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Abstract

This study investigates linguistic differences between Rus-
sian state-controlled media and social media reporting on the
Russo-Ukrainian war, with a focus on propaganda frames
and strategies. Using the WarMM-2022 corpus, we apply
Kullback-Leibler Divergence (KLD) to identify distinctive
linguistic features across media types. The use of KLD en-
sures the interpretability of the analysis, offering clear in-
sights into the varying propaganda techniques, such as de-
mobilization efforts on state media and more mobilizational
rhetoric on social media. This method aligns with the prin-
ciples of computational reproducibility, providing a transpar-
ent framework for linguistic analysis in political discourse.
Our findings confirm previous research on Russian propa-
ganda, underscoring the role of language in shaping pro-
paganda strategies and highlighting the value of KLD as a
method promoting accessibility and reusability in computa-
tional social science.

Introduction
The Russo-Ukrainian war has heightened concerns about
media manipulation, leading to an increased focus on pro-
paganda detection. Since linguistic variation is influenced
by external social and political factors, we analyze semantic
change, aiming at improving the automatic detection of pro-
paganda. Research has shown that different political view-
points contribute to linguistic shifts (Azarbonyad et al. 2017;
Ustyianovych and Barbosa 2024). For example, Alyukov,
Kunilovskaya, and Semenov (2024) found that propaganda
frames (see Entman (1993) for a definition of framing) in
Russian media varied between traditional state-controlled
outlets and social media, with the former targeting passive
audiences and the latter engaging users seeking alternative
information. This suggests a potential difference in polit-
ical alignment between audiences of these platforms. Our
study focuses on linguistic differences across these two me-
dia types to draw possible connections to propaganda strate-
gies. Our overarching research question is whether state and
social media reveal linguistic differences and, by doing so,
reflect differences in the propaganda frames and strategies
employed in these media types. The motivation for address-
ing this issue lies in the fact that one should consider this
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variation when designing automatic propaganda detection
systems and tailor them to the specific media type. In this
paper, we move a step closer towards this goal, inspecting
linguistic differences at the lexical level.

While natural language processing (NLP) methods for
propaganda detection often rely on transformer-based mod-
els that require annotated data and lack transparency
(Da San Martino et al. 2021; Park et al. 2022), we pro-
pose using Kullback-Leibler Divergence (KLD; Kullback
and Leibler 1951) as an alternative. KLD has been widely
applied to study linguistic variation in different scenarios
(Hughes et al. 2012; Bochkarev, Solovyev, and Wichmann
2014; Fankhauser, Knappen, and Teich 2014; Klingenstein,
Hitchcock, and DeDeo 2014; Degaetano-Ortlieb and Teich
2022) and offers interpretable and reproducible insights into
language shifts, allowing us to identify distinctive linguistic
features that signal propagandistic tendencies.

Related Work
NLP has been widely applied to investigate Russian propa-
ganda following the full-scale invasion of Ukraine. One such
effort, led by Alyukov, Kunilovskaya, and Semenov (2023),
resulted in the creation of the Wartime Media Monitor
(WarMM-2022) corpus, which comprises two sub-corpora:
state-controlled media and social media. Building on this
dataset, Alyukov, Kunilovskaya, and Semenov (2024) exam-
ined how propaganda frames differ across these media types.
Their analysis revealed that traditional media, including tele-
vision and newspapers, relied on normalization, a more de-
mobilizational frame that emphasizes the return to normal
life by downplaying the war’s impact on society. Social me-
dia, on the other hand, predominantly employed the disin-
formation frame that labels pro-Ukrainian and pro-Western
news as fake, which is a more mobilizational strategy. The
distinction between these media types underscores their dif-
ferent functions: traditional outlets seek to maintain support
among regime loyalists, while social media aim to activate
and engage their users.

