
between nodes as forwarding a message is a directed action and multiple forwards between
the same two nodes are possible. Nonetheless, we test all models but do not expect reasonable
results from models which do not allow for directed edges or multiple edges.
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4.5 Variety of different stochastic blockmodels

Superscript  Short description

d Directed edges

c Degree correction

0 Overlapping communities
h Hierarchical blockmodel

Table 4.2: Table of different model extensions.

4.5.1 MULTIGRAPH BLOCKMODEL

We can extend the the standard SBM to consider the case with multiple edges between nodes.
This is useful for a variety of reasons, for once the blockmodel itself is a multigraph i.e. with
the block matrix e as edges and the community partitions {¢;} as nodes. Further, in our
Telegram dataset we need to consider a multigraph as multiple messages can be forwarded
between the same two channels. This is also the case for other social networks, where multiple
interactions between the same two nodes are possible.

For now let’s consider the undirected case without degree correction, we will see how to
implement these features later on. The total number of different edge choices between two
blocks  and y is now given by

() () e

where ((Z)) is the multiset coefficient. Similar to the standard stochastic blockmodel the total
number of possible graphs is given by

Q=] Quy (4.39)

>y

and than again using the Stirling approximation we obtain the entropy

Smgb = InQ (4.40)
1 NN

_ 2 N ) H [ el 441

5 %(n ny + ezy) <nmny n e$y> (4.41)

where H(z) = —xInz — (1 — z) In(1 — z) is the binary entropy function, see (4.11).

The description length can be derived identical to the standard stochastic blockmodel (4.19)
and is thus given by

Zongp = NInC + EH(C(CJ“”)

5 (4.42)
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where E is the total number of edges in the block matrix e and C'is the number of commu-
nities. The approximation is due to the Stirling approximation used in the derivation of the
entropy (4.41).

4.5.2 DIRECTED EDGES

Let’s consider the edges which are represented by forwarded messages in our dataset. These
edges are directed, as the message is forwarded from one channel to another. However, as
of now we have only considered the undirected case for both, the standard stochastic block-
model (see subsection 4.2 and 4.3.2) and the multigraph blockmodel (see 4.5.1).

To account for the directional nature of the edges, we can just disregard the earlier symmetry
considerations. Thus the entropy resulting in the nearly the same expression as in (4.9) or
(4.41) but without the factor of 1/2. Le. we can just take the product over all directed z, y
pairs i.e. 2 = [[,, €2zy. The entropy is then given by

Sopt = S mgny H | —2 (4.43)
Ty Ng Ty
Ny
S, = Hf ———— 4.44
mgbd xzy(n:ﬁny + exy) (nﬁny T ezy) ( )

where we have used the same notation as in (4.9) and (4.41) but with the superscript d to
denote the directed case.

Moreover, for the directed case, the information necessary to describe the model Z, ;4 (or
Z,ngbe) Tequires a modification as compared to the undirected case. We need to replace
C(C +1)/2 — C?% in (4.19) as the orders of the blocks are not interchangeable anymore.
Thus, we obtain the following expression for the description length of the directed stochastic
blockmodel.

2
Zssbd == ngbd ENInC + EH(CEY1> (445)

4.5.3 DEGREE CORRECTION

As shortly mentioned earlier, the observed degree of realistic networks is often not consistent
with the expected degree distribution of the standard stochastic blockmodel. To account for
this, one imposes an expected degree sequence {;} on all nodes N of the graph. Each indi-
vidual k; represent the average degree of a node 7 over all samples in the ensemble. We can
now separate different nodes by their degree in blocks. Thus, extending the block formu-
lation to (x, k) where the first label is the community label and the second is the expected
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4.5 Variety of different stochastic blockmodels

degree label. Here we assume the average degree in block (x, k) is k. Using this we can
rewrite the the full entropy from (4.9) as,

1 €(z,k K/
S =1 % n(m,n)n(yyﬁ,)g(m) (4.46)

TRYK' n(xv"i)n(yﬁ')

This now accommodates undirected blockmodels with arbitrary degree sequences, but also
of arbitrary degree correlation, since it is defined as a function of the full matrix e, ;) (. x) [26].

In practice, focusing on the ensemble while limiting the total number of edges between
blocks, regardless of their expected degrees, proves to be more advantageous. This is not
possible as a closed form solution but one can derive an approximation, as can be seen in
[26] or [64].

1
Sespe 2 E—Y Nylnk — 3 > eqyln (ew> (4.47)
K xy

€xCy

with €ry = Z €(z,k),(y,x’) (4.48)

KK'

Hereby E is the total number of edges in the block matrix, N;; is the number of nodes with
expected degree s and e, =}, €5 is the total number of edges in block z.

To obtain the minimal descriptor length we need to add the description length of the ex-
pected degree sequence {x; } to the description length of the blockmodel. This is given by

Zsshe = Zssp + N an In py; (4.49)
K

where p, is the fraction of a nodes having degree « in the ensemble and the information
necessary is given by (4.19). If we want to use the directed version of the degree corrected
blockmodel we need to use Z, q instead of Zsg, and further replace Kk — (K=, k™) for
differentiation of ingoing and outgoing degree in the previous equations.

Analogously, we can extend the multigraph blockmodel to account for degree correction by
using (4.41) as our starting point. The entropy is then given by

n n /
Sm be = (7’L z,K n K +e z,k),(y,& )H( (@.m) (') > (450)
! xnzyn’ (o) R ) N(aw) Uy.k') T €(z,0),(y,")

and the description length is given by (4.49).

Extending the directed model variants is also done in the same fashion, we separate the edges
into blocks depending on the ingoing and outgoing degrees. This is than given by the block
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labels (z, s, k™). If we insert this into (4.43) and (4.44) we obtain the entropy for the di-
rected degree corrected blockmodels.

Ssstd = Z n(x,n—,n+)n(y,n/—7n+)H< e(x,fi_,n+)y(y,/£/—7n+) ) (451)

rrk—KrTyr' K/t M, wt) My, k'~ 5 T)

Smgde g Z (n($7’€77’§+)n(y7’§,71’<’+) + 6($7K77H+)1(y7’4’/77’€+))

- KkTyk' k't

H< n(m7’£77”+)n(y7’1,7a“+) >

ek k) Py,p'— k) T E(ar= mt),(y,r' 1)

(4.52)

For the approximations as in (4.47) and a full derivation of the entropy for the directed degree
corrected multigraph blockmodel see [26].

4.5.4 OVERLAPPING COMMUNITIES

It might be reasonable to assume that nodes can belong to multiple communities at the same
time. For instance in social networks, a person can be part of multiple social circles. This is
not possible in the standard stochastic blockmodel as each node can only belong to a single
community. However, we can extend the standard stochastic blockmodel to allow for over-
lapping communities. This is relatively straightforward, instead of a singular partition {c¢; }
we now have a partition for each node 7 we introduce a binary mixture vector ¢; which is
of length C and each entry b7 € {0, 1} denotes if node i belongs to community x. Further
comparing to the models without overlap we only have to change the computation of the
number of blocks which belong to a community z, i.e. n, = >, b7. The entropy is then
given by the original model variants (4.9) or (4.41) but with the new definition of n,. This
also works for the directed variants.

If one considers degree correction, one also has to analogous to the partition vector introduce
the number of half edges incident on a given node ¢ which belong to a community z, i.e. 7.
Similarly the combined degree of node i is denoted as ¥; = {7 }. The entropy is then derived
analogous to the degree corrected models without overlap, see [30, 26].

~ 1 ex T
Sgspeo = —F — 3 %y: Cxy ln( ) — ;ln Ky (4.53)

Yy
€zEy

In order to perform model selection we need to add the information necessary to describe
the overlap structure to the description length of the model. This is done via encoding the
parameters by a particular generative process while at the same time averting biases by being
noninformative. Deriving this generative process would go beyond the scope of this thesis,
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but for a detailed derivation see [30]. The conclusion is that the information necessary to
describe the overlap structure is given by

Zape = In (( ]13 >> + zd: In (( (ngd) )) +InN! =) ngd (4.54)

-
C

where d are the number of mixtures i.e. d; = >, ¢/ and ng is the number of nodes with d
mixtures and D denotes the maximum number of mixtures.

4.5.5 HIERARCHIES

Allblockmodels considered earlier are based on the assumption that the network is described
by a single partition. However, in many cases this is not the most realistic choice. For exam-
ple, in social networks, one might want to describe the network on different scales, e.g. on
the level of close friends, of larger even at the global level of the entire network. Additionally,
the resolution limit is a problem for detecting the optimal number of communities in a net-
work by using the minimum description length criterion. It can be shown that the maximum
number of blocks which are detectable scale with C),,,. ~ /N and this holds for directed
and degree corrected blockmodels [27, 87] and is very similar to the modular optimization
limit [24]. This limitation arises out of the lack of a priori assumptions about the network i.e.
all realizations are given equal probability by default.

However, using a hierarchy of blockmodels where the upper levels serve as prior information
for the lower levels allow to overcome this resolution limit. Using this approach allows to
push the scaling to Cy,q, ~ In N [29].

As the blockmodel formulation can itself be interpreted as a multigraph we can propose a
hierarchy where the lowest level is a model on the observed graph (such as a standard SBM)
and the following L — 1 levels are multigraph blockmodels. At each level | € [0, L] there
are C'~! nodes, which are divided into C* communities (with C* < C*~1). Let’s denote the
efcy as the edge counts at level [ and n!, as the count of nodes with community  at level .
Additionally we set C' —1 = N, such that the observed network is considered as a level in the

hierarchy. We also restrict the number of edges between communities to be constant across
all levels i.e. > E.

zy Chy =
Using this we can define a combined entropy for all levels as

L

Sssbh/mgbh = Sssb/mgb({egy}v {ng}) + Z Smgb({eicyL {nf’r:}) (4.55)
=1

where the full entropy corresponds to a nested sequence of network ensembles. Each sample
from the ensemble at level [ generates a sample at level [ — 1 and the sample at level 0.
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Similarly, to all other blockmodels we can use the minimum description length criterion to
find the optimal number of communities at each level. The amount of information necessary
to describe a level in the hierarchy is given by

Z,ll = ln((CfL)) +InCj_q! — Zlnné! (4.56)

and the total information to describe the whole hierarchy is than given by

L

Zssbh/mgbh = Zssb/mgb + Z Z]l—L (4.57)
=1

where we also need to include the information necessary to describe the lowest level i.e.
Zsb)deb- For a more rigorous derivation of both the entropy and the information necessary
to describe the hierarchy see Peixoto 2014 [29].

