hitps: / /doi.org/10.2352/E1.2025.37.3. MOBMU-327
© 2025, Society for Imaging Science and Technology

OSINT Investigation of Social Media for Classifying Reactions

to Cannabis Legalization

Berfin Ebrar Atabey', Resul Bedii Giimiig', Franziska Schwarz|©?, Klaus Schwarz®>*, Reiner Creutzburg ©73

! Ss. Cyril and Methodius University of Skopje, Boulevard Goce Delchev 9, Skopje 1000, North Macedonia
2 SRH University, School of Technology and Architecture, Sonnenallee 221c, D-12059 Berlin, Germany
3 Technische Hochschule Brandenburg, Department of Informatics and Media, Magdeburger Str. 50, D-14770 Brandenburg,

Germany

4 University of Granada, Faculty of Economics and Business, P° de Cartuja, 7, ES-18011 Granada, Spain
Email: eb.atabey@gmail.com, r.bedii.gumus@gmail.com, klaus.schwarz@srh.de, f.schwarz@posteo.de,

reiner.creutzburg@srh.de, creutzburg@th-brandenburg.de

Keywords:
Sentiment Analysis, Natural Language Processing (NLP)

Abstract

This study employs Open-Source Intelligence (OSINT) tech-
niques to analyze social media sentiment regarding cannabis le-
galization in Germany on April 1, 2024, focusing specifically on
Reddit content. The methodology involves data collection, clean-
ing, clustering, and sentiment analysis using natural language
processing. This research utilizes sentence transformer models
for text embedding and K-means clustering algorithms to iden-
tify distinct perspectives on legalization. Sentiment analysis was
conducted using a pretrained BERT-based model developed by
Hugging Face. The results revealed seven distinct clusters rep-
resenting different themes and sentiments regarding cannabis le-
galization. Public opinion tended to be positive, indicating gen-
eral support for cannabis legalization despite some expectations.
This research demonstrates the value of OSINT in social media
analysis while providing valuable insights for researchers and
policymakers regarding public sentiment on cannabis legaliza-
tion.

Introduction

The legalization or decriminalization of cannabis has
emerged as a significant global sociopolitical issue, evoking a
spectrum of reactions that vary by location, culture, and demo-
graphics [1]. In recent years, the debate on cannabis legalization
has become more controversial [2], particularly in Germany,
where the law on cannabis use changed on April 1, 2024, [3].
Social media platforms such as Reddit, Twitter, and Facebook
have become the most important platforms for the public to share
their opinions. This has made the diverse sentiments and ideas of
the public easily accessible [4]. Open-Source Intelligence (OS-
INT) techniques have transformed data collection and analysis
from digital platforms.

Open-Source Intelligence (OSINT) techniques have trans-
formed data collection and analysis from digital platforms. Re-
searchers can gain valuable insight into public opinion and so-
cietal trends by leveraging extensive user-generated online con-
tent. OSINT provides powerful analytical tools for examining
how different demographic groups respond to proposed legisla-
tion and policy changes [J5]].

This study applies OSINT tools to address two key research
questions:

1. What frameworks shape the debate around cannabis legal-
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ization in Germany?
2. What is the public sentiment towards cannabis legalization
within these identified frameworks?

This research classifies and examines public reactions to this po-
larizing issue by analyzing Reddit comments. The methodology
systematically incorporates data collection, cleaning, clustering,
and categorization to analyze social media opinions comprehen-
sively.

This study began by exploring the current landscape of
cannabis legalization and its social implications. Then, it reviews
the existing literature on OSINT applications in similar research
contexts. The following sections detail the data collection and
preparation processes, analytical methodology, and results. This
study contributes to the broader understanding of public opinion
on cannabis legalization and demonstrates the efficacy of OSINT
techniques in social media research.

Research Questions
¢ Under which frameworks is cannabis legalization in Ger-
many debated?
¢ What is the public sentiment towards cannabis legalization
within these identified frameworks?

