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Abstract

To influence the information landscape preceding and dur-
ing the military invasion of Ukraine in February 2022, Russia
initiated a disinformation campaign portraying Ukraine as a
Nazi state. This study aims to compare discussions related
to this campaign on Twitter and Telegram. The analysis re-
veals that the Nazis and Ukraine narrative was constant on
Twitter but only emerged on Telegram after the invasion in
channels that had previously focused on a broader set of con-
spiracy theories. Beyond the examination of Russian disinfor-
mation in this case study, the paper introduces an innovative
methodology for constructing topic networks from social me-
dia data. This approach expands upon traditional topic mod-
eling by incorporating the network properties of social media
data to establish directed networks that characterize the inter-
play between conversation topics. Through this methodology,
we gain the ability to observe topical evolutions, providing
fresh insights into the disinformation campaign and its effi-
cacy in shaping discussions around the Russian invasion on
social media.

Introduction
In today’s social media-dominated information environ-
ment, critical world events are often inundated by mis- and
disinformation. A recent example of a major world event
accompanied by state-sponsored disinformation was the in-
vasion of Ukraine by Russia. Both Russian media outlets
and social media actors spread disinformation about Ukraine
during the 2022 invasion. An example of this (demonstra-
bly false) disinformation was the idea that Nazis controlled
or were otherwise harbored by Ukraine (Hanley, Kumar,
and Durumeric 2023). While this disinformation theme is
known, there has been little empirical study of the disin-
formation messaging or evolution during the 2022 invasion.
As such, this paper explores how the Nazi narrative was
discussed on two globally popular social media platforms:
Twitter and Telegram.

Disinformation campaigns on social media have the po-
tential to reach large audiences and affect public perception
in geopolitically important ways. For example, the Nazi and
Ukraine narrative was introduced by Vladimir Putin as a jus-
tification for his invasion of Ukraine. If this disinformation
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became generally accepted, it could erode popular support
for Ukraine globally, depriving them of resources from part-
ner nations.

There have been many previous studies of disinformation
on social media, but many of these works focus on a single
platform. We hypothesize that disinformation campaigns af-
fect platforms differently due to things like platform design
decisions (e.g., algorithmic recommendation engines) and
cultural differences in user bases. In this study, we will fo-
cus on Twitter and Telegram because they differ in platform
design and user composition. Twitter encourages users to in-
teract with content by presenting it to them in a ”news feed,”
while Telegram requires users to seek out and subscribe to
channels without a robust search feature. Concerning user
composition, Twitter is mostly used in the United States,
while Telegram is most popular in Russia and Ukraine (but
has a growing user base in the United States). We expect
that the Telegram population was more likely to adopt the
Nazi and Ukraine narrative due to the platform’s popularity
in Russia, but anticipate the difficulty of finding new chan-
nels on the platform may have hindered the rapid spread of
disinformation.

In order to understand disinformation in the social me-
dia space, previous works have sought to analyze the top-
ics of conversation in those spaces. These topics relate to
themes present in the discussions and can shape elements of
the information space like socially-held beliefs or narratives
(Saldanha et al. 2023). One method for analyzing social me-
dia discussion topics, which can reveal connections between
those topics and thus better aid in holistically analyzing the
discussion space, is to create topic networks from the social
media data. These topical networks combine topic model-
ing with behavioral networks (e.g., replying, quoting, etc.) to
produce a model of a conversation space where one can ob-
serve how topics relate to each other and comprise a discus-
sion space than topic modeling or network clustering alone.
Thus, this paper also describes a method to create topic net-
works from social media data to enable disinformation anal-
ysis. These networks are generated in a platform-agnostic
methodology that supports direct comparison of conversa-
tions across different social media platforms.

The contributions of this research are two-fold. First, we
propose a new technique for creating topic networks. Based
on previous works on topic modeling, as well as recent
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works around narrative networks, we propose a methodol-
ogy that leverages language embeddings and conversation
structures present on social media to create topic networks.
Second, we use this technique to analyze the Nazi and
Ukraine disinformation narrative used by Vladimir Putin to
justify the 2022 invasion of Ukraine. Our analysis is the first
cross-platform analysis in this area of disinformation, and it
reveals important differences in the ways that these narra-
tives affect discussions on different platforms.

Background
Russian Invasion of Ukraine and the Nazi
Narrative
Russia’s 2022 invasion of Ukraine surprised much of the in-
ternational community, but there were indications of Rus-
sia’s intentions as far back as the spring of 2021 when
Russian military units began staging on the border of
Ukraine under the guise of training (ISW Russia Team
2022). Russia continued to portend their invasion with in-
creased anti-NATO rhetoric in the fall of 2021 (ISW Russia
Team 2022). By early 2022, the Russian invasion appeared
imminent, though official channels continued to counter-
message, claiming that Ukraine and NATO were the aggres-
sors (Reuters Staff 2022; Hanley, Kumar, and Durumeric
2023).

President Vladimir Putin preemptively justified the inva-
sion in a February 22nd speech in which he accused Ukraine
of being a Nazi-run state before Russia formally began the
invasion on February 24th (ISW Russia Team 2022; Putin
2022). In particular, Putin claimed Russia’s military ag-
gression was meant to ensure the safety of ethnic Russians
in eastern Ukraine who were being targeted by Ukrainian
Nazis. These claims would be repeated by official Russian
channels, traditional news networks worldwide, and on so-
cial media. All of this, in effect, made this particular disin-
formation of Nazis in Ukraine an actual casus belli for the
war and thus a critical narrative to analyze around the inva-
sion.

