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Abstract

Here we present a massive longitudinal dataset of public Tele-
gram content, comprising over 5.9 billion messages dating
from 2015 to 2025, collected from 712 thousand channels and
groups, enriched with metadata on forwards, reactions, and
polls. The dataset spans multiple languages including Rus-
sian and Farsi, representing countries where Telegram shows
mainstream adoption, as well as Western languages where
Telegram is used in specific sub-communities. The dataset
has several advantages. First, when restricted by language,
it provides a versatile example of an algorithm-free plat-
form, contrary to many other social media platforms that are
strongly influenced by opaque content-curation algorithms.
Second, it enables comparative studies across different lan-
guages, communities, and user bases under identical platform
affordances. The dataset thus offers a foundation for studying
engagement patterns, network evolution, and community for-
mation in the absence of algorithmic curation.

Code — https://github.com/Priesemann-
Group/telegram_quality_control

Datasheet for datasets — https://github.com/Priesemann-
Group/telegram_quality_control/DATASHEET.md

Dataset (preview) — https://zenodo.org/records/18262126

Introduction

Social media platforms play a central role in shaping pub-
lic opinion (McGregor 2019; Okechukwu 2023). However,
researchers seeking to understand this influence face a per-
sistent challenge: most platforms use sophisticated and often
proprietary algorithms to filter and prioritize content. When
algorithms determine what users see, it is challenging to dis-
entangle organic social dynamics from effects induced by
proprietary algorithms.

“These authors contributed equally.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Telegram stands out as a platform with minimal algorith-
mic intervention. Originally launched as an instant messag-
ing app, it has evolved into a hybrid platform that com-
bines private messaging with large-scale public broadcast-
ing. Unlike most mainstream platforms, Telegram features
a chronological feed and little to no algorithmic recom-
mendations. Its emphasis on privacy and limited modera-
tion has attracted activists and journalists who are seeking
secure communication in authoritarian regimes (Su, Chan,
and Paik 2022; Wijermars and Lokot 2022; Urman, Ho, and
Katz 2021); it also made Telegram a hub for misinforma-
tion, extremist content, and illicit activities (Kiess 2025;
Walther and McCoy 2021). This has led to pronounced
differences in adoption and public sentiment towards the
platform across countries: Telegram is widely adopted and
trusted in many post-Soviet countries (Chernenko and Dut-
ton 2025; Wijermars and Lokot 2022) and in Iran (Ghorban-
zadeh and Saeednia 2018; Kargar and McManamen 2018)
while viewed critically in the West for associations with ille-
gal and extremist content (Kiess 2025; Walther and McCoy
2021).

To systematically study discourse on Telegram across
these diverse contexts, we collected TeraGram, a large-scale,
structured dataset of publicly available Telegram messages
using a snowball crawling method (Goodman 1961). This
approach systematically discovers and maps interconnected
channels and communities, allowing to capture rich tempo-
ral and relational data on the platform.

Several large-scale Telegram datasets have already been
published. For example, the Pushshift Telegram dataset
(Baumgartner et al. 2020) collected over 300 million mes-
sages starting from a seed of extremist and cryptocurrency
channels, providing an early glimpse into Telegram’s con-
tent landscape. Building on this, TGDataset (La Morgia,
Mei, and Mongardini 2025) expanded coverage to 400 mil-
lion messages across 120,000 channels, offering a more bal-
anced view of the platform without focusing on one topic.



name id
title date
description type
members_count chat id
linked_chat_id from_ user id
views
forwards
id
telegram_id m
id
message.id
id question
message._id is_anonymous
emoji
count

Figure 1: A simplified entity-relation diagram of the dataset.
See SI, Fig. 8 for the non-simplified version.

Recent efforts have achieved even greater scales. The Tele-
scope dataset features enriched metadata for 500 thousand
public channels and message metadata for 71 thousand fully
downloaded channels (Gangopadhyay et al. 2025).

In addition to those general-purpose datasets, several
datasets focus on specific communities or geopolitical
events. A dataset by Blas et al. on the 2024 US Presi-
dential Election (Blas, Luceri, and Ferrara 2025) includes
over one billion messages and uniquely incorporates pri-
vate groups accessible by invite, with particular emphasis on
English-speaking communities. Two datasets examine how
the Russia-Ukraine war is covered on Telegram: the dataset
by (Kireev et al. 2025) features examples of propaganda and
moderation, while (Bawa et al. 2025) contrasts pro- and anti-
Kremlin Telegram channels. Finally, the Schwurbelarchiv
project (Angermaier et al. 2025) collected a smaller number
of German channels, and used Al to transcribe multimedia
content such as voice messages and videos. A summary of
existing datasets is provided in SI, Tab. 2.

TeraGram provides the largest longitudinal record of pub-
lic Telegram content to date (Tab. 1). Beyond its size, it im-
proves over existing datasets in several aspects. First, while
most existing datasets are distributed as JSON files that need
to be parsed before analysis and might contain inconsistent
schemas, TeraGram is structured in a relational format that
enables computationally efficient analysis at scale (Fig. 1).
The core relational tables Chats, Messages, Users, and Polls
are populated with data directly available from the Tele-
gram API, including message metadata (timestamp, view
count, forward count), poll questions, and public chat in-
formation. Second, TeraGram aims to comprehensively cap-
ture Telegram-specific features that are absent or incomplete
in prior work, including discussion groups, emoji reactions,
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polls, embedded URLS, hashtags, and reply-thread relation-
ships. While some of these are available in prior work, no
existing dataset provides all of them together. Third, rather
than targeting a specific language or community, TeraGram
spans a wide range of languages and public communities;
we further augment the data by algorithmically inferring the
primary language of each chat, enabling systematic cross-
lingual analysis.

To preserve privacy, all user identifiers are
pseudonymized, only public channel and group meta-
data is retained, and binary media blobs are excluded. The
full message text is available to qualified researchers upon
reasonable request.

With a total volume of 3.33 TB of data (1.43 TB exclud-
ing text) (Tab. 1 and SI, Tab 3), the dataset is distributed in
a Parquet format that can be easily ingested into a relational
database, accompanied by a representative CSV sample for
accessibility. Both datasets are shared under the Open Data
Commons Attribution (ODC-By) license that allows users to
freely share, modify, and use the dataset as long as they at-
tribute it. In this paper, we illustrate the utility of the dataset
with preliminary analyses of language distribution, network
degree, and topic clustering.

Overall, TeraGram provides a valuable resource for ad-
vancing research in social media analysis, online user behav-
ior and computational social science — particularly within a
platform characterized by minimal algorithmic interference.