Other research has similarly examined linguistic patterns
in Russian wartime media. Park et al. (2022) investigated
differences between state-affiliated and independent news
sources on social media platforms rather than comparing
them with official media. Their study found that independent
outlets consistently used the term war, while state-affiliated



sources preferred the euphemism special military operation,
a pattern also noted by Ustyianovych and Barbosa (2024) in
pro-Ukrainian versus pro-Russian Telegram channels. Addi-
tionally, Solopova, Benzmüller, and Landgraf (2023) trained
machine learning models to detect pro-Kremlin rhetoric,
revealing that the presence of the term war strongly cor-
related with a non-propagandistic classification, likely due
to official censorship and the preference for state-approved
terminology. Beyond individual word choices, Park et al.
(2022) also highlighted broader framing differences be-
tween VKontakte and Twitter, supporting Azarbonyad et al.
(2017)’s argument that semantic shifts occur not only over
time but also across different political and social contexts.
These findings reinforce the assumption that language use
diverges between traditional and social media, reflecting the
ideological positioning of their respective audiences.

Data
Our study uses the WarMM-2022 corpus (Alyukov, Ku-
nilovskaya, and Semenov 2023), a dataset comprising 1.7
million posts related to the Russo-Ukrainian war. This cor-
pus contains two distinct text types aimed at different audi-
ences. The state-controlled media section includes 24.4 mil-
lion tokens of press articles and 1.7 million tokens of TV
transcripts, both exhibiting a more formal style. In contrast,
the social media subcorpus, consisting of 268.4 million to-
kens, features a less formal register with limited govern-
ment regulation. While state media primarily disseminate
official propaganda, social media content represents a mix
of regime-supporting narratives and opposition viewpoints,
enabling an analysis of linguistic variation across different
ideological contexts. The state media texts cover the period
from February to September 2022, while social media posts
span from July to September 2022.

Methodology
Measuring Variation Between Text Types
To assess the linguistic differences between state and so-
cial media in the WarMM-2022 corpus, we employ KLD
(Kullback and Leibler 1951). KLD quantifies divergence be-
tween two probability distributions, helping identify features
that distinguish these text types. We apply KLD to content
words, comparing the probability distributions of linguistic
features in state-controlled (State) and social media (Social)
texts. KLD measures the additional bits needed to encode
one distribution using another, revealing the extent to which
specific features contribute to linguistic divergence. Unlike
simple frequency-based methods, KLD captures even low-
frequency yet distinctive linguistic variations (Degaetano-
Ortlieb, Säily, and Bizzoni 2021). KLD calculation for State
given Social is formalized as:

D(State ∥ Social) =
∑
i

p(featurei | State) log2

p(featurei | State)
p(featurei | Social)

This methodological approach supports transparency and
interpretability by allowing a direct inspection of linguistic
features that drive divergence between text types. In contrast

to opaque neural models, KLD provides reproducible out-
puts based on clearly defined probability distributions. Al-
though neural models tend to perform well in terms of clas-
sification accuracy, they rely heavily on annotated datasets
and often struggle to generalize across different domains. In
comparison, KLD adheres to the FAIR (Findable, Accessi-
ble, Interoperable, and Reusable) principles, and facilitates
verification and extension of results in computational social
science.

Data Pre-Processing
As almost 50% of the texts in the social media subcorpus
are duplicates (Alyukov, Kunilovskaya, and Semenov 2023),
we decided to remove them before applying KLD. This de-
cision was motivated by the fact that word frequencies can
significantly affect KLD results, which would show bias to-
wards duplicated content rather than reflecting the signifi-
cant linguistic features of individual texts. Even though one
could argue that keeping the duplicates would allow for a
more representative analysis, we believe that deleting them
would provide for a better comparison between the language
of social and state media. Note that in a follow-up step, we
are considering keeping duplicates to quantify differences in
propaganda frames and strategies. Following the approach
of Alyukov, Kunilovskaya, and Semenov (2023), duplicates
were detected by matching the first 20 tokens of a text, and
only the texts with the earliest publication date were kept as
they are the original posts.

Next, we limited the scope of linguistic features only to
content words, namely nouns, verbs, adjectives, adverbs,
and proper nouns, as these parts of speech are the most
likely to contribute significantly to the divergence between
text types. Also, as Russian is a highly inflected language,
we included only the lemmas of each word rather than all
word forms. Then, we selected 15 dates in July, August, and
September 2022 (as only these three months contain texts
from both state and social media) for our analysis, on which
important events of the Russo-Ukrainian war took place1.
We then queried the corpus to match the words with con-
tent POS tags and the specified dates. The resulting data,
which amounted to approx. 21.8 million words, was divided
into five subsamples, each containing texts from three dates,
with an average of 4.4 million words per subsample. After
this, the hapax legomena of each of the five subsamples of
the corpus were removed to reduce noise. Finally, we run
the KLD script (Degaetano-Ortlieb and Teich 2022), which
is publicly available on GitHub, on each of the pre-processed
subsamples of the data.