As the discussion of Nazis in Ukraine continued, several
key talking points emerged. Historical references to World
War 2 were common, aiming to tap into Russian national
pride in defeating Nazi Germany. The historical discussion
involved comparisons between Ukrainian/Western entities
and World War 2 Nazis. For example, a popular video shared
on social media referred to NATO as the “reincarnation” of
the Nazi secret police (NewsGuard 2023).

Another common talking point in the Nazi narrative was
Ukraine’s Azov Battalion. Azov is a military unit that is for-
mally part of the Ukrainian National Guard. The unit has far-
right origins and uses a unit patch that resembles a common
Nazi symbol (Center for International Security and Cooper-
ation 2022). Azov was incorporated into Ukraine’s overall
military response during the invasion. Ukraine has tried to
counter the idea that it is a Nazi organization; however, the
group’s Nazi-associated past was used to support Putin’s as-
sertion of Nazi presence in Ukraine (Graham and Baczynska
2022).

As the Nazi narrative spread to Western audiences, it was

primarily adopted by those with far-right political leanings.
As such, it became associated with other familiar far-right
narratives at the time, including Canada’s trucker protests
(the “Freedom Convoy”) (Boutilier 2023), the Canadian
Deputy Prime Minister’s father’s potential links to Nazis
(Neiman 2021), and various other conspiracy theories.

The Role of Social Media
In addition to official government communications and news
media, the Nazi narrative was frequently discussed on social
media. While the Nazi narrative was shared on many social
media platforms, this paper will focus on the two sources
most responsible for its spread: Twitter and Telegram. To
date, previous works have investigated narratives and disin-
formation shared on Twitter during, and immediately lead-
ing up to, the invasion of Ukraine (Pohl et al. 2023; Han-
ley, Kumar, and Durumeric 2023; Chen and Ferrara 2023).
However, there has been no investigation of Telegram as it
intersects with the Nazi disinformation narrative.

Twitter is a globally popular micro-blogging-style social
media service. Many different political ideologies are repre-
sented on Twitter. The platform features content moderation
that is (at times, unevenly) applied to remove disinformation
from the discourse. Twitter is not especially popular in Rus-
sia and Ukraine, so we expect primarily Western discussion
of the Nazi narrative on the platform.

At the time of this research, Twitter data was easy to at-
tain for academic researchers. Keyword searches allow for
a targeted collection of Tweets surrounding a specific nar-
rative. There have been many studies into disinformation/-
narrative spread on Twitter (for example: (Bovet and Makse
2019; Benigni, Joseph, and Carley 2017; Ng, Cruickshank,
and Carley 2022)).

Telegram is also globally popular but is especially popular
in Ukraine and Russia (where it was created). Telegram has
no form of content moderation, which has attracted a West-
ern audience that leans toward far-right politics (Liedke and
Stocking 2022). Western use of Telegram is dominated by
groups concerned they will be censored on other platforms.

Telegram data is much more challenging to attain than
Twitter data at the time of the data collection for this re-
search. There is a public API that supports data collection,
but it is currently impossible to search for keywords or ac-
cess data associated with a specific user. Instead, one must
know the channel(s) they want to access, and assuming the
channel is public, they can then access the message data in
that channel.

Twitter and Telegram are distinctly different social media
platforms in terms of their mechanics and user bases. This
study will compare how the Nazi narrative was discussed
on each platform before and after the invasion to analyze
and discover any platform-specific differences in how this
disinformation was shared.

Topic Modeling and Networks
Extracting topics from text is a regular task in modern Natu-
ral Language Processing (NLP). Latent Dirichlet Allocation
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(LDA) is a popular unsupervised method for extracting top-
ics from documents. LDA leverages word frequencies in a
generative probabilistic approach to define a set of topics
and determine which topics appear in each document (Jelo-
dar et al. 2019). In recent years, the popularity of semantic
text embedding via language models has given rise to alter-
native topic modeling approaches such as BERTopic (Groo-
tendorst 2022) and Top2Vec (Angelov 2020). New tech-
niques like BERTopic differ from LDA in that they represent
text documents as real-valued vectors that can be created us-
ing any semantic language model. These vectors are then
clustered to reveal topics and various NLP approaches can
be used to describe the resulting document clusters (Groo-
tendorst 2022).

Topic modeling has also been combined with network
structures to show the relationships between topics. McCal-
lum et al. created a modified version of LDA that uses the
relationships between social media post authors in the topic
detection step (McCallum, Corrada-Emmanuel, and Wang
2005). The authors showed improved topic detection perfor-
mance compared to LDA, but their models are designed to
work in general social networks (and not social media). Mc-
Callum et al.’s methodology, which was developed on or-
ganization data, relies on the ability to model roles within
social networks. This type of role-inferring would be nearly
impossible on a platform like Telegram, where only limited
user-specific data is available. Cha and Cho took a different
approach to improve LDA for social network applications
that focused on topic links (Cha and Cho 2012). This ap-
proach seeks to model the relationships between people ac-
cording to specific topics. In particular, their work addresses
an existing problem in LDA-based edge topic modeling that
performs poorly when nodes have high in-degree. Guo et al.
present a similar approach focusing on topic links that im-
prove performance in removing irrelevant links (Guo et al.
2015). Similar to these works, Babvey et al. use topics to
create “topic-aware” networks to analyze the nature of on-
line conversations (Babvey, Lipizzi, and Ramirez-Marquez
2019). In this work, social media posts were the nodes, and
they were colored by their assigned topic. Coming from the
network perspective, Himelboim et al. used the conversa-
tion structures present in social media data (i.e., retweet and
reply actions on Twitter) to break down social media text
into topics (Himelboim et al. 2017). Their approach did not
use traditional topic modeling techniques but rather the con-
versation network to find topics. In most of these previous
related works, the primary focus has been on improving
topic modeling by incorporating observed behavioral net-
works versus understanding the relationships between top-
ics that occur in an online discussion space. In this work, we
seek to do something different by creating a network model
of topics, using observed behavioral networks, to understand
a discussion space versus just using the topics in that discus-
sion space.

