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Introduction

Russia's invasion of Ukraine amplified scholarly interest in strategies of authoritarian propaganda in
saturated media environments. With more than 40% of Russians relying on less censored online
sources to receive political information (Levada Center 2023), a wealth of evidence suggests that
state propaganda still managed to rally the public for the support of the invasion (Alyukov 2022).
This success of state media manipulation taps into a more general question: why and how does
authoritarian propaganda remain effective in a media environment saturated with alternative
narratives?

Modern autocrats constantly update their propaganda repertoire in response to socio-political
and technological challenges (e.g., Roberts 2018). Among the latest inventions are disinformation
accusations: borrowing the vocabulary of 'fake news' and 'disinformation’, autocrats pre-emptively
label criticism of their rule as false claims spread by hostile actors (Fang 2022) and frame
disinformation as an important societal threat to justify repressive legislation (Neo 2022).
Simultaneously, modern autocracies demobilise the public (Gerschewski 2023) by projecting the
image of governmental competence through propaganda (Guriev & Treisman 2022). Russia's
invasion of Ukraine is an ideal case study to explore these strategies in detail: since the beginning
of the war, the Kremlin actively engaged in labelling any criticism of the regime as ‘information
warfare’ against Russia (Alyukov, Kunilovskaya, & Semenov 2022a). Normalising the war as a new
given of everyday life has become another prominent strategy. Following the initial increase in
ideological messaging at the start of the invasion, state-controlled television decreased the number
of war-related messages, downplaying the war but making it a part of the information environment
in everyday life (Goode 2023).

Using Russia's wartime propaganda as a case-study, we argue that in a saturated media
environment, authoritarian propaganda has to rely on more proactive strategies to curb potential
discontent. Being unable to fully control the information flows, state media invest resources in
discrediting alternative accounts of events as ‘disinformation’ and demobilising citizens by presenting
extraordinary circumstances of war as being on the path towards normalisation. In addition, the
regime adjusts its strategies tailoring communication to different audiences across a multi-platform
information space. When a platform is already pro-regime, it is enough to target it with politicised
frames without time-sensitive relevant messages. For a more polarised platform, propaganda has to
be more time-sensitive.

The study aims to address two research questions: How does Russia’s authoritarian regime
frame the war in media and social media communication? What is the cross-media and cross-
platform division of labour between state-controlled media and major social media platforms in
advancing major framings of the war? We rely on the WarMM-2022 dataset (Alyukov, Kunilovskaya
& Semenov 2023), a unique corpus of media and social media messages retrieved from hundreds



of media outlets, TV channels, and social media platforms in 2022, merged with an additional social
media dataset (Rumiantseva & Otlan 2023).

We find that while dependence (lack of Ukraine’s political agency) and dehumanisation
(labeling Ukrainians as fascists and Nazi) frames set the context for all war-related communication,
disinformation and normalisation frames also constitute its significant part. State media and state-
controlled accounts across social media form a division of labour. While television and online media
target more passive audiences with the normalisation frame, the disinformation frame is used more
across social media platforms, which serve more active audiences. Lastly, a comparative analysis
of war-related messages across three major Russian social media platforms reveals a complex
structure of the pro-regime social media ecology, with regime propaganda adopting different
strategies to target regime supporters via Odnoklassniki and more polarised audiences outside of
the pro-regime core via Telegram.

Authoritarian Propaganda in Saturated Media Environments

While an increase in the availability of information was initially seen as a threat to authoritarian rule,
autocrats increasingly adapt to this challenge. Propaganda has become much more sophisticated,
taking diverse forms that are often difficult to associate with traditional techniques used by the
dictatorships of the past. Scholars have identified a variety of effects of authoritarian propaganda.
Propaganda can legitimise authoritarian leaders (Guriev & Treisman 2022) and policies (Neo 2022);
distract citizens from relevant political information by flooding the information space with irrelevant
news (Roberts 2018); confuse citizens by presenting contradictory messages (Paul & Matthews
2016); demobilise citizens by demonstrating regime strength (Huang 2015); and instil political
cynicism by demonstrating that no objective reporting is possible (Shields 2021).

Russia under Viadimir Putin is a critical case that illustrates the scope and limits of
contemporary propagandistic repertoire. The extant literature suggests that the Kremlin's control
over media narratives helped to maintain the regime’s stability throughout the past decade (Greene
& Robertson 2022) and contributed significantly to rallying the public around the president after the
annexation of Crimea (Sirotkina & Zavadskaya 2020). In 2022, the regime propaganda used a variety
of justifications for the full-scale invasion of Ukraine, such as narratives framing Ukraine as
completely dependent on the West and labelling Ukrainians as ‘ukrofacists’ and ‘nationalists’
(Alyukov, Kunilovskaya, & Semenov 2022a; 2022b). At the same time, authoritarian propaganda
rarely presents a one-size-fits-all message and instead adjusts messaging to different audiences.
Authoritarian audiences can vary widely depending on political engagement and the degree of
oppressiveness of authoritarian regimes (e.g., Alyukov 2024; Toepfl 2020). Existing research finds
that while those who rely on state-controlled TV tend to uncritically reproduce major regime
narratives about the war, less TV-reliant regime supporters tend to distrust TV propaganda and
actively seek other, both critical and supportive of the state, narratives (PS Lab 2023). Propaganda
can also differ widely within the social media space across platforms and within one platform. For
instance, our prior analysis suggests that the regime prioritises Odnoklassniki (OK), a more pro-
regime platform, to reinforce the beliefs of the regime supporters as compared to Vkontakte (VK)
and Telegram (TG) (Alyukov, Kunilovskaya & Semenov 2022b).

In this study, we focus on the disinformation and normalisation frames in regime propaganda
regarding the invasion of Ukraine. While the use of disinformation accusations to deflect critical
reporting on regime policies can be traced back to the Cold War (Tolz & Hutchings 2021), recently it
has become a popular tool in authoritarian regimes like China (Fang 2022), but also widespread
among populist leaders in the West (Hameleers & Minihold 2022). Following this worldwide trend,
the Kremlin has fully embraced it following the invasion. At key moments of the war, references to
'fake news’ in the Kremlin-controlled media became a common way to debunk criticism of regime
policies as disinformation (Alyukov & Zavadskaya 2024). At the same time, regime propaganda
attempted to downplay the extraordinary nature of the invasion by normalising it. Scholars argue that
except for relatively few cases, most contemporary autocracies rely on demobilisation of citizens
(Gerschewski 2023). Propaganda plays an important role in this process: shortly after the invasion,
the Kremlin quickly developed several strategies to communicate the impression that the war did not
affect ordinary citizens in Russia, such as adopting the euphemism 'special military operation’
instead of more existential 'war' to convey the message that the invasion would not affect ordinary
citizens (Alyukov, Kunilovskaya & Semenov 2021a). While there was an initial surge in the amount
of war propaganda, it decreased rapidly throughout the first year of the invasion (Alyukov,



Kunilovskaya & Semenov 2021a) and continued to fade throughout 2022 and 2023, being almost
absent on regional television. This low-intensive presence made communication about war a part of
the new normalcy (Goode 2023).

Research Design

We identify propaganda strategies with the help of the concept of framing. According to Entman’s
definition, to frame is to ‘select some aspects of a perceived reality and make them more salient in
a communication context, in such a way as to promote a particular problem definition, causal
interpretation, moral evaluation, and/or treatment recommendation for the item described’ (Entman,
1993, p. 52). Given the human mind's limited capacity to process information, it is essential to present
information as ‘easy-to-understand interpretative packages’ (Kim et al. 2002, p. 8). These
interpretative packages evoke specific interpretations of reality, underscoring the potency of framing
in political communication.

At its core, framing involves the selection or omission of particular aspects of reality, enabling
the media to convey specific interpretations. Framing is also reinforced by overt elements such as
word choice and rhetorical devices. These overt elements allow scholars to detect frames using
quantitative methods. Building on previous research, we identify the following frames employed by
Russian state propaganda:

1) Dependence frame: This frame underscores Ukraine's dependence on the West, positing
that Ukraine is under full Western control. Russia's inability to achieve its military objectives
is attributed not to its own weaknesses but to fighting against a Western coalition rather than
Ukraine.

2) Dehumanisation frame: Ukraine is depicted as governed by a fascist regime. The adversary
is portrayed as cruel, influenced by Nazism, and willing to torture innocent individuals.

3) Disinformation frame: This frame accentuates the information war waged against Russia by
Ukraine and the West. Ukrainian, Western, and oppositional Russian media are portrayed as
a network disseminating false information about Russia's actions in Ukraine to destabilise
the political situation in Russia.

4) Normalisation frame: This frame portrays the normalisation of life following the onset of the
war, highlighting the stabilisation of the economic situation in Russia and the restoration of
normalcy in both Russia and the occupied regions of Ukraine.

The first two frames have been established as dominant in prior research on Russian propaganda’s
coverage of the invasion (e.g., Alyukov, Kunilovskaya & Semenov 2022a). To identify frames, we
utilised BERT language model combined with semantic textual similarity (STS) measure. Based on
our reading of propaganda communication, we constructed textual prototypes (paragraphs of about
30 words) that captured the key idea of each frame and selected their manifestations in actual news
articles (see Table A4 in the Appendix). We used cosine similarity to calculate STS between the
prototypes and sentence-level pre-processed corpus to identify frames in messages (see Sections
A2 and A3 in the Appenix for more details on STS, model selection, and validation).

