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The spread of disinformation during the Covid-19 pandemic is largely associated with social
media and online messengers. Viral disinformation disseminated in 2020-2021 was related to
a wide range of topics that caused panic among people. Many false narratives emerged and
attracted public interest over time, which mainly reflected the general public’s utmost belief in
these topics. Text mining can be used to analyze the frequencies of keywords and topic-related
vocabulary in order to track the changing focus of the public concerning online disinformation.
In this paper, we present the results of a corpus-based study of Russian viral fake stories
circulating during the first year of the Covid-19 pandemic. We propose a method for analyzing
the central topics and dynamics of topical change in the context of the Russian Covid-19-fake
story. In order to accomplish this objective, we make use of a set of tools to extract keywords,
count their frequencies and analyze corresponding contexts. We apply these tools to the
compiled specialized diachronic corpus of Russian viral false Covid-19-related stories. The
obtained data is evaluated to determine the dynamic of topical shifts by tracking the changes
in keyword frequencies as well as the use of other high-frequency corpus words. The findings of
the work concerning topical fluctuations in the Russian viral Covid-19 disinformation agenda
as well as given explanations for the identified drifts in public interest in the topics during the
first year of the pandemic can contribute to developing effective strategies for combating the
spread of fakes in the future.

Keywords: disinformation, Covid-19, fake story, infodemic, viral text, specialized corpus, word
frequency, topic change

Introduction

The Covid-19 pandemic has proven that online messengers and social networks have a great potential to make
disinformation go viral. Huge amounts of unverified materials written on the web about the Covid-19 pandemic
during 2020 led to the coinage of a new term “infodemic,” meaning “too much information including false or
misleading information in digital and physical environments during a disease outbreak”!. In Russia, viral texts
about Covid-19 and related issues did rounds on social networks and messaging platforms such as WhatsApp,
Telegram and Viber. Many of the circulating texts contained false information about the symptoms and
treatment of the new virus, the numbers of Covid-19 cases, the state of hospitals and upcoming government-
imposed restrictions. Due to overwhelming public interest and trust in such texts, the dissemination of
disinformation was criminalized in Russia, and eventually, WhatsApp imposed a strict limit on the number of
messages that can be forwarded as a measure to stop the viral spread of disinformation regarding Covid-19.

Malicious use of social media during the Covid-19 pandemic has been instrumental in the creation of
misleading news on key topics related to Covid-19. According to a study on virus-related infodemic and its
impact on public health (Islam et al. 2020), more than 5,800 people around the world were admitted to hospital
and at least 800 people died in 2020 as a result of false information on social media. Since the Covid-19
infodemic evidently poses a real danger to human lives, it is necessary to study the texts containing the most

1 'WHO (2021) Public health research agenda for managing infodemics. World Health Organization.
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popular fake stories in order to understand why certain narratives were successful in fueling conspiracy theories
and initiating panic among people.

The growing application of corpus-based research (e.g., Webber & Stroud, 2013; Koplenig, 2017; Karjus et al.
2020) can be attributed to the fact that representative corpora are useful in obtaining quantitative data on the
units of analysis and answering a number of questions about the texts, storylines and key topics. In this paper,
we propose a quantitative method to measure the topical change in the Russian Covid-19 disinformation
spread by counting word frequencies in diachronic collections of target data. The diachronic analysis of viral
Covid-19-related fake stories spread in Russia during the first year of the pandemic involves identifying key
topics of the fake news and tracking topical shifts in public interest over time. According to Karjus et al. (Karjus
et al. 2020, 86), such shifts are reflected in a specialized diachronic corpus in changing frequencies of the topic-
related vocabulary. Thus, we expect the frequency distribution of the corpus terms to capture the changes in
the disinformation agenda over time.