Finally, since this research primarily deals with social me-
dia data, it is also important to highlight topic modeling in
short-test scenarios or short-text topic modeling (STTM).
Due to the short nature of social media text (many platforms,
like Twitter, restrict the length of a post), topic modeling

of this data is often an STTM problem. Many of the tech-
niques proposed for STTM remove one of the main com-
ponents originally in methods like LDA, namely that any
given short text is assigned to a single topic versus a prob-
ability distribution across multiple topics (Murshed et al.
2023). While this assumption of one topic per text makes
sense in the micro-blogging environment of social media, it
means more straightforward ideas of creating topic networks
to model the relationship between topics (such as treating the
document-to-topic distributions that result from models like
LDA as a bipartite network) are not always possible.

Narrative and Conversation Networks
Closely related to the idea of using topical networks to un-
derstand a social media space is the analysis of narratives
and conversations on social media. In particular, Saldahna
et al. recently proposed the concept of an information nar-
rative, which defines a narrative in the social media space
as entities and relations between those entities (Saldanha
et al. 2023). This work proposed an NLP and network-based
methodology for modeling narratives in social media con-
versations. Additionally, the authors argued that network
structures are a better data format for conveying information
about concepts like narratives from social media data.

There have been several recent works on conversation
modeling in social media. The methods in these works often
take both the conversation structure (e.g., reply tree in Twit-
ter) and the textual content of the posts of the conversation
to model social media conversations (Babvey, Lipizzi, and
Ramirez-Marquez 2019; Mendoza, Parra, and Soto 2020;
Benslimane et al. 2023). The task of conversation modeling
is often done for predicting contentious or controversial con-
versations (Babvey, Lipizzi, and Ramirez-Marquez 2019).
As has been found in research on topic networks, the inclu-
sion of both the social networks and the text into a model
often produces better results than either source of informa-
tion by itself.

Methodology
This paper proposes a methodology for generating topic net-
works that can be used to understand the content of so-
cial media discussions. As such, the methodology proposed
here differs in intent from previous works that have sought
to combine networks and topic modeling. Rather than us-
ing observed behavioral networks to improve topic model-
ing and/or simply using topics by themselves as a means
of understanding a discussion space, we combine them to
form a network of topics using the observed behavioral net-
works. As such, this work also proposes a technique that
is both different in intent and capable of working in short-
text topic modeling scenarios, like social media, then cre-
ating topic networks from document-to-topic distributions,
which would model the co-occurrence of topics within texts
versus between texts. The process is then applied to Twitter
and Telegram data to characterize disinformation surround-
ing the Nazis in Ukraine narrative. Using Telegram data is
relatively rare in published disinformation studies, and the
authors had to develop a unique methodology to collect Tele-
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gram data that would be comparable to those used to col-
lect Twitter data. The remainder of this section will discuss
the data collection methodology before shifting focus to the
topic network methodology.

Data
Twitter data surrounding a specific narrative is relatively
easy to collect using keywords (as the data was collected
for this research). We collected data containing at least one
variation of “Nazi” including ”Nazi”, ”Denizify”, ”Denazifi-
cation”, ”Nazism”, and ”neo-Nazi”, and at least one word re-
lated to Ukraine including ”Ukraine”, ”Kiev”, ”Kyiv”, ”Ze-
lensky”, ”Zelenskiy”, and ”Zelenskyy”, from February 1st,
2022, to March 15th, 2022. 148,080 total Tweets met these
criteria. We excluded retweets from our analysis to avoid ar-
tificially inflating the prominence of non-original content.

To facilitate a useful comparison, it was essential to col-
lect Telegram data representing the same general conversa-
tion as the Twitter data. Unfortunately, Telegram does not
allow keyword searching, so using the same set of keywords
for the initial data collection was impossible. Telegram data
on public channels is accessible through the Telegram API,
but there is no simple way to generate lists of channels that
pertain to a specific narrative.

To get around these issues, the study team extracted a
list of Telegram channels linked from the Twitter data (118
unique channels) and performed a one-hop snowball sam-
ple using channel forwards (i.e., one Telegram channel for-
warded content from another) to create a list of 18,261 chan-
nels. The final Telegram data contains 6,733,025 messages.
We applied the same search terms to filter these Telegram
messages but found that the overwhelming majority of the
filtered messages occurred after the beginning of the war
(February 20th, 2022). 5,830 messages contained a vari-
ant of “Nazi” before the war began, but only 109 messages
(1.9%) also contained a variant of “Ukraine.” After the war,
23,822 messages contained a variant of ”Nazi,” and 7,251 of
those messages (30.4%) contained a variant of ”Ukraine.”

The absence of messages about Ukraine and Nazis before
the war is not simply a function of different channel compo-
sition in the two time periods. 87% of the channels that were
active before the war remained active after the war began,
and they were responsible for 92% of the total message traf-
fic in our data after the war began. Furthermore, after the war
began, the channels that existed before the war mentioned
both Nazis and Ukraine in 31% of posted messages. This
demonstrates that the Nazi in Ukraine narrative was present
on Telegram, but it was non-existent before the war on the
very same channels that began repeating it after the war be-
gan.