Literature Review

The legalization of cannabis has been a debatable issue, cre-
ating diverse reactions in different parts of society [1]. With the
emergence of social media, platforms such as X, Facebook, and
Instagram have become important venues for the public to ex-
press opinions [4f]. OSINT techniques provide powerful tools
for gathering and analyzing data from these platforms, enabling
researchers to observe and interpret public reactions [6].

This literature review examines the application of OSINT
in analyzing social media responses to cannabis legalization.
Through an assessment of existing research, this review identi-
fies the methodologies employed, data types collected, and key
findings concerning public opinion on cannabis legalization.

The scope of this review encompasses recent peer-reviewed
articles. The selected literature comprised studies that employed
various OSINT techniques. This review contributes to the body
of knowledge on social media analysis, OSINT applications, and
public policy research.
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Motlagh et al. [[11]] analyzed Twitter data to predict pub-
lic opinion on marijuana legalization and track consumption
trends across U.S. states. Their methodology combined lexicon-
based filtering with an ontology-driven approach, analyzing over
300,000 relevant tweets collected four months before and after
the November 2015 Ohio Marijuana Legalisation ballot. The
results revealed two key insights: states with recreational mar-
ijuana legalization expressed significantly more positive senti-
ments (67% positive) than states with medical-only legalization
or no legalization (23% positive), and states with higher percent-
ages of positive sentiments were more likely to expand mari-
juana legalization. Additionally, their analysis of marijuana con-
sumption trends identified cannabis (82%) as the most referenced
form, followed by marijuana concentrates (73%), demonstrating
that social media analysis can serve as a reliable alternative to
traditional polling to understand public opinion on drug legaliza-
tion.

Lietal. [12] investigated the differential impacts of verified,
regular, and suspended Twitter users on cannabis-related pub-
lic discourse. Their methodology integrated qualitative thematic
analysis and quantitative Latent Dirichlet Allocation techniques
for content examination, complemented by sentiment analysis, to
evaluate message tone. The results demonstrated that, while all
user categories addressed similar cannabis-related topics, their
empbhasis varied significantly: verified users predominantly fo-
cused on legalization issues, suspended users concentrated on
promotional content, and regular users discussed a broader range
of everyday cannabis-related concerns. The study revealed that
suspended users exhibited the highest positive sentiment scores
(0.0594), followed by verified users (0.0570), and regular users
(0.0402), suggesting different motivations across user groups de-
spite their shared interest in cannabis legalization and health ben-
efits.

Unlu et al. [13] conducted a mixed-methods analysis of
Twitter discussions surrounding the Finnish Green Party’s 2021
cannabis legalization proposal. Their methodology combines
quantitative computational techniques (sentiment analysis and
topic modeling via Latent Dirichlet Allocation) with qualita-
tive thematic content analysis to examine over 20,000 cannabis-
related tweets. The results show a dramatic spike in Twitter ac-
tivity following the proposal, with daily tweets increasing from
approximately 140 to a peak of 6,600. While sentiment anal-
ysis indicated negative attitudes toward cannabis overall, sen-
timent scores shifted temporarily positive during peak discus-
sion periods. Topic modeling revealed 15 distinct discussion
themes, with comparisons between cannabis and alcohol being
the most prevalent, followed by policy implications, youth con-
cerns, and health effects. The qualitative analysis found that the
most retweeted and engaged-with content came predominantly
from public figures opposed to legalization, including politicians,
healthcare professionals, and journalists, who emphasized men-
tal health risks. Pro-legalization arguments centered on harm re-
duction, regulatory benefits, and criminal justice concerns. The
researchers noted a potential generational divide, with individual
Twitter users showing more positive sentiments than influential
figures, suggesting evolving public attitudes despite institutional
resistance to cannabis policy reform in Finland.

Rychert et al. [14] examined digital media coverage dur-
ing New Zealand’s 2020 cannabis legalization referendum. Their
analysis of six news providers and Facebook campaigns showed
digital news was slightly pro-reform (+0.4 on a -2 to +2 scale),
with pro-legalization articles receiving better placement, more
redistribution, and higher social media engagement. The pro-

legalization campaign invested four times more in Facebook ad-
vertising than its opponents, dominating the digital space, while
anti-legalization efforts concentrated on traditional media. Net-
work analysis of Facebook posts revealed interconnections be-
tween digital news outlets and advocacy groups, demonstrating
that combining sentiment and network analysis provides valuable
insights into referendum debates.