Identically to the standard stochastic blockmodel, we can extend the hierarchical blockmodel
to account for directed edges and degree correction. This is done by using the same notation
as in the previous sections and replacing the corresponding terms in the right hand side of
(4.55) and (4.57).

4.6 DIVERSITY COMPUTATION

Throughout the thesis, especially during the dataset description, we use the term diversity
to quantify the variability of different features. We employ a method rooted in information
theory and entropy. Even though we call it diversity it is more of a measure of uncertainty as
it is derived from the Shannon entropy [88, 71].

The Shannon Entropy H? for a discrete random variable X with possible n possible out-
comes z;Vi € {1,...,n} with probabilities P(X = ;) is defined as:

H3(X) = = 3" P(X = 1) - logy(P(X = ;) (4.58)
=1

It describes the uncertainty of the outcome of a random variable. The higher the entropy the
more uncertain the outcome. The entropy is maximal if all outcomes are equally likely (see
also Section 4.2).

For a meaningful comparisons across different random variables we normalize the entropy,
by dividing the entropy by the maximal entropy H of the random variable. This normal-
ization results in our diversity metric D defined as:

ax

HS
:HT

max

D (4.59)
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Here, the maximal entropy H? .. is computed by assuming that one outcome is always ob-

max

served i.e. with probability 1. This leads to H ... = logy(n).

Crucially, our adoption of the term diversity resonates with established principles in ecol-
ogy. In ecological studies this allows to assess species diversity within ecosystems [89]. Even
though we have called this metric (Shannon) diversity it is also known as the Shannon equi-
tability index or more generally normalized Shannon entropy [88, 71].

ACRONYMS

API
BMS
CI
CPU
DSA
I0
MCMC
MDL
NPI
ORM
SBM
stdp
SQL

Application programming interface
Bayesian model selection
Confidence interval

Central Processing Unit

Digital services act

Input/Output

Markov chain Monte Carlo
Minimum description length
Nonpharmaceutical Intervention
Object Relational Mapper
Stochastic blockmodel

Scalable Force-Directed Placement
Structured Query Language
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D DATA AVAILABILITY

As of now, there does not exist a public version of the full dataset but it is already used in-
ternally for multiple projects. However, the graph data of the collected Telegram channels is
available on GRO.data[49]. This data joined with the supplementary GitHub repository [90]
should allow to reproduce most of the results presented in this thesis.

The software developed for snowball crawling is also available on github'. We are currently
working on publishing it and depending on the time of reading this thesis it might already
be available publicly.
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S

SUPPLEMENTARY MATERIAL

In this supplementary material, we present additional figures and analyses that did not fit the
natural flow of the main manuscript due to their repetitive nature or their size. For instance
we present equilibration and sampling statistics as shown in the main manuscript, but for

the other models.
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S1 COLLECTED DATASET

Type Count Fraction (%)
URL 641,841,647 31.24372
BOLD 476,324,393 23.18664
MENTION 343,394,833 16.71586
TEXT_LINK 263,795,376 12.84110
HASHTAG 166,869,199 8.12290
ITALIC 80,063,614 3.89736
CUSTOM_EMOJI 26,110,749 1.27103
CODE 14,750,606 0.71803
EMAIL 12,780,496 0.62213
UNDERLINE 11,760,118 0.57246
PHONE_NUMBER 5,195,145 0.25289
BOT_COMMAND 2,872,671 0.13984
PRE 2,214,984 0.10782
TEXT_MENTION 1,999,717 0.09734
BANK_CARD 1,775,444 0.08643
STRIKETHROUGH 1,218,981 0.05934
CASHTAG 985,301 0.04796
SPOILER 352,531 0.01716
Total 2,054,305,805 100.00000

Table S1.1: The number of message entities per type and their respective fraction to the total number
of message entities.
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Figure S1.1: Characteristics of the recorded polls. The distribution of total votes per poll does not
follow a visible distribution, here the median value is indicated by a gray dashed line
(A). The majority of polls have 4 options, it is noteworthy that polls with 10 options are
selected more frequently than those with more than 5 options (B). The distribution of
diversity in poll answers shows a trend towards greater diversity (C).
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Percentage of messages

Figure S1.2:
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S1 Collected dataset

4
Mon Tue Wed Thu Fri Sat Sun 13 12 M

Day of week Hour of day (GMT+0)

Number of messages recorded by weekday and hour. The number of messages recorded
per day slightly decreases over the weekends A. During the night and early hours of the
day less messages are posted as during the day B.

R2=0.00 (CI: [0.00,0.01]) |B

R2 = 0.11 (CI: [0.08, 0.14])

Figure S1.3:

o0 0 oo
20M 30M 40M O 20 40 60 80
New cases Median stringency index

10M

Correlation of number of daily messages with new cases and Nonpharmaceutical In-
terventions (NPIs). The number of messages recorded per day does not show significant
correlation with the number of new cases or stringency index i.e. ths NPIs. Note that the
R-squared values [101] are very low, indicating that the number of messages does not ex-
plain much of the variance in the number of new cases nor NPIs. The linear bayesian
regression is done identical to the one in Dehning, Mohr et. al. 2023 [91]. The shaded
area represents the 95% Confidence interval (CI) of the regression.
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Number of channels
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Diversity of language usage

Figure S1.4: Diversity in language usage. The diversity in language usage per channel is skewed to-

Number of messages

wards low values. This indicates that the majority of channels use a single or a few lan-
guages.
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Figure S1.5: Number of messages per language. The majority of messages are in Russian, English

80

and German. We show the 25 most frequent languages (A) and the 25-50 most frequent
languages (B). The remaining languages are grouped into other. We only included mes-
sages where the language was detected with a confidence of at least 90%. Detection was
done with FastText [38].



S1 Collected dataset
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Figure S1.6: The priority of each channel significantly decreased over the runtime of the crawler.
During the collection process, the channels chronologically showed a major decrease
in priority (A). This indicates that the crawler was able to transition from the guided
to a more random walk phase. Similarly this is visible with the median daily priority
of finished or started channels (B). Finish dates in red and starting dates in blue. The
missing days are times when the crawler was not running due to maintenance. In panel
A priority values are smoothed with a rolling average of 50 channels.
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S1.1 EARLY SUBSET

During the collection of the dataset we already created some of the dataset figures as seen in
the main manuscript. These show different distinctive patterns, therefore we include the old
versions here. Overall it seems that the full dataset might not be as restricted to the chosen
keywords as the early subset was.

Stringency
index

New cases

Number of
messages

100

0

A

25M A

11
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Date

Figure S1.7: Old data: Number of daily messages and the relation to the COVID-19 pandemic.

Number of reactions

[bits]

Diversity

We find no significant correlation between the number of daily messages (C) and the
number of new cases (A) nor the stringency index (B). The stringency index is a measure
of the strictness of NPIs and is estimated by the Oxford COVID-19 Government Response
Tracker [40]. The new cases are aggregated by Our World in Data [43].
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Figure S1.8: Old data: Number of different reactions in the collected dataset.
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S1 Collected dataset
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Figure S1.9: Old data: Characteristics of the recorded polls. The distribution of total votes per poll
follows a logarithmic cauchy distribution (A). The distribution of diversity in poll answers
shows a small bimodal pattern near zero (C).
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Figure S1.10: Old data: Summary of forwarded messages and the resulting network structure. The
distribution of the number of forwards relative to the total number of messages in the
chat. The majority of messages are not forwards (A). The distribution of the number
of outgoing forwards per channel (out-degree) (B) and the distribution of incoming
forwards (in-degree) does only to a limited (C) roughly follows a power-law distribution
with an unknown modulation. Median values are indicated by gray dashed lines.
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S2 STRUCTURAL ANALYSIS
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Figure S2.11: Topics of the modules in the German branch within layer 5. The topics encompass
discussions on the Ukraine war (T6, T12, T10), American geopolitics (T7), and a pre-
dominant focus on COVID-related subjects (T15, T16, T18). Additionally, some top-
ics do not have a clearly identifiable focus(T2, T13) or include non-German content
(T1,T17). The modules here are of the German branch as seen in Fig. 2.11 (green).
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COVID-19 relatedness
normalized [arb.]
>

Modules (sorted by median)

Figure S2.12: The separation of COVID-19 related channels from non COVID-19 related channels
islost in modules of the higher layers. The modules of layer 3 (L3) encode the COVID-
19 relatedness of the channels. This is less the case for the modules of the higher layers
where this separation is lost or washed out. For instance note that the median values
of the modules in layer 7 (L7) are mostly within the 68% CI of the median values of
all other modules in this layer. Therefore the modules of this layer do not encode the
COVID-19 relatedness of the channels. Whiskers indicate the 68% CI of the median.
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S3 KEYWORD LISTS

We translated the main keyword list from English (see Listing 4.1) into 44 different lan-
guages, i.e. Czech S.1, French S.2, Lithuanian S.3, German S.4, Swahili S.5, Norwegian S.6,
Russian S.7, Dutch S.8, Estonian S.9, Italian S.10, Belarusian S.11, Polish S.12, Hindi S.13,
Danish S.14, Thai S.15, Korean S.16, Ukrainian S.17, Zulu S.18, Finnish S.19, Turkish S.20,
Kurdish (kurmanji) S.21, Kannada S.22, Vietnamese S.23, Hausa S.24, Romanian S.25, Por-
tuguese S.26, Croatian S.27, Spanish S.28, Catalan S.29, Chinese (simplified) S.30, Greek S.31,
Persian S.32, Slovenian S.33, Japanese S.34, Arabic S.35, Hebrew S.36, Slovak S.37, Serbian S.38,
Swedish S.39, Latvian S.40, Urdu S.41, Hungarian S.42, Indonesian S.43, and Bulgarian S.44.
These languages are picked because the are the predominant languages used on the inter-
net [102]. Additionally, we included some languages spoken in Africa as the continent is
often overlooked in research. We removed all duplicate values from the full list which oc-
curred because of the translation process.