Results
Overall KLD Values
Table 1 shows overall KLD values for social and state media,
as well as the difference between them in each subsample.
It also includes average KLD values of both media types

1The dates were chosen based on the information from the time-
line of the war by Fakty ICTV, a Ukrainian news agency. For a full
list of the selected dates and the description of the corresponding
events, see Appendix A.



Subsample # Media
type

KLD value KLD difference

1 Social 0.863 0.386State 0.477

2 Social 0.761 0.297State 0.464

3 Social 0.783 0.303State 0.48

4 Social 0.787 0.281State 0.506

5 Social 0.802 0.3State 0.502

Average Social 0.799 0.313State 0.486

Table 1: Overall KLD values for different media types in the
five subsamples.

Figure 1: Top 50 words with the highest KLD values for so-
cial media (left) and state media (right). Size accounts for
KLD values and shade indicates frequencies from higher
(black) to lower (light gray).

and the difference between them. We can see that KLD val-
ues for social media are always higher than for state media:
on average, 0.313 more bits are needed to model the for-
mer subcorpus with the latter. This could mean that the so-
cial media subcorpus has a larger vocabulary size compared
to state media. An explanation for this could be that social
media texts include a wider variety of registers (e.g., both
formal and informal styles), while official media are mostly
characterized by formal language.

Comparison of Media Types
To assess the correlation of KLD results between the five
subsamples, we calculated the percentage of overlapping
words among the 50 most distinctive words for both me-
dia types. There are 52.48% and 64.84% overlapping words
for social and state media, respectively. This suggests that
KLD is quite robust across different subsamples of the data.
Therefore, we calculated the average KLD values of the
words and selected the top 50 words with the highest KLD
values for a more in-depth comparative analysis of text
types.

Figure 1 shows word clouds of linguistic features with
the highest average KLD values for social and state media
among the subsamples (for more details, see Appendix C,

Topic Social media State media
(dis)information 6% 0%
events 0% 8%
geography 6% 26%
life 4% 0%
nation & ethnicity 4% 4%
necessity 4% 0%
news 0% 4%
noise 24% 6%
other 24% 16%
political figures 0% 8%
slogans & ideology 4% 0%
statements 0% 16%
time 2% 6%
USSR 4% 0%
war 18% 6%

Table 2: Percentages of words with the top highest KLD val-
ues for social and state media grouped by topic.

which contains the list of these words ranked by their KLD
values). To conduct a more in-depth qualitative analysis, we
grouped the words from the feature list ranked by KLD val-
ues into topics (Table 2 indicates the percentages of words in
each topic for both media types). Given that KLD allows us
to inspect which features contribute most to the divergence
between the two media types (cf. Degaetano-Ortlieb and Te-
ich 2022), we can observe some interesting patterns between
state and social media. For instance, words related to geo-
graphical entities are much more distinctive for newspapers
and TV (26%), especially the names of Ukrainian territo-
ries that are or were occupied by Russia at the time, such as
Donbas, DPR (an abbreviation of Donetsk People’s Repub-
lic), LPR (an abbreviation of Luhansk People’s Republic)2,
as well as the words used in the full names of these and other
territories invaded by Russia, namely Donetsk, Luhansk, Za-
porizhzhia and Kherson [Oblasts]; republic and oblast. This
could indicate the government’s efforts to emphasize their
military successes and establish authority over these regions.
This propaganda strategy could be related to the normaliza-
tion frame, which was found to be prominent in state me-
dia (Alyukov, Kunilovskaya, and Semenov 2024): Russia
claims the regions of Ukraine it occupied as inherently Rus-
sian territories.

