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Abstract

Background The stigmatisation of gamblers, particularly those with a gambling disorder, and self-stigmatisation are
considered substantial barriers to seeking help and treatment. To develop effective strategies to reduce the stigma
associated with gambling disorder, it is essential to understand the prevailing stereotypes. This study examines

the stigma surrounding gambling disorder in Germany, with a particular focus on user comments on the video
platform YouTube.

Methods The study employed a deep learning approach, combining guided topic modelling and qualitative
summative content analysis, to analyse comments on YouTube videos. Initially, 84,024 comments were collected
from 34 videos. After review, two videos featuring a person who had overcome gambling addiction were selected.
These videos received significant user engagement in the comment section. An extended stigma dictionary

was created based on existing literature and embeddings from the collected data.

Results The results of the study indicate that there is substantial amount of stigmatisation of gambling disorder

in the selected comments. Gamblers suffering from gambling disorder are blamed for their distress and accused

of irresponsibility. Gambling disorder is seen as a consequence of moral failure. In addition to stigmatising statements,
the comments suggest the interpretation that many users are unaware that addiction develops over a period of time
and may require professional treatment. In particular, adolescents and young adults, a group with a high prevalence
of gambling-related disorders and active engagement with social media, represent a key target for destigmatisation
efforts.

Conclusions [tis essential to address the stigmatisation of gambling disorder, particularly among younger
populations, in order to develop effective strategies to support treatment and help-seeking. The use of social media
offers a comprehensive platform for the dissemination of information and the reduction of the stigmatisation

of gambling disorder, for example by strengthening certain models of addiction.

Keywords Stigma, Self-stigma, Gambling, Gambling disorder, Personal responsibility, Social media, YouTube, Guided
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Background

A new State Treaty on Gambling entered into force in Ger-
many in 2021. This first uniform federal regulation led to
the liberalisation of the German gambling market by legal-
ising previously illegal forms of gambling such as online
sports betting and virtual slot machines [1]. The role of the
state in protecting the population from harm caused by
gambling is emphasised. The objective is to further reduce
the prevalence of gambling disorders' and ensure effective
player protection, especially for children and young people.
Recent surveys indicate that 2.4% of the German popula-
tion suffers from a gambling-related disorder [5]. Negative
consequences include financial problems, psychological dis-
tress, criminal activity [6] and even suicide [7]. The personal
environment of affected persons, such as their partners and
families, often suffers from the situation as well, as personal
relationships are disrupted and the risk of domestic violence
increases [7]. Gambling disorder is considered a behav-
ioural addiction and is on a par with smoking, problematic
drinking and recreational drug use [8]. Of particular con-
cern is the fact that adolescents and young adults represent
the group with the highest incidence of gambling disorder
in Germany [5]. Among 18-25 year-olds, the prevalence
reaches 4.9%, while among 26-35 year-olds, it stands at
3.7%. Therefore, protecting vulnerable groups from devel-
oping a gambling disorder is paramount and underlines
the necessity of the German State Treaty’s objective to cre-
ate conditions for effectively combating gambling addic-
tion, for example through prevention strategies and therapy
offers. Although gambling in Germany is only permitted
from the age of 18, 0.4% of 16- to 17-year-olds suffer from
a gambling disorder [5]. In order to mitigate the early onset
of gambling-related harm among minors, it is essential to
implement robust age verification processes and strictly
enforce age restrictions, in addition to providing treatment
and therapy.

The effects and consequences of gambling on individu-
als and society are a global phenomenon, with impli-
cations that extend across national boundaries. This
conclusion was presented by the Lancet Public Health
Commission on Gambling in a recent report [7], that
clarified that gambling represents a global public health
problem. Estimates suggest that in 2023, 46.2% of the
adult population and 17.9% of adolescents worldwide
were involved in gambling activities. The figures for pos-
sible gambling-related disorders varied between 0.4% and
1.7% for women and 1.8% and 4.1% for men, depending
on the region [7].

! The existing literature uses the term problem gambling. Recent reports
(such as [2] and [3]) recommend the use of other terms that do not
themselves have a stigmatising effect. For this reason, this study uses the
term gambling disorder rather than problem gambling, as in the (DSM-5
(4]).
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In general, addictive disorders present significant chal-
lenges to public health, given that they are among the
most stigmatised health conditions [9, 10]. The stigmati-
sation of addictive disorders can be categorised into two
distinct forms: public stigma, which encompasses the
negative attitudes and beliefs held by the general public
towards a particular population group [11], and individ-
ual stigma, which reflects the perception of stigmatisa-
tion by the public on the part of the individual affected
[12]. Both forms of stigma are problematic as they have
been shown to be significant barriers to seeking treat-
ment for people with addictive disorders [13-19]. In
this regard, public perception of addictive disorders is of
importance, as it influences the extent to which addic-
tive disorders are associated with public stigma [20, 21].
Different models of addiction (MOAs) provide explana-
tions for the development and maintenance of addictive
disorders [20]. For instance, Rundle et al. [20] demon-
strate, that the moral model results in increased stigma-
tisation of addictive disorders, as addiction is perceived
as a moral transgression on the part of the individual
affected. Conversely, the psychological MOA, which cat-
egorises addiction as psychological issue [22], can assist
in reducing public stigma [20]. Thus, certain MOAs can
contribute to the reduction of the stigma associated with
addictive disorders.

Gambling disorder is often associated with stigma
[23-26]. While existing studies clearly demonstrate the
negative consequences of gambling disorder, research
on stigmatisation is limited [25, 27]. In addition to the
adverse effects on the individual’s personal well-being,
people who suffer from a gambling disorder are also
affected by social distancing [26, 28—31]. Moreover, the
stigmatisation of gambling disorder is reflected in the
fact that people affected by it are labelled with negative
attributes. These stereotypes portray them as compulsive,
impulsive, desperate, irresponsible, prone to risk-taking,
depressed, greedy, irrational, anti-social, and aggressive
[32]. In line with previous research indicating that addic-
tive disorders are frequently perceived as moral failure
[33-35], affected persons are blamed for their own situ-
ation. As noted by Miller and Thomas [36], the condem-
nation and stigmatisation of individuals with gambling
disorder are based on the ascription of exclusive personal
responsibility. Addictive behaviour is depicted as personal
misconduct, attributed to inherent weakness, character
flaws, and a lack of self-control [23, 24].