Results
Dataset overview

Telegram supports two formats for public communication:
channels and groups. Channels function as broadcasting ser-
vices where only administrators can publish content, while
subscribers receive and read these messages. Groups, in con-
trast, allow all members to post and participate in conversa-
tions. Furthermore, a channel can be linked to a dedicated
group for its subscribers where members can discuss the
channel’s content and comment on individual posts. Such
a group is termed a discussion group. Throughout this pa-
per, we use the terminology from the Telegram API where
the term chats serves as an umbrella term for both channels
and groups.

Amounting to 3.33 terabyte of data, the TeraGram dataset
presented in this study is one of the largest and most com-
prehensive Telegram datasets available to date (see Tab. 1 for
summary statistics). The core dataset is organized into inter-
related tables representing key Telegram entities, including
messages, users, chats, polls, and emoji reactions (see Fig. 1
and SI, Fig. 8). This relational structure enables a detailed
reconstruction and analysis of user interactions, group dy-
namics, and content dissemination patterns within the Tele-
gram ecosystem.

Data was collected via the official Telegram user API us-
ing a snowball-crawling approach (see Methods for a de-
tailed description). Starting from the 100 largest political
channels by subscriber count (SI, Tab. 12), the crawler it-
eratively discovered new publicly accessible chats through
forwarded messages. Discovered chats were prioritized for



Table Count Size
Messages 5.95B 1.0TB
Message text (available on legitimate re- 5.51B 1.9TB
quest)

Hashtags 498M 33GB
URLs 655M 63 GB
Reactions 3.60B 319GB
Discovered chats (umbrella term for chan- 4.54M 1.1GB
nels and groups)

Downloaded chats (includes full message 712k 172MB
history)

Poll questions 2129M  5.2GB
Poll answers 79.44M 8.8GB
Users (pseudonymized) 15.30M 10GB
Channel members 3.57M 446 MB
Total 3.33TB

Table 1: Summary of collected Telegram data. The values
correspond to the approximate number of rows and disk size
of the corresponding SQL table, including indexing.

download based on their out-degree, i.e., the number of
times they were forwarded in already downloaded chats.
More forwards resulted in higher download priority. This ap-
proach ensures that the crawler prioritizes the highly influen-
tial chats from the tail of the out-degree distribution, which
may present the hubs of the Telegram network (Fig. 2). Ad-
ditionally, focusing on popular chats helps to protect user
privacy, as users participating in smaller chats might not ex-
pect that their messages, though public, would be visible to
a large audience.

Overall, we discovered 4 382 659 channels and 160617
groups, and fully downloaded 711 782 channels and 10 060
groups. Out of those, 4017 groups (40%) are discussion
groups linked to channels. We also collected user profile data
from users who posted in groups and from groups where
the subscriber list was publicly visible. In those cases, we
hashed usernames and first and last names prior to storage
to ensure that this sensitive information is not retained at
any point during the data collection process. When a user’s
phone number was visible, we retained only the country
code and removed all other digits.

The data was collected between May 2025 and November
2025; however, since the Telegram API provides the whole
history of a chat, the collected data spans from Septem-
ber 2015 to November 2025 — over a decade-long period
(Fig. 3). Because chats were not updated after their initial
download, chats encountered later in the crawling process
contain more recent messages than those downloaded at the
beginning of the collection period.

The dataset is shared under a two-tiered access model:
rich metadata is openly available, while message text is ac-
cessible to researchers upon reasonable request. The meta-
data includes view counts and forward counts, which serve
as measures of user engagement. When a message is for-
warded from another chat, we link it to its original source
message and originating channel when this information
is available. Similarly, replies include references to the
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Figure 2: Complementary cumulative distribution function
(CCDF) of the weighted out-degree of discovered and down-
loaded chats. The gap between the curves at low degrees is
due to the crawler prioritizing chats for download propor-
tionally to the degree. The out-degree is defined as the num-
ber of messages forwarded from a given chat to other down-
loaded chats, with edge weights proportional to the number
of forwarded messages.

messages they respond to, creating explicit conversational
threads. In addition, we also extracted two types of text
markup entities: URLs and hashtags. These provide an effi-
cient way to access structural text information without pars-
ing the raw text. For messages containing binary data such
as images, audio messages, and videos, we store only the
metadata and any accompanying text captions.

We also collected data on special features of Telegram
such as polls and emoji reactions. Poll data include the ques-
tion text, answer options, and aggregate vote counts when
available. Reactions are stored as aggregated emoji counts
per message without user-level information. Message reac-
tions can be used as a measure of user engagement or as an
efficient way to evaluate sentiment of a given message.

Quality control

Given the scale and diversity of our Telegram corpus, rig-
orous quality control is essential to ensure data integrity.
As outlined below, our quality control workflow combines
automated integrity inspection with manual spot-checks on
a stratified random sample of messages. We also publish a
datasheet in accordance with (Gebru et al. 2021) that pro-
vides comprehensive documentation of dataset provenance.
Together, those steps verify data integrity and quality before
any downstream analysis.

Data integrity Following the approach recommended
by (Elazar et al. 2024), we execute three automated qual-
ity control checks: duplicate detection, length distribution
analysis, and n-gram inspection. The goal of those checks is
to catch scraping artifacts, duplicates indicating spam or bot
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Figure 3: Number of messages posted per week in the
dataset. The time series spans September 2015 to Novem-
ber 2025. Apparent variations during the collection period
are influenced by the crawling procedure: chats were down-
loaded only once, so those discovered later in the crawl con-
tribute more recent messages than chats collected earlier.

activity, and anomalies in message length distributions that
can be due to automated truncation.

Duplicate detection analysis reveals that 53.7% of mes-
sages are unique. Duplications can be explained by several
factors: very short messages (e.g., single-word responses or
greetings) that naturally occur frequently; messages con-
taining only URLs without additional text; or advertisement
posts that are frequently reposted without changes in con-
tent. Duplicates were not removed from the dataset.

Length distribution analysis shows several strong peaks
at specific message lengths (Fig. 4). We investigated the ori-
gin of the four most prominent peaks. The peak at 28 char-
acters (orange star) corresponds to YouTube links that fol-
low the format “https://youtu.be/abcdefghijk™. The peak at
80 characters (purple square) is due to messages redacted
by Telegram for copyright or Terms of Service violations.
In such cases, the original message text is replaced by either
“This message couldn’t be displayed on your device due to
copyright infringement.” or “This channel can’t be displayed
because it violated Telegram’s Terms of Service.” Both are
80 characters long. The peak at 288 characters (yellow dia-
mond) was caused by an advertisement for other Telegram
channels that was mass-posted in one Arabic channel. Fi-
nally, the peak at 1024 characters (red triangle) corresponds
to the caption length limit, i.e., the message length limit for
messages containing multimedia content.