Another interesting distinction between the language of
the two media types is that the words Russia and Rus-
sian Federation are more prominent for state media, while
Ukraine (both capitalized and in lowercase) is more charac-
teristic of social media. This might point to differences in
propaganda framing: on the one hand, state media focuses
on Russia, while also trying to avoid naming the opposing
side, thus creating an illusion that the war is far away and
does not affect the life in Russia; social media, on the other

2DPR and LPR are self-proclaimed, Russian-backed territories
in eastern Ukraine that were recognized by Russia in 2022 and later
used to justify the annexation of parts of Donetsk and Luhansk
Oblasts.



hand, is clear in naming the enemy, relying on a more mo-
bilizational approach, which is in line with the findings by
Alyukov, Kunilovskaya, and Semenov (2024). However, one
should not rule out the possibility of anti-government users
on social media who speak up against the war in Ukraine,
which could also increase the frequency of the name of the
country, thus affecting KLD values.

Verbs that indicate statements, such as to state, to com-
municate, to point out, to emphasize, to add, etc., are highly
characteristic of official media (16%), which makes sense
given the specificities of this text type: politicians are often
quoted on TV and in newspaper articles. For the same rea-
son, the names and positions of political figures are also dis-
tinctive for the language of state media (8%): president, head
(as in “head of state”), Vladimir (Putin’s first name), minis-
ter, and so on. The higher contribution of the president’s first
name (Vladimir) as opposed to his last name (Putin) could
be explained by the fact that the more formal register of state
media uses the combination of the politicians’ first and last
names rather than only last names, as it is more common in
the informal social media texts.

It is worth noting that words describing certain politi-
cal events, such as elections, are distinctive for state media
(8%), including referendum, voting, and to vote. They are
mostly mentioned in the context of the sham referendums on
Russia’s annexation of Ukraine’s occupied territories con-
ducted in late September 2022, as they often co-occur with
the names of these regions in the corpus (e.g., DPR, LPR,
Zaporizhzhya Oblast and Kherson Oblast are preparing to
hold a referendum on joining Russia). Their high contribu-
tion to the state media language could indicate the promotion
of the narrative that the local population of the Ukrainian
territories occupied by Russia presumably wants to become
part of Russia. This aligns with the propaganda about ter-
ritorial control attested by the above-mentioned finding re-
garding the names of geographical regions.

The language of social media is highly characterized by
words related to war (18%), e.g., to fight, front, army, sol-
dier, an abbreviation of Armed Forces of the Russian Feder-
ation, to kill, etc. Only three words that belong to this topic
are among those with the highest KLD values for state me-
dia: military, situation and special, all of which are (parts of)
euphemisms that refer to Russia’s invasion of Ukraine. As
expected, the direct term war has the highest contribution to
the language of social media. This variation in terminology
to refer to war was attested in previous research, although in
slightly different contrasting contexts (cf. Park et al. 2022;
Solopova, Benzmüller, and Landgraf 2023; Ustyianovych
and Barbosa 2024). Notably, this does not necessarily mean
that social media users mostly include anti-government or
anti-war voices, as propaganda is still highly widespread in
this media type. Instead, the direct term war and other words
related to this topic might indicate that pro-government users
are trying to mobilize the Russian population and encourage
it to fight against Ukraine, a strategy which is more com-
mon on social media (Alyukov, Kunilovskaya, and Semenov
2024). On the other hand, the euphemism special military
operation also appears in the form of an abbreviation as one
of the most distinctive words for social media. This finding

is not surprising, as abbreviations are more common in in-
formal text types compared to the official language of state
media.

In addition, the high contribution of words such as pro-
paganda, fable and truth to the language of social media,
which together constitute 6% of words in this text type,
might point to the prevalent usage of the disinformation
frame in this text type, as influencers are trying to convince
the users of which news should be trusted and which should
be discarded as pro-Ukrainian or pro-Western propaganda.
This is in line with the findings by Alyukov, Kunilovskaya,
and Semenov (2024), which suggest that the disinformation
frame is typical of social media as opposed to state media.