While most studies focus on the stigma associated with
gambling disorder [36], Horch and Hodgins [37] showed
that, in general, most forms of gambling are stigmatised
to a certain extent, regardless of whether those affected
are afflicted with a gambling disorder. In addition to its
negative impact on personal life, public stigma can lead
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to self-stigmatisation [24, 38—40]. It is irrelevant whether
those affected perceive public stigma, or whether they
are directly or personally affected. In the process of self-
stigmatisation, the affected person internalises prevailing
negative attributions and prejudices [24, 39-42], referred
to as individual stigma [21] or internalised stigma [12].
This results in the person adopting stereotypes, which
causes additional psychological distress and can lead to
lowered self-esteem. As a result, those affected blame
themselves for their personal problems and tend to
withdraw from their social environment. Those affected
frequently encounter difficulties acknowledging their
gambling disorder because of concerns about potential
self-image deterioration [25]. This makes it challenging to
seek available help and hinders the development of self-
confidence in those affected, impending their ability to
seek treatment [24]. Consequently, the stigmatisation of
gambling disorder is considered a major barrier to treat-
ment [25, 36, 39, 40, 43, 44], and also a cause of treat-
ment discontinuation [45], as attending therapy can carry
stigma itself [38].

To comply with the stipulations of the German State
Treaty on Gambling [1], a fundamental objective of
public health is to safeguard vulnerable populations
from gambling disorder and diminish the prevalence of
gambling-related disorder. Reducing stigma is a strategy
to encourage more individuals to seek treatment [39, 40,
44, 46). Increased awareness and a different perception
of the MOA associated with gambling disorder among
those affected by a gambling-related disorder, as well
as the general public, can help reduce stigma [36, 39,
43]. Social media represents a promising channel for
outreach. In Germany, where 60% of the population use
social media at least once a week [47], this channel holds
substantial potential. It is notable that among children,
adolescents, and young adults aged 14 to 29 years, 92%
engage with social networks on a weekly basis, with 62%
accessing these networks on a daily basis [47]. However,
these groups of young people are not only the most active
users of social media [47], but also coincide with the
groups with the highest prevalence of gambling disorder.
The most affected age groups are those aged 18-25 and
26-35 [5].

A wide range of social networks, including Facebook,
Instagram, TikTok, Twitter, and YouTube, have become a
integral part of our daily lives. These platforms operate
through user-generated content that may take the form
of uploading pictures, sending tweets, or engaging in
video commentary. The popularity of video platforms,
particularly YouTube, has grown significantly in recent
years. Currently, YouTube is the second largest social
network in the world with over 2.5 billion monthly users
[48]. In Germany, 81% of children and young people
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use this social network at least once a week [49]. It is
important to note that social media has evolved beyond
its role as a pure entertainment platform, becoming a
dynamic space for information and interaction. Users
actively seek to connect, exchange ideas and perspectives,
and share their emotions.

Content from social media offers researchers nearly
unlimited user-generated data that can be used in
scientific research. Textual data can be extracted from
social networks by leveraging appropriate Application
Programming Interfaces (APIs). Due to the large
amount of data, Natural Language Processing (NLP)
has emerged as a useful tool for identifying the specific
content of interest in text data. In addition to established
topic modelling techniques, such as Latent Dirichlet
Allocation (LDA), contemporary research is increasingly
employing deep learning models. One such example
is the Bidirectional Encoder Representations from
Transformers, commonly referred to as BERT [50].
BERT is considered to be one of the most powerful NLP
tools, because of its pre-trained word embedding model,
which allows it to map more precise representations of
words to sentences than comparable machine learning
methods [51, 52]. For instance, BERT has been employed
to analyse a range of content, including fake news [51,
53, 54], offensive language [55-58], online hate [59],
sentiment [60, 61], racism, stigmatisation [62] and drug
event detection [63] on social networks.

Previous studies have provided clear evidence of
the nature and (negative) consequences of stigma
associated with gambling disorder [26, 28-31]. Most
studies are based on interviews or surveys to identify
prevailing stereotypes [23, 24, 32, 36, 39, 64]. To our
knowledge, however, there are no studies for Germany
and no approaches that take social media into account.
This study represents the first attempt to investigate
stigmatisation associated with gambling disorder in
social media by employing a deep learning approach.
(i) After employing the deep learning approach, (ii) the
results were validated using a qualitative summative
content analysis and (iii) compared with the results from
guided topic modelling. Finally, (iv) the categories of
stigma associated with gambling disorder and supporting
statements are discussed.

Method

Identification of YouTube videos

The first step is to select suitable videos whose content
stimulates the exchange of users in the comments section
and directs the conversation on the issue of gambling
disorder. Therefore, videos are sought to (1) explicitly
address gambling disorder and (2) feature a person who
suffers from or has overcome a gambling disorder. For
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this purpose, five keywords, which were self-defined as
in other research approaches [65, 66], were determined.
The following keywords were identified as relevant to this
study: Gambling, sports betting, casino streams, gambling
influencers, gambling addiction. In addition, the following
selection criteria were established: (3) the videos and
comments must be in German, and (4) a video must have
at least 1000 comments.

To avoid the YouTube algorithm from skewing the
results based on the history of past searches it is neces-
sary to conduct the search in a private browser window
and perform the search without logging in to a YouTube
account. The search was then performed separately for
each keyword, and a list of the top 10 most viewed vid-
eos with at least 1000 comments was created. These lists
were matched and duplicates were removed. This pro-
cess yielded 34 distinct videos with 84,024 comments (see
Appendix: Table 11). A subsequent review of the videos
was conducted to ensure that a person who suffers from
or has overcome a gambling disorder was the focus of
the content. Two videos from the channel ‘Leroy wants
to know!? were identified as being of particular interest.
These videos are characterised by a high degree of seri-
ousness, given that the channel is part of the content net-
work of German public television called funk, represented
by the first public channel (ARD?) and the second public
channel (ZDF?*). Both videos were comparatively up-to-
date, with 11,813 comments in total. Although the videos
are also available on the official website of ZDF® and funk,®
only YouTube provides the functionality for users to post
comments. In the first video, a person who has overcome
a gambling disorder recounts his experiences of living with
a gambling addiction. In the second video, a person who
has overcome a gambling disorder engages in a discussion
with a former casino owner about the moral implications
and responsibilities associated with gambling. In both vid-
eos, the person who has overcome a gambling disorder is
featured throughout the entire video.

Data collection and processing

The YouTube Search Data APIv3 was leveraged to
extract the title, URL, upload date, number of views,
and comments of the selected videos, as well as the
upload channel. This requires a Google account and a

2 The German name for the channel is ,Leroy will's wissen!"

3 Working Group of the Public Broadcasting Authorities of the Federal
Republic of Germany.

* Second German Television.