We rely on the WarMM-2022 data'. The corpus comprises messages published on the
websites of Russian TV channels and online news media from February to September 2022, as well
as messages retrieved from social media platforms from July to September 2022, focusing solely on
the Russia-Ukraine war. The corpus includes a broad selection of messages extracted from 415
websites of media outlets, 25 websites of TV channels, and 85 social media platforms (N = 1,742,900
messages). We merge it with the corpus of political Telegram channels released by Rumiantseva
and Otlan (2023) to expand our Telegram subcorpus (see A1 in the Appendix).

! More information can be found in Alyukov, Kunilovskaya, & Semenov (2023). While data in the dataset is
publicly available and can be retrieved, publishing the dataset still presents an ethical issue as expressing
dissenting political views in Russia can be risky. It is available as a collection of links which can be used to
recollect the messages.



While the corpus provides a realistic snapshot of a segment of war-related state-controlled
political communication in February-September 2022, it is important to note that messages were
retrieved based on war-related keywords, and due to repressive legislation, monitoring systems in
Russia do not capture content from the majority of outlets recognized as ‘foreign agents’ or
‘undesirable organisations’ by the regime. Hence, the corpus should be viewed as a sample of state-
controlled political communication.

Results
Salience of Frames

After removing identical messages in social media, our dataset contained separate subcorpora for
different sources, with each frame present in 7.2% - 34.6% of messages in each source (see
distributions in Table A5 in the Appendix). We plot the frequencies of four frames across media
outlets and television covering the period of eight months, February to September (Figure 1), and
social media platforms covering three months (Figure 2). Figure 1 shows that all four frames are
quite visible in war-related TV and online media communication, with frequencies ranging from a
maximum of 60 per 100 messages for the dependence frame in February 2022 to a minimum of 5
per 100 messages for the disinformation frame in September 2022.

Figure 1 Four Frames in the Media Outlets and TV Subcorpus (February - September 2022, 3-day
intervals)
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To make sure the four frames are independent constructs, we take the first difference to remove the
time trend and avoid spuriousness. The correlation ranges from 0.15 to 0.4, achieving statistical
significance only for two pairs: dehumanisation and disinformation (t = 3.74) and dependence and
disinformation (t = 2.10) (see full results in Figure A4 in the Appendix). In other words, the four frames
represent distinct semantic entities.

As evident from the figures, frames vary in their visibility. The dependence frame is the most
frequent, followed by the dehumanisation, normalisation, and disinformation. The prominence of the
dependence and dehumanisation frames reflects long-standing narratives in Russian propaganda
about Ukraine being a puppet of the West. The order of the disinformation and normalisation frames
is more intriguing. Media outlets prioritise the normalisation frame - a frame aimed at creating the
image of adaptation to the conflict and return to normal life - over the disinformation frame - a more
mobilizational frame aimed at creating the image of an intensive information war waged against
Russia. In other words, the rhetoric of media outlets aims more at pacifying audiences rather than
mobilising them.

Also, there is a huge volume of all but the dehumanisation frame before and after the
beginning of the invasion, followed by a gradual decrease over time. The results suggest state



propaganda increasingly attempted to justify the war during its peak moment (the beginning of the
invasion). However, several months into the invasion, this oversaturation of the media sphere with
propaganda led to shrinking audiences dissatisfied with a large amount of overtly biased political
content (Alyukov, Kunilovskaya & Semenov 2022c).

Finally, the disinformation frame is characterised by two strong peaks in February 2022 (up
to 40 out of 100 messages) and a lesser peak in April 2022, coinciding with the preparation and
beginning of the invasion as well as massacres in Bucha, and becomes the least relevant in Fall
2022. These results point to the function of the disinformation frame as a strategy of propaganda. In
February 2022, the Russian government was vehemently criticised for amassing troops at the border
with Ukraine, while state propaganda actively attempted to discredit messages about preparation for
the invasion as Western and Ukrainian disinformation. In April 2022, after the Ukrainian military
discovered evidence of mass murder of Ukrainian civilians and prisoners of war, Russian state media
responded with a massive propaganda campaign to discredit evidence of war crimes as
disinformation. In other words, instead of being a frame used to advance a certain understanding of
events proactively, the disinformation frame is a reactive frame used to defend the regime from the
criticism retroactively.

To further explore the relations across the frames in time, we conducted Granger causality
tests which allows one to establish cause-effect relationships in time series data (Granger 1988).
Because all series contain downward time trends, we take the first difference and perform the test
with two periods lags. All series move independently of each other except for the dependence and
disinformation frames (the latter Granger-causes the former at p = 0.016) and the normalisation and
disinformation frames (the latter Granger-causes the former at p < 0.001, see full results in Table A6
and Figure A5 in the Appendix). In other words, the disinformation frame precedes the dependence
and normalisation frames. Further tests reveal that the increasing volume of messages containing
the disinformation frame has both contemporaneous and lagged effects triggering the dependence
and normalisation frames.

It appears that the disinformation frame serves as a starting point preparing the ground for
the dependency and normalisation frames. For one thing, the idea of ‘information war’ is a convenient
logical assumption for the dependence frame: the West wages the war against Russia both on the
battlefield and in the media using Ukraine as a proxy. Simultaneously, the normalisation frame
alleviates the tension arising from the fact that Russia faces severe consequences due to invasion,
suggesting that the government manages to stabilise the situation

Figure 2 Four Frames in the Social Media Subcorpus (July - September 2022, 3-day intervals)
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Figure 2 zooms in on war-related social media communication in the July - September 2022 period.
All four frames represent a significant share of communication, with frequencies ranging from a
maximum of 40 out of 100 messages for the dependence frame in August 2022 to a minimum of 5



out of 100 messages for the normalisation frame in September 2022. There are several specific
features characterising the way these frames are utilised by the regime.

Similar to the analysis above, we calculated correlations to ensure that frames are distinct
semantic entities in social media communication. In contrast to the official media corpus, we detect
stronger correlations across frames on social media: the disinformation frame is related to the
normalisation frame at 0.31 (t = 3.12), to the dependence frame at 0.4 (t = 4.15), and the
dehumanisation frame at 0.55 (t = 6.2). To further explore the relations across the frames in time,
we conducted Granger causality tests. According to the tests, all series move independently of each
other (for full results see Table A7 and Figure A6 in the Appendix).

Another distinct feature of social media war-related communication is clear spikes, with at
least two moments (August 8-12 and August 21) when all four frames are perfectly synchronised.
Again, this synchronicity is mostly driven by a larger share of war-related content on OK. Lastly,
compared to TV and online media, frames are structured differently in terms of their prominence. On
social media, the mobilizational disinformation frame is more prominent than the normalisation
frame. In other words, the rhetoric of propaganda across social media aims at mobilising audiences
rather than pacifying them.

Division of Labour Between Media and Social Media

Our theory posits that there must be a division of labour between more 'official' media, such as
television and media outlets, and social media platforms. While maintaining the picture of the war
via the dependence and dehumanisation frames, television aims at demobilising audiences by
presenting the invasion as a past crisis to which both the economy and social life have already
adapted. In contrast, propaganda across social media platforms has a more mobilizational nature,
focusing on active and ongoing information warfare against Russia. To further explore this division
of labour, we compare the dominance of the disinformation and normalisation frames between the
Media and Social Media corpora.

Figure 3 Normalisation and Disinformation Frames across the Media Outlets/TV and Social Media
Corpora
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Figure 3 shows that the normalisation frame is dominant in TV an
media, except for two spikes on August 8 and September 17. These spikes are caused by many



messages published on regime-controlled OK, which we explore further in this chapter. This
prioritisation suggests that more 'official' media discourse aims at presenting the war as less
extraordinary than it is and downplaying its effects on everyday life. On the contrary, as shown in
Figure 6, the disinformation frame appears dominant in social media discourse, with spikes
suggesting coordinated attempts to promote this frame via identical messages. This prioritisation
suggests that propaganda on social media aims at presenting the war as a more active conflict,
which directly affects Russia via disinformation campaigns run by Ukraine and the West.

The 'division of labour' hypothesis is further corroborated by the analysis of spillover effects
between the corpora: the Granger causality tests for differenced time series with 2 days lags indicate
that the changes in frequencies of frames in the official media do not 'cause’ (that is, precede) the
changes in messages on social media (both aggregated across the platforms, and on OK, VK, and
TG separately). None of the social media platforms drive the agenda in the media, save for the
dependence frame (see Tables A8, A9, A10 and Figures A7, A8, A9 for OK, VK, and TG separately
and Table A11 for the aggregated results in the Appendix).

Given the fact that social media platforms have more active audiences, these prioritizations
suggest that propaganda on TV and online media, and social media form a division of labour,
adjusting framing to specific audiences' profiles. As social media users are more active and likely to
search for information, regime-controlled communication attempts to hinder this search by framing
possible alternatives as disinformation and offers more engaging framing. Legacy media audiences
are less active. Thus, it appears to be a logical strategy to pacify them further by presenting the state
of affairs as returning to normalcy.

Cross-platform Analysis

The initial observations point to a special role played by OK in Russian state-controlled social media
ecology. Figure 4 presents frequencies and fluctuations across three social media platforms.