An interesting distinction between state and social media
is that two contrasting words that describe Russians are char-
acteristic of each text type. In state media, the adjective that
encompasses the Russian population overall, which would
be transcribed as [rossiyskiy], has a higher contribution. On
the other hand, the term that refers only to ethnic Russians,
[russkiy], excluding the numerous minorities that live in the
country, is more prominent in social media. This variation
could indicate different propaganda strategies in the media:
social media users appeal to the idea of ethnic Russians, who
need to “defend” their “Slavic brothers” (i.e., the Russian-
speaking population in Ukraine), while state media empha-
size the unity of all the republics in Russia. More specif-
ically, the word [russkiy] is very often encountered in the
phrase the Russian world, a concept used to promote the
idea of a shared cultural, spiritual, and political space unit-
ing ethnic Russians and Russian speakers, often to justify
Russia’s influence over post-Soviet states. This expression,
which also has a mobilizational character, is encountered
about ten times more frequently on social media than on
state media.

Homoglyphs as a Potential Propaganda Strategy
The “noise” category of the features ranked by KLD con-
tains many words that do not necessarily contribute to the
divergence between the media types because they appeared
accidentally in the corpus, e.g., text and image on social me-
dia (as it is often encountered in the phrase Text on image,
which accompanies a certain picture) or an abbreviation for
TV host on state media, since this word is frequently used in
TV transcripts, as in HOST: [Quote]. However, this category
also includes some unexpected results we found by looking
at the most distinctive words for social media. Specifically,
some of them were quite rare, or it was not clear why they
appeared among the most distinctive words for this text type.
On the other hand, they had rather low frequencies compared
to the rest in the word cloud (as they were in light gray). Ex-
amples include a non-existent word, [smolodu], due to an er-
ror resulting from automated POS tagging (the original word
means from a young age); an archaic word for again; and
the female name Eva. In order to find an explanation for the
high KLD values of these words, we queried the corpus to
see the context surrounding them. To our surprise, the reason
behind the high KLD values for these words was that some
duplicates were not removed during the automated dedupli-
cation process. This is in turn explained by the fact that many



words contained homoglyphs, i.e., characters that look visu-
ally similar or identical but originate from different scripts
(these could be, for example, Cyrillic letters replaced with
Latin characters).

What is more interesting, the words with homoglyphs
differ among the duplicated posts. If the words containing
homoglyphs were the same, the deduplication script would
delete them as well; however, since homoglyphs appear spo-
radically, the script failed to detect these texts as duplicates.
As a result, many of the words from these posts had high fre-
quencies in social media compared to the state media, which
explains their high KLD values. An example of a duplicated
post with varying homoglyphs is provided in Appendix B.

Given that the number of duplicated posts that were not
removed automatically is high enough to affect the KLD re-
sults, we presume that inserting Latin characters instead of
Cyrillic letters in different words of the same texts was not
an incidental error, but rather an information manipulation
technique. Homoglyphs are often used to avoid plagiarism
detection (Alvi, Stevenson, and Clough 2017) and for other
malicious purposes, such as phishing attacks (Lee, Yam, and
Chan 2020). As it is common for social media platforms to
have automatic filters that detect and block duplicate con-
tent to prevent spamming and the spread of disinformation,
some users might employ homoglyphs to bypass these fil-
ters. It is unclear whether this is done manually or through
an automated process such as a computer program that in-
serts homoglyphs in various words of the same text. Either
way, this seems to be a strategy to disseminate propaganda
by circumventing filters on social media platforms.

Preliminary Diachronic Analysis
Since we selected 15 dates in July, August, and September
2022 and split the texts into five parts, we decided to ana-
lyze the differences between KLD results for each subsam-
ple to see whether specific events correlate with shifts in the
words that contribute most significantly to the divergence.
By comparing unique words for each subsample (i.e., those
that were among the top 50 words with the highest KLD
values), we could examine how temporal dynamics evolve
differently in the two media types. For instance, for the first
subsample of July 3, 27, and 29, the word victory was unique
for social media, which could be tied to Russia’s capture of
Lysychansk in Luhansk Oblast; in state media, unique words
include Lavrov (Russia’s Minister of Foreign Affairs) and
negotiations, which were probably discussed in the context
of the Black Sea Grain Initiative. For the second subsam-
ple, the word battle is distinctive on social media, unlike for
other periods, which could be explained by the discussion
of the Ukrainian counteroffensive in Kharkiv Oblast that be-
gan on September 6. The word mobilization is characteris-
tic of the state media language in late September (the third
subsample), which makes sense, since this is when a partial
mobilization started in Russia. Not surprisingly, the word to
vote and the words that make up polling station are distinc-
tive for state media from September 25 to 27, as this is when
the sham referendums were conducted on the occupied ter-
ritories. Finally, KharkivOblast (likely used as a hashtag) is
prominent on social media between September 28-30, dur-