It is possible that our data collection strategy failed to cap-
ture channels that discussed the Nazi and Ukraine narrative
before the war began, but we assess that it is unlikely that it
was a major part of the conversation on the platform. While
imperfect, we expect that our snowball sampling strategy
would capture the important channels where this discussion
would have likely taken place. The fact that we found the
Nazi and Ukraine narrative in these channels after the war

Week Beginning Tweets Telegram Messages
2/1/2022 1,696 2,129
2/8/2022 2,876 1,916

2/15/2022 5,245 2,624
3/1/2022 32,343 7,276
3/8/2022 64,945 7,462

3/15/2022 40,975 8,245

Total 148,080 29,652

Table 1: A comparison of data sizes for each platform and
week combination.

started is further evidence that this narrative was likely not
popular on Telegram before the war.

To facilitate comparison between conversations on both
platforms before and after the beginning of the war, we re-
laxed our filter on the Telegram data to include any post that
mentions a variant of ”Nazi” without the requirement that a
variant of ”Ukraine” was also present. This resulted in a total
of 29,652 messages (5,830 before the war and 23,822 after
the war) in our final Telegram data set. We further divided
the data into weeks to study the changes in conversation over
time. The weekly and total data sizes are shown in Table 1.

There was a clear increase in Twitter and Telegram activ-
ity after the invasion on February 20th, 2022, and the Twitter
data grew much larger than the Telegram data. This imbal-
ance in the data is expected, given the context, and it would
cause bias toward the data in the weeks with a greater num-
ber of messages if a topic modeling approach were to be ap-
plied to all of the data at the same time. To avoid this issue,
our methodology models each week independently.

Twitter and Telegram are both micro-blogging platforms
with short-text format posts. Tweets are limited to 280 char-
acters, while Telegram has a much higher limit of 4,096
characters. However, in our data, we found the messages
to be similar in length. The mean character length of our
Tweets was 219 characters, with a median of 233. The mean
length of the Telegram messages was 344 characters, with a
median of 162. We do not anticipate that this modest differ-
ence in message sizes affected our analysis.

Topic Networks
After collecting the data, it was passed to the topic network
methodology. The first step is to apply BERTopic to extract
topics from the Tweets/messages. BERTopic is a general
framework that uses the following process: represent doc-
uments as semantic embedding vectors, reduce dimension-
ality, cluster, and label the topics (Grootendorst 2022). The
specific language model, dimensionality reduction, cluster-
ing, and labeling methods are left to the user to select and
tune as appropriate to a particular corpus or problem.

In the vector representation step, we used the all-MiniLM-
L6-v2 sentence embedding model to create our text em-
beddings (Espejel, Reimers, and Gante 2022a). This model
was trained on sentences and paragraphs, which is desirable
given that Twitter and Telegram messages can be more than
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a single sentence. The authors tested several other popu-
lar sentence embedding models, including all-mpnet-base-
v2 (Aarsen, Espejel, and Reimers 2022b), all-MiniLM-L12-
v2 (Aarsen, Espejel, and Reimers 2022a), and paraphrase-
MiniLM-L3-v2 (Espejel, Reimers, and Gante 2022b) which
produced similar results. all-MiniLM-L6-v2 was faster than
these other models on our hardware, but future work should
evaluate several models to balance performance (i.e., consis-
tency with other models) and speed.

For dimensionality reduction, we used UMAP, which is
recommended in the BERTopic documentation (Grooten-
dorst 2022). After reducing the dimensionality, the Tweet-
/message vectors are passed to a K-means clustering algo-
rithm. We tested HDBSCAN in addition to K-means but ul-
timately chose K-means because it resulted in fewer outlier
topics, and our document scale is not so large that HDB-
SCAN’s scalability was necessary. A key limitation of K-
means is tuning the hyperparameter specifying the num-
ber of topics. We used the elbow method, which minimizes
model inertia (the sum of squared distance from all docu-
ments to their assigned cluster center) to select this hyper-
parameter for each model run (Nainggolan et al. 2019). Be-
cause we ran the full modeling pipeline on the weekly data
subsets for each platform independently, the value of K was
selected using the elbow method for each model run. In our
application, we found that all of the K values ranged be-
tween 30 and 50.

For the final topic-labeling step, we leveraged the GPT-
4 model (Ye et al. 2023), providing a set of the top 10 most
representative documents and asking the language model for
a 5-word (or fewer) description of the overall topic. We are
not aware of any existing published studies that employ large
language models to assign topic labels, but our application is
essentially the same as text summarization, which is a com-
mon task for these types of models, and using a large lan-
guage model to create topic labels is a recommended method
in the BERTopic documentation1. Compared to the com-
monly used TF/IDF methodology for generating topic la-
bels, which provides a list of words, the GPT-based method
was vastly superior in that it created human-readable labels.

Table 2 compares a few GPT labels alongside the term
frequency/inverse document frequency labels used in tra-
ditional topic modeling approaches. The GPT approach
clearly provides more human-readable labels similar in con-
tent to the TF/IDF labels. The similarity between the label-
ing strategies serves as validation that the GPT labels arrived
at accurate descriptions of the topics. Furthermore, the GPT
labels provide additional context to some of the topic labels.
For example, the topic that includes ”freeland, Canada, ...” in
the TF/IDF terms is given the label ”Freeland’s Ties to Neo-
Nazis” by GPT. This topic is about a conspiracy theory in-
volving Chrystia Freeland’s alleged ties to Nazi groups, but
this would not be immediately obvious given the TF/IDF la-
bels unless one had subject matter knowledge of the conspir-
acy theory. So, not only do the GPT-provided labels provide
easier labels for human interpretation, but they also provide

1https://maartengr.github.io/BERTopic/getting started/
representation/llm.html

TF/IDF Terms GPT Labels

denazify, denazification, de-
nazifying, demilitarization,
operation, ...