Figure 4 Four Frames across Social Networks: TG, VK, and OK
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Figure 4 shows that the four frames retain the order described in previous subsections, with the
dependence frame being the most popular. There are several features that make the distribution of
frames across platforms different. First, the saturation of messages with the four frames differs
across platforms. TG is the least saturated with four frames barely reaching a normalised frequency
of 25 for the most popular dependence frame. VK has a medium saturation with four frames, reaching
a normalised frequency of 37 for the most popular dependence frame. Finally, OK is the most
saturated with four frames, with dependence and dehumanisation frames reaching a normalised
frequency of 70.

Second, the four frames are unsynchronized on TG, weakly synchronised on VK, and well-
synchronised on OK. On VK, there is a correlation between normalised frequencies of the
disinformation frame on the one hand and the dehumanisation frame (0.39, t = 3.73) and the
dependence frames (0.22, t = 2.01) on the other. The same pattern is detected on TG: the
disinformation frame is weakly related to the dehumanisation frame (0.37, t = 3.81) and the
dependence frame (0.25, t = 2.46). However, on OK, the synchronisation of frames is much stronger.
The disinformation frame is related to the dehumanisation frame at 0.58 (t = 6.6), to the dependence
frame at 0.36 (t = 3.6), and to the normalisation frame at 0.33 (t = 3.3). In addition, the dependence
and dehumanisation frames correlate at 0.26 (t = 5.6).

The results suggest that the four frames are more independent on TG and VK and more
correlated on OK. These differences in synchronisation of the four frames across platforms point to
varying degrees of coordinated state control. The dynamic of war-related communication on TG and
VK is more random, with frequencies of the four frames fluctuating independently of each other. This
suggests that war-related discourse on TG and VK is driven by a variety of users and channels
discussing various aspects of the war in an uncoordinated fashion. On OK, the four frames move in
a coordinated fashion. This high degree of synchronisation points at a stronger degree of regime
control over OK.

This coordination of major propaganda frames on OK is not surprising given its demographic
and political profile. The platform is widely regarded as a more pro-regime online space than other
social media platforms. Tables A12 and A13 in the Appendix present socio-demographic
distributions underlying social media use and support for Russia’s military actions in Ukraine in
2023. The audience of OK is significantly older compared to other social media platforms. While all
age groups spend relatively similar amounts of time on TG, the main audience of VK is 25-45 age
group, while the main audience of OK is 55+ age group. This socio-demographic structure aligns
with the traditional distribution of political preferences in Russia, with support for the regime
concentrated in the older cohorts. The number of individuals who fully support Russia’s military
actions in Ukraine increases from 24% in the 18-24 age group to 55% in the 55+ age group. This
preference of older citizens for OK makes it a preferred target for pro-regime communication, with
public groups featuring strong pro-Kremlin sentiment not only in Russia but also in other countries
with Russian-speaking minorities (Teperik et al. 2018).

There can be two causal mechanisms explaining the prominence of propaganda frames on
OK. Messages with these frames can be produced by users based on their political views. The
regime can also spread messages with these frames in a coordinated fashion to reinforce the
attitudes of supporters. Our analysis favours the latter, as users are unlikely to produce messages
with similar framing in such a coordinated fashion. Hence, it is logical to conclude that varying
degrees of correlation suggest an intentional strategy of regime propaganda, which selectively
targets online spaces populated by regime supporters to reinforce their beliefs rather than persuade
opponents or undecided individuals.

We also explored the synchronisation of war-related agendas between three social media
platforms and the media (see full results in Figure A4 in the Appendix). The synchronisation of
agendas is visible on TG: the normalisation, dependence, and disinformation frames on TG and in
the media are correlated at 0.38 (t = 3.6), 0.35 (t = 3.6), and 0.35 (t = 3.6) respectively. For VK and
OK, the correlation in frequency changes across frames is non-existent or very low. This is a
surprising finding, given the analysis above suggesting that TG is characterised by more chaotic
discussion and less synchronisation between four frames, and OK is characterised by strong
synchronisation between frames and communication spreading all four frames in a centralised
manner.



This difference in the degree of synchronisation between frames on one platform and
between frames across platforms and the media points to the difference in the functions of these two
platforms as channels for spreading war-related communication. TG is characterised by the
presence of many oppositional channels, but also channels run by major Russian propagandists and
an active radical pro-war nationalist cluster of channels, all reporting in a time-sensitive manner. In
other words, the pro-regime cluster on TG is structured akin to a mini-media industry reporting on
the war from the pro-regime perspective but retaining key qualities of the news industry, such as
attention to the relevance of topics. In contrast, OK is characterised by a large number of
asynchronous messages that are spread in an automated manner to target users with pro-regime
attitudes without regard for the relevance of information.

Conclusion

The study posed the following research questions: 1) How does Russia’s authoritarian regime frame
the war in media and social media communication? 2) What is the cross-media and cross-platform
division of labour between state-controlled media and major social media platforms in advancing
major framings of the war? To address these questions, we analysed a subset of war-related political
communication in Russian media and on social media throughout 2022. The analysis yielded the
following results.

Firstly, we found that the dependence, dehumanisation, disinformation, and normalisation
frames had distinct functions and formed complex patterns. On one hand, compared to three frames
which were used proactively, the disinformation frame was often employed defensively when an
authoritarian government needed to deflect accusations. On the other hand, frames exhibited
sophisticated relationships. The dependence and normalisation frames stemmed from the
disinformation, which served as a convenient logical assumption for the former. Secondly, we
identified a sophisticated division of labour between media and social media platforms. We observed
a division between television and online media, and social media discourses. While media outlets
prioritised the normalisation frame, downplaying its effects on everyday life, social media platforms
favoured the disinformation frame, portraying the war as an active conflict affecting Russia through
disinformation campaigns. As social media users are more active, it is logical for state propaganda
to target them with a more engaging disinformation frame to hinder the search for alternative
information. As television and online media audiences are less active, it is logical to divert their
attention from the war by presenting the state of affairs as returning to normalcy.

Finally, we observed an uneven dynamic across social media platforms. While the four
frames were weakly correlated on TG and VK, suggesting relatively non-coordinated
communication, on OK, frames were spread in a coordinated fashion. Simultaneously, on TG, while
the frames were weakly synchronised within the platform, they were correlated with respective
frames in the media discussion, whereas frames on OK and VK were weakly correlated with the
respective frames in the media discussion. This difference indicates a complex structure of pro-
regime media ecology. While the pro-regime cluster on TG combines elements of propaganda and
attention to relevance typical of the news industry, OK becomes a target for a large amount of pro-
regime messages spread in an automated manner. This difference likely reflects the different
functions of propaganda vis-a-vis different audiences. While OK is already a largely pro-regime
platform, the purpose of state communication is to reinforce the beliefs of supporters, which can be
achieved without convincing, time-sensitive messages. As TG is a polarised platform with pro-
regime, anti-regime, and apolitical clusters, propaganda needs to be more time-sensitive to appeal
to audiences outside of the pro-regime core.

These results have important implications for several areas of research. Firstly, our results
contribute to research on propaganda in Russia and authoritarian propaganda more generally, which
often focuses on individual frames without considering interaction or media discourse. While
previous studies identified individual frames, they often opt for classifying emotions (Miller 2019) or
topics (Otlan et al. 2023). While these approaches provide valuable insights into propaganda
techniques, they cannot reveal the structure of frames, which often have different functions and
operate in conjunction.

These results also contribute to research on contemporary authoritarian regimes. Starting
from Linz’s (2000) distinction between authoritarian and totalitarian regimes, political scientists have
been discussing the role of mobilisation and demobilisation as two distinct underlying logics of
authoritarian rule (Gerschewski 2023). By examining propaganda strategies in an authoritarian



context, we demonstrate that both can be present in one context. A regime can rely on a more
mobilizational framing to target a more active audience and on a more demobilisation framing to
target a different, more passive audience.

Finally, we build on a realistic snapshot of political communication, which allows us to conduct
cross-media and cross-platform analysis. We respond to call for more holistic approaches to
communication (e.g., Matassi & Baczkowski 2021) and document how the authoritarian regime in
Russia attempts to instrumentalise television, online outlets, and social media simultaneously and
adapt its strategies to specific platforms, tailoring communication to more or less pro-regime
audiences. In turn, this division of labour sheds light on how modern autocrats continuously adapt to
new, multiplatform, saturated media environments by choosing different approaches for different
audiences.
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Appendix
A1 Corpus Merging and Preprocessing

The corpus includes a broad, albeit uneven, selection of information sources: messages
were extracted from 415 websites of media outlets, 25 websites of TV channels, and 85
social media platforms. The number of messages in the Telegram (TG) subcorpus, the third
most popular social network in Russia, is almost 20 times smaller than the number of
messages retrieved from Vkontakte (VK) and 10 times smaller than the number of messages
retrieved from Odnoklassniki (OK). This imbalance is attributed to the architecture of TG. As
of February 2024, TG platform had around 835,000 channels and 73,000 groups®. As of
2023, VK had 2,060,000 'public pages' only, with much more numerous ‘communities'?. To
validate the consistency of our data collection method and address the observed imbalance
in the Telegram (TG) subcorpus, we conducted a comparison with the corpus of posts on
social and political Telegram channels released by Rumiantseva and Otlan (2023). This
comparison revealed that three-quarters of messages in our TG subcorpus matched the
messages found in Rumiantseva and Otlan’s dataset, thus confirming the reliability of our
data collection approach. To enhance the comprehensiveness of our dataset, we merged
WarMM-2022 with Rumiantseva's dataset, resulting in the addition of approximately 10,000
messages for the same period.