Finally, we performed n-gram analysis to detect arti-
facts in text such as unusual punctuation, spam, and near-
duplicate messages. For this, we extract the top 10 most
popular unigrams, 3-grams, and 10-grams from all English-
speaking chats (SI, Tables 4-6). Following the approach in
(Elazar et al. 2024), we did not filter stop words or clean the
text beyond converting it to lowercase, as the goal is to de-
tect artifacts rather than describe message content. The most
popular n-grams show a mix of typical English phrases, es-
pecially in unigrams and 3-grams, and inorganic strings that
become more common in 10-grams. Those inorganic strings
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Figure 4: Distribution of the message length shows several
distinct peaks caused by systematic patterns. Star: YouTube
links; square: message redacted by Telegram for copyright
or Terms of Service violation; diamond: an advertisement
message mass-posted in one Arabic channel; triangle: cap-
tion length limit.

are due to boilerplate text that some channels append to ev-
ery message, text separators, or redaction messages from
Telegram discussed earlier. We also find an additional redac-
tion message: “This channel can’t be displayed because it
violated local laws.” This text is displayed whenever a mes-
sage was forwarded from a chat that violated local laws to
a normal chat. Such chats are called restricted in the Tele-
gram API and are marked in the dataset as such in the field
is_restricted.

Bot activity A key quality concern is the prevalence of
bot-generated messages, as automated posts can skew anal-
yses of human behavior and information spread. Registered
Telegram bots, easily identifiable via the API, constitute just
0.4 % of users and contribute 0.14 % of messages in our
dataset. More insidious “troll farm” or LLM-driven accounts
that mimic human activity are harder to detect and beyond
this paper’s scope (see, e.g., studies on coordinated inau-
thentic behavior (Cinelli et al. 2022)). Nevertheless, we do
not expect such accounts to be ubiquitous in the dataset.
First, our data span back to 2015, predating the recent LLM
boom. Second, the dataset primarily consists of channels
where posting is restricted to administrators. Consequently,
the most significant risk of bot contamination stems from
channel administrators using bots to manage their channel.
We leave the investigation of this scenario for dedicated fu-
ture work.

Analysis of the Telegram dataset

To characterize the thematic and informational range of the
dataset, we conduct analyses focusing on language use, ex-
ternal references, and topical structure.

We identify the primary language of each downloaded
chat using the fast_langdetect library (LImKira 2025;
Joulin et al. 2016b,a). For each chat, we use the first 100
messages since creation, all concatenated into one long
string, where we remove URLs and whitespace. Chats with
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Figure 5: Languages of fully downloaded chats. Chat language is classified based on the text of the first 100 messages. Language
codes follow the ISO standard. Error bars give the 95% CI interval.

a language-classification confidence score below 0.8 are ex-
cluded from the analysis. Error bars on language frequency
counts are computed using Wilson score confidence inter-
vals, treating each language count as a binomial proportion
of the total corpus.

The dataset covers a wide range of languages, with top-5
languages accounting for approx. 91.7 % of all chats (Fig. 5).
We find a high fraction of Russian (56 %) and Farsi (15 %)
chats, which reflects Telegram’s mainstream adoption in
Russia and other post-Soviet countries and Iran. English
chats make 6 % of downloaded chats, which still amounts
to 33 829 chats.

To evaluate the quality of our language classification,
we analyzed whether forwarded messages typically origi-
nate and arrive within a chat of the same language (e.g.,
Russian to Russian). This is the case for 83.3% of for-
wards where the source chat was successfully downloaded.
In almost half the cases where source and destination were
classified differently, either the source (25%) or destination
(19%) was English. The former fraction likely represents
non-English chats forwarding English material, while the
latter, perhaps, represents chats that write in English even
though they belong to a non-English subnetwork. As a fur-
ther control, we manually inspected sets of 100 random mes-
sages from Russian, English, Arabic and German chats and
found a low number of misclassifications (5%, 9%, 1% and
3%, respectively), consistent with the reported 95% accu-
racy of fast-langdetect (LlmKira 2025; Joulin et al.
2016b,a).

To evaluate the prevalence of misinformation in the data,
we assessed the reliability of news domains shared in mes-
sages using the aggregated “wisdom of experts” domain rat-
ing by (Lin et al. 2023). Since the domain rating primarily
covers the US media landscape and has limited coverage of
Russian and Iranian news sources, we only performed this
analysis on English-language chats. For every chat, we ex-
tracted all URL entities from the corresponding table. URL
rehydration was not necessary, as link shorteners are rarely
used on Telegram; for example, Bitly links make up only
1.2% of URLs. We applied a blacklist to remove domains
like search engines and social media platforms that appear
in the Lin et al. dataset but do not refer to news sources
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Figure 6: High prevalence of unreliable URLs in English-
speaking Telegram chats compared to a mainstream plat-
form like Twitter. The bands represent the 95% CI interval
obtained by clustered bootstrapping on domains.

(SI, Tab. 7). Of the remaining URLs, we randomly sam-
pled 1% to reduce computational costs, which resulted in
861 thousand URLSs, and fit a kernel density estimator with
a Gaussian kernel to estimate the probability distribution. To
compute the CI intervals, we perform clustered bootstrap-
ping with domains as clusters; in other words, instead of re-
sampling individual URLs, we sample entire domains with
replacement 1000 times.

Overall, we observe a high prevalence of URLs with a re-
liability score below 0.6 in English-speaking Telegram chats
(Fig. 6). For comparison, we perform the same analysis on
a Twitter dataset of all tweets within a 24-hour period on
September 21, 2022 (Pfeffer et al. 2023) (Fig. 6, gray line).
The resulting distributions differ distinctly: URLs on Twit-
ter are concentrated within the 0.6 to 1.0 reliability range.
In contrast, the distribution for English-speaking Telegram
varies widely, with 60% of URLs lying below the 0.6 thresh-
old.

To explore the main themes discussed in chats, we applied



BERTopic (Grootendorst 2022), an unsupervised topic mod-
eling pipeline, to messages from the four most prevalent lan-
guages in our dataset: Russian, Farsi, Arabic, and English.
For each language, we filtered chats with a language clas-
sification score above 0.8 and extracted all messages from
those chats. We cleaned the messages by removing URLs
and stripping consecutive whitespace, then filtered out mes-
sages shorter than 50 characters and system messages identi-
fied in quality control analysis. We then randomly sampled 1
million messages per language and performed topic model-
ing on each set, with each run being executed on an NVIDIA
A100 40GB GPU. To produce readable labels for each topic,
we use BERTopic’s ChatGPT integration (gpt—-4o-mini
model), where we provide it with topic keywords identified
by BERTopic and a sample of messages and ask it to return
a short label in English. The preprocessing code and topic
modeling pipeline with all hyperparameters are available in
our GitHub repository.