keywords = ['covid', 'korona', 'virus', 'pandemicky',

— ‘'izolovani', 'zdravi', 'maska', 'distancovani', 'nakaza',
'priznak', 'karanténa', 'chripka', 'vakcina', 'oclkovani',
'ventilator', 'izolace', 'imunita', 'nemocnice', 'icu',
'jednotka intenzivni péce', 'lécba', 'virolog', 'klinika',
"homeopatie', 'nemocny', 'farmacie', 'polymerdzova Tetézova
reakce', 'pcr', 'Cerny kasSel', 'nouzovy', 'injekce',
'lékari', 'bunécny', 'prace na dalku', 'predni linie',
‘covid-19', 'sars', 'kanalizace', 'patogen', 'propaganda',
'choroba', 'epidemicky', 'prGjem', 'adjuvans', 'respiracni',
"hygiena', 'protein', 'lék', 'nové pIipady', 'pozitivni',
'védec', 'nakazlivy', 'mandat', 'varianta', 'infikovat',
"Umrti', 'kasel', 'opatteni', 'virovy', 'mrna', 'zabranit',
'zdravotni péce', 'smlouva', 'vypnout', 'nestovice',
'posilovacé', 'protilatka', 'davka', 'dikaz', 'dezinformace',
'pozorovano', 'povinné', 'alergicky', 'alergie', 'imunni',
'nedostatek', 'syndrom', 'c&instina', 'test', 'omezeni',
'Sireni', 'vax', 'experimentalni']

A

Listing S.1: List of Czech keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.
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keywords = ['couronne', 'pandémie', 'confinement', 'santé',

— 'masque', 'distanciation', 'épidémie', 'symptome',

< 'quarantaine', 'grippe', ‘'vaccin', 'vaccination',

« 'ventilateur', 'isolement', 'immunité', 'hdépital', 'unité de
< soins intensifs', 'traitement', 'virologue', 'clinique’,

— 'homéopathie', 'malade', 'pharmaceutique', 'réaction en

— chaine par polymérase', 'coqueluche', 'urgence', 'injection',
< 'médecins', 'cellulaire', 'travail a distance', 'premiere

— ligne', 'covid-19 feminine', 'assainissement', ‘'agent

- pathogene', 'la propagande', 'maladie', 'diarrhée’,

— ‘'adjuvants', 'respiratoire', 'hygiene', 'protéine',

< 'médecine', 'nouveaux cas', 'positif', 'scientifique',

— 'contagieux', 'mandat', 'une variante',6 ‘'infecter', 'déces',
< 'je vais', 'toux', 'mesure', 'viral', 'arnm', 'prévenir',

— 'soins de santé', 'contracter', 'fermer', 'variole',

— ‘'amplificateur', 'anticorps', 'dose', 'preuve',

— ‘'désinformation', 'observé',6 ‘'obligatoire', 'allergique',

— ‘'allergie', 'immunitaire', 'pénurie', 'syndrome',

< 'médicament', 'chinois', 'restriction', 'propagé',

« 'expérimental']

Listing S.2: List of French keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

keywords = ['virusas', 'pandemija', 'izoliacija', 'sveikata',

—

A

'kauké', 'atitolimas', 'protrukis', 'simptomas',
'karantinas', 'gripas', 'vakcina', 'vakcinacija',
‘ventiliatorius', 'isolation', ‘'imunitetas', 'ligoniné’,
"intensyviosios terapijos skyriuje', 'gydymas',
'virusologas', 'homeopatija', 'serga', 'pharma', 'polimerazés
grandininé reakcija', 'pkr', 'koklius$o', 'skubus atvéjis',
‘injekcija', 'gydytojai', 'lastelinis', 'nuotolinis darbas',
‘fronto linija', 'sanitarija', 'patogenas', 'liga‘,
'epidemija', 'viduriavimas', 'adjuvantai', 'kvépavimo',
‘higiena', 'baltymas', 'vaistas', 'naujy atvejy',
'teigiamas', 'mokslininkas', 'uzkreciama', 'mandatas',
'variantas', 'uzkrésti', 'mirtys', 'nesveikas', 'kosulys',
'matuoti', 'virusinis', 'ponia', 'uzkirsti kelia', 'sveikatos
apsauga', 'sutartis', 'isjungti', 'raupai', 'stiprintuvas',
‘antikinas', 'doze', 'irodymai', 'dezinformacija’,
'pastebéjus', 'privalomas', 'alergisSkas', 'alergija',
"imuninis', 'trukumas', 'sindromas', 'narkotiky', ‘'kiny',
'bandymas', 'apribojimas', 'plisti', 'eksperimentinis']

Listing S.3: List of Lithuanian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.
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keywords = ['corona', 'pandemie', 'sperrung', 'gesundheit',

—

A

‘maske', 'distanzierung', ‘'ausbruch', ‘'symptom',
‘quarantane', 'impfstoff', 'impfung', 'ventilator',
"isolierung', 'immunitat', 'krankenhaus', 'intensivstation',
"behandlung', 'virologe', 'klinik', 'homéopathie', 'krank',
'polymerase kettenreaktion', 'keuchhusten', 'notfall’,
"injektion', ‘'arzte', 'zellular',6 'heimarbeit',6 'frontlinie',
"hygiene', 'erreger', 'krankheit', 'epidemie', ‘'durchfall’,
'adjuvantien', 'atemwege', 'eiweifg', 'medizin', 'neue falle',
'positiv', 'wissenschaftler', ‘'ansteckend', 'variante',
'infizieren', 'todesfidlle', 'husten', 'messen', 'verhindern',
‘gesundheitspflege’', 'vertrag', 'abschalten', 'pocken',
'booster', 'antikdrper', 'dosis', 'beweis',
'fehlinformationen', 'beobachtet', 'obligatorisch',
'allergisch', 'immun', 'mangel', 'arzneimittel',
‘chinesisch', 'prifen', 'beschrankung', 'verbreiten',
"experimental- ']

Listing S.4: List of German keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.

keywords = ['virusi', 'janga kubwa', 'kusitishwa katikhuli za
— kawaida', 'afya', 'mask', 'umbali', 'mkurupuko', 'dalili',
— ‘'karantini', 'mafua', 'chanjo', ‘'kipumuaji', 'kujitenga’,
- ‘'kinga', 'hospitali', 'kitengo cha wagonjwa mahututi',

— 'matibabu', 'daktari wa virusi', 'zahanati', 'homeopathy',
< 'mgonjwa', 'dawa', 'mmenyuko wa mnyororo wa polymerase’,

— 'pertussis', 'dharura', 'sindano', 'madaktari', 'simu za

— mkononi', 'kazi ya mbali', 'mstari wa mbele', 'usafi wa

< mazingira', 'pathojeni', ‘'ugonjwa', 'janga', 'kuhara',

— 'wasaidizi', 'kupumua', ‘'usafi', 'protini', 'kesi mpya',

— ‘'chanya', 'mwanasayansi', 'ya kuambukiza', 'mamlaka’,

— ‘'lahaja', 'kuambukiza', 'vifo', 'kikohozi', 'kipimo', 'bw',
— ‘'kuzuia', 'huduma ya afya', 'mkataba', 'kuzimisha', 'ndui',
< 'nyongeza', 'kingamwili', ‘'ushahidi', 'habari potofu',

— ‘'kuzingatiwa', 'lazima', 'mzio', ‘'uhaba', 'wachina',

— 'mtihani', 'kizuizi', 'kuenea', 'vaksi', 'majaribio']

Listing S.5: List of Swahili keywords used in the guidance mechanism of the crawler. For the base list
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keywords = ['pandemi', 'nedstengning', ‘'helse', 'distansere',

< 'utbrudd', 'karantene', 'influensa',6 'vaksine',
‘vaksinasjon', 'isolering', 'immunitet', 'sykehus',
"intensivavdeling', 'behandling', 'klinikk', 'homeopati',
'syk', 'polymerase kjedereaksjon', 'kikhoste',
'ngdsituasjon', 'injeksjon', 'leger', 'mobilnettet’,
'fjernarbeid', 'frontlinjen', 'sykdom', 'epidemi', ‘'diaré’,
"hjelpestoffer', 'luftveiene', 'medisin', 'nye saker',

A

"positivt', 'forsker', ‘'smittsom', 'variant', 'infisere',
'dgdsfall', 'jeg vil', 'hoste', 'male', 'forhindre',
"helsevesen', 'kontrakt', 'skru av', 'kopper', ‘'antistoff',
'bevis', 'feilinformasjon', 'observert', 'pdbudt, bindende',
‘allergisk', 'allergi', 'legemiddel', 'kinesisk',
'begrensning', 'spre', 'eksperimentell']

Listing S.6: List of Norwegian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.

keywords = ['kopoHa', 'Bupyc', 'naHgemus', 'KapaHTuH',

—

A

‘spopoBbe ', 'Macka', 'OucTaHuumpoBaHume', 'Becnmbiuka', 'cumnTom',
‘rpunn', 'BakuuHa', 'BakuumHauusa', 'annapaT UCKYCCTBEHHOW
BeHTUnAuMn nerkux', ‘'wnsonauusa', 'vmmyHuTeT', '60nbHuLA’,
'oToeneHne WHTEHCUBHOW Tepanuu', 'yxonm', 'Bupyconor',
'"KNuHuka', 'romeonaTwua', '6GonbHoi', 'thapmaueBTuKka',
'monMMepasHon LenHon peakuun', 'nmup', 'Kokaww', 'ypesBbHdaiHasg
cuTyaumsa', 'umHbekuua', 'Bpaum’', 'coToBasd CBA3b', 'ypaneHHasd
paboTta', 'nuHua ¢ppoHTa', 'opBM', 'caHuTapus', 'naTored’,
‘nponaranpga’, '6GonesHb', 'asnupemua’, 'nuapes’, 'anboBaHThH',
"pecnupaTtopHbin', 'rurueHa'’, 'Genok', 'nekapcTtsBo', 'HOBble
gena', 'Mo3uTWBHbIN', 'yueHblin', 's3apasHbii', 'mMaHpaT',
‘BapuaHT', '3apasuTb', 'neTanbHble ucxodpl', 'Kawenbp', 'mepa’,
‘monynapHbii', 'MpHa', 'npepoTBpawaTtb', '34paBooxpaHeHue’,
‘morosop', 'HeucnpaBHoCTb', 'ocna', 'ycunutenbp', 'aHTuTENno',
'nosa', 'mokasaTenbcTBO', 'Ae3uHdopmauua’, 'Habnwpgaembinn',
'obszaTenbHbn', 'annepruyeckun', 'anneprua', 'HexBaTKa',
"cuHgpom', 'KuTanckun', 'TecT', 'orpaHuueHwune',
"pacnpocTpaHeHue', 'Bakc', 'aKcnepumMeHTanbHbIN']