To prepare the dataset for analysis, several preprocessing steps were undertaken.
Non-textual elements, including links, email addresses, meta-text elements, hashtags, and
emoji, were removed from the data. Furthermore, the spelling was standardised, and
sentence tokenization was performed using the Punkt Sentence Tokenizer?, aided by a
customised abbreviation dictionary. Following these steps, the resulting list of sentences in
each publication was deduplicated to ensure data integrity and eliminate redundancies. The
basic quantitative parameters of the resulting textual data are presented in Table 1.

Table Al. Quantitative statistics of the corpus across periods and sources

[Source  [period | Documents "lf Sentences | Word |
Count
F—— TEahrmiar Trme 5099 Y Y T T 31 a2 n
| Media and I February-June 2022 I 99.9K I 25M I 313 M I
I ision +—-——"—-r-—-——--""|"—— )]l -
| Television :_July—September 2022 : 82.5 K_{ 1.7 M_{ 26.7M |
I - 1 A J
: Total : 182.4 K : 42 M : 58 M :
I_SBcTal_M_eeﬁaT_________________________I _____ Il
| Vkontakte 920.3 K 122M!  1825M !

I

I

I

I I

o I
: Odnoklassniki July-September 2022 : 568.0 K 6.2 M : 86.2 M :
| Telegram | 46.4K | 04 M | 59M |
I I I I I
: Other : 208.2 K : 2.7 M : 522 M |
I T T T T T T T T ™ =™ 4722 9 & T T 514N 17 " 208 8 NV u
(ol L . Ar4a29K,  214M | 3268M

! Available at: https://tgstat.com/
2 Available at: https://vk.company/ru/investors/info/11481/#

3 Available at: https://www.nltk.org/api/nltk.tokenize.punkt.html
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The periods covered by the two corpora exhibit a discrepancy, with the Media and TV corpus
spanning 8 months (from February to September), while the Social Media corpus
encompasses only 3 months (from July to September). This variance arises due to limited
technical capacity. Social media platforms generate significantly more messages than
traditional media outlets. Despite this disparity in coverage, it is notable that the Social Media
subcorpus contains 20 times more messages than the Media and TV subcorpus. Telegram
(TG), the third most represented social network in our data, exhibits nearly 20 times fewer
documents than VK. However, it's important to note that this imbalance does not impact our
results, as we compare normalised frequencies for the respective time periods and sources
of messages.

A2 Semantic Textual Similarity and Model Selection

In this analysis, our primary focus lies on two frames: 1) disinformation and 2) normalisation.
To gauge their prominence, we compare them against 3) dependence and 4)
dehumanisation frames, which are already established as dominant during the analysed
period (e.g., Alyukov, Kunilovskaya & Semenov 2022a).

Traditional dictionary-based approaches could be employed to identify these frames
by tracing terms and collocations using dictionaries comprised of relevant terms (e.g.,
Hameleers & Minihold 2022). However, these approaches may yield numerous false
positives (messages containing some terms from the dictionary but not the intended frame)
or false negatives (messages containing the frame but not identified due to lacking the
specific terms). Instead, we utilise a Bidirectional Encoder Representations from
Transformers (BERT) language model combined with an approach rooted in semantic
textual similarity (STS). This approach hinges on comparing textual prototypes with real data
to compute semantic similarity.

To construct these prototypes, two social scientists, well-versed in Russian media
discourse, crafted succinct paragraphs (averaging 30 words) representing each frame and
selected instances of their manifestation in actual news articles. These prototypes serve as
clear examples illustrating how these frames materialise in Russian media discourse. The
constructs and examples of real-life manifestations are detailed in Appendix Table 1. The
frame detection methodology revolves around computing semantic textual similarity (STS)
between the constructed prototype and every sentence in the dataset. STS is gauged as
cosine similarity between numerical vectors that represent sentences in each pair.
Sentences are vectorised employing a pre-trained sentence-transformer model (Reimers &
Gurevych 2019), which maps a sentence onto a 512-dimensional dense vector space,
effectively encapsulating its meaning. Sentences exhibiting higher similarity scores are
deemed semantically similar and are positioned closer to each other within the vector space.
As a model, we selected distiluse-base-multilingual-cased-v2*, a tried and tested multilingual
model which demonstrated good performance on a range of tasks involving identifying
semantically similar sentences, including in Russian. According to the evaluation on the
existing STS benchmarks®, this model is inferior to the more recent sentence embedding
models. However, in our validation study (see below), it outperformed the alternative
options. Specifically, we experimented with all-mpnet-base-v2, the top leaderboard model,
all-MiniLM-L6-v2, another sentence transformer, and ai-forever/sbert_large nlu_ru, a

4 Available at: https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v2
> Available at: https://www.sbert.net/docs/pretrained_models.html
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dedicated Russian model. However, their performance on our validation set was inferior to
the selected model.

Cosine similarity values calculated by the model lie in the range [-1, 1], where 1
represents absolute similarity, and -1 indicates that the sentence vectors are pointing in
opposite directions. For each frame, we empirically established a cutoff threshold that
yielded the best result on the annotated dataset in the validation study. A document is
considered semantically similar to a given frame if its STS score is above the established
cutoff threshold. The evaluation study was also utilised to determine the most effective
method to obtain document vectors for this task. As we demonstrate below, the most
effective approach was to use the vector of the most similar sentence in the document to
represent this document.

Subsequent manual analysis indicated that very short sentences often introduce
noise in the results. This observation motivated the decision to disregard sentences shorter
than 6 words for semantic similarity calculation. The number of sentences skipped in this
analysis is higher for social media data, but even in the Social Media subcorpus, short
sentences constitute around 2% of all sentences, suggesting that their removal cannot
significantly affect results. However, the proportions of documents containing frames are
calculated based on the entire size of the dataset for the respective time interval.

A3 Validation

To test our approach and select its optimal parameters, we applied the developed approach
to a small set of annotated documents. For each frame, social science experts with in-depth
understanding of Russian media suggested 10 real publications expressing the frames. The
negative examples included 10 random texts sampled from the set of the Press and TV
publications, which included the standard warning required by the current law that the author
of the publication is a ‘foreign agent’ (see the number of messages with ‘foreign agent’ label
in Appendix Figure 1). This can be considered a reliable indicator suggesting that the content
does not come from a state-controlled media outlet, and it is likely to be devoid of
propagandistic narratives. The same set of 10 texts was used to test the validity of the
approach for each frame. The quantitative description of the annotated validation set is
provided in the last three numerical columns in Table 2. Each category (positive/negative) for
each frame is represented by at least 10 documents, containing at least 288 sentences and
over 4800 words.

After the texts were put through the cleaning and preprocessing pipeline, we
experimented with several settings to obtain the best separation of the positive and negative
examples. In particular, we tested three approaches to calculate the document STS scores.
For each document, we computed (i) the mean STS score across the document sentences
(mean_sts), (ii) the STS score for the mean-pooled document vector (doc_vector), and (iii)
the sentence with the maximum similarity score (max_sent). The first three numerical
columns in Table 2 display the mean aggregates and standard deviations across the
documents in each category for each frame. The scores indicate that averaged sentence-
level STS values (mean_sts) are consistently lower than STS scores obtained from mean-
pooled document vectors (doc_vector). However, the difference is not significant if all three
metrics return higher scores for positive than for negative instances.

Table A2. Average STS values for categories and quantitative parameters of the annotated data

-
| frame ]|_ label | mean_sts: doc_vector: T max_sent: | docs | sents—l we |
| | | Mean+/-STD | Mean+/-STD | Mean+/-STD | | | |

- [ ———— T~ At
| dependence | positive | 0.24+/-0.04 | 0.51+/-0.06 | 0.50+/-0.08 | 11| 482 9941 |

—_ —_—— ]



r 1T A A B
| Ihegaﬂvel 011+L006I 031+L0131-
_______ F——————————————————
| dehumanisation | positive |  0.18+/-0.06 | 0.42+/-0.12 |
| I o
| | negative |  0.14+/-0.09 | 0.34+/-0.13 |
F———— -t
| disinformation | positive |  0.20+/-0.07 | 0.50+/-0.08 |
I 1 = +
I | negative |  0.12+/-0.06 | 0.32+/-0.13 |
—_——— i - +
| normalisation Lpositive_: 0.09+/-0.04 | 0.20+/-0.07 |
| | negative | 0.05+/-0.03 | 0.16+/-0.05 |
L e - 1

| I

0.38+/-0.09 | 11| 5449523
_____ N
0.49+/-0.15| 11| 497 | 6982 |
_____ e
0.42+/-0.03| 11| 544 9523
_____ - - ___l
0.59+/-0.07| 10| 539 8030 |
————— S e e Ee
0.42+/-0.05| 11| 5441 9523 |
————— = -
0.29+/-0.05| 10! 2881 4896 |
————— S T O ——
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To decide whether a document contains a given frame, we have to introduce an STS
threshold. The threshold values were established experimentally by iterating (step 0.01)
across STS values between the minimum and maximum observed for the positive category
in each frame. The thresholds for max_sent approach range between 0.27 (normalisation
frame) and 0.47 (disinformation frame). Table 3 reports the F1-scores® for each approach for
the optimal threshold value. The best segregation of the categories is achieved using
max_sent score, with an absolute maximum of 0.9 for the disinformation frame.