All four languages feature discussions about politics, cur-
rent world events, as well as non-political topics such as
sports and music (Fig. 7, SI, Fig. 10, and SI Tables 8-11 for
the top-40 topics in tabular format). However, English top-
40 topics also include entries like “racial discourse”, “anti-
semitic narratives”, “climate change hoax” and “jfk assas-
sination conspiracy” that suggest far-right and conspiracy
content. In contrast, Russian and Farsi topics cover a more
diverse set of day-to-day topics like books, fashion, art, and
music, whereas Arabic topics are predominantly religious.

Usage guide
The dataset is designed for flexible use across many fields,
including computational social science, digital humanities,
and machine learning applications. It is provided as a re-
lational database, with tables representing messages, chan-
nels, users, polls, and reactions. This structure supports ef-
ficient queries on content, metadata, and user-channel inter-
actions.

The dataset adheres to FAIR principles (Wilkinson et al.
2016) to ensure researchers can seamlessly download and
integrate the data into existing workflows:

 Findable: Both the full dataset and subsampled CSV ta-
bles are indexed with DOIs on established data-sharing
platforms.

* Accessible: Public portions of the dataset are available
for download without authorization.

¢ Interoperable: The full dataset is provided as Parquet
files, which is an open-source table format supported by
many data processing systems. The subsampled dataset
is provided in CSV format for readability and easy in-
spection.

* Reusable: To facilitate reuse, we provide schema doc-
umentation, access instructions, example SQL queries,
and preprocessing scripts in our GitHub repository.
Dataset provenance and limitations are documented in an
accompanying datasheet.

Ethical use is strongly encouraged. Researchers are ad-
vised to respect the original context of communication and
avoid deanonymization efforts.
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Discussion

In this work, we present TeraGram, a large-scale structured
dataset of the publicly available Telegram ecosystem. Our
dataset is, to the best of our knowledge, the largest to date; it
also contains rich metadata on various features of Telegram
such as polls, emoji reactions, URLs, hashtags, discussion
groups, forwards and replies. Message texts are available
upon request. The structured format provides a convenient
and efficient way for researchers to analyze various aspects
of the platform.

The dataset spans a wide range of languages, with bil-
lions of messages in Russian, Farsi, and Arabic, and hun-
dreds of million in English and other European languages.
The high proportion of Russian and Farsi content reflects
Telegram’s popularity in Russia and other post-Soviet coun-
tries and Iran.

Telegram usage varies across languages. While Russian
and Farsi chats feature more mainstream topics, English
chats share URLSs of remarkably low reliability: 59% fall be-
low the commonly accepted 0.6 threshold for classification
as reliable sources. This contrasts with mainstream English
social media, where a comparable study found only about
15% of sources to be questionable (Di Martino et al. 2025).
Direct comparison for Russian and Farsi is not currently pos-
sible, as existing reliability rankings lack sufficient coverage
of Russian and Iranian news sources.

Several important limitations must be considered when
working with this data. First, since the crawler prioritizes
queued chats based on the number of messages that were
forwarded from them, it is biased towards popular chats.
We also cannot reach chats that do not belong to the same
connected component as our seed chats. Additionally, we
did not crawl private conversations and groups. Researchers
should therefore exercise caution when extrapolating find-
ings to broader user behavior on Telegram, especially in
contexts where private or low-visibility conversations play
a critical role.

Second, Telegram itself has undergone significant evolu-
tion during the nearly decade-long period that our data cov-
ers. Early on, the platform operated with minimal algorith-
mic intervention, but in 2024, features such as recommen-
dations of related channels, sponsored messages, and en-
hanced content-discovery tools have been introduced (Tele-
gram 2024). This evolution implies that interaction dynam-
ics likely differ between 2017 and 2025. Moreover, natural
shifts in language and community norms over time intro-
duce additional variance. Consequently, any analysis pool-
ing data across this period must account for this temporal
heterogeneity.

Overall, the presented dataset allows a wide range of fu-
ture investigations into online communication and informa-
tion dynamics. For instance, recent work already leveraged
the data to study the spread of information via external
URLSs (Ventzke 2025), fine-tune LLMs (Brockers, Ehrlich,
and Priesemann 2025), or improve misinformation detection
algorithms (KeBler et al. 2026).

We anticipate that the dataset will support diverse down-
stream applications, including network modeling, bot detec-
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Figure 7: Topics in Russian and English chats identified using BERTopic. While both English and Russian datasets contain

topics like sports and current events, the English dataset includes a subset of far-right topics (e.g.,

99 <

“antisemitic narratives,” “cli-

mate change hoax”). In contrast, Russian topics predominantly reflect mainstream diverse interests, including books, fashion,
art, and music. See Tables 8-11 in the SI for the top-40 topics of the four languages in a tabular format.

tion, and community formation across multilingual and lon-
gitudinal corpora.

Conclusion

In this paper, we collected a longitudinal dataset of public
Telegram chats spanning nearly a decade worth of data. The
dataset thus provides a unique opportunity to study organic
information diffusion across diverse community structures
on a platform with minimal moderation and algorithmic in-
terference.

Methods
Data collection

Telegram provides no official data access for researchers,
necessitating a custom collection pipeline. We built an
asynchronous crawler using Pyrogram (Pyrogram 2025), a
Python interface to the MTProto Telegram API, which in-
teracts with the platform through standard client authentica-
tion.

We employed a snowball crawling strategy (Goodman
1961) that exploits Telegram’s message-forwarding feature
to discover interconnected chats. Starting from a curated
seed set of 100 public channels (see SI, Tab. 12), the crawler
recursively identified new chats by resolving the origins of
forwarded messages. This approach enables scalable, struc-
turally informed data collection (La Morgia, Mei, and Mon-
gardini 2025; Baumgartner et al. 2020).

To maximize coverage of influential chats, we assigned a
download priority to queued chats equal to their observed
out-degree, i.e., the number of times the crawler encoun-
tered forwards from the chat in already downloaded chats.
The crawler always downloaded the chat with the highest
priority of all discovered and not yet downloaded chats, en-
suring central network hubs were captured first (SI, Algo-
rithm 1). This priority queue approach optimizes the dis-

2800

covery of large, interconnected chats within sampling con-
straints.