Listing S.7: List of Russian keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.
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keywords = ['lockdown', 'gezondheid', 'masker', 'afstand nemen',
— ‘'uitbraak', 'symptoom', 'influenza', 'vaccinatie',

— ‘'isolatie', 'immuniteit', 'ziekenhuis', 'intensive care

- afdeling', 'behandeling', 'viroloog',6 'kliniek',

< 'homeopathie', 'ziek', 'farma', 'polymerasekettingreactie',
< ‘'kinkhoest', 'noodgeval', 'injectie', ‘'artsen', 'mobiel’,
— ‘'afstandswerk', 'sanitaire voorzieningen', ‘'pathogeen’,

— 'ziekte', 'diarree', 'adjuvantia', 'ademhalingswegen',

< 'hygiéne', 'eiwit', 'geneesmiddel', 'nieuwe gevallen',

— 'positief', 'wetenschapper', 'besmettelijk', 'mandaat’',

— ‘'infecteren', 'sterfgevallen', 'hoest', 'meeteenheid',

< ‘'viraal', 'voorkomen', 'gezondheidszorg', ‘'contract',

— ‘'afsluiten', 'pokken', ‘'aanjager', 'antilichaam', 'bewijs’,
— 'desinformatie', 'opgemerkt', ‘verplicht', 'immuun',

- ‘'tekort', 'syndroom', 'medicijn', ‘'chinese', 'beperking',
— 'spreiding', 'experimenteel']

Listing S.8: List of Dutch keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.

keywords = ['koroona', 'viirus', 'pandeemia', 'taielik

< sulgemine', 'tervist', 'distantseerumine', 'haiguspuhang',
- ‘'sUmptom', ‘'karantiin', ‘'gripp', 'vaktsiin',

— 'vaktsineerimine', 'ventilaator', 'isolatsioon',

< 'puutumatus', 'haiglasse', 'intensiivravi osakonnas', 'ravi',
— 'kliinik', 'hombopaatia', 'haige', 'polimeraasi

< ahelreaktsioon', 'tk', 'lakakoha', 'hadaolukord',

- ‘'slstimine', 'arstid', 'rakuline', 'kaugtéo', 'eesliinil',
— 'kanalisatsioon', 'patogeen', 'propagandat', ‘'haigus’,

— 'epideemia', 'kdohulahtisus', 'adjuvandid', 'hingamisteede’,
- ‘'higieen', 'valk', 'ravim', ‘'uued juhtumid', 'positiivne',
- 'teadlane', 'nakkav', 'nakatada', 'surmad', 'koha', 'moodta’,
— ‘'viiruslik', 'ara hoida', 'tervishoid', 'leping', 'lilita

— valja', 'rduged', 'vdimendaja', 'antikeha', 'annust',

— 'toendid', 'desinformatsioon', 'taheldatud', 'kohustuslik',
— ‘'allergiline', 'allergia', 'immuunne', 'puudus', 'sindroom',
< ‘'hiina keel', 'katsetada', 'piirang', 'levik',

- 'eksperimentaalne']

Listing S.9: List of Estonian keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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keywords = ['pandemia', 'confinamento', 'salute', 'maschera’,

—

A

'distanziamento', 'epidemia', 'sintomo', 'quarantena',
'vaccino', 'vaccinazione', 'ventilatore', 'isolamento',
"immunita’', 'ospedale', 'terapia intensiva', 'unita di
terapia intensiva', 'trattamento', 'virologo', 'clinica’,
‘omeopatia', 'malato', 'farmaceutico', 'reazione a catena
della polimerasi', 'pertosse', 'emergenza', 'iniezione',
'medici', 'cellulare', 'lavoro a distanza', 'prima linea',
'servizi igienico-sanitari', 'agente patogeno', 'malattia’,
‘diarrea'’, 'adiuvanti', 'respiratorio', 'igiene', 'proteina’,
'medicinale', 'nuovi casi', 'positivo', 'scienziato',
‘contagioso', 'mandato', 'infettare', ‘'deceduti', 'tosse’',
'misurare', 'virale',6 'dimpedire',6 'assistenza sanitaria',
‘contrarre', 'fermare', 'vaiolo', 'ripetitore', ‘'anticozrpo',
"prova’, 'disinformazione', 'osservato', 'obbligatorio',
‘allergico', 'immune', 'carenza', 'sindrome', 'farmaco',
‘cinese', 'restrizione', 'diffusione', 'sperimentale']

Listing S.10: List of Italian keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

keywords = ['kapaHaBipycHasi iHtekubis covid', 'kapoHa', 'Bipyc',

—

A

'manpgamia’, 'kapaHuiH', 'spapoysa', 'AbicTaHUbIABaHHE ',
"venbiwka', ‘'cimntom', 'rpbin', 'BakubiHA', 'BaKubiHaubig', 'wsn',
"izanqaubig', 'imyHiTaT', '6anbHiua’, 'iky', 'apgnssaneHHe
iHT3HCciyHal Tapanii', 'nausHHe', 'Bipyconar', 'manikniHika’,

'rameanaTbia', 'xBopbl', 'tapm', 'manimepasHai naHuyrosas
paakupia', 'nkp', 'Hag3BblvahHaa ciTyaupls', "iH'ekubli",
‘nekapbl', 'coTaBbl', 'BblganeHas npaua', 'npboippaHTaBas niHia',
'BpBi', 'caHiTapbia', 'ysbymwanbHik', 'npanaraHpa’, 'xBapoba’,
‘anipamia', ';mpigpas’', 'opradbl gpixaHHa', 'ririena', '6anok’',
'neki', 'HoBbiA BbiNagKi', 'cTaHoOYyubl', 'BYy4YOHbl', 'iHMEKUbIAHbI',
'BapbigHT', '3apasiub', 'NaTanbHbig BbH1Ki', 'Kawanb',

'BipycHbl', 'npapyxiniub', 'axoBa 3papoys', 'kKaHTpakT',
"agknwysHHe', 'HaTypanbHaa Bocna', 'nackapanbHik',

"aHTbiLenbl', 'mokasbl', 'm33iHdapmaupis’, 'Hasipaeuyua’,
'abaBA3KoBbLIM', 'anepriuHbig', ‘'anepria’, 'imyHHaa', 'madiupiT',
"ciHgpom', 'HapkoTbk', 'kiTakcki', 'TacT', 'abmewxaBaHHe',
'pacnaycwpikBaHHe ', 'aKcrnepbiMeHTasbHbl' ]

Listing S.11: List of Belarusian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.
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keywords = ['wirus', 'izolacja', 'zdrowie', 'dystansowanie',

< 'wybuch', 'objaw', ‘'kwarantanna', 'grypa', 'szczepionka',
'wentylator', 'odpornosc¢', 'szpital', 'oddzial intensywnej
terapii', 'leczenie', 'wirusolog', 'homeopatia', 'chory',
"farmaceutyczny', 'reakcja tancuchowa polimerazy', 'szt',
'krztusiec', 'nagty wypadek', ‘'zastrzyk',6 'lekarze',
"komorkowy', 'praca zdalna', 'linia frontu', 'urzadzenia
sanitarne', 'biegunka', 'adiuwanty', 'oddechowy', ‘'biatko',
'medycyna’, 'nowe przypadki', 'pozytywny', 'naukowiec',
'zakazny', 'wariant', 'infekowac¢',6 'zgony',6 'kaszel',
'mierzyc¢', 'wirusowy', 'mrn', 'zapobiegacd', 'opieka
zdrowotna', 'zamkniecie', 'ospa', 'wzmacniacz',
'przeciwciato', 'dawka', 'dowdd', 'mylna informacja',
‘zauwazony', 'obowigzkowy', ‘'uczulony', 'alergia', 'odporny',
"'niedobdr', 'zespot', 'lek', 'chinski', 'ograniczenie',
'rozpowszechnianie sie', 'eksperymentalny']

A

Listing S.12: List of Polish keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.

INTSTeh, TaR AT, SR, &, Turasler sufd), g&=, Ui, &ar, 72 Ard, hRIh,
a3 Aeh, TchiHdh, ATIFTRST, UehR, Tehfid, Hid, Wi, IUTT, a1, THIMRUAT, JehHT,
WY WA, e, AT SIS, Ideh, g3, UIarst, Greh, TATUT, SIS WeR, &,
Jfaard, gerstt, ufarer, o, Righ, gard, @i+, odten, ufdsy, S, dow, waimars

Listing S.13: List of Hindi keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.

keywords = ['nedlukning', 'sundhed', 'distancering', 'udbrud',
- ‘'karantzne', 'vaccine', 'hospital', 'intensivafdeling',
"homgopati', 'syg', 'polymerase kadereaktion',6 'kighoste',
'ngdsituation', 'indspregjtning', 'leger', 'cellulzre'’,
‘fjernarbejde’, 'frontlinje', 'sanitet', 'sygdom', ‘'diarré’,
‘adjuvanser', 'respiratoriske', 'hygiejne', 'medicin', 'nye
sager', 'videnskabsmand', 'smitsom', 'inficere', 'dedsfald
degde', 'sundhedsvasen', 'lukke ned', 'antistof', 'beviser',
'misinformation', 'observeret', 'obligatorisk', 'preve',
'begrensning', 'spredning', 'eksperimentel']

A

Listing S.14: List of Danish keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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1ad0, Talsw, hsa, Asssunalual, n153 N, FUAIW, UUINIA, LIUTSYSU,
1952170, 81015, N15AnAY, [Huinlnal, Tadu, nsdatadu, indaetrenisls,
AITUYNE, DHANAY, T59weua, ﬁaafa«‘z’ig, Wy auaL8utln, N5, Wnlse
Anen, addn, lofilowndd, he, o0, U§Asugnldlwadmelsa, figens, lengu, Anazan
B, M5ée, unnd, wad, vieuszeszing, uumih, 1ada 19, lsewsa, guniuia,
Wolsm, Aslawanyiuide, 1sa, fiouide, WY, sEUUNILEwAIola, Juou1xy, g
G, nseilud, 1auan, dndneaaes, lsadeee, 010i6, dauls, fede, AGEERED
la, ¥, Aau, ey, QUAFUNIW, Faya, Tadaas, [Bnsiiy, yaieos, woudved, Us
W, wangu, deyaiiia, Fune, Tody, ui, lsanTud, iglduiu, Asuiauaau,

?IuI@iﬂJ, ?I']'Jﬂu, NneaaY, b ﬁ]']ﬂ@], ﬂ']iLL‘Wiﬂiu%']EJ, LL'Jﬂ?I, NeaBdI
Listing S.15: List of Thai keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.

o, AER A, WA, WA W, S, Ael, Ao, 3l SeA A, 23

, 2w, ob=, Ao, Fe e} Al A4 s,

S, vl 4, F9), OJAbE, MEol, 94 25, AHA, Z219, AL, 914,

23, 47, 9, Rk 24, £87), GUA, o M2 L Abe, 3
4 !