Table A3. Quality of positive-negative classification for various document STS measures (F1-scores)

(frame ____Tmean_sts | doc vector [max sent |
dependence _[001 ~ 1096 _ o087 |
dehumanisation , 072 ,075 ___,086 |
disinformation ;078 089 09 ]

[normalisation | 075 _ 078 _ _ 084 __ |

This result is also supported visually. We plot the vectors of the constructed passages
representing each frame and the vectors for positive and negative samples obtained using

averaged document vectors and max_sent approach
transposed into the two-dimensional space using Principal

in Figure 1. All vectors were
Component Analysis (PCA).

Figure Al. Representation of documents in the vector space: competing approaches
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As evident from the graphs, the max_sent approach yields a clearer demarcation of the
annotated classes in the vector space, with documents attributed to a particular frame
clustered around their respective construct, whereas negative samples (indicated by blue
crosses) are dispersed throughout the vector space. Moreover, Figure 2 illustrates that
document-level STS values exhibit more distinct distributions between positive and negative
categories when the max_sent approach is employed(i.e., if a document is represented by
the vector of a sentence with the maximum similarity to the construct).

Figure A2. Distribution of document-level STS values obtained on different document representations (left: mean-pooled
document vector vs right: maximum STS sentence vector)
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Theoretically, this approach is logical: a frame may manifest in one part of the
publication and not in another. It is not uncommon for documents to carry several
frames simultaneously. Averaging vectors or STS values across the document
sentences can dilute the meaning of a document.

In summary, the evaluation study provides evidence that the proposed method
of frame detection in the corpus publications yields reliable results. The vectors
capture the semantic aspects of the sentences relevant to this study, enabling us to
differentiate between frames and annotated categories for each frame with a
reasonably high level of accuracy. The classification quality metric returned an F1-
score of over 0.84, indicating good performance (Table 3). The validation study also
provided the STS thresholds used in the main study to detect semantically similar
documents for each frame.

To ensure that the approach captures frames with sufficient precision, we
randomly extracted 500 messages classified by the algorithm as belonging to one of
four frames or not containing frames (100 messages per class). These messages were
manually coded by two authors independently. Using human coding as a baseline, the
average accuracy of machine coding is 0.4. While this result may be considered poor
by the standards of simpler classification tasks, it is satisfactory for an algorithm
identifying five classes with subtle semantic differences in raw data automatically. The
algorithm’s performance was on par with performance of coders (Krippendorf's a =
0.44). As the primary goal of our analysis is not to identify the absolute volume of
messages containing different frames, but rather to trace fluctuations across time and
between media and platforms, this level of accuracy is enough to effectively identify
such fluctuations.



A4 Frame Prototypes

Table A4. Constructed Frame Prototypes and Their Realisations

YKpanHCcKoe npaBuTesibCTBO He sABNseTCA | HapsbIwkuH 3asasun, yto CLUA
ABTOHOMHbIM 1 MOJIHOCTbIO NOAUMHEHO | OPWEHTUPYIOT YKpanHy Ha MakCUMaUsibHY0
«KONNEeKTUBHOMY 3anagy». 3eNeHcKuii — | aKkT1BM3aL Mo Mobunusauuy BalumHIToH
3TO MapuoHeTKa, KoTopast BbINOJSIHAET | pekomenayeT npuabiBaTh MyXunH ¢ 17 40
KomaHabl CLUA. BalwmMHITOH AaBHO | 70 neT 1 fononHUTENLHO NPU3bIBaTL
rotoBun KneB K BoiiHe ¢ Poccueii gns | KEHLLMH, OTMETUN AMPEKTOP Cnyx6bl
TOro, YTo6bI 0OCNAabUTL Poccuio. | BHelLHeli pa3Beaku Poccun MOCKBA, 20
| HOSI6PS.
ITACCI/.
| CoefunHeHHble LLTaTbl OpreHTUpyoT
| YKpanHy Ha MakCUMaUlbHYI0 akT1B13aLumio
| MOBUAM3aLMK, peKOMEHAYIOT NPU3bIBATEL
| MyxunH ¢ 17 go 70 neT 1 AONOAHUTENBHO
| MPU3bIBATE XEHLLUMH.
| 06 3ToM 3asBKN AnpekTop CryXo6bl
| BHelLHeli pa3Beaku (CBP) Poccum
Cepreii HapbIWKWH.
| 3asBieHVe pacnpocTpaHmio npecc-61opo
| cap.
| 3anap Tpe6yeT oT pexuma [MpeanaeHTa
| YkpauHbl Bnagumupa] 3eneHckoro, He
| cunTasch ¢ notepamu,
| MPOAEMOHCTPUPOBATL MUPOBOMY
| €000LLecTBY HEBO3MOXHOCTb N06e/bl
Poccun B yKpanHCKOM KOH(pIUKTE.
| B yactHOCTK, No umetowmmesa y CBP
| Poccun [,0CTOBEPHLIM AaHHbIM, CLUA
| opneHTUpYIOT pyKOBOACTBO YKpauHb! Ha
| MakcumanbHyto akTMBU3aLMIO
| MOBUNU3ALMOHHBIX MEPONPUATHIA 15
| BOCMO/THEHMS OTPOMHbIX NOTEPb, KOTOPbIE
| noHecnun BCY B xoze NpoBasibHOro
KOHTPHACTYM/EeHWS, - cka3asl HapbILWKUH.
| "AMepuKaHcK/e 1 bputaHckme KypaTopsbl
| kuesa PEKOMEHAYIOT BOEHHO-
| NosIMTUYECKOMY PYKOBOACTBY YKpaviHbl
| cHM3KUTL go 17 net u noBbicKUTb Ao 70 net
| MPU3bIBHOI BO3PACT, & TaKkke NPOBOAUTL
| AOMONHUTENbHYIO Mo6unusauuio
| XEHLLUMH", - 3asABU/ OH.
Kak otmeTtun rnasa CBP Poccuu, crnegys
| TaKMM ycTaHOBKaM, MUHUCTP 06OPOHbI
| YKkpanHbl Pyctem YMepoB npeasioxun
| BepxoBHOIi pafie N3yunTb BO3MOXHOCTb
| noHWxeHua MrHMManLHOro BospacTa ans
| npusbiBa B apmuto.
| Ecnun 310 Npou3oingeT, TO KNeBCKUiA
| PEXVM NOATBEPANT CBOIO HALMCTCKYIO
CYLLHOCTb, HarnpasuB B NEK/10 BONHbI
| cemMHaguaTUIETHVX lOHOLWEeR ans
| npoanexHns aroHum BCY.
| 370 oueHb HanoMHUT [eiicTBISA BepPXYLLKM
| dpawmcTckoli FepmaHuy No cos3gaHnio
| oceHbto 1944 roaa HapoAHOro ONONYEeHNs
| HauucTos "®OoNbKCLITYPM", B pamkax
| KOTOPOro 13 geteit (hopMMpPOBa/IUCH
oTtpAabl "TutneptoreHa”, - NPOA0S KNI OH.
| HapbILWKNUH NogYepKHy, 4To
| KOosioccasibHble MoTepu Cpeamn yKpanHCKnx
| BOEHHOC/TyXallMX 3acTaB/iaoT Kues
| HanpaBnsTL B 60ii "CTApUKOB".
| BCY yxe thopM1pyoT HOBblE
| noapasaenenua u3 60/iLoB cTapLue 40
| NeT U NpUCTYNUAN K Mobrununsaumm
L H My>X4nH cTaplie 50 neT, - fo6asun oH.



YkpauHa v 3anaf Ha4anu
NosIHOMACLUTa6bHY0 HAOPMALIVOHHYO
BOIiHY npoTnB Poccuu. OrpomHas
MalLMHa Ae3nHdopmaumnmn YkpaviHbl,
3anagHbix CMW 1 poccuiickux CMU-
MHOAreHToB NMPOU3BOAMUT NlaBUHY (heiikoB
06 CBO, 4T06bI ANCKPEANTMPOBATH
NHopMaLIo U3 JOCTOBEPHbIX
othnumasIbHbIX UICTOYHWKOB, BbI3BATb
HeHaBUCTb K Poccuu, urpaTb Ha aMoLusX,
CeAiTb MaHuKy 1 xaoc. .

- 3aKOHOMPOEKT, Cor/lacHO KOTOPOMY
NPU3bIBHOW BO3pacT A5 psf0BOro
cocTaBa nosbicutca ¢ 60 go 65 net, a ansa
KoMaHfHoro - ¢ 65 ao 70 ner,
3aperncTpmpoBaH B YKpanHCKOM
napnameHTe.

Mpo atom anpekTop CBP ykasan, uto
0oCTpasn HexeaTKa JIIACKNX PeCYypCOB Ha
OpoHTe BbIHYXAaeT Kues uatm n Ha
yBEe/IMYEHNE KO/IMYECTBA XEHLLVH B pagax
YKPaUHCKO apmumu, "KOTOPbIX, COr/TacHO
3anaZiHbIM OLleHKaM, HacuUTbiBaeTCA
60nee 40 TbiC. YenoBek".