The crawler implemented several specific behaviors to en-
sure data completeness. For each channel, we also crawled
its linked discussion group (if it existed), capturing user
comments and interactions that provide crucial context for
message interpretation. To access statistics of non-closed
polls, we had to cast a vote before recording the results, then
subtracted our own vote during post-processing to main-
tain the original voting distributions. Additionally, we ad-
dressed two data integrity challenges. First, when recon-
structing reply threads, we could not rely on Telegram’s se-
quential message identifiers, because those shift when mes-
sages are deleted to preserve consecutive indexing. Instead,
we matched replies using timestamps. Second, we encoun-
tered the same problem when identifying the original source
of forwarded messages, where we also matched the mes-
sages by timestamps. This approach might have led to in-
consistencies whenever two messages are posted in the ori-
gin chat within the same second.

Telegram imposes rate limits on API requests per account.
To scale data collection, we distributed the crawling pro-
cess across 200 authenticated accounts managed by three
worker machines. This parallelization enabled us to bypass
per-account limitations while maintaining a single database
instance for consolidated storage, running on a fourth sepa-
rate machine with local NVMe SSD storage drives.

We collected comprehensive metadata including mes-
sages, channels, users, polls, and forwarding relationships
(SI, Tab. 3). Binary content (images, videos) was excluded
due to storage and copyright considerations. Phone numbers
were excluded due to privacy concerns. Usernames were
hashed upon storage. The resulting dataset was stored in a
PostgreSQL relational database optimized for high-volume
insert performance.



Ethical Statement

Several ethical and legal considerations arise when collect-
ing and analyzing data from social media platforms, partic-
ularly around privacy, informed consent, and data security.
Even when data originates from publicly accessible Tele-
gram groups or channels, ethical concerns persist, especially
in politically sensitive contexts where users rely on the plat-
form’s perceived anonymity and resistance to surveillance
(Burnett and Feamster 2015; Olteanu et al. 2019). Simply
sharing opinions or experiences in a public forum does not
necessarily imply a willingness to have that content analyzed
in research or shared in datasets (Crawford and Finn 2015).

Public social media data can still reveal sensitive informa-
tion, including political views or personal health, and may be
traceable to individuals through context, even without ex-
plicit identifiers (Ohm 2009). These risks are particularly
acute when studying events such as protests or elections,
where unintentional exposure can carry real-world conse-
quences (Cohen and Ruths 2013).

To mitigate these risks, we implemented multiple safe-
guards. First, we do not publish message text, as it can con-
tain sensitive information that is hard to remove at scale.
Furthermore, we algorithmically redact common forms of
personally identifiable information (PII), such as phone
numbers, and guide the crawler towards large, popular chats
by weighting download priority by the number of forwards.
These measures aim to limit re-identification risk and fo-
cus the dataset on content intended for large, public audi-
ences. Nonetheless, the absence of shared community stan-
dards for the ethical use of social media data in computa-
tional research remains a challenge. As researchers, we ad-
vocate for clearer, field-wide guidance to support responsi-
ble data sharing and protect user privacy while enabling sci-
entific progress.
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not publishing message content and pseudonymizing
personal information in the metadata. We do not antic-
ipate any ways how our dataset can perpetuate unfair
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periments. However, the content of the text messages
is not included, so a direct reproduction of the results
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(a) Did you include the full text of instructions given to
participants and screenshots? NA

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
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Dataset Size Timespan Topic focus Format Includes text Features

TeraGram 712k chats, Sep. 2015 - General purpose Parquet ~ On request Discussion groups, reply
5.95B messages Nov 2025 trees, polls, emoji

reactions

Blas et. al 43k chats, Aug. 2024 — US elections SQLite Yes Link-accessible private
1B messages Feb. 2025 chats

TGDataset 120k channels, Jan. 2021 — General purpose JSON Yes
400M messages Jul. 2022

Pushshift 27.8K chats, Sep. 2025 — Seed: right-wing JSON Yes

Dataset 317M messages Nov. 2019 extremism, crypto

TeleScope 71k chats, 2015 - General purpose JSON, No Temporal message
120M messages Oct. 2024 CSV posting patterns,

extracted entities

Schwurbelarchiv 6k chats, Oct. 2015 - German-language CSV Yes Transcribed multimedia
40M messages, Jul. 2022 conspiracies content
3M audio files

Kireev et. al 13 channels, Oct. 2020 — Russian-Ukrainian CSV Yes Real-time data collection
17.3M messages Jan. 2024 propaganda

Bawa et. al 519 channels, Dec. 2020 — Pro- vs. anti-Kremlin ~ CSV Yes Replies, emoji reactions
5.2M Messages Apr. 2023 stances

Table 2: A comparison of TeraGram and existing Telegram datasets. The number of chats refers to the number of fully down-

loaded chats.

Type Fraction (%) Content Included Reason for Omission (if any)

TEXT 30.95 Yes, upon legitimate request -

PHOTO 27.97 No (caption on request) Binary media excluded; only textual metadata retained
VIDEO 7.92  No (caption on request) Binary media excluded

WEB_PAGE 5.07  Yes (link text and metadata) -

AUDIO 1.62  No (caption on request) Binary media excluded

STICKER 1.55 No (identifier only) Media omitted; only human-readable emoji label retained
DOCUMENT 1.27  No (caption on request) Binary media excluded

ANIMATION 1.17 No Binary media excluded

VOICE 0.44  No (caption on request) Binary media excluded

VIDEO_NOTE 0.41 No (caption on request) Binary media excluded

POLL 0.25  Yes (question and options) Vote counts may be partially hidden

DICE <0.01 No Content depends on server-side evaluation; not reproducible
LOCATION <0.01 No Location data excluded due to privacy concerns
CONTACT <0.01 No Contact information excluded due to privacy concerns
VENUE <0.01 No Venue/location data excluded due to privacy concerns
GAME <0.01 No Server-side logic unsupported; content not retrievable
PAID_MEDIA <0.01 No Binary/media excluded; restricted content

GIVEAWAY <0.01 No Binary/media or server-side logic excluded

Table 3: Message types in the dataset. For each type, we show the total count, share of the dataset, what information was
retained, and a brief justification for any omission. Binary media and interactive or privacy-sensitive content were excluded to
ensure compliance and scalability.
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L chat_id [BIGINT] NOT NULL