Previous works (Faust, 2018; Pesta et al., 2018; Mariani et al., 2019) based on the keyword research model, also
focus on capturing peaks and troughs in diachronic data to track topical changes in a certain field; however,
they do not study the factors that determine fluctuations of public interest in different topics. In addition, the
above studies aimed at determining topical drifts use specialized corpora containing academic or media texts
as target material. Our work is, so far as we are aware, the first occasion on which word frequencies have been
used to analyze the changes in the disinformation agenda (namely, the texts that deliberately mislead the
reader).

Describing the dynamics of topical change in the disinformation agenda can contribute to the development of
strategies to fight the spread of disinformation about Covid-19 and related issues. The derived knowledge on
why public interest on some topics is short, while others remain consistently popular among the public may
shed light on what factors make certain fake narratives go viral.

The paper is structured as follows: In the Methodology section we introduce the related work in the literature
and describe the proposed method. The Results and Discussion sections present the obtained results and
analyze the frequencies of keywords and topic-related vocabulary along with the periods of time when different
topics on the Russian disinformation agenda gained or lost popularity while depicting topics that retained
their popularity throughout the first 13 months of the pandemic.

Methodology
Building Specialized Corpora

This work is inspired by the prior corpus-based research built on the premise that collecting and analyzing
large amounts of discourse samples is an effective tool for understanding the way people communicate (e.g.,
Biber et al., 1998; Stubbs, 2001; McCarthy & Carter, 2001; Budge & Pennings, 2007; Grimmer & Stewart, 2013).
When dealing with specialized corpora targeted towards a particular text type, genre or subject field, vocabulary
sorted by frequency can provide very illustrative information (Ngula, 2018). Our research model is based on the
assumption that analyzing word frequencies within a corpus with a narrowed text focus (Covid-19-related fake
stories) can assist in identifying some patterns in the language of Russian viral fake stories.

When people make up fake stories with the intention of promoting disinformation, they alter their language to
not only fit the agenda but also play to the audience’s feelings (e.g., fears, desires, interests, etc.) in order to
draw their attention to the story and make it go viral. Thus, the vocabulary used in such stories may reflect
patterns that allow us to draw conclusions about the general linguistic characteristics of fake narratives. Thus,
before discussing the used methodology in detail, we should outline the research agenda by answering three
main questions. What types of texts are suitable to address the specific objectives of the study? What is the
unit of analysis? What type of corpus (raw or annotated) better suits the research goals?

The design of the specialized corpora complies with the standards of a linguistic investigation if collected texts,
representing a particular domain of use, are balanced and sampled. Biber and Jones (Biber & Jones, 2009, p.
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1288) note that the term “corpus composition” refers to the text categories that are included the corpus
structure. Texts selection is based on a sampling method according to which the collected data should represent
the target text categories and the texts should be of similar size. Register variation is also an important issue in
the framework of this research, as we intend to analyze Covid-19-related text and audio messages containing
fake narratives that went viral during the first year of the pandemic in Russia. These texts are inhomogeneous
in terms of style and strategic organization, and their authors have used different registers. Therefore, the
corpus should be designed to represent all used registers.

In contrast to discourse analysis, which focuses on a detailed discussion of a few texts, corpus studies analyze
large volumes of texts, indicating that this method gives high importance to corpus size. Large corpora are used
in historical research for tracing lexical and semantic changes. Such studies require a larger number of units
(words and collocations) to be processed, and these units may occur in texts with low frequencies. Therefore,
statistical procedures should be applied to very large text collections (Leech & Fallon, 1992; Scott, 2001; Baron
et al, 2009). The number of texts sufficient enough to analyze narrow-profile subjects depends on a variety of
text categories (genre, format, etc.) that characterize a particular discourse. For example, British Academic
Written English (BAWE) is a specialized corpus that consists of good-quality student assignments across
disciplines (from first-year to master’s students), with a total of 2896 independent texts and 6,514,776 words.
Air Traffic Control (ATC) corpus is represented by 70 hours of recorded conversations between controllers and
several aircraft in three major airports of the United States. These collections are representative of a special-
purpose corpus that offer numerous possibilities of examining and interpreting data from particular areas.
However, more targeted corpora (e.g., Louvain Corpus of Native English Essays that contain essays written by
British pupils and university students with a total of 324,304 words) also provide sufficient evidence for
specified studies related to lexicology or grammar (Curzan, 2009).