KneBckuii pexuvm yxe noBbICK
BO3paCTHY0 NJaHKy 4718 Habopa XeHLLVH
Ha BOEHHYI0 ciyx6y A0 60 ner.

Ho KueBy aTtoro masio.

YKpanHCcKoe BOEHHOe KOMaHAoBaHue
NPOCUT pacLUMpUTb NepeyeHb XXEHCKNX
npodheccuii, nognagaoLwnx nog,
Mo6uM3aLuio, - OTMETU/ OH.

- C oKTA6pA 3TOrO roga e ctanu
noanexarb paboTHULbI MeAULIMHCKOM
cchepbl.

B pesynbTare B 60/bHULAX,
NOJIK/IHUKAX N anTekax pesko
obocTpunack npobnema gedmuuta
KaZpoB.

Ho feicTBYOLWMIA KNEBCKNIA PEXNM,
NoXoXxe, 3T0 He UHTePeCYeT, 1 OH rOTOB
npoAomkaTb BOliHY "0 nocnegHero
yKpanHua" Bo nmMs 3anagHbiX MHTepecos"

YkpauHckue "dabpuku mxun" n
nponaraHga 3anaga: kak oTanunTb
npaegy OT heiika o crnevLonepaumm.
Moyemy BaXKHO cpaBHMBaTbL MaTepuasbl
13 pasHbIX NCTOYHWKOB 1 NepenpoBepsThb
no6oe coobLLEeHNe B CETU, YnTaiiTe B
marepuane PUAMO.

WHTepHeT, Npu3BaHHbIli 06beAnHATL
nopaeli, CerofgHst X CTPeMUTESbHO
pasbeanHseT.

ExefHeBHO NO MecceHaxepam u
couManbHbIM CeTAM pacxoasTcs Bce
HOBblE 1 HOBbIE (heliku, kacaroLmecs
BOEHHOI1 crevuonepauum Ha YKpavHe.
Kak oTnnuunth npasay oT JKU 1
paccyxaaTb 06beKTVBHO, 0603peBaTeslb
PVAMO BbISICHWN Y 3KCMEPTOB.
BHVMaHVe K feTtanam.

"®abpukn Hxn" B YKpauHe rotoBUINCH K
MHCOPMAaLMOHHOI BOViHE C Hallel
CTpaHoll faBHO, YBEPEH BOEHHbIN
aKcnepT, ob6o3pesartesib, MOSKOBHVK B
oTcTaBke BUKTOp JIUTOBKMH.

MHorve dpelikoBble BUAEO,
NOCTAHOBOYHbIE KaApbl N BUPYCHbIE
COO0O6LLEeHNS, AUCKPeANTUPYIOLLME
poccuiickyto apMuto, 6blIM 3aroTOB/IEHbI
elle 10 HavYana crnevonepawmn.

A co3[atoT TakoW ckaHAa/IbHbIA KOHTEHT
no nekanam cneuyasbHbIX UHCTUTYTOB,
KOTOpbIE Y)Ke y4acTBOBa/IN B
MHOpMaLMoHHOl BoliHe B KOrocnasuu,
Mpake, AdpraHucTaHe.

YTo6bl OTIMUNTL NpasAy OT BbIMbIC/A,
3KcnepT pekoMeHAyeT NoAKIYaTh
KpUTUYECKOE MbILLIEHNE, ONMPaTbLCS Ha
3pasblii CMbIC/T U MbIC/TNTb
aHa/IMTUYECKN.

BaxxHO He BoCnpuHMMaTh no6oe
Co06LLEeHNe Kak UCTUHHOE.

Bcerga ecTb NpMMeThbl, MO KOTOPbIM



MOXHO MOHATb, YTO Nepes Bammn eik.
BepHewmcs K Byye.

Ioawn, KOTOpbIX TaM paccTpensnu, Bce ¢
6enbIMM NOBA3KaMU Ha pyKax.

Benas nossska - 3T0 OT/IMUNTEbHASA
yepTa poccuiickoli apmmm, No3BoNSOLWas
OT/INYaTb CBOWX OT YYXWX.

YKpaunHckas apMus HOCUT CUHWE NMOBSA3KU
Ha pykaBax, onosnyeHubl JJoHbacca -
KpacHble.

MupHbIe XuTenu, KoTopble Hocun 6enblie
NOBSA3KW, CUMNATU3NPOBasIN POCCUIACKON
apMumn, COTPYAHUYaNU ¢ Held, nonyyanu
NPOAYKTbI NUTAHUS.

MMOHATHO, YTO CNy4YmnBLLEECS - 3TO MECTb
Haub6aToB-6aHANTOB, - NOACHAET
JINTOBKUWH.

Bbln0OXeHHbIE BAO/b AOPOrK Tena - 3To
yrposa, cumtaeT aKcnepr.

Mocbin ee abconoTHO Npo3padeH: byaeTe
COTpYyAHMYATb C PyCCKUMU - Bac XaeT
Takas xe cyapba.

'mbpugHas BoliHa.

LLnTbl 6€bIMW HATKAMU 1 3HAMEHWTbIE
cLeHbl U3 pogsoma B Mapuynone ¢
OfHOIi-eAMHCTBEHHOW GEPEMEHHOIA
[eByLIKOl Ha Bce 34aHue, fobaBnseT
JINTOBKMH.

Ha kagpax BHYTpU NOMELLEHNS - HX
KaTasloK, H1 3HAMEHUTbLIX Kpecen Ans
pOXeHuL,, HU LWKadoB C
MeAVNHCTPYMEHTamu.

He BblgepXuBaKT KPUTUKMN 1 (helikoBble
npu3bIBbl HE BCTYNaTb B POCCUICKYIO
apMuto, NOTOMY YTO PeBSAT SIKOObI
OTNPaBAT Ha (PPOHT.

C camoro Havasa cnevonepaummn Ha
rocyfapCTBEHHOM YPOBHE 6bIf10
3asB/IEHO, YTO NPU3bIBHVKOB HUKTO
nocblnatb Ha PpoHT He byaeT.
Pa6oTtaTtb GyayT TO/IbKO KOHTPAKTHUKY -
06y4YeHHbIE BOWHBI, - MOAYEpPKMBaET
JINTOBKMH.

Buaeo c sKo6bl B3STbIMW B NIEH
poccuiickuMmn congaramu, akTuBHO
obcyxaaBLUecs B COLMabHbIX CETAX B
Hauvane crneuonepauun, TOXe okasanchb
He[0CTOBEPHBLIMU: B r1a3a bpocanincb
chopma ¢ HenpaBWIbHLIMU LLEBPOHAMM,
Herslenble pe3nHOBbIE canorv u apyrve
NAnbI.

Bcs aTa helikoBas uHcopmaums
paccumTaHa Ha Naeii ncnyraHHbIX, He
MbICISLLMX KPUTUYECKN, MCUXNYECKN
HeyCTOolUMBBIX.

OxwngaeTcsl, 4TO OHU UCMYraKTCsa camu n
6yayT nyratb Apyrux.

To, 4TO NPOMCXOANT ceiyac, - 3To
rmépugHas BoiHa MPOTMB Halleli CTPaHbl:
nonnTUYecKasl, 3KOHOMM4Yeckas,
MHpopMaLMOHHas, Ncuxonornyeckas,
3Kosornyeckas.

[LepxuTte ronosy xonogHoi, byasTte
CMOKOViHbI 1 He nofAaBaiiTeck Ha
npoBoKauuu, - pekomeHayeT JIMTOBKVH.
"Mob6oe coobLieHne cnegyeT NPoBepsThL”.
YneH CoseTa npu npe3ugeHte P® no
pasBuUTUIO rpadkaaHcKoro obuiectsa u
npasam 4yenoseka (CMNY) P® JleoHug,
MonskoB oTMeYaeT: HeNoAroTOB/IEHHOMY
4yenioBeKy OYEHb TSHXKEsI0 CNpaB/IATbCS C
MacCc/MpOoBaHHOI nponaraHoii, koTopas
1cnonb3yeT BCe NpUeMbI
MCMX0JI0TMYECKOTO AAaB/IeHNS Ha