5 Sample link to the second video in the ZDF media library: https://www.
zdf.de/funk/leeroy-wills-wissen-12187/funk-update-spielsuechtiger-trifft-
casinobesitzer---das-treffen-102.html

¢ Sample link to the second video in the funk media library: https://play.
funk.net/channel/leeroy-wills-wissen-12187/spielsuechtiger-trifft-casin
obesitzer-das-treffen-1796297
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personalised access key to the YouTube API. Table 1
provides an overview of the data collected: 11,813
comments from two videos were collected on November
23,2022.

The deep learning approach, including pre-processing
and guided topic modelling, was conducted using Python’
programming language and a range of packages.® As part
of the pre-processing, the text was converted to lower case,
and German diacritics were converted to their non-diacrit-
ical combinations. URLSs, punctuation, single letters, spaces,
numbers and German stop words were excluded. Addition-
ally, short words with fewer than three letters were removed
to reduce noise in the data. A special tagger for the Ger-
man language [71] was employed to lemmatise each word.
Although the lemmatiser yields superior results to conven-
tional stemmers, some words require manual correction. To
minimise noise in the data, short sentences with fewer than
ten words and rare words with fewer than 20 occurrences
were also removed from the corpus after tokenisation. The
final corpus for both videos consisted of 9451 tokens.

Creation of an extended stigma dictionary

As a preliminary step in the process of guided topic mod-
elling, a stigma dictionary was created. In the context of
NLP, so-called dictionaries are indispensable components.
They serve as the basis for the recognition of linguistic
phenomena in textual data, including stigmas [72—74]. For
this reason, a stigma dictionary is created in three steps
that contains terms associated with the stigmatisation
of gambling disorder. The initial step was to select words
from the existing research. One limitation of previous
studies is that they were based exclusively on interviews
and surveys. It can be assumed that people express prevail-
ing stereotypes differently in an anonymous setting, such
as the comments section of YouTube, than in a research
setting. A review of the data revealed that only three of the
19” negative attributions identified in previous studies [32,
36, 39], were present in the data set under study: foolish,
naive, and stupid (Table 2).

In the second step, four additional terms were added
to the dictionary: addiction, addict, gambling addicted
and gambling addict. As our approach is data-driven,
we increased the basis on which embeddings can be
used to search for terms that can be associated with
the stigmatisation of gambling disorder. This is the

7 The following version of Python was used during the work on this paper:
3.9.16.

8 Additional functions were used from the Gensim ([67]), NLTK ([68]),
NumPy ([69]) and Pandas ([70]) packages.

9 The full list of negative attributions is as follows: aggressive, anti-social,
compulsive, depressed, desperate, stupid, greedy, impulsive, irrational,
irresponsible, lazy, naive, risk-taking, selfish, foolish, uncontrolled,
unproductive, untrustworthy, weak-willed.
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Table 1 Information about the selected videos

Video title Channel name? URL Upload date Views (n) Comments (n) Gambling content®  Person with
agambling
disorder®

GAMBLING ADDICT  Leeroy will's wissen!  vVYGEKC_OLX0  2022-04-07 3,454,674 6864 Yes (100%) Yes (100%)

meets CASINO

OWNER | The

meeting

Whatisitlike TOBE Leeroy will's wissen!  PK_FTp4iHaQ  2020-08-31 1470656 4949 Yes (100%) Yes (100%)

ADDICTED

TO GAMBLING?

The data was collected at 23.11.2022. The video title was translated by the author. The videos are arranged in a chronological descending order based on their views

2 Channel names have not been translated as they are proper names

P Indicate the percentage of the total duration of the video which is dedicated to gambling content, or alternatively, the length of time that the person is visible within

the video

Table 2 Stigmatising terms from the literature found in the

dataset

Terms n
Foolish 40
Naive 39
Stupid 225

For the purposes of the stigma dictionary, the terms were translated into
German as follows: bléd, naiv, dumm

third step. The use of embeddings is well established
in NLP methods, such as the detection of hate speech
on social media [75-77]. As elucidated by Young et al.
[78], the supposition underlying the use of embeddings
is that words with analogous meanings are situated in
similar contexts. The utilisation of embeddings does not
constrain the creation of a stigma dictionary to terms
from the extant research literature; rather, it permits
the identification of terms that may be associated
with the stigmatisation of gambling disorder in the
aggregated data. Table 3 illustrates the ten most frequent
embeddings'® for the three existing negative attributions
in our dataset and the four additional terms that have
been added. Among these terms, those that exhibit
similarities to the stereotypes identified in the literature
are included in the stigma dictionary. For instance,
the word guilty was selected because it can stigmatise
gamblers with a gambling-related disorder by ascribing
guilt to them. Other terms that cannot be associated
with stigmatisation gambling disorder are disregarded.
All terms in bold in Table 3 are included in the stigma
dictionary.

The stigma dictionary comprises three categories of
terms: (1) terms that have been identified in existing
research, (2) additional terms that explicitly refer to

10 The FastText ([79] package was used to find embeddings.

(gambling) addiction, and (3) terms from embeddings
that can be associated with stigmatisation of gambling
disorder. The aim was to supplement known stereotypes
with negative attributions derived from the aggregated
data. In this way, the utterances of users can be
considered unfiltered, and it becomes clear how the
stigmatisation of gamblers with a gambling-related
disorder is produced in the everyday language of users.
By extending the stigma dictionary, a total of 16 negative
attributions were identified (Table 4). This extended
stigma dictionary serves as a guideline for the guided
topic modelling procedure carried out in the next step.
The embeddings of the term gambling addict indicates
that not only are negative attributions expressed towards
gambling disorder, but also supportive statements. The
semantic field of the term contains positive attributes such
as honest, respect, wish, sympathetic, honesty and strong
(Table 3). This finding suggests that users want to support
gamblers with a gambling-related disorder. A second dic-
tionary was created to test this hypothesis (Table 5). The
support dictionary comprising six terms, serves as an
additional starting point for guided topic modelling.