——— user_id [BIGINT] NOT NULL

chats

(F id [BIGINT] NOT NULL

description [TEXT]

is_fake [BOOLEAN] NOT NULL

is_restricted[BOOLEAN] NOT NULL

is_scam [BOOLEAN] NOT NULL

is_support[BOOLEAN] NOT NULL

is_verified[BOOLEAN] NOT NULL

L linked_chat_id [BIGINT]

members_count [INTEGER]

message_auto_delete_time[INTEGER]

name [VARCHAR(512)]

telegram_id [BIGINT] NOT NULL

title [VARCHAR(512)]

type [VARCHAR(512)]

chats_users

joined [TIMESTAMP]
status [VARCHAR(256)]

users

~

id [BIGINT] NOT NULL

first_name [VARCHAR(512)]

is_bot [BOOLEAN] NOT NULL

is_deleted [BOOLEAN] NOT NULL

is_fake [BOOLEAN] NOT NULL

is_premium [BOOLEAN] NOT NULL

is_restricted[BOOLEAN] NOT NULL

is_scam [BOOLEAN] NOT NULL

is_support[BOOLEAN] NOT NULL

is_verified[BOOLEAN] NOT NULL

language_code[VARCHAR(512)]

last_name [VARCHAR(512)]

name [VARCHAR(512)]

phone_number[INTEGER]

phone_number_country _code[INTEGER]

telegram_id [BIGINT] NOT NULL

Figure 8: Entity-relation diagram of the SQL database.

chat_language

chat_id [BIGINT] NOT NULL

columns_used[VARCHAR]NOT NULL

lang [VARCHAR(8)]NOT NULL

score [DOUBLE PRECISION]NOT NULL

poll_options
id [BIGINT] NOT NULL
data [TEXT]
poll_id [BIGINT] NOT NULL
text [TEXT]NOT NULL
voters [INTEGER] NOT NULL

messages

polls

id [BIGINT] NOT NULL

id [BIGINT] NOT NULL

chat_id [BIGINT]

allows_multiple_answers[BOOLEAN]

date [TIMESTAMP]

close_date [TIMESTAMP]

forward_date[TIMESTAMP]

explanation [VARCHAR(256)]

forward_from_chat_id[BIGINT]

is_anonymous [BOOLEAN]

forward_from_id [BIGINT]

is_closed [BOOLEAN]

forward_sender_name[VARCHAR(256)]

message_id [BIGINT] NOT NULL

forwards [BIGINT]

question [VARCHAR(256)]NOT NULL

from_user_id [BIGINT]

total_voters [INTEGER]

reply_to_message_id[BIGINT]

type [VARCHAR(256)]NOT NULL

T

reply_to_top_message_id[BIGINT]

sender_chat_id[BIGINT]

type [VARCHAR(256)]

views [BIGINT]

+————{ message_id [BIGINT] NOT NULL

message_content

message_id [BIGINT] NOT NULL

caption [VARCHAR(4096)]

sticker_emoji [VARCHAR(1024)]

sticker_file_unique_id[VARCHAR(1024)]

id [BIGINT] NOT NULL
message_id [BIGINT] NOT NULL

sticker_set_name[VARCHAR(1024)]

text [VARCHAR(4096)]
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S message_id [BIGINT] NOT NULL

reactions
id [BIGINT] NOT NULL
count [INTEGER] NOT NULL
emoji [VARCHAR(256)]

order [INTEGER] NOT NULL

entity_urls

url [VARCHAR(4096)]

entity_hashtags
id [BIGINT] NOT NULL

hashtag [VARCHAR(4096)]




Queue 4 Priority

and ¢ WEIS priority]

[y for download - based on newly
discoverd

0| from forwarded

'

Worker(s) @.@ —
download [[FRREEEY @@@ — = —
©

discover new

l—l II— il

Figure 9: A sketch of the crawling algorithm. The crawler discovers new chats through forwarded messages. The chats are
then prioritized for download based on their out-degree, i.e., the number of forwarded messages from this chat into already
downloaded chats.
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Unigram Approximate count

the 303780793

to 194300070

of 139954153

and 138496907

a 108742672

in 106484729

on 86053545

is 78172495

this 77054100

be 67760360

Table 4: Top-10 unigrams.

3-gram Approximate count

due to copyright 36559249

one of the 1739521
- - - 1557765
the united states 1247866
this is the 1185023
a lot of 1051740
this is a 998812
part of the 871766
be able to 846558
as well as 833266

Table 5: Top-10 3-grams. We removed all 3-grams that are substrings of the Telegram redaction message on copyright violation
except the first one.

10-gram Approximate count
message couldn’t be displayed on your device due to copyright 36553503
—————————— 1045726

| gettr | truthsocial | rumble | telegramZ=X 302400

north atlantic treaty organization by @USERNAME a @USERNAME project - 278543

cant be displayed because it violated telegram’s terms of service. 207879

subscribe ¢+ https://t.me/USERNAME franksocial | gettr | truthsocial | rumble 185394

help us spread truth! [l @ =main: t.me/USERNAME news: t.me/USERNAME videos: 181626
support team is here to help with your trb product-related 153010
this channel cant be displayed because it violated local laws. 104086

89937

Table 6: Top-10 10-grams. Many 10-grams discovered by the analysis were shifted substrings of the same message. In such
cases, we show only the first occurrence for readability. Text in capital letters marks redacted content.
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Category

Domain

Social media

facebook.com, twitter.com, instagram.com, linkedin.com, youtube.com, youtu.be, twitch.tv, reddit.com, redd.it, pin-
terest.com, tiktok.com, snapchat.com, whatsapp.com, telegram.com, telegram.org, discord.com, viber.com, line.me,
kakaotalk.com, wechat.com, qq.com, weibo.com, t.me, t.co, x.com, substack.com, parler.com, rumble.com, gab.com,
truthsocial.com, 4chan.org, bitchute.com, gettr.com, dlive.tv, odysee.com, wa.me

Search engines

google.com, bing.com, yahoo.com, duckduckgo.com, baidu.com, yandex.com, goo.gl

E-commerce

amazon.com, amzn.to, amazon.in, paypal.me, paypal.com

Link shorteners

bit.ly, rebrand.ly

Misc.

wordpress.com, lbry.com, minds.com, change.org, gmx.net, soundcloud.com, doi.org, github.com, ift.tt, linktre.ce

gaza support demonstrat)an§ Shabl al]awaber channels (7))
2 c3
& 1srael gaza conflict bot channels accesslove expressions 3
G s gaza prayers support - O ©
Lretirees protests pray PP apps and updates 5.5
: ¢ ooitr ning teremnies Y areyrs ‘““‘““ resistance activities 25
g e elections iran ment ri fires incidents seeking knowledge fmoor 3 g ]
s o Poety o e c rriage guldellnes HHEC
3 dir Lravel issues O @ airstrikes southern Iebanon z
—~ oniit night poecry o fire "wkysw nts E .zm ia conflict shelling g DOD g
diarabia §
cryptocurrency market © t on: Q
o C a school attacks
mmtf!g%éghﬁr forecast e G 58 poﬁnﬂl devgcrgwﬁastlng rulesL et ©
automobile pricing el %f fashion apparel sales gaza_ shelllng wn &
vaccine di. S g " islamic books collection’ st e g %
B o -
S i £ wefootball matches: "85
turkey syria relations 3 S o ~ telegram channels
stat1st1cs ! E R e 5 m 173 b3t migration notification acount warH;}emsn[ - n
g : : 4
nutrition peslthcre disbects MUSIC, V1de0S, itectin 35 5" mournlng and memorials 4 3
e n 2 E g d ML COPIILGE (i ukraine russia conflict @ ‘5o
g po r t s lea gue S iran gaza alrstril Sar(hiokes amo trenors 0
" siection reuits e education exams, schedule i
e reol kst parcments prophetic narrationsrepemrances of god . &

Table 7: Blacklist of domains excluded from URL classification.