ing the last phase of the Kharkiv counteroffensive.
These findings already show us that KLD can capture not

only divergence between text types but also differences be-
tween periods, since changes in the top KLD words are asso-
ciated strongly with particular events of the war. However,
for a more in-depth diachronic analysis, we plan to apply
KLD to different periods, which would show us more mean-
ingful distinctions.

Conclusion
Our study examined linguistic variation in Russian state-
controlled and social media to understand their role in propa-
gandistic communication during the Russo-Ukrainian war.
Using KLD, we identified key lexical differences between
the two media types, revealing distinct propaganda strate-
gies. State-controlled media favored euphemistic terminol-
ogy and references to geopolitical control, aligning with
the normalization frame to demobilize the population. In
contrast, social media exhibited a mobilizational approach,
employing direct war-related vocabulary and disinformation
framing. In addition, while state media promote the idea of
unity of all Russian citizens, social media emphasize the im-
portance of Russian ethnicity in the current war. We have
also found that homoglyphs are sometimes employed to
spread propaganda by duplicating content multiple times on
social media. Finally, a preliminary temporal analysis shows
that KLD is a robust measure not only for detecting text type
variation but also tracing linguistic changes through time.

Overall, this work contributes to reproducible and inter-
pretable social science research by employing transparent
methods, well-documented data processing, and an analysis
framework aligned with the FAIR principles. Theoretical in-
sights from our findings can inform future studies on media
influence and help policymakers, journalists, and platform
moderators better understand and respond to evolving pro-
paganda strategies in digital communication.

Limitations and Future Work
This study presents a preliminary analysis of linguistic di-
vergence between text types in Russian media, focusing only
on individual words. In the future, we plan to apply KLD to
other linguistic features (e.g., parts of speech and syntactic
patterns) to explore linguistic strategies of propaganda. Fi-
nally, even though our current work includes an exploratory
temporal analysis of the Russian propaganda, we aim to ap-
ply KLD to different periods of the war to study the di-
achronic evolution of pro-Kremlin narratives.

Another limitation of our work is that during the analysis
stage, we discovered that not all duplicated posts were re-
moved from the social media subcorpus due to the presence
of homoglyphs, which affected the KLD results. To address
this issue, we plan to assess the scale of duplicates, delete
them, and re-run the experiments on the cleaned version of
the corpus. In addition, it would also be interesting to apply
KLD to the raw corpus that contains duplicates, as the results
would be more representative of the social media language,
and compare them to our findings from the KLD analysis of
the cleaned corpus.



Ethics Statement
The WarMM-2022 dataset was provided to us by the authors
of the original paper (Alyukov, Kunilovskaya, and Semenov
2023), and the permission to use it was obtained from them.
The metadata containing personally identifiable information
was not used in our research. It is worth noting that the text
data may include offensive content, such as dehumanizing
language towards Ukrainians (Alyukov, Kunilovskaya, and
Semenov 2024); however, none of it was provided in the pa-
per for illustration purposes.

A note has to be made regarding the potential negative
societal impact or misuse of our research, since it touches
on propaganda, a highly sensitive and contentious topic. In
their paper, Park et al. (2022) discuss three media effects
models of propaganda: agenda setting, framing, and prim-
ing. Studying agenda setting means focusing on what top-
ics are discussed in the media, whereas research on fram-
ing emphasizes how the communication of those topics can
shape the audience’s perception and interpretation of them
(Scheufele and Tewksbury 2007). Finally, priming describes
the influence that framing and agenda setting have on pub-
lic opinion (Entman 2007). Park et al. (2022) argue that in
contrast to agenda setting and framing, research on priming
can be misused by malicious actors. In our study, we only
investigated agenda setting and framing (e.g., by showing
that geographical entities are distinctive for state media and
discussing how the variation in the war terminology may be
used to target different audiences on state vs. social media).
Studying priming, on the other hand, would involve exam-
ining public engagement in the media with regard to certain
propaganda strategies, which would give us an intuition as
to what strategies are effective. Since this is not part of our
research, we believe our study does not present any risks of
negative societal impact or misuse.