Denazification and Demili-
tarization of Ukraine

azov, battalion, guard, na-
tional, mariupol, regiment,
unit, group, ...

Azov Battalion in Ukraine

freeland, canada, she, her,
banner, holding, protest,
trudeau, ...

Freeland’s Ties to Neo-
Nazis

babin, irondome, un-
bearable, rocket, grave,
hypocrisy, hey, hit, ...

Russian Rocket Hits Holo-
caust Memorial

arrested, leningrad, osipova,
siege, elena, petersburg, ...

Osipova’s Arrest for Anti-
War Protest

Table 2: A comparison of topic labels generated by TF/IDF
and GPT. The GPT labels provide more context-rich,
human-readable labels.

context that may not be found in the traditional labeling ap-
proach.

The output of BERTopic is a set of topics that appear in
the data and a mapping between each document and topic.
We store these topics and their frequencies as our node sets.
To generate edges, we first label each Tweet/message with
its topic as assigned by the BERTopic model. Then, we parse
the conversation structure of the Tweets/messages and as-
sign edges between topics that appear in reply chains. For
example, if a user mentions Vladimir Putin and then another
user replies with a comment about Azov Battalion, we would
assign a directed edge from Putin to Azov (Putin→Azov).
This can be read as “Discussion of Putin led to a discussion
of Azov.”

In this study, we ran the process described above on 12
data partitions: six time periods spanning the invasion of
Ukraine for both Twitter and Telegram. We chose to parti-
tion our data this way because it resulted in data subsets that
are sufficiently large to conduct our analysis while still al-
lowing the opportunity to observe any shifts in conversation
over our study time period. The similar topics produced in
each network often failed to have identical labels because the
GPT-labeling step is not deterministic. For example, asking
GPT-4 for a label twice using the same example documents
about the Azov Battalion could result in “Azov Battalion in
Ukraine” on the first run and “Ukraine’s Azov Battalion” on
the second. These inconsistent node labels are a common is-
sue with unsupervised topic modeling that creates problems
when comparing networks empirically. As a result, we intro-
duced a semi-automated step to resolve the topics between
networks that created semantic embeddings of all topic la-
bels, generated a pairwise distance matrix from the label
embeddings using cosine distance, and performed agglom-
erative clustering on the distance matrix to create clusters
of topics that likely mean the same thing. We manually re-
viewed these clusters, renaming similar topic labels to con-
form to a single label. This process created a series of net-
works that could be analyzed using existing dynamic net-
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work analysis methods.

Results
In this section, we present the results of our topic network
methodology when applied to Twitter and Telegram data
over six weeks at the beginning of the Russian invasion of
Ukraine. In particular, we analyze how similar the topic net-
works are, how clustered the topic networks are (indicating
how connected conversations around certain topics are), and
how central certain topics are in the topical networks (indi-
cating how important certain topics are to the wider conver-
sations taking place).

Topic Network Comparison
After generating 12 networks for evaluation (six weekly
Twitter networks and six weekly Telegram networks), we
first performed a pairwise comparison of all networks using
the quadratic assignment procedure (QAP). QAP is a non-
parametric method for comparing networks that addresses
the interdependencies in networks by computing correla-
tions on a large number of network permutations. These per-
mutations are performed in a way that preserves the inherent
network structure (Krackhardt 1988). The correlation coeffi-
cients presented in Figure 1 measure similarity between each
network pair such that values close to one denote similar net-
works and values close to zero denote dissimilar networks.

Figure 1: A matrix of pairwise QAP correlation between
each network. Values close to zero (lighter) reflect network
dissimilarity, while values close to 1 (darker) reflect network
similarity.

The Twitter topic networks appear to be fairly well cor-
related with other Twitter networks across all time periods.
The Telegram networks after the war are also fairly well cor-
related with the Twitter networks across the time periods.
The Telegram networks before the invasion, however, are
clearly different from the Twitter networks and the Telegram
networks after the invasion. This supports the idea that the
Telegram conversation became more similar to the Twitter
conversation after the invasion. We also note that the final
Telegram network appears less similar to the later Twitter
networks, suggesting they may diverge again.

The topic networks on both platforms became less diverse
and more stereotyped after the invasion. This shift corre-
sponds to higher values in the local clustering coefficients of
the node’s ego network (2). This metric is the average den-
sity of each node’s ego network. In this context, it suggests
that topics were joined together in more cohesive clusters
after the invasion. There was a more dramatic increase on
Telegram compared to Twitter, which is consistent with the
idea that the nature of the conversation on Telegram shifted
more dramatically at the time of the invasion.

Figure 2: Cluster coefficient density increased on Twitter
and Telegram after the invasion. This suggests the conversa-
tions on each platform were constructed from tighter group-
ings of topics.

To explore the specific changes over time, we next gener-
ated 66.66% lossy intersection networks for the three net-
works before and after the invasion for both Twitter and
Telegram. The resulting networks contain the topics in-
cluded in at least two of the three networks on each platform
and in the specified time period. We present these networks
in Figures 3 and 4. In both networks, nodes correspond to
topics, and edges signify that a topic was brought up in re-
sponse to another. Node size correlates to the total degree of
a topic, and edge size corresponds to the number of edges
between each topic in the data.

The Telegram networks before the invasion shared a few
similar topics to those in the other networks, but this is
clearly the most distinct set of topics. While the most popu-
lar topic in this network contains the word “Nazi,” it is clear
from the network that Nazis are being referenced in response
to COVID-19 conspiracy theories and the Canadian trucker
protests. In contrast, the Nazi-oriented topics in the other
networks are focused on Ukraine and Russia.