Lim et al. [15] examined the trends and socio-demographic
differences in cannabis vaping across the USA and Canada using
data from the International Cannabis Policy Study. This study
analyzed the prevalence of three distinct cannabis vaping prod-
ucts (dried flower, cannabis oil/liquid, and concentrates) across
jurisdictions with different legal statuses. The results showed
that in 2019, cannabis oil was the most commonly vaped prod-
uct across all jurisdictions (8.1% in Canada, 13.7% in U.S. il-
legal jurisdictions, and 17.4% in U.S. legal jurisdictions), fol-
lowed by dried flowers and concentrates. The prevalence of all
cannabis vaping forms was highest in U.S. jurisdictions with le-
galized non-medical use, and lowest in Canada. Between 2018-
2019, vaping dried flowers decreased in U.S. legal jurisdictions
and Canada, whereas the vaping of cannabis oil and concentrates
increased significantly across all jurisdictions. Demographically,
younger respondents (16-55 years), males, those with some col-
lege education, and individuals perceiving daily cannabis vap-
ing as low risk demonstrated significantly higher odds of vaping
all cannabis product forms. These findings highlight the impact
of legalization on consumption patterns and underscore the im-
portance of collecting detailed cannabis use data to understand
the evolving consumption trends and their public health implica-
tions.

Mann et al. [16] utilized Twitter data to analyze public reac-
tions to the U.S. House vote on cannabis decriminalization at the
federal level. Their methodology employed sentiment analysis,
hashtag tracking, and thematic content analysis to examine the
social media discourse surrounding the legislative event. The re-
sults revealed predominantly positive sentiments toward decrimi-
nalization among Twitter users from diverse profile backgrounds,
with conversations organized around five key topics: commen-
tary on the House vote itself, concerns about Senate impediments
to passage, support for expungement of marijuana-related crim-
inal records, discussions of medical marijuana applications, and
debate about the bills’ potential social and economic impacts.
The researchers extended their analysis to discuss the ethical and
regulatory implications of cannabis retailing and marketing prac-
tices. This study demonstrates how social media analysis can
effectively capture public sentiment and discourse themes sur-
rounding significant cannabis policy developments, thereby pro-
viding insights for both policymakers and industry stakeholders
operating in this evolving regulatory landscape.

Data Collection and Preparation

Across all social media platforms, Reddit was chosen as the
dataset because it is widely used and allows us to capture a sig-
nificant portion of public opinion [[7]. Reddit serves as an effi-
cient platform for extracting of substantial volumes of data at no
financial cost, rendering it an optimal source for analytical pur-
poses. Additionally, Reddit allows a larger text space than other
social media platforms, enabling users to express their thoughts
and opinions in greater detail, enriching the quality and depth of
the analysis [8].
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Data Selection Criteria

The keywords “Germany,” “cannabis,” and “legalization”
were used to identify relevant comments in the Reddit search
engine. The first 20 posts in the results offered on July 7, 2024,
were chosen by filtering the most relevant results.

Data Acquisition

To collect the data, the Python Reddit API Wrapper
(PRAW), a Python library that provides a simple interface for
accessing Reddit’s API, extracts comments and associated meta-
data from the first 20 top posts related to cannabis legalization in
Germany.

The metadata collected included the following:

 ID: Unique identifier for each comment

* Author: Username of the comment’s author

* Date: Timestamp of when the comment was posted
* Score: The net upvotes (upvotes minus downvotes)

A total of 13,750 comments were collected through this pro-
cess.

Preparing Data For Analysis

This section processed the collected data to facilitate effec-
tive clustering and classification. Initially, comments labeled as
“deleted” were excluded. Subsequently, to concentrate on com-
ments with substantive content, those containing fewer than three
words were removed. Short comments often lack the necessary
context and depth, which are essential for accurate analysis.