Guided topic modelling with BERT

The application of machine learning techniques to the
analysis of social media data is a valuable tool. NLP
techniques, such as topic modelling approaches, facilitate
the identification of topics within large amounts of text
data. By incorporating additional information, in this
case the extended stigma dictionary, the topic model is
guided to search for specific content, that is all comments
associated with the stigma of gambling disorder,
and to place them in the same category. Currently,
BERT! represents one of the most powerful tools and
demonstrates state-of-the-art performance in NLP

1 The following version of BERT was used during the work on this paper:
0.13.0.
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Table 3 Embeddings of the stigmatising terms from the literature found in the dataset and the additional terms

Terms Embeddings

Foolish Intelligence, over, total, run, position, nothing, rich, broke, opinion, insight

Naive Nowadays, guilty, weakness, bad, stupid, just, weak, exist, rip off, possibly

Stupid Smart, guilt, statement, complete, people, itch, person, no matter, such, stupidity

Addiction Gambling addicted, bad, issue, year, environment, gambling addicts, video, drug addiction, gambling addict, problem
Addicted Guilt, understand, casino, no matter, responsibility, casino owner, responsible, normal, people, owner

Gambling addicted
Gambling addict

Gambling addicts, operator, addiction, casino, gambling hall, gamble away, casino owner, lose, criminal, gambling addict
Honest, franklin, respect, wish, sympathetic, speak, honesty, interview, understand, strong

The embeddings and terms were translated by the author

All terms in bold are included in the Stigma Dictionary

Table 4 Extended stigma dictionary

Terms from the literature (n=3) Additional terms (n=4)

Embeddings (n=9)

Foolish, naive, stupid
addict

Addiction, addicted, gambling addicted, gambling

Guilty, guilt, stupidity, responsible, responsibility, weak,
weakness, criminal, gambling addicts

Table 5 Support dictionary

Embeddings (n = 6)
Honest, respectful, desirable, sympathetic, honesty, strong

tasks [50]. In contrast to other well-known methods,
such as LDA (as in [80]), BERT is a deep neural network
involving bi-directional transformers that implement
attention mechanisms. This specific architecture
enables accelerated training and concentration on the
essence of texts. BERT pre-trains deep bi-directional
representations of unlabelled text, thereby enabling
more accurate words-to-sentences representations than
comparable machine learning methods [51, 52]. BERT
is a relatively new model, and to our knowledge, this is
the first time that it has been applied to German text data
from YouTube.

The initial stage of the proposed deep learning
approach to analysing the stigmatisation of gambling
disorder in YouTube comments involves guided topic
modelling using BERT. By assigning negative (stigma)
and positive (support) attributes to different seed topics,
the model can assign specific keywords to different
content categories [81]. BERT serves as a filter for the
aggregated dataset by filtering all tokens that can be
associated with the stigma of gambling disorder into a
topic based on the extended stigma dictionary. A similar
process was employed for the positive attributions and
the support dictionary. In the second step, a qualitative
summative content analysis was conducted to assess the

plausibility of the assignment of each token to the stigma
and support content categories.

Analysing social media data using machine learning
methods is challenging. For NLP methods to function
effectively, the data must undergo pre-processing. This is
particularly evident in the sometimes slang-like German
YouTube comments. Social media users do not adhere to
standard language conventions, and language correction
and lemmatisation are less effective in German than in
English. Although short sentences of less than 10 words
were removed during pre-processing, the remaining data
were often still short sentences. As these have limited
semantic content, BERT is not able to assign these tokens
to a topic in a meaningful manner and marks them as
outliers that cannot be assigned to any of the topics. For
optimisation purposes, during the exploratory stages
of our work, the following parameters yielded the best
performance in reducing the number of outliers and
avoiding the generation of identical topics (Table 6):
min_topic_size was set to 30 to adjust the minimum
size of a topic. This was done with the intention of
minimising the number of outliers and including as many
comments as possible in the model. A greater number
of topics results in the creation of identical categories.
Conversely, a smaller number of topics would preclude
the possibility of defining categories defined by a limited
number of tokens, potentially leading to their integration
into other topics. Furthermore, the number of generated
topics was constrained to 10 (nr_topics=10) to divide the
tokens into as few different categories as possible, while
also preventing the generation of identical categories.
Finally, the algorithm is permitted to form bigrams from
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Table 6 Optimal parameters for BERT

Parameter min_topic_size nr_topics n_gram_range

Value 30 10 1,2

individual tokens (n_gram_range=(1, 2)). This enables
the examination of words used in combination, such as
“gambling addiction’, rather than individual words alone.
For example, bigrams enable our model to differentiate
between gambling disorder in Topic 0 (“gambling addict”)
and other addictions in Topic 4 (“addicted”; “alcohol”;
“cigarette”) (Table 7).

Qualitative summative content analysis

Due to known difficulties of machine learning methods
in analysing data from social media, a qualitative
summative content analysis [82] was performed to
validate the findings of the guided topic modelling.
For this purpose, all comments associated with the
stigmatisation of gambling disorder (Topic 0) and
the support for the person affected (Topic 6) were
subjected to manual review. The qualitative analysis
was carried out independently by two researchers,
to ensure inter-rater reliability, and was based on the
methodological guidelines of Hsieh and Shannon [82]

Table 7 Top terms per topic and match with the dictionaries
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for qualitative summative content analysis. The process
is both inductive and deductive, as keywords can be
defined before and during analysis. In this case, terms
that have been previously identified as relevant to the
stigmatisation of gambling disorder are taken up from the
existing literature (stigma dictionary) and supplemented
by corresponding embeddings from the aggregated
dataset (extended stigma dictionary). All comments to be
analysed were saved in an Excel spreadsheet for manual
coding. Cohen’s k [83] was calculated to measure the
inter-rater reliability between the two researchers.

Results

Results of the deep learning approach

The results of the deep learning approach are listed
in Table 7. For each of the ten topics generated, ten
essential keywords can be seen. As specified in the
hyperparameters (nr_topics), BERT filters the tokens
of the aggregated dataset into ten topics. A look at
the keywords suggests that Topic 0 can be associated
with stigmatising gambling disorder, and Topic 6 with
supporting gamblers with a gambling-related disorder
(Table 7). The keywords in the topics matched the terms
in the dictionaries created. Six of the ten terms in Topic
0 matched the stigma dictionary. Topic 6 contained
four terms, whereas the support dictionary contained

Topic Keywords

Matching keywords
with stigma dictionary

Matching keywords with
support dictionary (n=6)

(n=16)

0 Guilt, guilty, responsibility, responsible, human, money, stupid, gambling 6 0
addict, people, moral

1 Euro, year, money, feel, addicted, win, gaming hall, cheesburger, life 1 0

2 Video, video video, interesting, super, format, interesting video, super video, 1 1
gambling addict, channel, respect

3 Money, lose, human, invest, earn, addicted, gaming hall, gambler, win, gamble away 1 0

4 Alcohol, alcoholic, addicted, drink, guilt, human, casino, sell, responsible, cigarette 3 0

5 Youtubestreamer?, youtubeinﬂuencerb, youtube, youtubestreamer, youtuebstreamer, 0 0
video, youtubeinfluencer youtubestreamer, youtubeinfluencer youtubeinfluencer,
youtubereporter<, format, video youtubestreamer