There are many similar topics in the Telegram network
after the invasion and in both Twitter networks. The Nazi
presence in Ukraine is an important topic in these networks.
It is the most central topic in the Twitter networks, while
the Telegram network contains several other highly central
topics that are distinct but similar to the discussion of Nazis
in Ukraine and Russia.

The smaller topics in the Telegram network after the inva-
sion contain references to a greater diversity of ideas than
those in the Twitter networks. For example, the idea that
there are US-funded Biolabs in Ukraine appears in both
Twitter and Telegram, whereas references to Canadian and
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Figure 3: Lossy intersection networks showing topics
present in 2/3 networks on Telegram for each time period.

Australian political opposition to the war in Ukraine only
appear in the Telegram data.

To study the changing narratives over time with greater
precision, we generated Figure 5. Columns correspond to
dates, while rows correspond to topics. A colored square de-
notes that a topic was in the top five for degree centrality in
the topic network (suggesting it was an important topic) in
the specified time period. Topics shown in bold are common
between Telegram and Twitter.

This representation makes it clear that several topics in
the Twitter data were common before and after the inva-
sion. There are a few topics that stop or start at the time
of the invasion, but most of these topics were only present
in one or two time periods. In contrast, the Telegram data
shows very few Topics that were important both before and
after the invasion. The important topics before the invasion
(COVID-19 conspiracies and the Canadian trucker Protests)
stopped completely at the time of the invasion. They were re-
placed by other topics more relevant to the Russian invasion.
Many of the popular topics on Telegram after the invasion
were also popular on Twitter, again supporting the idea that
the Telegram conversation shifted to become more similar to
the Twitter conversation. Specifically, the Telegram conver-
sation shifted to include the Nazi and Ukraine narrative after
the beginning of the war.

Comparison to Existing Methods
As discussed in the Background and Methodology sections,
the methodology presented in this paper differs from exist-
ing topic modeling and narrative network methodologies in
that it applies a proven topic modeling method that performs
well on short-text (BERTopic) while leveraging the reply
network structure of social media data. As a result, there are

Figure 4: Lossy intersection networks showing topics
present in 2/3 networks on Twitter for each time period.

no existing methods available to serve as a perfect compar-
ison to our work; however, we will present a similar LDA-
based network approach to highlight some of the benefits of
our methodology.

LDA is a popular topic modeling strategy that provides
a probability distribution of all topics in a corpus for each
document. In many NLP studies, this probability distri-
bution is a useful way to find relationships between top-
ics, as related topics should share high probabilities in the
document-topic distributions. As discussed in the Back-
ground section, this approach is poorly suited to short-text
documents like Tweets and Telegram messages because they
likely only contain a single topic. Figure 6 shows an LDA-
based network where the edge weights are determined by the
probability distribution between documents. Specifically, we
folded the document-topic matrix (the output of the LDA
model) to create a topic-topic matrix where the weights cor-
respond to the probabilities of topic co-occurrence.

Figure 6 demonstrates how the LDA approach provides a
less informative representation of the text when compared to
the topic network. Because the topic network leverages the
reply structure of the social media data, we are able to vi-
sualize directed links showing the flow of conversation from
one topic to another. The weights in the LDA-based network
are only based on topics that co-occur in a single message
and completely ignore the conversational context. Further-
more, the topics generated by the LDA model are more dif-
ficult to interpret and raise some concerns about the accu-
racy of the topic model. For example, the largest topic in the
LDA model contains ”https” and ”com” as top words, which
suggests the topic may be comprised of posts with web links
instead of similar textual content.
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Figure 5: Topic importance shown over time. Colored
squares denote that a topic was in the top 5 by degree cen-
trality in the specified time period.

Discussion
The results presented in the previous section support our key
finding that the Nazi and Ukraine narrative was prevalent on
Twitter before and after the invasion but only appeared in
the Telegram data after the invasion. This is a surprising re-
sult because Telegram is generally considered a fringe so-
cial media service in English-speaking countries compared
to Twitter, and the Nazi and Ukraine narrative was a popular
fringe conspiracy theory on more mainstream social media
platforms like Twitter. This reputation is somewhat owed to
the fact that Telegram does not moderate content on the plat-
form, creating the perception that Telegram users are seek-
ing a social media platform to express ideas that would not
be suitable on moderated platforms like Twitter (or at least,
as Twitter was during the study period). The idea that Tele-
gram is host to more fringe ideas, in general, is supported
by the pre-invasion topic networks. For example, we show
that COVID-19 conspiracy theories were commonplace on
Telegram before the invasion and highly intertwined with
discussions about Nazi ideology.

As mentioned in the data section, the difference in dis-
cussion on Telegram before and after the invasion is not ex-
plained by the channel composition in each time period, as
87% of the active channels before the invasion remained ac-

Figure 6: A comparison of an LDA topic co-occurrence net-
work and topic networks for Telegram in the first week of
February 2022. The nodes in the LDA network are topics
with edges between topics that co-occur in a single message.
The nodes in the topic network are also topics, but directed
edges denote that a topic was mentioned in a reply to another
topic.

tive afterward. This suggests that there was a true shift in
content on these Telegram channels. We were surprised by
this flexibility in channel content, as we expected that chan-
nels would largely adhere to the same topics over time. The
way that the Nazi and Ukraine narrative came to dominate
the conversation on Telegram channels that previously dis-
cussed a variety of other conspiracy theories suggests that
these communities are organized around the concept of con-
spiracy theories in general instead of specific conspiracy top-
ics.