Language detection was conducted for each comment to as-
certain the language utilized. The LangDetect library facilitated
this process. Comments not identified as English or German
were excluded from further analysis. For comments identified
as German, the DeepL API was employed to translate them into
English. This translation step was imperative to standardize the
language of the comments, thereby enabling consistent analysis.

Following the processes of language detection and transla-
tion, text normalization was conducted. All comments were con-
verted to lowercase to ensure consistency. Furthermore, URLs
and punctuation were eliminated using regular expressions, as
URLs are frequently irrelevant to the context of the comments,
and punctuation can introduce noise into text analysis.

Emojis, which can also affect text analysis, were removed
using regular expressions. This step helped maintain the focus on
textual content rather than pictorial representations, which can be
misleading without context.

The comments were then tokenized into individual words
[9]. This was achieved using the Python nltk library, which pro-
vides tools for natural language processing. Stop words, which
are common words that do not contribute significantly to the
meaning of the text (such as “and”, "the”, etc.), were removed.
Following this, the words were lemmatized using the Word-
NetLemmatizer from nltk. Lemmatization reduces words to their
base or root form, which helps in grouping similar words and in-
creases the accuracy of the analysis [10].

12 122 cleaned comments were then saved with their score
for analysis.

Analysis

This chapter analyzes preprocessed data to understand pub-
lic sentiment on cannabis legalization through social media data.
The methodology involved several key steps, leveraging ad-
vanced natural language processing techniques and machine-
learning models.
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The methodology employs a sentence transformer model to
convert text data into high-dimensional vectors, capturing the se-
mantic essence of each comment. Subsequently, the K-means
clustering algorithm optimized using the elbow method identi-
fied distinct clusters within the dataset. This approach enables
grouping comments with similar themes or topics, providing a
structured framework for data analysis.

For each identified cluster, titles were generated using the
large language model

Mistral-7B-Instruct-v0.3-Q4\_K\_M.gguf.

This process provided an intuitive understanding of the predom-
inant themes within each cluster, facilitating the interpretation of
the clustered data.

Cluster 1: Exploring the Evolution of Weed Culture, Food
Industry, and Public Policy: From Prohibition to Legaliza-
tion and Beyond

Cluster 2: "The Evolution and Controversies Surrounding
the Legalization of Cannabis: A Global Perspective”
Cluster 3: "The Long Road to Cannabis Legalization in the
Netherlands: Challenges, Controversies, and Perspectives”
Cluster 4: ”Exploring the Controversial Landscape of
Medical and Recreational Cannabis: Benefits, Risks, Le-
galization, and Personalized”

Cluster 5: ”A Miscellany of Modern Societal Discourse:
A Collection of Contemporary Cultural Snippets”

Cluster 6: The Impact and Prevalence of Marijuana Smoke
in Urban Environments: A Perspective on Odor, Accessi-
bility, and Social Implications

Cluster 7: A Humorous and Ironic Perspective on Ger-
many’s Contemporary Challenges, From SCM to April
Fool Jokes and Language Barriers

Sentiment analysis was performed on each comment using
a large language model to determine the polarity of the expressed
opinions (positive or negative).

Finally, sentiment analysis results were combined with Red-
dit post scores to compute weighted sentiment scores for each
cluster. This integration of sentiment polarity and popularity (in-
dicated by Reddit scores) produced metrics that reflected both the
intensity and reach of sentiments expressed within each cluster.

This multifaceted strategy allowed a nuanced analysis of the
public’s reaction to cannabis legalization and provided a frame-
work for understanding sentiments around different topics dis-
cussed on social media [17].

Clustering

This section outlines the detailed methodology for cluster-
ing social media data to group comments with similar themes or
topics. The process utilized a sentence transformer model for
text embedding and a K-means clustering algorithm optimized
through the elbow method.

Sentence Transformer

A sentence transformer model is utilized to convert textual
data into high-dimensional embeddings. Sentence transform-
ers generate dense vector representations (embeddings) for sen-
tences, encapsulating semantic meanings in a numerical format.
These embeddings enable the comparison and clustering of tex-
tual data based on semantic content
citebib18.