To mitigate any other potential negative outcomes, the
study uses existing non-personal textual data (as mentioned
above), applies reproducible and interpretable methods, and
documents the preprocessing steps and analytical setup to
ensure transparency and responsible research practices.

Acknowledgments
Funded by the European Union. Views and opinions ex-
pressed are however those of the authors only and do not
necessarily reflect those of the European Union or European
Research Executive Agency (REA). Neither the European
Union nor the granting authority can be held responsible for
them.

We sincerely thank Maria Kunilovskaya for providing the
WarMM-2022 dataset, as well as Sergei Bagdasarov, Stefan
Fischer, and Luigi Talamo for offering technical support.

References
Alvi, F.; Stevenson, M.; and Clough, P. 2017. Plagiarism
Detection in Texts Obfuscated with Homoglyphs. In Jose,
J. M.; Hauff, C.; Altıngovde, I. S.; Song, D.; Albakour, D.;
Watt, S.; and Tait, J., eds., Advances in Information Re-
trieval, 669–675. Cham: Springer International Publishing.
ISBN 978-3-319-56608-5.

Alyukov, M.; Kunilovskaya, M.; and Semenov, A. 2023.
Wartime Media Monitor (WarMM-2022): A Study of In-
formation Manipulation on Russian Social Media during
the Russia-Ukraine War. In Degaetano-Ortlieb, S.; Kazant-
seva, A.; Reiter, N.; and Szpakowicz, S., eds., Proceedings
of the 7th Joint SIGHUM Workshop on Computational Lin-
guistics for Cultural Heritage, Social Sciences, Humanities
and Literature, 152–161. Dubrovnik, Croatia: Association
for Computational Linguistics.
Alyukov, M.; Kunilovskaya, M.; and Semenov, A. 2024.
Confuse and Normalise: Authoritarian Propaganda in a
High-Choice Media Environment and Russia’s Invasion of
Ukraine. In Goode, P., ed., Russian propaganda today:
Challenges, effectiveness, and resistance, in print. Univer-
sity of Michigan press, University of Manchester Press.
Azarbonyad, H.; Dehghani, M.; Beelen, K.; Arkut, A.;
Marx, M.; and Kamps, J. 2017. Words are Malleable: Com-
puting Semantic Shifts in Political and Media Discourse. In
Proceedings of the 2017 ACM on Conference on Informa-
tion and Knowledge Management, CIKM ’17, 1509–1518.
New York, NY, USA: Association for Computing Machin-
ery. ISBN 978-1-4503-4918-5.
Bochkarev, V.; Solovyev, V.; and Wichmann, S. 2014. Uni-
versals versus Historical Contingencies in Lexical Evolu-
tion. Journal of The Royal Society Interface, 11(101):
20140841.
Da San Martino, G.; Cresci, S.; Barrón-Cedeño, A.; Yu, S.;
Di Pietro, R.; and Nakov, P. 2021. A Survey on Computa-
tional Propaganda Detection. In Proceedings of the Twenty-
Ninth International Joint Conference on Artificial Intelli-
gence, IJCAI’20, 4826–4832. Yokohama, Japan. ISBN 978-
0-9992411-6-5.
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Appendix A. Selected dates for the analysis
Table 3 shows an overview of the analyzed subsamples,
which were selected based on important events of the Russo-
Ukrainian war in July-September 2022.

Appendix B. Example of a duplicated post
with homoglyphs

Table 4 shows two visually identical posts where the homo-
glyphs (Latin characters used instead of Cyrillic letters) are
underlined.

Appendix C. Words contributing most to the
divergence between the media types

Table 5 shows the top 50 words with the highest average
KLD values for social media and state media, together with
their frequencies (probabilities).



Table 3: Corpus statistics on analyzed subsamples

Table 4: Example of a duplicated post with homoglyphs.



Table 5: Top 50 words with the highest KLD values for social media (left) and state media (right), together with their respective
probabilities (“p”); “kld1” and “p1” are used for social media, while “kld2” and “p2” represent values for state media.