Farsi Arabic

higher education admissions nd

prayers and education and

diovascular healt!

Figure 10: Topics in Farsi and Arabic chats identified using BERTopic.
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Topic id

Topic

Message count  Fraction

O 0 NN WD = O

—_ =
—_ O

L LW W W LW L L W W NN NN NN = = == === =
0 N NN R WY = O 00NN R W= O VOO0 R W

political economy russia
israel gaza conflict
fires incidents

cultural events

road accidents

social interactions
books giveaways reading
personal struggles
cultural critique
anonymous messages
personal journeys
family conversations
cats and kittens

stray dogs management
healthcare system
uzbek society

winter weather

album music
interactive experience
drawing art

space exploration
vaccination covid
battlefront updates
power outages

prayer and faith

official receptions

armenian azerbaijani conflict

channel interaction events
weather forecast

artificial intelligence
fraud alerts malware

job vacancies food service
sleeping struggles
humanitarian aid
corruption convictions
clothing sales

military aggression casualties

outstanding scientists
sanctions strategy
china russia relations

711168 0.711168
8263 0.008263
5402 0.005402
4767 0.004767
4580 0.00458
4377 0.004377
4166 0.004166
3946 0.003946
3580 0.00358
3580 0.00358
3477 0.003477
3472 0.003472
3319 0.003319
3264 0.003264
3125 0.003125
3038 0.003038
2702 0.002702
2516 0.002516
2359 0.002359
2247 0.002247
2242 0.002242
2136 0.002136
2111 0.002111
1817 0.001817
1809 0.001809
1757 0.001757
1713 0.001713
1625 0.001625
1617 0.001617
1600 0.0016
1543 0.001543
1536 0.001536
1504 0.001504
1497 0.001497
1413 0.001413
1384 0.001384
1333 0.001333
1303 0.001303
1260 0.00126
1253 0.001253

Table 8: Top-40 Russian topics
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Topic id

Topic

Message count  Fraction

O 0 N NN WD = O

—_
—_ O

L LW W W LW L LW W W N N NN N NN = = == === =
0 N NN R WY = O 00NN R WD = O VO 00NN R W

social issues

sports leagues iran
israel gaza conflict
music videos

weather forecast
covid19 statistics
automobile pricing
fashion apparel sales
higher education admissions
poetry of love

elections irdn

religious texts

love relationships

real estate apartments
job opportunities iran
vaccine distribution
love expression

water management
cultural heritage tourism
morning love

nutrition healthcare diabetes
fire incidents
electricity consumption
space exploration
ukraine russia conflict
apple iphone updates
earthquake activity
kiss and affection
traffic accidents
poultry market pricing
morning prayers
nuclear negotiations
cooking recipes

school closures

iranian cinema festival
hijab regulations iran
film series downloads
condolences messages
snow fall winter

rainy moments

646264
55357
12168
6586
5953
5242
4650
4375
4163
3478
3298
3069
3046
2707
2527
2485
2121
2119
2110
2102
2020
1926
1844
1787
1758
1688
1648
1496
1493
1435
1397
1328
1299
1284
1276
1192
1143
1140
1108
1097

0.646264
0.055357
0.012168
0.006586
0.005953
0.005242
0.00465

0.004375
0.004163
0.003478
0.003298
0.003069
0.003046
0.002707
0.002527
0.002485
0.002121
0.002119
0.00211

0.002102
0.00202

0.001926
0.001844
0.001787
0.001758
0.001688
0.001648
0.001496
0.001493
0.001435
0.001397
0.001328
0.001299
0.001284
0.001276
0.001192
0.001143
0.00114

0.001108
0.001097

Table 9: Top-40 Farsi topics
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Topic id

Topic

Message count  Fraction

O 0 N NN R WwW D= O

—_
—_ O

L LW W W LW L LW W W NN NN NN NN = = == === =
0 N NN R WY = O 00NN R WD = O VO 0NN RN W

religious practices
football matches
mourning and memorials
prophetic narrations
women marriage guidelines
israeli hamas negotiations
resistance activities
ramadan fasting rules
bot channels access

gaza shelling

morning inspiration
religious guidance

bot subscription update
love expressions

ukraine russia conflict
telegram channels
fashion apparel sales
education exams schedule
female perspectives
islamic books collection
elections and voting
servant of God

shabl aljawaber channels
inner conflict

martyrs and resistance
faith in God

fires incidents

gaza prayers support
armed conflicts

moon and space

weather forecast

job openings saudiarabia
seeking knowledge

gaza airstrikes victims
remembrances of god
apps and updates
account management
prisoner exchange
seeking forgiveness

sudan political developments

703045 0.703045
13133 0.013133
10789 0.010789
7544 0.007544
5899 0.005899
5894 0.005894
4820 0.00482
4736 0.004736
4353 0.004353
4108 0.004108
3725 0.003725
3579 0.003579
3483 0.003483
3405 0.003405
3157 0.003157
3017 0.003017
3017 0.003017
2678 0.002678
2601 0.002601
2458 0.002458
2345 0.002345
2285 0.002285
2254 0.002254
1903 0.001903
1877 0.001877
1853 0.001853
1829 0.001829
1607 0.001607
1439 0.0014
1424 0.001424
1385 0.001385
1362 0.001362
1353 0.001353
1340 0.00134
1318 0.001318
1310 0.00131
1277 0.001277
1251 0.001251
1186 0.001186
1085 0.001085

Table 10: Top-40 Arabic topics
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Topicid Topic Message count  Fraction

-1 political conspiracy 644734 0.644734
0 football leagues updates 11075 0.011075
1 vaccine debate 10577 0.010577
2 taiwan china relations 7139 0.007139
3 christian faith 5121 0.005121
4 negative perceptions actor 4718 0.004718
5 trudeau protests canada 4676 0.004676
6 election fraud allegations 4646 0.004646
7 aviation incidents 4098 0.004098
8 trump rallies events 4061 0.004061
9 vaccine documentary watching 3688 0.003688
10 islamic teachings 3610 0.00361