The specific sentence transformer model used was

327-3



3274

Title Subreddit Comments
Cannabis use and cultivation is now legal in Germany! Bubatz legal! r/europe 244
Germany to legalize marijuana by April r/europe 379
Germany Moves To Legalize Cannabis, Second Country After Malta In Europe r/worldnews 1.7K
Cannabis legalization with the recent vote, and why is it so weird? r/germany 107
Germany to legalize recreational cannabis, say ministers r/germany 361
About the cannabis legalization? r/germany 27
Berlin after the Legalization of Cannabis in Germany r/Damnthatsinteresting 2.1K
Germany Eyes Cannabis Legalization by April r/worldnews 171
Today, April 1, Cannabis got legalized in Germany. Big smokey meetup at Brandenburg r/MadeMeSmile 1.1IK
Gate, Berlin

Germany to legalize cannabis use for recreational purposes r/news 29K
Germany just legalized cannabis r/GenZ 681
Germany approves partial legalization of cannabis from April r/worldnews 192
The German Parliament has just voted to legalize Marijuana; people can have up to 3 r/europe 1.1K
plants and 50 grams at home for personal use, and 25 grams are allowed to be carried in

public. Commercial sale is still illegal though, only...

Germany to legalize cannabis use for recreational purposes r/europe 1.5K
Cannabis will be partly legalized in Germany starting April 2024 r/europe 91
Germany Speeds Up The Process To Legalize Recreational Cannabis r/worldnews 992
Today, April 1, Cannabis got legalized in Germany. Big smokey meetup at Brandenburg r/interestingasfuck 2717
Gate, Berlin

Germany partially legalizes cannabis, after April 1st r/news 134
Germany To Legalize Adult-Use Cannabis in 2024 r/germany 228
Germany to legalize cannabis use for recreational purposes r/Futurology 233

all-MiniLM-L6-v2,

known for its efficiency embeddings [19]. This model is part of
the Hugging Face, a widely used library by Al researchers [20].

K-Means Clustering

A K-means clustering algorithm is applied to the embed-
dings to partition the data into distinct clusters. K-means is a
widely used unsupervised learning algorithm that assigns data
points to clusters by minimizing within-cluster variance with
each point belonging to the cluster with the nearest mean [21]].
The implementation utilized the scikit-learn library for K-means
clustering.

The embeddings from sentence transformers form a feature
space in which each comment is represented as a point. K-means
clustering, and then uses distance calculations within this feature
space to group comments based on semantic similarity.

The elbow method is employed to determine the optimal
number of clusters (K) for K-means clustering. This approach
involves running K-means for a range of K values and plotting
the sum of the squared distances from each point to its assigned
cluster center (inertia) [21]].

The optimal X is identified when the inertia decreases more
slowly, forming an élbowshape on the plot shown in Fig. [} At
this point, adding more clusters provides diminishing returns in
terms of the improved clustering quality.

Once the optimal number of clusters is determined, the K-
means algorithm is executed with a value of K. The algorithm
iteratively assigns each data point to the nearest cluster center
and updates the cluster centers until convergence occurs. This
process ensured that the data points within each cluster were as
similar as possible, whereas points in different clusters were as
dissimilar as possible.

Cluster Titles
Descriptive cluster titles were generated using the

Mistral-7B-Instruct-v0.3-Q4\_K\_M.gguf

large language model, which is designed for instruction-
following tasks [22]. This process randomly sampled 10 percent
of comments from each cluster to create a representative sum-
mary. The language model then processed these sampled com-
ments with a prompt to generate concise and informative titles
for each cluster, as shown in Fig.

Sentiment Analysis
Sentiment analysis was conducted using Hugging Face’s
transformers library with the pre-trained

istilbert-base-uncased-finetuned-sst-2-english

model. To enhance accuracy, the methodology incorporated a
sarcasm indicator consisting of words signaling sarcastic intent,
adjusting sentiment classification when these markers appeared
in comments.