Corpora structures can also be determined by the type of units chosen for analysis. Stefanowitsch and Gries
(2009, p. 933) mention that, for a long time, lexical issues have been the focus of most corpus-based research,
which means they were considered the primary unit of investigation in corpus linguistics. Before the first
corpora containing grammatical annotation were built, words and word forms were the only available tools for
assessing corpora, and therefore, they were of particular interest to the researchers in this field (Stefanowitsch,
2006, p. 62). However, advances in text processing have broadened the research horizons to include higher-
order structural units of analysis. According to Biber and Jones (2009, p. 1289), three main units of analysis in
modern corpus studies are each occurrence of a linguistic feature, each individual text or the entire corpus.
These units are used in different research designs to either compare texts and define the differences between
them or to analyze the use of the linguistic structure. The nature of the units of investigation is different since
each represents a different level of language. Some of them do not even have quantitative characteristics. For
example, while grammar categories are not numeric and cannot be subjected to quantitative analysis, texts
have quantitative characteristics, and numerical procedures can be applied to them (Biber & Jones, 2009, p.
1290). In this work, the units of analysis are keywords and topic-related vocabulary of every part of speech
regardless grammar category. Therefore, we preprocess the corpus by lemmatizing it. This would ensure that
each word is represented in its original form.

The next research question is whether to annotate the corpus or to use a raw collection of texts. Annotated
corpora include additional interpretative linguistic information that could easily be separated from the raw
corpora in order to avoid causing any loss of information. The type of information that could be used as an
annotation depends on the study objective. For example, POS-tagging is considered to be the most common
annotation. It refers to tagging words in a corpus in order to indicate the part of speech they belong to (Leech,
2005, p. 17). There is no consensus among scholars on which corpus, raw or annotated, is best suited for
analyzing linguistic phenomena. Sinclair (Sinclair, 2005, p. 5) specifically prefers to work with a raw corpus
since it is a “pure” experimental material that most accurately reflects the language features a linguistic study
can focus on. Some researchers (Leech, 2005; Wilbur et al., 2006; Kim et al., 2008), while discussing annotation
issues, have stated that it is a tool for enriching the original corpus through value addition and may be useful
not only for the annotator but also for other linguists who may apply it in their work. Meurers (2005, p. 1620)
asserts that large corpora containing million tokens or more can only be annotated automatically. Today,
however, semi-automatic annotation procedures are applied even for smaller corpora.
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Counting frequencies of specific units in diachrony is one of the methods of historical corpus linguistics.
Statistical techniques can be applied to compare distributions of specific groups of words and to determine the
words that can be found in the corpus significantly more or less frequently than expected (Baron et al., 2009, p.
41). Outlining possible research directions, Sinclair (Sinclair, 1991, p. 31) mentions that when the word count
indicates notable changes in frequencies of the units, which generally have a stable distribution, it may provide
significant information on the types of text being studied. Since this work focuses on tracing the dynamics of
topic change in manipulative e-communication during a certain period, we apply the technique of keyword
analysis, which is one of the most widely-used methods for determining significant words based on comparing
the frequencies of words in a target corpus with frequencies of the same words in a reference corpus (Baron et
al., 2009, p. 41). Through quantitative analysis, researchers get a list of words sorted based on their raw or
relative frequencies in texts. The results may be unexpected with the flagging of some linguistic trends that are
not obvious without statistical data.