A
=
A9, wsbat, AGA, 919, WE, 7

, A A %—7‘* sttt, Hvhol
/\"] O:ﬂ‘:”'o]—[:]- E7‘] "’] 7:“9—!:) OE] '?‘ --.Io\j_"l_: T-/—K-Ei; —E_g—%i: 16]%}:: %7-]
on, BE, W4, del=r)7 ok, Fel 2], Aol Uk, BE, 25,

ofobE, F20l, AlF, AT S, wA, A A
Listing S.16: List of Korean keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

keywords = ['naHpemia', 'sakputTa', "3pmopos'a", 'mucTaHuiwBaHHA'
- ‘'cnanax', 'rpun', 'wenneHHa', 'BeHTunaTop', 'isonauis',
"iMyHiTeT', 'nikapHa', 'BippineHHs 1HTeHCMBHO1 Tepanii',
'nikyBaHHa', 'Bipyconor', 'kniHika', 'romeonaTtis', 'xBopuin'
'monimepasHa naHuUwrosa peakuis', 'Hag3BuyanHa cuTyauiqa',
"iH'ekyia", 'nikapi', 'cTinbHukoBMI', 'BippaneHa poboTa’
‘niHia ¢poHTy', 'covid 19', 'caHiTapis', '36ypHuk’
'zaxBopwBaHHa ', 'enipgemisa’, 'miapes', "ap'tBaHTK"
"omxanbHun', 'ririena'’, '6inok', 'niku', 'HoBi cnpasBu'
'mosuTtuBHUN', 'HaykoBeub', '3apasHun’, 'BapiaHT', '3apasuTtu’
‘cmepTti', 'mipa', 'BipychHun', 'sanobirTtu', "oxopoHa
3popoB'sa", 'moroBip', 'sakputn', 'Bicna'’, 'bycTep'
"aHTuTino', 'mokasn', 'pmesiHdopmauyis’, 'cnocTtepiraeTbcs’
"oboB'askoBui", 'anepriynvun', 'imyHHun', 'pediunt’
"Kntamcokun', 'obmMemeHHa', 'mMowMpeHHa', 'ekcnepumeHTanbHU']

A

Listing S.17: List of Ukrainian keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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keywords = ['i-covid', 'ikhoroni', 'igciwane', 'ubhubhane',

—

N

"ukuvalwa thaga kwezwe', 'impilo', ‘'imaski', ‘'ukughela',
"ukubheduka', 'uphawu', ‘'ukuzivalela', 'umkhuhlane',

"umgomo', ‘'ukugoma', 'i-ventilator', 'ukuzihlukanisa',
‘ukungatheleleki', 'esibhedlela', 'igumbi labagula kakhulu',
‘ukwelashwa', 'i-virologist', 'umtholampilo', 'i-homeopathy',

‘abagulayo', 'ikhemisi', ‘'ukusabela kwe-polymerase chain',
"i-pertussis', 'izimo eziphuthumayo', 'umjovo', 'odokotela',
"iselula', 'umsebenzi kude', 'phambili', 'i-covid-19',
"ukuthuthwa kwendle', 'i-pathogen', 'inkulumo-ze', 'isifo',
"umgedazwe', 'isifo sohudo', 'ama-adjuvants',
'zokuphefumula', 'inhlanzeko', 'amaprotheni', 'umuthi',
‘amacala amasha', 'positive', 'usosayensi', 'iyathathelana',
‘igunya', 'okuhlukile', 'ukuthelela', 'abashonile',
‘ngiyagula', 'ukukhwehlela', 'isilinganiso', 'vimbela',
"ukunakekela impilo', 'isivumelwano', 'vala shaga',
"ingxibongo', 'i-booster', 'amasosha omzimba', ‘'umthamo',
‘ubufakazi', 'imininingwane engamanga', 'kubhekwe', 'impoqo’,
"ukungezwani komzimba', 'ukungezwani komzimba nezinto
ezithile', 'ukushoda', 'i-syndrome', 'amashayina',
"ukuvinjelwa', 'ukubhebhetheka',6 'i-vax', 'okokuhlola']

Listing S.18: List of Zulu keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

keywords = ['pandeeminen', 'sisdlle suojautuminen', 'terveys',

—

A

"naamio', 'etaisyytta', 'taudin puhkeaminen', ‘'oire',
"karanteeni', 'influenssa', 'rokote', 'rokotus', 'tuuletin',
"eristaytyminen', 'immuniteetti', 'sairaala', 'teho-osasto’,
"hoitoon', 'virologi', 'klinikka', 'sairas',
'polymeraasiketjureaktio', 'kpl', ‘'hinkuyska', 'hata’',
"injektio', 'laakarit', 'solu', 'etatyota', 'etulinjassa',
'sanitaatio', 'taudinaiheuttaja', 'sairaus', 'epideeminen',
'ripuli', 'adjuvantit', 'hengitys', 'hygienia', 'proteiinia’,
'laake', 'uusia tapauksia', 'positiivinen', 'tiedemies',
"tarttuva', 'mandaatti', 'variantti', 'tartuttaa’,
‘kuolemat', 'yska', 'mitata', 'estaa', 'terveydenhuolto',
"sopimus', 'sammuttaa', 'isorokko', 'tehostin', 'vasta-aine',
"annos', 'todisteita', 'vaaraa tietoa', 'havaittu',
'pakollinen', 'allerginen', 'immuuni', ‘'puute', 'oireyhtyma',
"huume', 'kiinalainen', 'testata', 'rajoitus', 'levitan',
"kokeellinen']

Listing S.19: List of Finnish keywords used in the guidance mechanism of the crawler. For the base
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keywords = ['kovid', 'viris', 'karantina', 'saglik', ‘'uzaklasma',
- ‘'salgin', 'belirti', 'grip', ‘'asi', 'vantilator',
'izolasyon', 'bagisiklik',6 'hastane', 'yogun bakim', 'yogun
bakim lGnitesi', 'tedavi', 'hasta', 'ilac¢', 'polimeraz
zincirleme reaksiyonu', 'bogmaca', 'acil durum',
‘enjeksiyon', 'doktorlar', 'hicresel', 'uzaktan calisma',
‘cephe hatti', 'sanitasyon', 'patojen', 'hastalik',6 ‘'ishal',
"adjuvanlar', 'solunum', 'hijyen', 'yeni vakalar',6 'pozitif',
'bilim adami', 'bulasici', 'yetki', 'degisken', ‘'enfekte
etmek', 'oOllimler', 'oOkslrik', '6lcim', 'Onlemek', 'saglik
hizmeti', 'sozlesme', 'kapat', '¢icek hastaligi',
'yikseltici', 'antikor', 'doz', 'kanat', 'yanlis bilgi',
‘gbzlemlendi', 'zorunlu', ‘'alerjik', 'alerji', 'katlik',
'sendromu', 'cince', 'Olcek', 'kisitlama', 'yaymak',
"deneysel']

A

Listing S.20: List of Turkish keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

keywords = ['virus', 'pandemi', 'tecrit', 'tendlrlsti', 'berrl',
— 'dlrkirin', 'sewbe', 'x(ya', 'garantina', 'bapés', 'dermané
perpiné', 'perpln', 'cudakirin', 'zixti', 'nexwesxane',
'yvekineya lénérina giran', ‘'demankirini', 'virologist',
"homeopati', 'nexwes', 'reaksiyona zincira polymerase',
'aciliyet', 'derzikirini', 'doktoran', 'cellular',6 'karé
dir', 'xeta pésin', 'pagiji', 'pathogen', 'propaxanda',
'nexwesi', 'epidemik', 'navcglyin', 'respiratory', 'protein’,
‘derman', 'dozén nl0', 'pozitif', 'zanistvan', 'perok',
'emré', 'derbaskirin', 'mirinan', 'k0xin', 'pivan',
'bergirtin', 'parastina saxlemiyé', 'peyman', 'temirandin',
'pisika', 'antibody', 'delil', 'dezinformasyon', 'ditin’',
'bici', 'alerjik', 'alerji', 'lénakev', 'kémasi', 'tevazok',
‘cini', 'imtihan', 'tengkirini', 'belavblin', 'ceribandin']

A

Listing S.21: List of Kurdish (kurmanji) keywords used in the guidance mechanism of the crawler.
For the base list in English see Listing 4.1.
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FBPRETD, %da—f, QTN &N, eséfoeﬁzs, BNDTNRE, BRTBRBIR)T, :‘l@beés ©geo,
DTS, Y, 00T, ©F, B3I, 308Teél’, BFess, HALS, 8IS, 0103,
8ez3, dme T, 23383, a;crae)z%z);, 335, Beodpems, @m&aeﬁﬁ, TOTIE,
TIHBea’ BTED 030D, BELFAR, BB, YOBFT, BB, AT, BRTE 07,
S0023083, TFE, a‘g}abge%, BRenza03, ©R3T, BRER, FOTNT, ©98TT, FTIOITNE,
GURTEIT, W3, BRY, Bp3 BFTeaned, Zosg, LR, e90&hdeen, etied, DT,
0B BrHengss, WRNLY, Fa), s, a‘;&deﬁ, 3c30303I, ea&aeﬁzs, WHOT,
30023R 0B, AT, WRFDF, B,8B08, BRERF, RT3, BR), 3088, NeHAAT, FEHO,
e9ORF, FBTEH?, 3RT3, A0WRLSF, BRT, 1467, BOCF, ANFOTF, BVBINE, 233,
T9,030eNT