The weighted sentiment scores for each cluster were de-
termined by integrating the sentiment analysis results with the
Reddit post scores. This approach accounts for the popular-
ity of comments, ensuring that more influential comments exert
a greater impact on the overall cluster sentiment. Each com-
ment’s sentiment was converted into a numerical value (posi-
tive=1, negative=-1) and multiplied by its Reddit score to derive
a weighted sentiment score. These weighted scores were then ag-
gregated by cluster, and the total sentiment score was normalized
to ascertain the percentage of positive and negative sentiments
within each group, as illustrated in Fig. E}

Results
This section delineates the results of the analysis as outlined
in the methodology. The comments were systematically cate-
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Figure 1. Elbow Method Plot
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= [str(text) pd.notna(text)]
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cluster_titles = []
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cluster_texts = []
Figure 2. Generating Cluster Titles

gorized into seven distinct clusters, each representing a unique
facet of the discourse surrounding cannabis legalization, accom-
panied by corresponding sentiment scores. This approach fa-
cilitates a quantitative and nuanced comprehension of this con-
tentious sociopolitical issue. Detailed below are the specifics of
each cluster, including the percentages of positive and negative
sentiments, along with explanations of the thematic content.

¢ Cluster 1: Exploring the Evolution of Weed Culture, Food
Industry, and Public Policy: From Prohibition to Legaliza-

IS&T Infernational Symposium on Electronic Imaging 2025

tion and Beyond
Positive Sentiment Percentage: 56.4%
Negative Sentiment Percentage: 43.6%
This cluster includes comments about the cultural and pol-
icy evolution of cannabis, showing its journey from prohi-
bition to legalization. Comments have a balanced perspec-
tive, with slightly more positive sentiment, expressing an
appreciation for the progress made and its applications to
various industries.

¢ Cluster 2: The Evolution and Controversies Surrounding

Mobile Devices and Multimedia: Enabling Techno%gies, Algorithms, and Applications 2025

3275



cluster_sentiment_scores = []
cluster_id
cluster data =
total_score = cluster_data["
total score == @:

total_weighted sentiment_score =

positive percentage =

clusters_df['Cluster ID'].unique():
clusters df[clusters df['Cluster ID']| == cluster id]
e’ ].abs().sum()

cluster_data[’

negative percentage = 100 - positive percentage

cluster_sentiment_scores.append({
"Cluste "1 cluster id,
iment P

print("\

Figure 3. Sentiment Score Calculation

"1.sum()

(total weighted sentiment_score / total score) * 50 + 50

positive_percentage,
: negative percentage

Title

Positive Sentiment Percentage

Negative Sentiment Percentage

Exploring the Evolution of Weed Culture, Food Industry,
and Public Policy: From Prohibition to Legalization and
Beyond

56.4% 43.6%

The Evolution and Controversies Surrounding the Legal-
ization of Cannabis: A Global Perspective

52.9% 47.1%

The Long Road to Cannabis Legalization in the Nether-
lands: Challenges, Controversies, and Perspectives

51.6% 48.4%

Exploring the Controversial Landscape of Medical and
Recreational Cannabis: Benefits, Risks, Legalization

58.9% 41.1%

A Miscellany of Modern Societal Discourse: A Collection
of Contemporary Cultural Snippets

47.4% 52.6%

The Impact and Prevalence of Marijuana Smoke in Urban
Environments: A Perspective on Odor, Accessibility, and
Social Implications

57.4% 42.6%

A Humorous and Ironic Perspective on Germany’s Con-
temporary Challenges, From SCM to April Fool Jokes and

Language Barriers

56.8% 43.2%

3276

the Legalization of Cannabis: A Global Perspective
Positive Sentiment Percentage: 52.9%
Negative Sentiment Percentage: 47.1%

The comments in this cluster focus on cannabis legalization
from a global perspective. They address the controversies
and differing approaches and laws across countries. The
sentiment percentages are relatively balanced, with a slight
positive lean. This suggests that, despite existing chal-
lenges, there is general optimism over the state of cannabis
regulations worldwide.

Cluster 3: The Long Road to Cannabis Legalization in the
Netherlands: Challenges, Controversies, and Perspectives
Positive Sentiment Percentage: 51.6%

Negative Sentiment Percentage: 48.4%

This cluster focuses on the experience of cannabis legaliza-
tion in the Netherlands, reflecting on its journey filled with
difficulties and controversies. The ideas are nearly evenly

split, indicating mixed reactions on the topic.