6 Gambling addict, sympathetic, hope, gambling addict gambling addict, wish, 1 4
strong, gambling addict sympathetic, gambling, make, sympathetic gambling
addict

7 Channel, activate, bell, subscribe, channel activate, bell subscribe, activate bell, 0 0
subscribe channel, topic, gladly channel

8 Algae®, algae algae, addiction, addicted, first, out, please, gamble away, hello, 2 0
gaming hall

9 Format, interesting, super, cool format, cool® format, cool, cool, super format, format 0 0

format, format interesting

The terms were translated by the author. Bigrams permit the naming of terms twice and the use of different combinations of words

@ ~The terms reprsent pre-processed categories of proper names of corresponding streamers, influencers and reporters on YouTube

9The term is used to describe a symbol that is displayed on a slot machine game

€ In German, the term‘geil’is used. Its literal translation is ‘horny’, but in everyday language, it is used more like ‘cool’ or'nice’
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Table 8 Stigmatisation and support for gambling disorder in the

dataset

Topic n Proportion of
classified comments
(4206)

Stigmatisation 850 20%

Support 335 8%

six terms. If we include the term gambling addict, there
are even eight matches. In contrast, the other topics
had comparatively fewer matches with the dictionaries
(Table 7).

Following the completion of the Guided Topic
Modelling process, BERT classified 5245 comments as
outliers, indicating that they could not be assigned to a
topic. The remaining 4206 tokens were filtered into the
10 created topics. As shown in Table 8, 850 comments
can be assigned to the stigmatisation of gambling
disorder. The number of tokens that can be attributed to
the support of gamblers with a gambling-related disorder
was 335. After excluding outliers, BERT sorts 28% of
the comments in our aggregated dataset into two topics
that we are seeking. Of these, BERT classified 20% of the
comments as stigmatising and 8% as supportive.

Results of the qualitative summative content analysis

A qualitative summative content analysis [82] was
conducted to assess the viability of the guided topic
modelling approach. A total of 1185 tokens from Topic
0 and Topic 6 were coded manually. This qualitative
classification is based on knowledge about the stigma
associated with addictive disorders, particularly
gambling disorder. The results are of interest because
they enable an analysis of the way in which users
create such stereotypes in their everyday language
use. However, they are primarily intended to serve the
purpose of testing the categorisation of the guided topic
modelling approach. To ensure inter-rater reliability, the
comments were coded by a second researcher. Cohen’s
K was calculated to measure the inter-rater reliability
[83]. Table 9 demonstrates a consistently high level of

Table 9 Topics of the 1,185 classified comments
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inter-rater reliability between the two researchers, with
Cohen’s k values of 0.92 and 0.98.

Comparison of the guided topic modelling

and the qualitative analysis

The results of the qualitative analysis indicated
inaccuracies in the guided topic modelling process
(Table 8). BERT filters 1185 tokens from the aggregated
dataset into Topic 0 and Topic 6. The qualitative analysis
revealed that only 666 tokens could be attributed to
stigmatising gambling disorder, and only 168 tokens
indicate support for gamblers with a gambling-related
disorder. In comparison to the deep learning approach,
the proportion of stigmatising comments in the total data
set was thus 16% instead of 20%, while the proportion of
supportive comments was 4% instead of 8%.

Categories of stigma associated with gambling disorder
and supporting statements

The results of the deep learning approach in combination
with a qualitative summative content analysis offer
valuable insights into the practices of users expressing
themselves in the comment sections of the selected
YouTube videos. The aggregated dataset reveals the
presence of tokens that can be associated with both
stigmatisation of gambling disorder and supportive
expressions towards gamblers with a gambling-related
disorder. For instance, users describe the person who
has overcome a gambling disorder in the videos as
sympathetic or strong. Furthermore, they also try to give
him a sense of self-belief and hope that he will remain
healthy.

Table 10 presents a series of illustrative examples of
stigmatisation as identified by the BERT classification
and qualitative summative content analysis. These
examples demonstrate that stigma associated with
gambling disorder manifests in various forms. On the one
hand, there are personal insults, which label the person
with gambling-related disorder as stupid, weak (Table 10,
comment number 132), or not intelligent, and pejorative
terms, such as loser or junkie. Other terms suggest that
the person with gambling-related disorder lacks personal

BERTopic Qualitative analysis Agreement between
BERTopic and the qualitative
analysis
n % n % Cohen’s k® %
Stigmatisation 850 20 666 16 092 78
Support 335 8 168 4 0.98 50

2The value for Cohen’s k refer to the agreement of the two researchers regarding the qualitative coding of the 1185 comments identified by BERT as topics for

stigmatisation and support
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Table 10 Examples of different categories of stigma associated with gambling disorder in the aggregated dataset

Comment Content of the comment

Type of stigmatisation

number®

132 Stupid and weak meets strong and smart, is not hate but that's just how | see it’ Personal insult

166 ‘Mario® takes no responsibility for himself and his actions it seems’ Not taking responsibility

1 ‘The gambler blames others instead of himself’ Blaming others

53 ‘Those who play and become addicted have only themselves to blame’ Own fault

294 ‘@Dr. D The fact that addiction is always and repeatedly seen as a disease is an absolute problem. With this Gambling addiction is not an
argumentation, all responsibility is swept away. Addiction is a choice. You can't do anything for a disease. That  addictive disease
is an immense difference. That's where | criticise all psychologists and doctors. It's terrible!

684 ‘Good that you say that. The thought came to me immediately. In the "self-determined" system that we want Restriction of personal freedom
(with all its freedoms and duties), we have to reckon with outliers. Otherwise we would have to regulate
everyone and that would take away our freedom.

628 ‘'can understand both sides, but | would never blame an arcade owner, because at the end of the day there are  Relativising gambling addiction
so many addictions. Take shopping addiction, for example. Do you want to blame clothes manufacturers and
ask them, "Why do you make clothes?’

568 ‘@Gloria Viktoria | was an addict myself and that’s why | have this opinion. it's always your own decision ifand  Self-stigmatisation

how you do something. if you look for excuses afterwards and don't think that it was/is your fault, | think it just
shows how weak the person is. and | don't even mean that in a bad way AN a simple example would be do
you cheat on your partner because you feel the need to or don't do it because it's against your morals? a simple

decision for everyone and yet some people do it. do you want to tell me that the person is not responsible for

that?’