Listing S.22: List of Kannada keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

keywords = ['hao quang', 'vi-rut', 'dich bénh', 'lénh dong cua',
— 'suc khoe', 'mat na', 'khoang cach', 'su bung phat', 'triéu
ching', 'céach ly', 'bénh cum', 'vac xin', 'tiém chung', 'may
thé', 'su cach ly', 'mién dich', 'bénh vién', 'don vi cham
s6c dac biét', 'sy d6i dai', 'nha virus hoc', 'phong kham',
'vi lugng déng c&n', 'dau ém', 'dugc pham', 'phan (ng chudi
polymerase', 'bé&nh ho ga', 'khan cdp', 'mii tiém', 'nhiéu bac
si', 'di déng', 'lam viéc tu xa', 'tién tuyén', 'vé sinh',
'mam bénh', 'tuyén truyén', 'bénh', 'bénh dich', 'bénh tiéu
chdy', 'chat bé trg', 'hd hap', 'chat dam', 'thubc', 'trudng
hop méi', 'tich cuc', 'nha khoa hoc', 'dé lay lan', 'thi
hanh', 'khac nhau', 'lay nhiém', 'cai chét', 'ém', 'ho', 'do
ludng', 'néi tiéng', 'thua ngai', 'ngan chan', 'chdm séc slc
khée', 'hgp dong', 'tat', 'bénh dau mua', 'tang cudng',
'khang thé', 'liéu lugng', 'chung cd', 'thdéng tin sai 1léch',
'dugc quan sat', 'bat budc', 'di ung', 'thiéu', 'hdi chung',
'ngudi trung quéc', 'bai kiém tra', 'su han ché', 'lay lan',
"thuc nghiém']

A

Listing S.23: List of Vietnamese keywords used in the guidance mechanism of the crawler. For the
base list in English see Listing 4.1.
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keywords = ['cutar covid', '[wayar cuta', 'annoba', 'hana fita

—

A

waje', 'lafiya', 'abin rufe fuska', 'nisantar da kai',
'Oarkewa', 'alama', 'killace masu cuta', 'mura', 'rigakafi',
'maganin alurar riga kafi', 'injin iska', 'kalaici',
'asibiti', 'ku', 'sashin kulawa mai zurfi', 'magani',
‘likitan dabbobi', 'mara lafiya', 'kantin magani',
‘polymerase sarkar dauki', 'gaggawa', 'allura', 'likitoci’,
'salon salula', 'aikin nesa', 'layi na gaba', 'cutar covid
19', 'tsaftar muhalli', 'farfaganda', 'cuta', 'gudawa',
"numfashi', ‘'tsafta', 'furotin', 'sababbin lokuta',
'tabbatacce', 'masanin kimiyya', 'mai yaluwa', 'umarni',
"bambancin', ‘'harba', 'mutuwa', 'rashin lafiya', 'tari',
‘auna', ‘'kwayar cuta', 'hana', 'kiwon lafiya', ‘'kwangila',
"rufewa', 'cutar sankarau', 'mai kara kuzari', 'kashi',
'shaida', 'rashin fahimta', 'lura', 'wajibi', 'rashin
lafiyan', 'rashin lafiyar jiki', 'karanci', 'ciwo',
'sinanci', 'gwadawa', 'Ountatawa', 'yala', 'na gwaji'l]

Listing S.24: List of Hausa keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

keywords = ['pandemic', 'carantina', 'sanatate', 'masca',

—

A

‘distantare’', 'simptom', 'gripa', 'vaccinare', 'izolare',
"imunitate', 'spital', 'unitate de terapie intensiva',
'tratament', 'bolnav', 'reactie iIn lant a polimerazei', ‘'de

urgenta', 'injectare', 'medicii', 'celular', 'lucru la
distanta', 'prima linie', 'salubrizare', 'propagandad',
'boala', 'diaree', 'adjuvanti', 'respirator', 'igiend',
"proteind’, 'medicament', 'cazuri noi', 'pozitiv', 'om de
stiinta', 'contagios', 'variantd', 'infecta', 'decese’,
'tuse', 'masura', 'iImpiedica', 'contracta', 'inchide',
'variola', 'rapel', 'anticorp', 'doza', 'dovezi',
‘dezinformare', 'observat', 'obligatoriu', ‘'alergic', 'imun',
'deficit', 'sindrom', 'chinez', 'restrictie', 'rdspandire',

"experimental ']

Listing S.25: List of Romanian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.
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keywords = ['coroa', 'virus', 'salude', 'mascarar', 'distanciar',

—

A

‘surto', ‘'sintoma', 'quarentena', 'gripe', 'vacina',
‘vacinacao', 'ventilador', 'imunidade', 'uti', 'unidade de
tratamento intensivo', 'tratamento', 'virologista',
‘clinica', 'doente', 'farmacéutica', 'reacdo em cadeia da
polimerase', 'emergéncia', 'injecdo', 'médicos', 'trabalho
remoto', 'linha de frente', 'sarna', 'saneamento',
'patégeno', 'doenca', 'diarréia', 'adjuvantes',
'respiratorio', 'higiene', 'proteina', 'medicamento', 'novos
casos', 'cientista', 'transmissivel', 'infectar', 'mortes’,
'medir', 'evitar', 'assisténcia médica', 'contrato',
'desligar', 'variola', 'reforco', 'evidéncia',
'desinformacao', 'observado', 'obrigatdério', 'alérgico',
"imune', 'falta', 'sindrome', 'chinés', 'teste', 'restricao',
"espalhar']

Listing S.26: List of Portuguese keywords used in the guidance mechanism of the crawler. For the

base list in English see Listing 4.1.

keywords = ['izolacija', 'zdravlje', 'udaljavanje', 'izbijanje
— epidemije', 'karantena', 'cjepivo', 'cijepljenje’,

— ‘'dimunitet', 'bolnica', 'jedinica intenzivne njege',

— 'lijecenje', 'virusolog', 'bolestan', 'farmacija', 'lancana
< Treakcija polimeraze', 'hripavac', 'hitan slucaj',

« 'lijecnici', 'stanic¢ni', 'rad na daljinu', 'linija fronta',
< ‘'sanitacija', 'uzroc¢nik bolesti', 'bolest', 'proljev',

<« 'pomoéna sredstva', 'disni', 'higijena', 'lijek', 'novih

— sluCajeva', 'pozitivan', 'znanstvenik', 'zarazan',

— ‘'varijanta', 'zaraziti', ‘'smrtni slucajevi', 'kasalj’,

< 'mjera', 'virusni', 'sprijeciti', 'zdravstvene zastite',

— ‘'ugovor', 'ugasiti', 'velike boginje', 'pojacivac',

— ‘'antitijelo', 'dokaz', 'promatranom', 'obavezna',

— ‘'alergican', 'nedostatak', 'droga', 'kineski', 'ogranicenje',
— 'Sirenje', 'vosak', 'eksperimentalni']

Listing S.27: List of Croatian keywords used in the guidance mechanism of the crawler. For the base
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keywords = ['aislamiento', 'salud', 'mascarilla',

« ‘'distanciamiento', 'brote', 'sintoma', 'cuarentena',
'vacuna', 'vacunacién', 'inmunidad', ‘'uci', 'unidad de
cuidados intensivos', 'tratamiento', 'virdlogo',
"homeopatia', 'enfermo', 'farmacéutica', 'reaccioén en cadena
de la polimerasa', 'tos ferina', 'emergencia', 'inyeccidn',
'"doctores', 'trabajo remoto', 'primera linea', 'saneamiento’,
'enfermedad', 'adyuvantes', 'nuevos casos', 'cientifico',
‘fallecidos', 'tos', 'medida', 'prevenir', 'cuidado de la
salud', 'cerrar', 'viruela', 'refuerzo', 'anticuerpo',
'evidencia', 'desinformacion', 'obligatorio', 'inmune',
'escasez', 'chino', 'prueba', 'restriccion', 'desparramar']

A

Listing S.28: List of Spanish keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

keywords = ['pandemia', 'confinament', 'salut', 'mascara’,

— ‘'distanciament', 'brot', 'simptoma', 'vacunacid',
'aillament', 'immunitat', 'unitat de cures intensives',
"tractament', 'viroleg', 'malalt', 'reaccid en cadena de la
polimerasa', 'emergéncia', 'injeccid', 'metges', 'cel:-lular',
'treball a distancia', 'primera linia', 'sanejament',
'malaltia', 'epidemia', 'respiratori', 'proteina', 'nous
casos', 'positiu', 'cientific', 'contagidés', 'defuncions',
"'mesura', 'atencid sanitaria', 'contracte', 'tancar',
'verola', 'amplificador', 'anticossos', 'dosi', 'proves',
'desinformacioé', 'obligatoria', 'al-lergic', 'al-lergia’',
'escassetat', 'xines', 'restriccid', 'propagacio']

A

Listing S.29: List of Catalan keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

AR R, HLE, R, KIMAT, B8, (@R, mA, fix, B2, K, BRE, K, &,

e dERh, PERAL, S, BRRe, EE IR P, BEE IR, 16T, IR, 12, I

BT, AR, FIZAE], REETERN, REWTERN, 5 HE, K2, 35,
R4, 4HMEAY, A8 TAE, ALk, Foetiise, R, DA Wi, 515%, B, iTE, I8
15, e, WHR RS, AR, 24590, Fomfl, FIE, BHER, BRI, 38 IR, /&
e, BETNEL, BBRAY, R, FE i, R EEERY, AN, Bk, TAECREE, SR, kM, R
1e, Bhtfeds, Puik, FIE, IR, 54T, ISR, smfiliy, 13 8o, 8, EHk, 22808,

FRELA, M, BRI, 4417, Lo, SEaateny
Listing S.30: List of Chinese (simplified) keywords used in the guidance mechanism of the crawler.
For the base list in English see Listing 4.1.
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OTEUNL, LOG, TaVENic, amoydpevon KukAo@oplag, vyeia, p&oKy,