Cluster 4: Exploring the Controversial Landscape of Med-
ical and Recreational Cannabis: Benefits, Risks, Legaliza-
tion, and Personalized

Positive Sentiment Percentage: 58.9%

Negative Sentiment Percentage: 41.1%

Here, the focus is mainly on the medical and recreational
use of cannabis, including its benefits and risks. The sen-
timent is mostly positive, indicating that the public is gen-
erally supportive of cannabis for both medical and recre-
ational purposes.

Cluster S: A Miscellany of Modern Societal Discourse: A
Collection of Contemporary Cultural Snippets

Positive Sentiment Percentage: 47.4%

Negative Sentiment Percentage: 52.6%

This cluster includes a variety of cultural discussions, com-
paring the countries to each other, but this is not exclusively
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focused on cannabis. The sentiment is slightly negative,
showing a negative perspective on societal differences.
Cluster 6: The Impact and Prevalence of Marijuana Smoke
in Urban Environments: A Perspective on Odor, Accessi-
bility, and Social Implications

Positive Sentiment Percentage: 57.4%

Negative Sentiment Percentage: 42.6%

Discussions in this cluster revolve around marijuana usage
in urban environments, including odor, accessibility, and
social effects. The sentiment is largely positive, showing
a positive view of cannabis integration into urban settings,
but with some concerns around odor.

Cluster 7: A Humorous and Ironic Perspective on Ger-
many’s Contemporary Challenges, From SCM to April
Fool Jokes and Language Barriers

Positive Sentiment Percentage: 56.8%

Negative Sentiment Percentage: 43.2%

This cluster includes humorous and ironic take on various
modern issues in Germany, including cannabis legaliza-
tion. The sentiment is primarily positive, reflecting a light-
hearted and accepting funny attitude towards the change of
cannabis legalization.

Overall, the sentiment tends to be more positive across
most clusters, indicating general support and optimism towards
cannabis legalization.

Conclusion

This study adopts open-source intelligence (OSINT) tech-
niques to analyze public reactions to cannabis legalization in
Germany, focusing on comments from Reddit. Through data col-
lection, cleaning, clustering, and sentiment analysis, the research
identified distinct themes and sentiments expressed by the public
regarding this polarizing issue.

First, the clustering analysis demonstrated that discussions
on cannabis legalization are multifaceted, touching on cultural
evolution, global perspectives, medical and recreational use, so-
cietal discourse, urban implications, and even humorous takes on
contemporary issues. Each cluster provided another angle on the
topic, reflecting diverse public opinion and the complexity of the
issue.

Sentiment analysis across these clusters showed a general
trend toward positive sentiments, indicating broad support and
optimism for cannabis legalization. However, the balanced sen-
timents in some clusters highlight ongoing controversies and
mixed reactions.

Integrating Reddit scores with sentiment analysis offers a
nuanced understanding of the influence and reach of various
comments. This approach ensured that the sentiments reflected
not only the content, but also the popularity and impact of the
discussions.

This study underscores OSINT’s efficacy of OSINT in cap-
turing and analyzing public sentiment on social media. Process-
ing large volumes of user-generated content allows researchers
to gain valuable insight into societal trends and public opinion.

This study presents a framework for data processing, includ-
ing methods for sarcasm detection and weighted scoring systems,
to support future investigations. By providing a detailed and
replicable methodology, this approach can assist researchers in
deriving meaningful conclusions from large datasets, while im-
proving the accuracy of sentiment analysis.

In conclusion, a positive sentiment trend suggests a support-
ive public stance, although mixed reactions indicate that the dis-
course is far from settled. Future research could expand this work
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by exploring reactions over a more extended period or across dif-
ferent social media platforms, providing a more comprehensive
view of public sentiment. The findings of this study not only
enrich the academic discussion on cannabis legalization, but also
provide valuable insights for policymakers, stakeholders, and ad-
vocates involved in shaping future cannabis-related policies.
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