The examples were corrected and translated by the author

@ Comment number indicates the position of the comment in the whole dataset

b Mario is the name of the person in the two videos who suffered from a gambling disorder

responsibility (Table 10, comment number 166). Some
statements also point to the stereotype that individuals
with gambling-related disorders attempt to shift blame
to others for their situation instead of taking personal
responsibility for their own lives (Table 10, comment
number 1). Regarding personal responsibility, it is argued
that it is not feasible to protect all individuals from
potential harm to their health. Otherwise, the autonomy
of other members of society would have to be constrained
to an extensive degree (Table 10, comment number 684).
Comparisons were made with other addictions such
as alcohol, tobacco or shopping addiction. By making
this comparison, some users marginalise the problem
of gambling disorder and use this relativisation to place
responsibility for developing a gambling disorder solely
on the individual (Table 10, comment number 628).
Some users even doubt that addiction exists (Table 10,
comment number 294) and argue that the concept of
addiction either serves as an excuse for those affected or
deprives them of the opportunity to take responsibility
for their own situation (Table 10, comment number
53). It is also important to note that a small proportion
of users reported that they themselves suffer or have
suffered from a gambling-related disorder. This reinforces
the stereotypes described as a form of self-stigmatisation.
Not only have the individuals internalised the prevailing
stereotypes, but they also confront others with them
(Table 10, comment number 568)).

Discussion
This study contributes to existing research on stigma-
tisation of gambling disorder. User data provided by
social media were used for the analysis of linguistic
phenomena. By employing a deep learning approach,
it is possible to identify statements that can be associ-
ated with the stigmatisation of gambling disorder in the
aggregated data set derived from the comment section
of two selected videos on the video platform YouTube.
An extended stigma dictionary was created for analysis.
In addition to terms from the existing literature, terms
and their embeddings from the aggregated data set were
used as the basis for identifying stigma associated with
gambling disorder. Despite the differences between the
guided topic model and qualitative summative content
analysis, statements can be made about how stigmatising
statements about gambling disorder are produced in the
language used by users. For example, people are labelled
with negative attributes, a lack of personal responsibility
is attributed to them, or they are blamed for their situa-
tion (Table 10). In addition, some statements show a ten-
dency towards self-stigmatisation. These findings are
consistent with previous studies [24, 26, 32, 36] and show
that the prevailing stereotypes are associated with moral
judgements about the behaviour of gamblers with a gam-
bling-related disorder.

The findings are cause for concern, as stigmatisation
and self-stigmatisation are considered major barriers
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to the treatment of gambling-related disorder [25, 36,
37, 39, 40, 43, 44]. In Germany, the number of people
with a gambling-related disorder is highest among
adolescents and young adults [5]. The objective of public
health care is to safeguard the population, particularly
vulnerable groups, from the adverse effects of gambling.
Social media represents a potential starting point in this
regard, as children and young people in particular are
the most active user group of social networks [84]. Social
media has considerable potential as a tool for engaging
with vulnerable groups. It offers a platform for raising
awareness of the issue of stigma and gambling disorder,
and thus contributes to the destigmatisation of gambling-
related disorders.

Existing research has shown that perceptions of
addictive disorders are linked to public perceptions
of their development and maintenance [20]. Different
MOAs can lead to varying levels of public stigma [20, 21,
85]. For example, the moral MOA leads to higher levels
of stigma towards some addictive disorders, including
gambling disorder [20]. Here, the cause of the disorder
is attributed to voluntary choice and moral failing [17,
85-87], which is partly reflected in the comments from
the aggregated data set that may be associated with the
stigmatisation of gambling disorder (Table 10). However,
there are also positive statements that do not accuse
the person affected of moral failure and are meant to be
supportive. As McGinty and Barry [88] showed, language
can make an important contribution to reducing stigma,
depending on how it is used to communicate with, define
and educate others. Strengthening certain MOAs, such
as the psychological MOA, can not only help reduce
the public stigma of addictive disorders, including
gambling disorder [20], but also prevent those affected
from reinforcing existing stereotypes and experiencing
self-stigmatisation [39, 89-91]. The destigmatisation
and prevention of self-stigmatisation are important
public health strategies to protect people, especially
vulnerable groups, from public stigma and its negative
consequences.

Limitations and future directions

A limitation of the present study is the exclusive focus
on a single social network, YouTube. The requirements
of the video platform allow users to appear anonymously
without their real-world names. Therefore, we cannot
say who has watched the selected videos or who the
authors of the individual comments are, as we do not
have further information such as age or gender. This
aspect may influence what users say, for example if
they make a stigmatising comment or insult under the
protection of anonymity. Future research should try to
collect additional user data, such as demographic data,
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and consider other social networks to analyse the stigma
associated with gambling disorder. In this way, more
precise statements can be made and differences between
genders and age groups can be identified. The same
applies to language choice. While only German videos
and comments were considered in this study, other
languages can be included in the analysis of other studies.

Furthermore, the selection of videos was limited to one
channel on YouTube, which is subsidised by the public
broadcaster in Germany. Although we were not able to
collect user data, it can be assumed that the audiences for
different videos on different channels may differ, possibly
also by language. It is also conceivable that attitudes
may differ, for example in the perception of gambling
addiction. Future approaches should take this into
account.

The selection of YouTube videos was based on the
consideration that individuals who have (overcome) a
gambling disorder are featured for the entire duration.
The videos were selected because their content stimulates
user dialogue in the comments section and directs
conversation towards the topic of gambling disorder.
This results in a data frame with a sufficient number of
11,813 comments, which is reduced to 9451 tokens after
pre-processing. Therefore, the two selected videos are
not representative of other videos in which gamblers, for
example, only appear as peripheral figures or other social
networks. For future research, it would be beneficial to
aggregate larger amounts of data in order to be able to
make more representative statements about prevailing
stereotypes associated with gambling disorder.

Overall, when analysing the stigmatisation of gambling
disorder, it seems useful to consider different social
networks, languages and larger amount of data. In
particular, for the development of specific prevention
strategies, it seems useful to examine different social
networks to consider the specificities of the respective
platforms. The different functions of social networks
pose different challenges for the development of stigma
reduction interventions, but at the same time offer
different opportunities, such as raising awareness
through different forms of communication including
notifications, comments, pictures, or videos.