QOO TACLOTIOMON, £E0poT), CUPTTWHA, KapavTiva, ypinT, ePBoALo,
EUPOAXOPOG, EEXEPLOTNPUC, KTIOPOVWOT), XGVALX, XVOGix, VOGOKOED, LOVAS O
EVTATIKNG Bepameing, Bepameia, LOAGYOG, KAVIKT, OTIOLOTTHONTIKY|, ¢PPWOTOC,
QALOLE WTT) AVTISPXOT TTOAVEPKOTG, KOKKITNG, ETEYOV, EVEDT), YIXTPOVC,
KUTTOPLIKOC, OTIOUOKPUCHEVT] EPYACIN, TIPWTNG YPAUMS, OAPC, UYLELVY),
maBoyovo, potorydvda, aoBévela, emSnpic, SLeppPoLr, VOCOEVIOYVTIKE,
QVOTTVEVOTIKOG, TIPWTEVT), PAPROKO, VEEC TIEPUTTWOELS, OETIKOC, ETILOTILOVAC,
METASOTIKOC, EVTOAY), TapoAayy), LoADvw, B&vatol, eyw Ba, BriXag, LETPOTE,
LOYEVNG, ATOTPEPEL, PPOVTISH Vyeiag, COUPAOT), TEPUATIOIOG AEITOVPYLOG,
eVAOYLE, APWYOC, CVTIoW, 800, ATTOSELEN, KOKY) TTANPOPOpIK,
TPXTNPNONKE, ETUTOKTIKOG, XAAEPYIKOC, XAAEPYIX, XTIPOGPANTOG, EAAENYT,
oOVEPO0, KIVEYIKA, SOKLUT), TIEPLOPLOLOC, EEATIAWOT), TIEPAUATIKOG
Listing S.31: List of Greek keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

: So9933, Syail, suygw, Plsay, calady, Q—"JL‘\-‘-’I PL“SI Slala S.)"-"r 29 &”‘Nl @)*Mr
L‘QSJL’JII 9&“31 9‘5.4:.4.)‘.44.)9), 09‘5.‘2'.\, L339'! (“"09"-‘-’1 “"-‘Al)"”-"-’l .9L>"3 PJL‘L‘-’ °".J. 30, )jz'jb, 5254
UL, 3308, 050350l oraly, lyguliy, ol Jiovya b eyl (uole (usda, Labsly,
@338, 38U, sl Sly 13 sla a9y, &b @Bas, S953 19, ulses, uysse aslicny, caaly 3,
culdle B, caalsy, Losay, Luad, SaSG o, cubun, caslad, Qysud, slyg, polys a3, pid, sluiwiy,
s dudgy, S, gaa Sy, B5200C 2450, uyie, Bslie SHa5, o1ygua, alsSas Sy,
polag oly caanslacyy, @ylysls, Zlagds (oS, UWa, 808 Shsa, olad, 393, yhglas g palsS, Lallels
b, palasa (wae, buly, melugy, 3)5, o sl Sasgs, (uiaye, g of, cud, @>3944, Sdiyas,
K, sy
Listing S.32: List of Persian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.

keywords = ['zaprtije', 'zdravije', 'distanciranje', 'izbruh',

- 'cepivo', 'cepljenje', 'imunost', 'bolnisnica', 'enoti za
intenzivno nego', 'zdravljenje', 'bolan', 'veriZna reakcija
polimeraze', 'oslovski kasSelj', 'nujnost', 'injekcijo',
‘zdravniki', 'celic¢ni', 'delo na daljavo', 'frontline',
'sanitarij', 'bolezen', 'driska', 'adjuvansi', ‘'dihalni’',
'beljakovine', 'zdravilo', 'novih primerov',6 'pozitivno',
'nalezljiv', 'okuziti', 'smrti', 'kasSelj', 'ukrep',
‘virusno', 'preprec¢iti', 'skrb za zdravje', 'pogodba',
‘ugasniti', 'Crne koze', 'pospeSevalnik', 'protitelesa’,
"odmerek', 'dokazi', 'napacne informacije', 'opazili',
'obvezno', 'alergicen', 'imunski', 'pomanjkanje', 'kitajski',
'omejitev', 'Sirjenje', 'eksperimentalno']

A

Listing S.33: List of Slovenian keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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anF, VANVZ, RN TFIvI Ay I RY Y, IR, EE%E’% L, 7V TV
A0 B, A Y TN, Uy F PR, AT, S, R, A
W, B Y A VRSB, BB, R A Ay — K, I R X T — K
rB, R, EH, 25—, ) E— T —7, Rififf, covid-19 Frian v £
ARERUE, Y — X, #E, WK, B, (R3YH, TR, 72 a > b, kR, X >
RO, ], KO F 4 7, BEE, B, BIT, BRE, BT 5, 5
CH (B , %, JE, N4 Fv, B, EEH, 226, > v v P XY v, RVE,
e, R, BEHL, AR, B s i, 2, 7LV F — 1k, 7 LR — RE, AR
B, AN, B, B3, 7y v 2 R, FEREI
Listing S.34: List of Japanese keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

pyo Byygw 39353l, doy5il, Slyyguw, Zlxd, WG, a8, File, coles, Mibdn, Jlad pyo, Moo
Moy, lalgi}l, qal, cldd >, Mdw Mailey, ¢ 3, 2o ld, pucidds, 9538 M=ilys MayS 55, @l
¢ Mo Mayyouwli, 23138, o Magls Magey, pyxo, Blyal, el Mygliayyly Mazudid, Mued
VS, bl xai3, Ylayle, M3 gu3, Msal & e, b Maglowd, J9433-19, Mo 38 Moy, e glal
Man o8, seis, pyd, gile, Ludd, Magls Mawlesd, cubug, Wygid, Fagle, 730 zaus3, Laly,
¢Ma, peay, Cdgwo, Miad, cuay, I YG8I8, ugd, ucd, e, @ Y, a2l S, el
Masys, @8y, &8, zayy, Ysleo, e @ols, 323, Jialsd, @lgali #Uais, s, i)hu Moo lacsd,
zslansd, @ise, Hdo, adljed, sgle, oy, laisU, cdgy, dlaaly, co s
Listing S.35: List of Arabic keywords used in the guidance mechanism of the crawler. For the base list
in English see Listing 4.1.

21277, YOI, 2177, PADI, D11, 3°KIN, MO, INIMPIN, INDIXIN, 0°NDYVI, 27117, Woyn,
n3°3, M0, BRI, 191N, 2°N M?°D, NMPP 20 .2 IRy, NPT YU D1 Iy, 10,

1721, PIDNRT, TiRRIDNT, MY, DRI, N112N WAwIn :17 RN wyon, g, 1vp,

T1DR’D, NX?, Y2TTI Mp, 21 30N, ORID, NN, nhiP? nn, nyniz, nno,

Whwho, N10D°0, NYI9N AW A, 1IN, 773i], N9, NP0 NTWw D, 17127, RV, NTAR,
nITL, 1107 RITN, 2I727P, KW D WIDLN, M7, PIWny?, P71, 11797, Pniiy, 27°KIn,

M, 22210, X2Yy31vin, 0137, 3317], PRI, YTIN, 27Ty nDI127p, X070, M, K711, K710,

107, PMOT, NONIIN, NIIDF, ©3°N, NI, 127, INDWIN, 11D, J0%1)
Listing S.36: List of Hebrew keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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keywords = ['korona', 'obmedzenie pohybu', 'zdravie',

—

e

'distancovanie', 'epidémia', 'symptom', 'chripka',
'oCkovanie', 'izolacia', 'nemocnica', 'jednotka intenzivnej
starostlivosti', 'lieche', 'viroldg', 'poliklinika', 'chory',
'farmacia', 'polymericka retazova reakcia', 'nudzovy',
'injekciou', 'lekarov', 'bunkovy', 'praca na dialku',
"frontovej linii', 'sanitacia', 'patogén', 'hnacka',
'dychacie', 'protein', 'liek', 'nové pripady', 'pozitivne',
'vedec', 'nakazlivy', 'infikovat',6 'umrtia', 'kasSel’',
'opatrenie', 'virusovy', 'zabranit', 'zdravotna
starostlivost', 'zmluvy', 'vypnut', 'kiahne', 'posiliovac',
'dokazy', 'dezinformacie', 'pozorované', 'imunna',
'nedostatok', 'syndrdém', 'obmedzenie', 'Sirenie’,
"experimentalne']

Listing S.37: List of Slovak keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

keywords = ['koBupg', 'uopoHa', 'naHgemuia', 'usonaumia’,

!

A

"spopaBme’, 'mucTtaHumpawe', 'nsbujamwe’, 'rpuna’,
'BakumMHaumija', 'BeHTuMnaTop', 'uMyHuTteT', '6onHuuya', ‘wvuy',
'"MHTeH3MBHe Here', 'TpeTmaHa', 'Buponor', 'xomeonatuja',
'6onecTtaH', 'nxapma', 'monuMepase naH4YaHa peakuuja',
‘neptyccuc', 'xutaH', 'umwekumia', 'nexkapu', 'henujcku', 'pag
Ha pamuHy', 'tpoHTnuHe', 'capc', 'caHuTaumija', 'naTtoreHa’,
"6onect', 'enupemuija', 'mmjapeja'’, 'nomohHa cpepcTBa',
"pecnupaTtopHu', 'xurujeHa', 'GenaHuyeBuHa', 'nek', 'HoBM
cnydyajesn', 'mosuTtuBHMM', 'HayuyHuk', '3apasaH’', 'mMaHpaTa’,
'BapujaHTa', 'npemuHyne ocobe', 'kawam', 'meputn', 'BupycHa',
‘cnpeunTtn', 'sppaBcTBeHa 3awTtuTa', 'yrosop', 'uckmyuntun',
'Benuke boruwe', '6oocTep', 'mokas', 'mesuHhopmaunije',
‘mocmaTtpaHo', 'obaBesHa', 'anepruuHm', 'anepruja'’, 'umyHu',
"HecTawnuya', 'cuHpgpoma', 'mpora', 'KMHecKku',6 'orpaHuuene’,

'wupewe', 'Bak', 'ekcnepumeHTanHu']

Listing S.38: List of Serbian keywords used in the guidance mechanism of the crawler. For the base
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keywords = ['pandemisk', 'nedstangning', ‘'hdlsa',