11 biden presidency debate 3597 0.003597
12 female characters analysis 3227 0.003227
13 racial discourse 3204 0.003204
14 elon musk twitter 2868 0.002868
15 wildfires and firefighters 2591 0.002591
16 transgender issues 2513 0.002513
17 brazilian political crisis 2333 0.002333
18 epstein maxwell scandal 2206 0.002206
19 australia freedom movement 2202 0.002202
21 nasa spacex missions 1909 0.001909
20 friends with affection 1909 0.001909
22 antisemitic narratives 1888 0.001888
23 inflation rates policies 1749 0.001749
24 nato news updates 1729 0.001729
25 music expressions 1709 0.001709
26 france political protests 1661 0.001661
27 game releases indie 1590 0.00159

28 mass shootings 1570 0.00157

29 samsung smartphones android 1568 0.001568
30 pope francis death 1505 0.001505
31 drone warfare operations 1489 0.001489
32 anthro canine nsfw 1469 0.001469
33 5g emf radiation 1398 0.001398
34 climate change hoax 1372 0.001372
35 abortion debate 1347 0.001347
36 bjp elections india 1342 0.001342
37 jfk assassination conspiracy 1336 0.001336
38 royal family news 1323 0.001323

Table 11: Top-40 English topics
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Chat name Language Characteristic topic
INSIDERR_POLITIC English brics expansion 2023
vanek_nikolaev Russian military air operations
INSIDER_USA_NEWS English child protection legislation
vv_volodin Russian ukraine crisis mentions
Russica2 Russian russia geopolitics conflict
dmitrynikotin Russian ukraine celebration media
real_DonaldJTrump English election fraud allegations
trump_magacommunity English justice fight victims
zarubinreporter Russian news updates telegram
vatnoeboloto Russian poverty in russia
panchenkodi Russian ukraine crisis mentions
stalin_gulag Russian poverty in russia
slvn_pomet Russian ukraine conflict updates
project_veritas English undercover investigation
PatriaDigital Spanish brics expansion 2023
realKarliBonne English trump debate topics
JamesOKeefelll English election fraud allegations
Alertas24 Spanish protests in Venezuela
realx22report English congressional events
PepeMatter English child protection legislation
qthestormrider777 English deep state exposure
CharlieKirk English gop election audit
RealGenFlynn English veteran honoring events
LauraAbolichannel English stock market crisis
TrumpChannel English biden hunter laptop
stewpeters English military degeneracy issues
RealDonaldoTrumpo English political resignation votes
BellumActaNews English protests in Venezuela
ResisttheMainstream English biden trump transition
ShadowofEzra English twitter censorship health
rattletrap1776 English space force initiatives
DirtRoadDiscussion English satanic rituals war
TuckerFans English trump election interference
sanidadgob Spanish health and wellbeing
DDGeopolitics English ukraine conflict updates
bioclandestine English freedom fight hope
Jack_Posobiec English sexual abuse cases
SantaSurfing English taliban takeover afghanistan
trottasilvano French green energy sustainability
DBongino English dan bongino streaming
liusivaya Spanish ukraine crisis mentions
Richardcitizenjournalists English news updates telegram
VigilantFox English meat health supplements
rsbnetwork English trump debate topics
FearlessReport English biden hunter laptop
AntiSpiegel German eu regulations analysis
SGTnewsNetwork English child protection legislation
JFK_Q17 English truth unleashed
geopolitics_live English ukraine air defense
CaptKylePatriots English elite crime exposures
cruel_historyy English iraq protests violence
Slavyangrad English artillery operations
DanScavinoFORCE English election fraud allegations
HATSTRUTH English spiritual struggles prayer
ReinerFuellmichEnglish English twitter censorship health
andweknowLT English disinformation alerts
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Chat name Language Characteristic topic

MichaelJLindell English election fraud allegations
IntelRepublic English russia european relations
candlesinthenight English citizenship exchange service
QNewsOfficial TV Dutch meat health supplements
FaktenFriedenFreiheit German medical controls criticism
GitmoTV English elite crime exposures
ScottRitter English citizenship exchange service
JamesWoodsFans English biden trump transition
worlddoctorsalliance English olivia health issues
stormypatriotjoe21 English luciferian satanism
projectcamelotKerry English military intelligence news
patriotstreetfighter English event tour schedule
NewsmaxTV English newsmax podcasts
followsthewhiterabbit English military air operations
ElectionHQ2024 English election fraud allegations
RealMarjorieGreene English blm antifa violence
AMGNEWS2022 English elite crime exposures
GarrettZ English election fraud cronyism
Qanon_storm_incoming English spiritual struggles prayer
robinmg English eu regulations analysis
BennyJohnson English biden trump transition
police_frequency English protests in Venezuela
LizCrokinReport English epstein scandal
PrincessDiana_Q English biden trump transition
TheTrumpist English lebron james crash
BenShapiroGang English congressional events

Haintz German health and wellbeing
ConservativeBrief English biden trump transition
DonaldTrumpOffice English multilateral dialogue
NTDNews English green energy sustainability
hsretoucher17 English trump debate topics
zeeemedia English injection injuries athletes
TrueGreatAwakening English secret control influence
BannonWarRoom English eu regulations analysis
WesternJournal English lebron james crash
techno_fog English epstein scandal

liltalkshow English whistleblower dominion bios
TheRealKimShady?7 English luciferian satanism
PepeDeluxed English democracy peril corporation
theprofessorsrecord English election fraud allegations
WhiteHatsQ English deep state exposure
wendyrogersaz English senate legislation minors
DrDavidMartin English democracy peril corporation
jordansather English content moderation

Table 12: Initial seed list of Telegram channels used to bootstrap the snowball crawler. We picked the 100 biggest channels in
the political category according to https://telegramchannels.me/ranking (retrieved on 2025-05-15). The characteristic topic is
the topic that is most overrepresented in messages from the given chat, compared to the baseline of messages from all seed
chats.

2815



Algorithm 1: Snowball crawling of Telegram channels. The algorithm begins with an initial channel, extracts forwarded mes-
sages to discover new channels, and repeats until no new channels are found. Distribution across multiple workers and queue
prioritization by out-degree are omitted for clarity.

Input: Initial channel Cjpga
Output: List of discovered Telegram channels
1: q < {Cinitiar }
2: while ¢ is not empty do
3: Ceurrent < Dequeue(q)
4:  m + GetMessages(Ceyrrent)
5:  my < GetForwardedMessages(m)
6:  Chew ¢+ DiscoverChannels(m )
7: Enqueue(q, Chew)
8: end while
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