Wtanuu pacnpoctpaHseTcs BUAEOPOINK C
MbITKAMW POCCUNCKNX NIEHHBIX
YKPaUHCKMMUN BOEHHbIMU.
HecmoTpsa Ha ABHOe npoTuBopeUmne ¢
reHepasibHON NMHuelt Ha 3anage,
COr/lacHoO KOTOPOMY 3/10eAHUSA
coBepLUaeT UckvnTensHo Poccus,
BWE0 He CMOrn 060/MTU MoNYaHnem
KpynHble CMW, coobLiaeT KoppecnoHaeHT
VA REGNUM.
[Mpy 3TOM B OMUCAHUAX K BUAEO
0TMeYaeTcsl, 4To 3TU NPEeCTyN/IeHns
COBepLIaloT Hekme abCcTpakTHble congaThbl
MpPOTUB APYr1X NPOCTO CO/AAT.
YnomunHaeTcsa Takxe, 4to Kues yxe
onpoBepr NOA/IMHHOCTL BUAEO, HO Havaul
npun 3TOM paccriefjoBaHue.
MpocTble NTanbsAHLbI, MeXay TeM,
CpaBHUBAIOT YKPANHCKMNX BOEHHbIX C
6o0eBukamu UIAJ (opraHusaums,
[esTeNbHOCTb KOTOPOI 3anpelleHa B
P®), npocnasmsLuMmucs
n3gesaresibCTBaMm Haf NyeHHbIMK, a
TaKKe HaNnoMUHAOT, YTO UX BOOPYXaeT B
TOM yunC/ie NpaBuTesiIbCTBo NTtanmun.
"MeHs BOCXMLLL@eT COBEPLLEHHO
yBEPEeHHbI TOH B CTaTbsX, koraa 310
NPUNUCLIBAIOT PYCCKNM, B OTINUNE OT
COMHUTE/IbHOTO TOHA, Korja 3/104esHne
COBepLUAETCS YKParHCKON CTOPOHOWA", -
nuweT 3HpUKo ge M. "3T0 UM Mbl
oTnpassisiem opyxue?"
- cnpawmsaeT Jasug K. "91u 3Bepu 1
yOuiiLbl OCTOVHBbI TEX, KTO UM
npegocTaBuna opyxume”, - fobasun
AHTOHMO M. "Y M/EHHbIX, KOTOPbIE
cfaloTcs, ecTb npasa, Npu3HaHHble
YKeHeBCKOW KOHBEHUMEA.
PaccTtpen nneHHbIX ABNSETCA BOEHHbIM
npecTynseHnemM", - HanomMHuN AHTOHNO
JoHaTto M. "HecbixaHHast XXeCTOKOCTb,
€C/IM HOBOCTU NpaBAmBbl, TO AOCTOWHbI
HacToOALMX HALMCTOB.
VX Hafo cyauThb 3a BOEHHbIEe
npecrynnexus”, - npussana AroctuHa .
"3T0 conpatsbl KaHauaaTta Ha
HobGeneBckyto npemuto Mympa", - BCTaBu/l
depepuko A. "Pa3Be 3TO He BOEHHbIE
npecTynneHua???
Mnn 3eneHckoro 3To He kacaetcs,
NMOTOMY YTO OH KaHAuAaT Ha
Hobenesckyto npemunio myupa?
- BO3myTuica Mapko K. "Ecnn 6bITb
YECTHbIMU, TO HYXXHO B 3arosIoBKe
yKa3arb, YTO 3TO YKpauHLibl
paccTpenvsatoT 6eCrnoMOLLHbIX
POCCUIACKMX NNEHHbIX", - cunTaeT Cy3aHHa
A. "Hafo yTOUHUTb, YTO UMEHHO
YKPanHCKve CoAathl COBEPLLAIOT 3TH
BapBapCcTBa Mo OTHOLLEHWNIO K PYCCKUM
congaram”, - nogaepxan Pukkapno /1.
"YavBneHa, 4To coobLaT HOBOCTU O
3BepcTBax NPOTUB POCCUICKUX CONAaaT,
NOTOMY 4TO [0 CUX MOP Mbl BUAENU
O/JHOCTOPOHHME HOBOCTU", - HEJOyMEBaeT
TuHa I'. "[aBHO 6bINI0 N3BECTHO, YTO
yKpavHcKas B/1acTb onmpaeTcs Ha
HaLWCTCKMe OBWKEHNSA, BOCEMb NIET
Teppopusnposasia PycCcKoA3bIYHbIX
yKpavHLeB, aHrno-amepukaHLbl Bcerga
06 3TOM 3Ha/IM, (PMHAHCUPYS Y HUX
nepesopoTt B 2014 rogy", - oTMETUN
CasnbBaTope J1. "3T0 HeBO3MOXHO, Befb
L b YKpanHcKaa apMust feMokpatnyeckas.

| NNEHHbIX 1 COBEPLLAIOT 3BepCKme
y6uiicTBa MMPHOrO HaceneHns BO UMS

| chalIMCTCKOro pexmnma.
HauuoHanmcTuyeckme cumnaTum K aTol

| si3Be Haumama ocobeHHo

| pacnpocTpaHeHbl Ha TeppuUTOpUK

| 3anagHoit YkpauHbl.



CTpenku - 3TO pycckue,
3aMacKMpoBaHHbIe NMOJ, YKPauHCKUX
congar”, - usgesaetcsa Jxysenne B.
"INopa pycckMM cepbEe3Ho HavaTb
KaMmnaHuio no geHaumdmkaymn®, -
cunTaet [abprene M. "3To He congatsbl.
OHU NPecTYnHUKN.

£ HagelCb, 4TO BUAEO NOMOXET
HakasaTb TeX, KTO COBEepPLUW/ 3TU
3nogeaHus.

HO Mbl HE HEHABUOUM YKparHLIEB KaK
Hapog, MHOrMe 13 HUX He BUHOBATbI.

Mbl He fienaem Tak, Kak aTo Aenaet
EBpona, koTopas pa3xuraet HeHaBUCTb K
pycckum Boobuie", - 3ameTun MNaono M.
"3TN NpecTynieHnsa AO/MKHbI AaTb NOHATL
BCEMY MMPY Ha YTO CMOCO6HbI 3T
NpecTynHble HaUMCTbl U3 YKpauHbl.

BoT uto oHu genanu c apyrumm
Hapogamn”, - nuweT Mapusa P. "Oymaro,
3TO TaKue Xe NpecTyn/eHuns, KoTopble
COBEpLLAIT YKpanHckme HeoHauncTckue
6aTasIboHbI NPOTVB HaceneHusa loHbacca.
MNoyemy EBpona 3akpbiBaeT rnasa?
Mpuka3 CLUA He BmelunBatbLCa?

Ecnu MNyTUH MACHWK, TO OHU KTO?

- 3a/ia/1cA BONPOCOM AHTOHMO .
HaunHaeT nposiBNsATLCA BapBapCcTBO
YKPanHCKMX congar n HaEMHVKOB Mo
OTHOLLEHWIO K PYCCKMM cosgaram.

He 310 /11 coyyacTune Tex rocyaapcTs,
KOTOpblE fasiv Opyxue YkpanHe?

BoiiHa HUKorAa He KOHYMTCA, eCNn Bbl
nocblniaeTe opyxwue, Mup NpuxoauT 6e3
OPYXWS1, HO C AWUN/IOMAaTUEN yBaKaeMbIX 1
aBTOpPUTETHLIX Ntogei”, - AHTOHMO C. "Mbl
[OKHbI PUCKHYTb TPEeTbel MUPOBOI
BOVIHOWA, 3aLMLLaTh 3TN LBETbI FyMaHu3Ma
1 femMokpatmmn?

UT06bI YKpanHa octasiacb B pykax
HaLCTOB Y HAEMHUKOB?

- cnpawmBsaloT UTasbsSHLEB
npeacrtasuteniv Komnaptun Ntasimm B
pervoHe BeHeTo.

[o6asum, uto B UTanum c Havana
BOEHHOI1 onepauumn thakTnyecku naét
nonsyyas peabunurauyus Haumsma.

Kak coobwano A REGNUM, paHee La
Repubblica ony6avkosana UHTEPBLIO C
OfHVM 13 [N1laBapeii HaUMUCTCKOM
opraHusauuy "A3oB" (opraHnsauus,
[esTeNbHOCTb KOTOPOiA 3anpelleHa B
P®).

MoCTENEHHO XW3Hb BO3BPALLAETCS B CBOE | SKCMepTbl FOBOPSIT O HOPMa/IU3aLmm

pycrno. HopmMasMsyeTcst SKOHOMUYecKast | KM3HU B HOBbIX pernoHax Poccuu 28

CUTyauus, CTabunnsnpyroTcs PbIHKA, | heBpansa 2023 10:38 BaxHyto posib B

Noau, 3BaKynpoBaHHbIli 13 [JoHeL kol 1 | PasBuTUM UrpatoT pervoHbi-Luedbl.

NyraHckoi HapoaHbIX pecny6/mK, doT0o nx apxmsa MpasutenscTBa Kypckoii

NPYBbIKAIOT K MUPHOW XN3HN. | obnacTtu B nocnegHee Bpems

| cneumancTbl OTMEYAKT TEHAEHUMIO

| BO3BpaLLeHus xutenein JIAHP,

| 3anopoxckoii 1 XepcoHckoit obnacrei,

| koTopble paHee nepe6upanvck B Poccuio

| Kak 6eXeHLbl, JOMOWA.

| OTO roBOPUT O TOM, YTO XU3Hb
NOCTENEHHO NPUXOANT B HOPMY,

| oTMeyatoT NoNUTONOrN.

| B kauectse nprmepa 3KkcnepTbl NPUBOAAT

| Mapwynosnb, koTopblii hakTuyeckn

| npespatuics B pyuHbl B Xoae 60€BbIX

| meicTeuii.