Procedure

The overall framework of the proposed methodology can be described in three main steps. First, we build a
corpus of Russian viral fake messages (13 sections, one for each month of the first year of the pandemic,
including March 2021) and preprocess the corpus by removing punctuation and graphic elements and
normalizing all texts to lowercase letters in order to avoid word doubling in the statistics caused by lowercase
or uppercase differences. Next, the texts are lemmatized, stopwords are removed from them and absolute
synonyms, different forms of the same word or words, are replaced with one lemma. Then, we use a network
graph showing topic clusters and term frequencies across all sections of the corpus to track the dynamics of
topic change in Russian fake stories being circulated during the first year of the Covid-19 pandemic (March
2020 to March 2021). We also analyze the most common non-Covid-19-related vocabulary and determine
contexts surrounding high-frequency words and collocations.

Methods and Instruments

Input Data. Corpus Structure

From the very beginning of the Covid-19 pandemic, users have been posting/reposting on their social media
accounts and forwarding to each other via messengers a lot of false content; however, though these texts could
be characterized as fake narratives, not all of them went viral. In this section, we introduce the principles of
text selection developed to ensure that the compiled corpus is representative and well balanced.

What is a viral fake story? A Covid-19-related fake narrative refers to text containing information about the
recent pandemic caused by Covid-19 (and its related aspects) that was officially announced as false by federal
agencies, scientific organizations and officials. Such narratives were spread by many users through popular
virtual informal communication channels, primarily social media platforms (such as Instagram, Facebook,
Vkontakte, Odnoklassniki, etc.) and mobile messengers (such as WhatsApp, Telegram, Viber, etc.) regardless of
whether the intention was to deceive or not. Within the framework of this research, a text is considered viral
if it has more than 50,000 unique views. Counting the number of reposts and views in messengers is not always
possible, as people send texts to personal and group chats, which are not accessible. Therefore, when selecting
study materials, we accounted for the number of views for the forwarded texts via open channels, profiles, bots,
public chats and groups. The authors of fake content are usually unknown, and the information in their stories
is either completely made up or presented in a significantly distorted manner.

Data source. We began gathering fake narratives about Covid-19 from March 2020 when the WHO made an
official announcement of the pandemic. The sources of the texts are popular Russian social networks and
mobile messengers. When collecting data, viral audio messages were transcribed. However, video fakes were
not considered unless they went viral in the form of texts spread on the web. It is difficult to establish the
original source of some texts and the date of their first appearance since most of the authors are anonymous
and the texts have been reposted many times. In addition, on April 1, 2020, the President of Russia passed a
law? imposing criminal punishment for spreading disinformation. Many of the texts that had already been

2 Federal Law of April 1, 2020 N 100-FZ “On Amendments to the Criminal Code of the Russian Federation and Articles 31 and 151 of the
Criminal Procedure Code of the Russian Federation”. Collected Legislation of the Russian Federation of April 6, 2020 N2 14 (Part I) Art.
2030.
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added to the corpus were subsequently deleted from the web sources at the request of Rospotrebnadzor
(Russian Federal Service for Surveillance on Consumer Rights). Therefore, in the appendix to the compiled
corpus, against the deleted texts, we have placed links to the resources dealing with Covid-19 myth debunking
since they post original texts. The corpus (in raw and preprocessed versions) was registered with the Russian
Federal Service for Intellectual Property as a database®. In this work, we have specified the episode number in
this database when examples of fake narratives are introduced.

Data verification. Covid-19-related disinformation covers wide-ranging topics (restrictions, lockdown,
healthcare advice, vaccination, etc.), and there is a need to prove that all of the considered texts contain false
information. For each text added to the corpus, one of the official institutions (health authorities, ministries,
and agencies and federal media) has refuted the claim made in the story on their websites or verified pages on
social networks. We also used the following resources to fact-check the information from the collected
narratives: COVID Infodemic Europe, Poynter’s International Fact-Checking Network and Coronavirus Facts
Alliance.