The language and some expressions used on social
media present a challenge for the application of
NLP techniques. This is because of the way users
express themselves on social media, which often
involves short sentences, sometimes single words or
meaningless statements. By contrast, BERT is trained
on long coherent sequences [52]. Speech recognition
or lemmatisation packages often deliver comparatively
poorer results in German than in English. Consequently,
a significant proportion of terms and words had to be
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manually corrected during the pre-processing stage.
Approximately half of the tokens could not be assigned to
a specific topic and were classified as outliers; therefore,
they were excluded from further analysis. This resulted
in a reduction of the data set from 9451 comments after
pre-processing to 4206 comments at the end. Further
research could concentrate on the refinement of the pre-
processing and optimisation of the model parameters,
enhancing the informative value of the model and
therefore reducing the number of outliers to a minimum
extent. It would also be beneficial to analyse data from
social media using so-called Large Language Models
(LLMs), given that they deliver superior results when
processing textual data in comparison to classic NLP
models [92]. For example, these models are able to detect
moral framings in textual data, as shown in a recent study
by Sun and Fang [93]. If a more precise differentiation is
possible, a distinction between different forms of stigma
would be conceivable, for example between public stigma
and self-stigmatising statements.

A qualitative summative content analysis was con-
ducted to verify the plausibility of the results from the
guided topic modelling process. This method is subject to
a degree of subjectivity on the part of the researchers. To
minimise this limitation, the coding of the data was car-
ried out by two researchers and Cohen’s k [83] was cal-
culated, to measure inter-rater reliability. Although the
comparison between the qualitative analysis and deep
learning approach shows inaccuracies, with agreements of
78% for Topic 0 and 50% for Topic 6, the results are still
interpretable. The primary aim of the study was not to
quantify stigmatising statements, but rather to investigate
how prejudices and stereotypes towards gambling disorder
are created in the language used by users. However, only
the comments were analysed using qualitative summa-
tive content analysis, which was classified in the first step
using the deep learning model. In addition to improved
NLP techniques, such as LLMs, to analyse larger amounts
of text data, it would also be conceivable to use qualitative
methods to obtain a detailed picture of stigmatisation on
the one hand and supportive statements on the other. An
in-depth understanding could be the basis for some destig-
matisation approaches.

Conclusions

This study represents a first approach for Germany to
analyse the stigmatisation of gambling disorder in social
media using a deep learning approach. The results of
the guided topic modelling and qualitative summative
content analysis demonstrate that deep learning
methods, in this case BERT, are capable of identifying
linguistic phenomena in text data. The model revealed
the presence of various statements that can be
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associated with the stigmatisation of gambling disorder
on the video platform YouTube. As demonstrated in
previous studies [23-26, 36, 64], gambling disorder
is associated with negative attributions and moral
judgements. Future approaches could attempt to
further optimise the model parameters to analyse as
much semantic information as possible, by reducing
the number of outliers. The use of Large Language
Models could also be considered, as they have been
shown to deliver superior results when processing text
data compared to classic NLP methods [92].

Public understanding of how addictions develop and are
maintained is crucial for the perception of addictive dis-
orders [20]. Different MOAs may result in varying levels
of stigmatisation [20, 21, 85]. The statements in the aggre-
gated data set that can be associated with the stigma of
gambling disorder exhibit similarities to the moral MOA,
in that addiction is attributed to a moral failure on the part
of the person affected [85]. Previous studies have dem-
onstrated that the stigmatisation and self-stigmatisation
associated with gambling disorder represents a signifi-
cant barrier to treatment for those affected [25, 36, 37, 39,
40, 43, 44]. To address this issue, it is essential that public
health plays a role in the implementation of effective pre-
vention measures. Strengthening specific MOAs can lead
to a change in the public perception of addictive disorders
and, consequently, to a reduction in the stigma attached
to gambling disorder. Reducing stigma also helps prevent
self-stigmatisation of those affected by making it less likely
that stereotypes will be internalised [39, 89-91]. As dem-
onstrated by Rundle et al. [20], the psychological MOA
can help reduce the stigma associated with addictive disor-
ders, including gambling disorder. This is because it leads
to a more compassionate and empathetic understanding
of individuals struggling with a gambling disorder [21], as
suggested by the supportive expressions in our aggregated
data set. Furthermore, it is a public health responsibility
to provide comprehensive treatment options and clearly
communicate their availability and where to access them
[94]. The dissemination of information via social media
represents an appropriate channel for reaching the general
public, particularly vulnerable groups. This further under-
scores the potential of this platform in contributing to the
destigmatisation of gambling-related disorders. Those
with a gambling-related disorder must be made aware that
treatment is available, that recovery is possible [43] and
that seeking help is not a sign of weakness but, above all, a
sign of strength [24, 43].

Appendix
See Table 11.
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Gambling

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content

Person with
agambling
disorder

Coin Master—Rip-
off with FUN |
NEO MAGAZIN
ROYALE with Jan
Bohmermann—
ZDFneo

KNOSSIS biggest BOOK
OF DEAD WIN EVER!
®a

How rich will | get
from gambling?—
Self-experiment

in a gambling hall

Gambling addiction—
The business
of gambling halls

Online gambling
in Schleswig-Holstein |
ZDF Magazin Royale

Gambling addiction:
What makes gambling
at the slot machine
so dangerous? || PULS
Reportage

Elena LOSES at Gam-
bling + Embarrassing
Story | Talk with Elena
Online casino—How
the gambling hype
works on Twitch

1 week online
casino—500€

turned into —€ | self-
experiment

40 hin the arcade: Do
the staff intervene? |
stern TV (2013)

ZDF MAGAZIN ROYAL

Knossi

tomatolix

Y-Kollektiv

ZDF MAGAZIN ROYAL

PULS Reportage

Cheasy

Y-Kollektiv

Tomary

stern TV

HTeTjx4k9jQ

7vb5WpYNbVAP

zvGFT1g35gc

GegsXxdH2zl

9RV6i_zjoFI

KTTu1FZkIEs

Rbuy_oX5-5g

3x8mlaabals

Tj6ThacnbkQ

Cnok4vLIJIM

2019-10-10

2019-07-30

2017-09-16

2017-01-12

2020-11-20

2020-01-08

2020-04-26

2019-12-05

2020-05-09

2022-08-23

3469481

3.255.124

2.931.371

1.844.735

1.301.332

1.243.801

785516

616.705

654.732

509.553

4.923

1.861

4.044/4.037

1.689

3.025

2.646

1.109

2.152

1.240

1.091

Yes (100%)

Yes (100%)

Yes (100%)

Yes (100%)

Yes (100%)

Yes (100%)

No

Yes (100%)

Yes (100%)

Yes (100%)

No

No

Yes (23%)

Yes (22%)

No

Yes (52%)

No

Yes (10%)

Yes (12,5%)

No

Sports betting

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content

Person with
agambling
disorder

Exclusive: Members
of the betting mafia
spill the beans | STRG_F

Money laundering
at Tipico shops &co |
STRG_F

Are sports bets
dangerous? Meini

vs. gambling || PULS
Reportage

I bought manipulated

sports betting results
on the Darknet!