Beyond the emergence of the general Nazi and Ukraine
narrative, we were also surprised that the specific topics and
their conversational flows were so similar between the plat-
forms after the invasion. We considered an increased citation
rate between the platforms could have caused this similar-
ity. If one or both of the platforms started to reference the
other regularly, we might see the conformation in the nar-
rative that we observe. After examination, we see a consis-
tently low citation percentage in both directions, before and
after the invasion. 0.01% of pre-invasion Tweets linked to a
Telegram message before the war, increasing to a, still very
small, 0.07% after the invasion. On Telegram, 0.6% of mes-
sages linked to a Tweet before and 0.8% linked to a Tweet
after the invasion. Though these numbers increased, they are
likely much too small to have the effect of artificially creat-
ing similarities in the topic networks.

Similarly, we considered that topics after the invasion
could appear similar on each platform due to the posting of
identical news articles on both platforms. Again, we found
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that there were small increases in the percent of news articles
shared per post on each platform: Telegram went from 2.5%
to 3.11% of messages sharing a news article, and Twitter
went from 6.4% to 9% of Tweets sharing a news article. The
increase on Twitter is large enough to suggest a greater influ-
ence of news on the platform after the invasion, but Telegram
messages remained unlikely to include a link to a news arti-
cle. We conclude that the change in conversation is not due
to repeating the same news articles on each platform. Af-
ter careful study, we could not find an artificial cause for the
growing similarity of Telegram and Twitter at the time of the
invasion, so we conclude that this reflects a true shift in the
conversation on Telegram.

Previous research efforts have found that Twitter is re-
sponsive to world events. For example, Landwehr and Car-
ley found that people often post on social media to build
community and reassure themselves during natural disasters
(Landwehr and Carley 2014). Additionally, Lehmann et al.
found that Twitter hashtags were driven more by exogenous
events than by cascading effects from seeing similar hash-
tags on social media (Lehmann et al. 2012). In this study,
we do not see a dramatic shift in the Twitter conversation af-
ter the invasion, likely because the Twitter conversation be-
fore the invasion was driven by world events in the build-up
to the invasion. Interestingly, Telegram’s shift to these same
topics is evidence of the same type of reactivity to world
events on the platform that previous researchers have found
on Twitter, but at some delay.

Importantly, the ”world events” that affected the Twitter
and Telegram networks in this study were not actual bat-
tlefield events from the invasion but were instead Russian
public messaging efforts to promote the idea that Ukraine
was harboring Nazis. There were no real-world events cor-
responding to a Nazi presence in Ukraine, but we see the
same kind of response on Twitter that Landwehr and Carley,
and Lehmann et al. identified in their work.

Another possible contributing factor to the conformation
in the narratives on each platform is a direct disinformation
campaign targeting both Twitter and Telegram. Russia made
clear efforts to popularize the idea that Ukraine was collab-
orating with Nazis in various media outlets, and it is likely
that social media was also part of this campaign. This paper
does not seek to identify any disinformation campaigns on
social media; rather, we show that the Nazi and Ukraine dis-
information narrative became popularized on both Twitter
and Telegram after the invasion.

Finally, we note the importance of topic networks to this
analysis. The combination of topic modeling with conversa-
tion networks allowed for a useful comparison of the discus-
sions around the Nazis in Ukraine disinformation campaign
between platforms and time periods. For example, the use of
topic networks enabled the use of dynamic, cross-network
measures, like clustering coefficients or degree centrality, to
assess what topics were related to each other and which top-
ics were more central to the conversations taking place. With
these tools, we were able to not only observe which top-
ics were present, but also which topics were important dur-
ing certain time periods. We were also able to derive novel
insights about the different discussion spaces, such as the

change in the usage of Nazi ideology from one associated
with protests and COVID conspiracy theories to one asso-
ciated with Ukraine. The use of topical networks provides
an important methodological tool for analyzing information
campaigns online.

Limitations and Future Work
While we can draw interesting conclusions from our analy-
sis, the inherent differences in data collection on Twitter and
Telegram make it challenging to compare the platforms di-
rectly without many caveats. Future efforts should attempt
to standardize data collection on multiple platforms to pro-
vide easier comparisons. Additionally, it would be useful to
include other text-based social media in future work (e.g.,
Reddit).

Another key limitation related to data collection is that
we only used English-language data. This is acceptable for
this study as we are measuring the impact of disinformation
on a Western audience. However, using only English data
greatly limits the Telegram data we can use (much of the
Telegram discourse about the Russian invasion is in Russian-
language channels). Moreover, the English-speaking popu-
lation on Telegram may be significantly different than the
Russian-speaking population. Future studies should expand
to Russian data, potentially adding language as another di-
mension of comparison. This would be feasible to imple-
ment in our current methodology using language-agnostic
sentence embeddings, only requiring translation of the topic
labels in the final step.

In addition to improving our data collection strategies,
there are some changes that could enhance our methodol-
ogy. First, determining the stance and/or sentiment of the
discussion on each topic would be important to discover the
true nature of the conversations. For example, it is possible
that the ”Antisemitism” topic that we found on Twitter actu-
ally includes discussion that is against antisemitism. More-
over, it is possible that the Telegram topic is truly antisemitic
while the Twitter topic that is assigned the same topic label
is combatting antisemitism. In our analysis, we manually re-
viewed articles and found those in the ”Antisemitism” cate-
gories were largely antisemitic, but adding stance detection
would help avoid potential pitfalls like this in the future.