| Ceiiyac, nocne Toro, kak ropog, Ha4anu

| BOCCTaHABNMBATb, OTCTpauBaTk HOBOE



| XUNbE, Tam NPoXmBaroT okono 230 Tbicay I
YesioBekK, a C BOEHHbIMW U CTPOUTENIAMM -
| okorso 300 Tbicsu. |
Mpe3naeHT Bnagummp MyTtuH B NocnaHun |
| ®enepansHomy Co6paHuio 21 despans |
| oTmeTun, uto k 2030 rofly HOBble PETVOHbI |
| AOMKHBI MO NHpacTpyKType, |
counanbHoi cdepe BbITY Ha OfUH |
| YPOBEHb C ApYruMmn cybbekTamm. |
Tak, y)xe ¢ 1 mapTa TaMm HauHyT
| BbIN/1a4MBaTh NEHCUN N Nocobus. |
Monutonorn oTMeyatoT, 4To 6OMbLLYIO |
| ponb B npoLecce BoccTaHoBAerus JAHP, |
| 3anopoxckoii n XepcoHckoit obnacTeit |
| UrpatoT pervnoHbI-Lwedbi. |
K cnosy, Kypckas o6nactb B Mae 2022 |
| roga B3sna wedcrso Hag NepBomaickum |
paiioHom [loHeLkoi HapogHoii
| Pecny6nvku. |
Tak, B filekabpe Kypckme ctpoutenu |
| npoBenu kanuTabHbI peMOHT B |
| MaHrywickoii wkone 2. OHW NpuBenu B |
| NOPsBOK y4eBHbIE Knacchl, cnopTsa, |
nue610K, NPMBENN B NOPALOK BHELLHIO |
| 1 BHYTPEHHIOK OTAENKY 3[aHNs, KPOBJIHO. |
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Figure A3. Number of Messages with ‘Foreign Agent’ Label

A5 Frames by Source

Networks (Jul-Sept 2022):
Number of “foreign agent* messages

The distribution of publications/posts containing specific frames across sources of
information and time with removed duplicates — almost identical messages in social
media. On some platforms, identical messages reached 50% of the total number for
some time-intervals.



Table A5. Distribution of frame across media platforms in July-September 2022 (in the sentence-length-controlled

setup)

[ Frame I~ Platform T Number ofdocuments | Hits T %

B T Media+Tv_ I 82494 _ 1718916 | 229

| " Vkontakte _ | 920252 _ __ | 249119 | 271
A6 | Dependence | _Odnoklassniki | 568018 | 196448 | 346

| | _ _Telegram | 58188 | 11053 | 19.0

' |l __ Other | 160767 | 45651 | 284 |

' | Media+TV_ | 82494 | 15233 | 185

' [ Vkontakte I~~~ 920252 1178855 [ 194

: Dehumanisation '__O_drplﬂagsgik_i_r____5(5_23()_123____—r_1:3_t)1_51T_2_2.g

| " Telegram | 58188 _ __ | 7615 | 131

L ,__ Other 160767 |, 27842 | 173

| | Media+TV.__| 82494 | 6249 | 7.6

| | Vkontakte | 920252 | 74991 | 8.1

| Disinformation [ Odnoklassniki | 568018 [ 71123 [ 125 |

| " Telegram " 'sg18s | 4079 | 69

L [~ Tother_ " I"T"TTTe0767 | 5175 |94

| | _Media+TV_ | 82494 _ | 10501 | 127

| | _ Vkontakte | 920252 | 71648 | 7.8

| Normalisation | _Odnoklassniki | 568018 _ | 41116 | 7.2

| | Telegram | 58188 _ | 2779 | 48 _

| I Other I 160767 [ 12040 T 75 |

—— e T

Correlations and Granger Causality Tests

Table A6. Pairwise Granger Causality Tests with Lag Order of 2 for the Media Subcorpus

Pair Res.Df Df F Pr(>F)
Dehumanisation - Dependence 236 -2 0.326897 0.721487
Dehumanisation - Disinformation 236 -2 0.559652 0.572171
Dehumanisation - Normalisation 236 -2 0.533833 0.587066
Dependence - Disinformation 236 -2 4.204632 0.016069
Dependence - Dehumanisation 236 -2 0.046584 0.954493
Dependence - Normalisation 236 -2 0.185492 0.830817
Disinformation - Dependence 236 -2 0.758933 0.469314
Disinformation - Dehumanisation 236 -2 0.642105 0.527108
Disinformation - Normalisation 236 -2 1.276367 0.280985
Normalisation - Disinformation 236 -2 7.483197 0.000708
Normalisation - Dehumanisation 236 -2 1.285215 0.278536
Normalisation - Dependence 236 -2 0.313682 0.731058




Table A7. Pairwise Granger Causality Tests with Lag Order of 2 for the Social Media Subcorpus

Pair Res.Df Df F Pr(>F)
Dehumanisation - Dependence 86 -2 0.322926 0.724922
Dehumanisation - Disinformation 86 -2 1.453358 0.239602
Dehumanisation - Normalisation 86 -2 2.774711 0.068092
Dependence - Disinformation 86 -2 0.700526 0.4992
Dependence - Dehumanisation 86 -2 1.630008 0.202064
Dependence - Normalisation 86 -2 2.314339 0.105102
Disinformation - Dependence 86 -2 2.223577 0.114553
Disinformation - Dehumanisation 86 -2 0.65405 0.522563
Disinformation - Normalisation 86 -2 0.73202 0.483979
Normalisation - Disinformation 86 -2 0.925223 0.400445
Normalisation - Dehumanisation 86 -2 0.322397 0.725303
Normalisation - Dependence 86 -2 1.061855 0.350409
Table A8. Pairwise Granger Causality Tests with Lag Order of 2 between VK and the Media
Subcorpus
Frame Direction Res.Df | Df F Pr(>F)
Media to VK 86 -2 0.75951 0.471081
Dehumanisation
VK to Media 86 -2 0.791992 0.456294
Media to VK 86 -2 0.755006 0.47317
Dependence
VK to Media 86 -2 6.051054 0.003507
Media to VK 86 -2 0.519674 0.596614
Normalisation
VK to Media 86 -2 0.7214 0.489058
Media to VK 86 -2 1.527583 0.223028
Disinformation
VK to Media 86 -2 0.951886 0.390136
Table A9. Pairwise Granger Causality Tests with Lag Order of 2 between OK and the Media
Subcorpus.
Frame Direction Res.Df Df F Pr(>F)
Media to OK 86 -2 0.233475 0.792289
Dehumanisation
OK to Media 86 -2 0.041409 0.959457
Media to OK 86 -2 0.762221 0.469829




Dependence OK to Media 86 -2 0.118377 0.888509
Media to OK 86 -2 1.691828 0.190398
Normalisation
OK to Media 86 -2 0.297555 0.743412
Media to OK 86 -2 0.007994 0.992039
Disinformation
OK to Media 86 -2 0.161927 0.850768

Table A10. Pairwise Granger Causality Tests with Lag Order of 2 between TG and the Media

Subcorpus.
Frame Direction Res.Df Df F Pr(>F)
Mediato TG 86 -2 0.230003 0.79503
Dehumanisation
TG to Media 86 -2 0.11719 0.889561
Mediato TG 86 -2 1.023208 0.363876
Dependence
TG to Media 86 -2 0.091691 0.912478
Mediato TG 86 -2 2.180647 0.119323
Normalisation
TG to Media 86 -2 0.629253 0.535483
Mediato TG 86 -2 0.052215 0.949155
Disinformation
TG to Media 86 -2 0.568398 0.568595

Table A1l. Pairwise Granger Causality Tests with Lag Order of 2 between the Media and Social
Media Subcorpora

Frame Direction Res.Df Df F Pr(>F)
Media to Social Media 86 -2 0.300101 0.741535
Dehumanisation
Social Media to Media 86 -2 0.288296 0.750279
Media to Social Media 86 -2 0.944493 0.392967
Dependence
Social Media to Media 86 -2 0.742988 0.47879
Media to Social Media 86 -2 1.582449 0.211535
Normalisation
Social Media to Media 86 -2 0.47408 0.624113
Media to Social Media 86 -2 0.017299 0.982853
Disinformation
Social Media to Media 86 -2 0.452739 0.637427

Figure A4 Correlations Across Differenced Time Series for Frames Between the Media and Social
Media Subcorpora




Dependece M
Dehumanisation M
MNaormalization M
Disinformation M
Dependece TG
Dehumanisation TG
MNormalization TG
Disinformation TG
Dependece VK
Dehumanisation VK
Normalization VK
Disinformation VK
Dependece OK
Dehumanisation OK
MNormalization OK
Disinformation OK

Dependece M ' 1.00
Dehumanisation M |1.00
MNormalization M 1.00
Disinformation M |1.00
Dependece TG [1.00
Dehumanisation TG 1.00
MNormalization TG |1.00
Disinformation TG [1.00
Dependece VK | 1.00
Dehumanisation VK | 1.00
MNormalization VK |1.00
Disinformation VK |1.00
Dependece OK | 1.00
Dehumanisation OK | 1.00 0.58
MNormalization OK |1.00

Disinformation OK 1.00

Legend: M = Official media, TG = Telegram, VK = Vkotakte, Ok = Odnoklassniki.
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Figure A5 Differenced Time Series for the Media Subcorpus
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Figure A6 Differenced Time Series for the Social Media Subcorpus

Jul

Oct

Jul

Aug

Sep

Oct

— Dependence Frame
— Dehumanization Frame
— Mormalisation Frame

Disinformation Frame

— Dependence Frame
— Dehumanization Frame
— Mormalisation Frame

Disinformation Frame



Differenced Time-Series

Differenced Time-Series

Figure A7 Differenced Time Series for VK
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Figure A8 Differenced Time Series for OK
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Figure A9 Differenced Time Series for TG
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