STRG_F

STRG_F

PULS Reportage

Torben Platzer

Y79yUhdGhrU

GKJ3_bfomsu

TyPSB-5CPJo

wNEuUSJIQYko

2018-11-26

2019-06-11

2020-10-28

2022-10-30

1.957.584

1.093.583

458358

439446

2.757 /2754

1.710

1.135

1.346/1.347

Yes (12%)

No

Yes (100%)

No

No

Yes (30%)

No
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Sports betting

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content Person with

agambling
disorder

Through SPORTS
BETTING to the ROLEX |
Trade Up'05 | @Dave

Getting rich

through sports betting?
(Matched Betting
Experiment)

Getting rich
through betting
experts? (experiment)

DAVE

SELTIX

SELTIX

AfNIH_rA4EY

ZUKEcnN6_Eo

sD-SI5BM9jg

2021-01-12

2021-02-27

2021-04-28

425.689

417.000

225899

1.769

1.575

1.092

Yes (100%)

Yes (100%)

Yes (100%)

No

No

No

Casino streams

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content

Person with
a gambling
disorder

ALGE ALGE! MEGA WINN!
@ | RAZOR SHARK
KNOSSIS biggest BOOK
OF DEAD WIN EVER!

il

MONTE donates
€1000 to KNOSSI LIVE
in STREAM! @

KNOSS! on a VISIT &
Spider in the Gaming
Room—Part 1 |
MontanaBlack Stream
Highlights
MONTANABLACK

on times as a drug junkie,
scandals, casino streams
(Realtalk) & his drive
(+Yapi)

MOST Twitch Subscribers
Worldwide Live

Cracked feat. Knossi &

| MontanaBlack Stream
Highlights

Original XXL Rolex
12,000€ won

at the casino @
MontanaBlack Stream
Highlights

RUNA RUNA! | Stream
EXCALATES COMPLETELY
@ | Book of the Dead

dangerous CASINO
ADDICTION in GTAS5 | Part
2| SpontanaBlack

Casino streams
regretted? @ Criticism
of the community + call
to KNOSSI @
MontanaBlack Realtalk

Knossi

Knossi

Knossi

Die Crew

Tim Gabel

Die Crew

Die Crew

Knossi

SpontanaBlack

Richtiger Kevin

-NKbRwwWMIUP

7vb5WpYNbvAP

BUXWObWxm_0°

xRoQM60zXPE

STDILVUQGMI

3yD3olxiwI8

TtgBWIZMhA

1oFvholfig*

_FfUgOUpZKA

nc2pSJ6TMMQ

2019-09-07

2019-07-30

2019-05-20

2021-07-31

2020-03-15

2019-09-02

2019-06-19

2020-04-07

2021-05-22

2020-01-31

4.036.995

3.255.124

3.016.542

2.930.587

2.635.055

2.534.139

1.188.397

1.157.550

960.042

877312

2.808

1.861

1.278

4.558 /4557

3.046

1.965

1.043

1.336

Yes (100%)

Yes (100%)

Yes (100%)

Yes (13%)

Yes (12,5%)

No

Yes (37,5%)

Yes (100%)

Yes (60%)

Yes (70%)

No

No

No

No

No

No

No

No

No

No
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Gambling influencer

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content

Person with
a gambling
disorder

Online casino—How
the gambling hype
works on Twitch
Online casinos: How
Influencers Earn
from the Addiction
of Others | frontal

Y-Kollektiv

ZDFheute Nachrichten

3x8mlaabals

3RoueSVbITI

2019-12-05

2020-10-29

616.705

239485

2.152

2.056

Yes (100%)

Yes (100%)

Yes (10%)

Yes (20%)

Gambling addiction

Video title

Channel name’

URL

Upload date

Views (n)

Comments (n)

Gambling content

Person with
agambling
disorder

GAMBLING ADDICT
meets CASINO OWNER
| The meeting

How rich will I get
from gambling?—
Self-experiment

in a gambling hall

Gaming addiction
in Korea | Galileo |
ProSieben

In the GAMBLING
HELL—The addiction
to gambling—A look
behind the scenes
of the industry | HD
Doku

Gambling addiction—
The business
of gambling halls

What is it like TO BE
ADDICTED
TO GAMBLING?

Gambling addiction:
What makes gambling
at the slot machine

so dangerous? || PULS
Reportage

Addicted to Gambling
with Hartz IV | Poor
Germany | RTLZWEI
Dokus

Gambling
addiction—A self-
experiment

How 7 vs Wild helped
me with my gambling
addiction | Conclusion

Leeroy will's wissen!

tomatolix

Galileo

WELT Doku

Y-Kollektiv

Leeroy will's wissen!

PULS Reportage

RTLZWEI Dokus

mailLab

RELOADIAK

VYGEKC_OLXO

zvGFT1g35gc

_COKLfqIQx0

mFJGBL4uQiQ

GegsXxdH2z|

PK_FTp4iHaQ

KTTulFZkIEs

usvUxAaOrBO

ZARJpQF2WCs

SSZG8UA3NTQ

2022-04-07

2017-09-16

2016-07-16

2019-10-08

2017-01-12

2020-08-31

2020-01-08

2020-06-28

2019-07-26

2020-01-08

3454674

2.931.371

2676917

1.906.796

1.844.735

1.470.656

1.243.801

1.241.186

689.064

597.450

6.864

4,044

7418

2.109/2.107

1.689

4.949

2.646

1.952

3.721

1.231

Yes (100%)

Yes (100%)

No

Yes (100%)

Yes (100%)

Yes (100%)

Yes (100%)

Yes (33%)

Yes (100%)

Yes (10%)

Yes (100%)

Yes (23%)

No

Yes (4%)

Yes (22%)

Yes (100%)

Yes (52%)

No

No

Yes (10%)

The data was collected on 11/23/2022. The video title was translated by the author. The videos are arranged in a chronological descending order based on their

number of views

?The channel names have not been translated as they are proper names

b The videos were no longer available at the time of last review on 07/23/2023
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