< 'avstandstagande', 'utbrott', 'karantan', 'flakt', 'sjukhus',
'intensivvardsavdelning', 'sjuk', 'polymeraskedjereaktion',
"kikhosta', 'nddsituation', 'lakare', 'cellular',
'distansarbete’, 'sanering', 'sjukdom', 'diarre’,
‘andningsorganen', 'hygien', 'nya fall', 'forskare',
"'smittsam', 'infektera', 'doédsfall', 'hosta', 'mata‘’,
"férhindra', 'sjukvard', 'avtal', 'stdnga av', 'smittkoppor',
"antikropp', 'dos', 'felaktig information', 'observerade',
"brist', 'lakemedel', 'kinesiska', 'testa', 'restriktion',
'sprida', 'experimentell']

el

Listing S.39: List of Swedish keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

keywords = ['viruss', 'pandémija', 'blokade', 'veseliba',

« ‘'distancésSanas', 'uzliesmojums', ‘'simptoms', 'karantina',
"vakcina', 'vakcinacija', 'ventilators', 'izolacija',
"imunitate', 'slimnica', 'intensivas terapijas nodala',
'arstésana', 'virusologs', 'klinika', 'homeopatija', 'slims',
'polimerazes kédes reakcija', 'gab', 'gara klepus',
'arkartas', 'arstiem', 'Stnu', 'attalinats darbs', 'frontes
linija', 'sanitarija', 'patogéns', 'slimiba', 'epidémija’',
'caureja', 'paligvielas', ‘'elpoSanas', 'higiéna',
‘olbaltumvielas', 'medicina', 'jauni gadijumi', 'pozitivs',
‘zinatnieks', 'infekciozs', 'pilnvaras', 'variants',
‘inficéet', 'naves gadijumi', ‘'slim', 'klepus', 'mérs',
‘virusu', 'novérst', 'veselibas apzripe', 'ligums', 'izslegt',
'bakas', 'pastiprinatajs', 'antivielu', 'devu',
"pieradijumi', 'dezinformaciju', ‘'novérota', 'obligats',
'alergisks', 'alergija', 'imins', 'trdkums', 'sindroms',
‘narkotiku', 'kinieSu', 'parbaude', 'ierobezojums',
'izplatiba', 'eksperimentals']

A

Listing S.40: List of Latvian keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.

S9393ls 9Usus, Moy gale, JB 3183, (o2, 3950 <y, @y, Lalossl, guSucd, suSuiead,
el duoSy B85 polasl, ~udd, Uy uy 59s 5985 Wl linl (Saalid, obyglsanud, SUesS,
098384500 Poleasa) g 9amaly ey [y S Sl Loy, Lasiad, 3559y pudd sy 393
3313 SISk, By 5, o8l 36558, 0y9eSISl, Lugd, aelel, julin SO, mabl (o, wystd,
soliy, R ‘QQ.LOL’, L)ALZL‘AJU, ey, ‘m‘.&lﬁ, Ry, ‘QKB_), Lagli, Saliwy, WLL‘IJ, 9Uy, 553l, e
o S ol peliay, GOy, S, waudy, ity wli, 2915, Cugs, gl pelgall, pabay S,
Jl3a Aoy, polaniy, B, Guddysn, 3ol gaitr @550, Gl carnla
Listing S.41: List of Urdu keywords used in the guidance mechanism of the crawler. For the base list

in English see Listing 4.1.

103



S Supplementary material

keywords = ['vilagjarvany', 'lezaras',6 'egészséeg', 'maszk',

—

A

'tavolsagtartd', 'kitorés', 'tinet', 'karantén', 'oltas',
'elkiilénités', 'immunitas', 'korhaz', 'intenziv osztalyon',
'kezelés', 'virologus', 'homeopatia', 'beteg', 'polimeraz
lancreakcio', 'szamarkohogés', 'vészhelyzet', 'injekcio',
'orvosok', 'sejtes', 'tavmunka', 'frontvonal', 'higiénia',
'kérokozd', 'betegség', 'jarvany', 'hasmenés', 'adjuvansok',
'léguti', 'fehérje', 'gydgyszer', 'Uj esetek', 'pozitiv',
'tuddés', 'fert6zdé', 'megbizas', 'valtozat', 'megfertézni',
"haldlozasok', 'kohogés', 'intézkedés', 'virusos',
'megakadalyozni', 'egészségiligyi ellatas', 'szerzddés',
'ledllitas', 'himlé', 'gyorsito', 'ellenanyag', 'dozis',
'bizonyiték', 'félretadjékoztatas', 'megfigyelt', 'kotelezd',
'allergias', 'immunis', 'hiany', 'szindroma', 'drog',
'kinai', 'teszt', 'korlatozas', 'terjedés', 'kisérleti']

Listing S.42: List of Hungarian keywords used in the guidance mechanism of the crawler. For the base

list in English see Listing 4.1.

keywords = ['kuncitara', 'kesehatan', 'menjauhkan diri', 'wabah',

—

A

‘gejala', 'vaksin', 'vaksinasi', 'isolasi', 'kekebalan',
'rsud', 'unit perawatan intensif', ‘'perlakuan', ‘'ahli virus',
"homoeopati', 'sakit', 'farmasi', 'reaksi berantai
polimerase', 'pertusis', 'keadaan darurat', 'injeksi',
"dokter', 'seluler', 'kerja jarak jauh', 'garis depan',
'kebersihan', 'penyakit', 'diare', 'bahan pembantu’,
‘pernafasan’', 'obat', 'kasus baru', 'ilmuwan', ‘'menular’,
‘varian', 'menulari', 'meninggal', 'batuk', ‘'ukuran', ‘'tuan',
'mencegah', 'kontrak', 'matikan', ‘'cacar', 'pemacu’,
‘antibodi’, 'bukti', 'keterangan yg salah', 'diamati’,
'wajib', 'alergi', 'kekurangan', 'sindroma', 'cina', 'tes',
‘larangan', 'menyebar', 'eksperimental']

Listing S.43: List of Indonesian keywords used in the guidance mechanism of the crawler. For the
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keywords = ['saTBapsaHe', 'spgpaBe', 'pucTaHuuMpaHe', 'nsbyxsaHe',
< 'KapaHTuHa', 'BakcuHa', 'BakcuHauus', 'nsonaums’, 'MHTEH3UBHO
oToenexHune', 'nedvenHune', 'xomeonaTua', 'GoneH', 'dapmauus’',
'monMMepasHa BepuwHa peakuus', 'crneweH cnydan', 'uvHxekuuna',
'kKNneTbyeH', 'OucTaHuMoOHHa paboTa', '(GpoHTOBA NUHMA',
'zabonasaHe', 'enupemua', 'muapua', 'apgwBaHTM', 'OuxaTenHa',
"Xurnena', 'npoteumH', 'HoBM cny4aum', 'nonoxmTeneH', 'yuen',
'zapaseH', 'sapasgBaTt', 'CMbpPTHM cnydaum', 'as we', 'kKawnuua',
'mMapka', 'BupyceH', 'npepmoTBpaTaBam', '3apaBeonasBaHe’,
'nsknwuBam', 'egpa wapka', 'aHTuTano', 'mokasaTencTtea’,
"HabnwpaBaHoTOo', '3agbnwuTeneH', ‘aneprua', 'uUMyHeH',
"HepgocTur', 'kuTanmcku', 'pasnpocTpaHeHue’', 'ekcnepumeHTaneH']

A

Listing S.44: List of Bulgarian keywords used in the guidance mechanism of the crawler. For the base
list in English see Listing 4.1.
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S4 SEED LisT

chat_names = ['COVID19_SPb', 'msiavaxfenomena',

— ‘'dannicollateralivaccinocovid', 'covid_med', 'anti_covid21',
‘covidvaccinevictims', 'studiscientificivaccini', 'COVID19Up"',
‘vaccinecovidl9news', 'Karnataka_KoViD19_Broadcast',
‘covid_world21', 'resistenza_liberta', 'covidi9Law’,
'JScovid1984', 'covidl9bulgaria', 'vaccinationcovid',
'Pierre_Kory', 'MyGovCoronaNewsdesk', 'worlddoctorsalliance’, |
‘GrapheneAgenda', 'noalvaccino', 'truthpills’,
‘cdc_nhs_vaccination_cards', 'impfpass_impfzertifikat', |
‘DigitalQRcode', 'corona', 'digitaler_Impfpass_QR_Covid_MMR',
‘impfausweis4', 'phcoronavirus', 'COVID19_ImpfpassQR_Digital',
‘antivaxclinic', 'digitalcovidel9card', 'CovidRedPills"',
‘covidvaccineinjuries', 'Covid_vaccine_victims', 'thuletide’,
‘SvetInWorld', 'loscaballerosdelzodiacovideo’, |
‘vaccinationcovid', 'nederlandvaccinatie', 'covidl9vaccinec', |
‘medicine_t', 'cdcvaccinescards', 'corona_atila', |
‘covid_vaccine_certificate', 'certificado_covid', 'young_med',
‘Vrach_covid', 'medic_news_tg', 'vaccinecovidi9news',
‘koronavirusj', 'noalvaccino’', 'coronachecknederlandqr’,
‘freedomfromcovidscam', ‘covidizh', |
'Karnataka_KoViD19_Broadcast/stat', 'shixunl60', |
‘CoronavirusNewsIta', 'bulledeveil’, 'covidl9Law', |
'sputnik_vaccine', 'coronahockey', 'JScovid1984"', |
‘Unionforpeace', 'jobzoid', 'resistenza_liberta', |
‘real_hero_official', 'Impfschaeden_Suedtirol_Corona',
‘CovidHealer', 'HeikoSchrangTV', 'reinfocovid974"', |
‘corona20l19ncov', 'coronabildirim', 'covidl9golosiiv', |
‘covidl9indonesia', 'HKFIGHTSCOVID19', 'JScovid1984",
‘Coronavirus_ye', 'Virus_Info', 'corona2019ncov’, |
‘Impfschaeden_Suedtirol_Corona', 'covid19_moldova', |
'ftaroexpcovid1984', 'notiziel9', 'Sputnik_M',
‘UnityProjectUSA', 'glogerok', 'Online_Forms', 'reinfocovid974"', |
‘uglyprescribtions', 'TelegramTipsAR',
‘PathshalaClassesJaipur', 'stresultofficial’,
"QArmyJapanFlynn', 'mainnews’', 'morefaternews', 'CENmedia’,
'"FLM888', 'CENmedia']

T T

Listing S.45: The seed list used to in the snowball crawling. The list contains 100 different channels
which are used to start the crawling process i.e. they are the starting point for the data
acquisition. If a included channels still exist they can be accessed online by using the
following link https://t.me/<chat_name>.
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