It would also be powerful to add bot detection and anal-
ysis to this methodology. It would strengthen our argument
that the conversation shift we observed was organic if we
could demonstrate that bots did not play a role in the shift.
Additionally, it would be interesting to see if certain topics
are being pushed by bots. Unfortunately, there are no bot
detection algorithms that the authors are aware of that work
on Telegram data at the time of this writing. There are sev-
eral models for bot detection on Twitter, but we found most
of the shift in conversation happened on Telegram, which is
where we would most want to look for bots.

Finally, the topic network-generating methodology is cur-
rently limited by the need to semi-manually resolve the topic
labels between networks (which is necessary to compare
networks directly with QAP, lossy intersection, and many
other network comparison methods). Resolving the topics in
12 networks was possible, but this approach would not scale
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well to much more than 50 networks due to the required
manual effort to resolve so many topics. Because BERTopic
creates topic centroids in the vector space used to encode
the input documents, it should be possible to compare them
across different models to find similar topics automatically.
Future efforts should examine this topic resolution concept,
which would make this entire methodology automated and
allow it to scale to compare many networks.

Conclusion
Topic networks combine cutting-edge NLP methods with
network features to create useful representations of social
media data. Unlike existing topic modeling frameworks, the
topic networks created by our methodology create a full map
of the conversations that occur on social media. These net-
works allow more in-depth study of the topics themselves as
well as the ways that they relate to each other by leverag-
ing the existing wealth of research in the field of dynamic
network analysis.

The topic network methodology yielded interesting re-
sults when comparing the narrative about Nazis in Ukraine
on Twitter and Telegram at the beginning of the Russian
invasion. After generating and analyzing the networks, we
found robust discussion of the Nazi narrative that Vladimir
Putin used as a pretext for Russia’s invasion of Ukraine on
both Twitter and Telegram; however, we found that the nar-
rative did not emerge on Telegram until after the invasion
began. Moreover, the Telegram channels that hosted discus-
sions of the Nazis and Ukraine narrative were active before
the invasion but were home to more generalized conspiracy
theory topics such as COVID-19 vaccinations and govern-
ment censorship. These findings represent an important step
in the study of how disinformation emerges and spreads on
Telegram compared to more well-researched platforms like
Twitter.

Beyond the application to the specific Twitter/Telegram
case study, the analysis presented in this paper demonstrates
the types of analytic tools and visualizations that are enabled
by our topic network methodology. There are many im-
provements that could be made to the work presented here,
and we made choices in our methodologic development to
support future growth. By basing much of the method on
text embedding models, we ensure that the performance of
this topic modeling strategy will improve along with this
rapidly growing field. Moreover, our methodology supports
and adds new dimensions of analysis to other methodolo-
gies, such as bot detection and stance analysis. This paper
describes the first critical steps to enhance topic analysis in
cross-platform social media studies.

Broader Perspective
The conclusions presented in this article should be care-
fully qualified so as not to be misconstrued. In particular,
we showed that an unmoderated platform (Telegram) con-
tained similar discussion to a platform that, at the time, was
making serious efforts to combat disinformation (Twitter).
This could (incorrectly) be taken as evidence against plat-
form moderation or that Twitter and Telegram host equally

extreme content in general. In reality, we only found this
topic conformation in a specific subject/time subset of both
platforms, and we do not suggest that our findings generalize
beyond these boundaries.

An additional ethical concern with this work comes from
the use of social media data. The authors followed a rigor-
ous IRB protocol that involved deidentification of all data
used in this study to mitigate potential harm. It is impor-
tant, however, to consider that studies in this space have the
potential to inadvertently cause harm via data leakage. We
assess the potential contributions of this work to the field of
social cybersecurity to outweigh the risks, especially given
our careful approach to data collection and storage.

Finally, this paper includes figures and discussion includ-
ing pieces of known disinformation. It is possible that our
work could be used by bad actors to improve their disin-
formation campaigns by comparing our assessment of these
campaigns with their intended goals and actions. This is a
risk with any study that publishes an analysis of real disin-
formation campaigns, and we assess that our contribution to
the future study of disinformation will outweigh any risks
in this space. While it is important for the community to be
cautious about publishing studies that could be used to bet-
ter construct disinformation campaigns, there is a pressing
need for studies that help find new ways to identify and de-
fend against disinformation.
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Appendix 1: Ethics Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as violat-
ing privacy norms, perpetuating unfair profiling, exac-
erbating the socio-economic divide, or implying disre-
spect to societies or cultures? Yes

(b) Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes

(d) Do you clarify what are possible artifacts in the
data used, given population-specific distributions? We
mention the issues with using only English-language
content and the differences in the two user bases be-
tween the social media platforms. We are careful to
qualify our results from these data artifacts.

(e) Did you describe the limitations of your work? Lim-
itations are described in the limitations subsection in
the discussion section.

(f) Did you discuss any potential negative societal im-
pacts of your work? Yes

(g) Did you discuss any potential misuse of your work?
Yes

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes. We follow standard anonymiza-
tion procedures for the social media data

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical re-
sults? NA

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA

(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...
(a) Did you include the code, data, and instructions

needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets...

(a) If your work uses existing assets, did you cite the cre-
ators? NA

(b) Did you mention the license of the assets? NA
(c) Did you include any new assets in the supplemental

material or as a URL? NA
(d) Did you discuss whether and how consent was ob-

tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? The data, in its raw form con-
tains personally identifiable information, which was
anonymized. The data also contains offensive content,
however, the analysis of that content was an integral
part of the study. At no point does the study produce
or release any offensive content.

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR
(see ?)? NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see ?)? NA

6. Additionally, if you used crowdsourcing or conducted re-
search with human subjects...

(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-
provals? NA

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? NA

(d) Did you discuss how data is stored, shared, and dei-
dentified? Yes
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