Types of false narratives. The corpus of Russian viral fake stories about Covid-19 is stylistically heterogeneous,
containing texts across all genres and categories that were popular among Russian users in the first year of the
pandemic (“insider” information from reliable sources (officials, doctors, scientists); warnings; guidelines (how
to wear a mask, how to behave during restrictions); pseudo-medical advice/ recipes; information from medical
personnel working in “the red zone”; fake stories disguised as news or scientific article; fragments of a pseudo-
research; conspiracy theories; and fake documents).

Character limit and the number of episodes. The typological diversity of included texts entails setting a
maximum limit of 2000 characters and a minimum of 200 characters (an average fake narrative consists of
about 600 characters). This is an important step for data balancing since if both ultra-short texts and large
narratives are included in the corpus, the raw frequencies of keywords will not give accurate information about
the dynamics of topic change and public interest in a certain topic. These limits enable us to eliminate the
disproportion between the number of episodes and the number of keywords extracted from each episode (short
texts exhibit lower occurrences of keywords, while the same number of large episodes contain a lot of keywords
related to the same topic). It must be noted that the distribution of texts by month is uneven. The number of
fake Covid-19 stories peaked for the first time in March 2020 (52 episodes) and April 2020 (48 episodes) during
the period of self-isolation in Russia. During the summer of 2020, only 66 texts that meet the established
research principles went viral on the web. Since the fall of 2020, there has been an increase in the number of
viral fake stories, with statistically significant peaks in November 2020 (48 episodes), December 2020 (54
episodes) and March 2021 (54 episodes), after the start of vaccine testing in Russia (see the Table below for
more details on episode statistics).

One of the major obstacles to corpus balancing is the so-called “chain fakes,” i.e., texts significantly distorted
due to paraphrasing and specifications as a result of multiple reposts. Thus, the question arises as to what the
original text looked like and when it first appeared. For example, there is a popular fake story of doctors and
police officers coming to people’s homes and forcing them to get vaccinated («Eciu npudym epauu c
nonuyetickumu. Omxassieaiimecs om Jio0sIx mecmos Ha supyc. [ITomom 3acmassm npotimu no8mopHslii mecm, a oH
yace nokaxcem Haauuue supyca. Kaxk supyc noomeepoumcs. <...>» (Episode #56, April 2020). This story was first
posted on Instagram in March 2020 and was refuted by the Ministry of Internal Affairs that stated that the
information was false and no vaccine has been found yet. However, the story began circulating in messengers
again in January 2021 and looked even more convincing than the original text since vaccination had already
started in Russia at that time. In such cases, we add a text next to the earliest recorded date in the corresponding
chronological section of the corpus.

Corpus Preprocessing. Lemmatization and Data Cleansing

To enable accurate word frequency analysis and extraction of keywords and topic-related vocabulary, the
original text corpus should be preprocessed, i.e., all forms of one word are converted to its base form so they
are analyzed as a single item. Components that do not carry additional meaning are eliminated from the texts.

3 Russian-language bank of electronic texts containing verbal markers of linguistic manipulation. Database #2021621693, registered with
the Federal Service for Intellectual Property of the Russian Federation 08/14/2021. Authors: Monogarova, A. G., Bagyan, A. Yu
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These elements primarily include stop words, absolute synonyms and punctuation marks. Viral Covid-19-
related fakes are often characterized by emotional presentation, and many e-texts contain graphic elements
(pictograms, logograms, ideograms and smileys). Moreover, uppercase letters are used to draw the audience’s
attention to particular bits of information.

As the first step to corpora preprocessing, we performed lemmatization and denoising (lowercasing and the
removal of punctuation and graphic elements) using Natural Language Toolkit (NLTK) in Python. After
lemmatization, all the words in the corpus are represented with their regularized forms, which helps avoid
retaining “multiple terms representing the same word or phrase and thus decrease the vocabulary size” (Sarica
et al., 2020). The number “19” was removed from xosud-19/Covid-19 so that the word frequency counter
recognizes each of these terms as a single word form.

Then, we continue to clean the data by removing stopwords (commonly used words such as most pronouns,
prepositions, conjunctions and quantifiers that do not hold much meaning) from the corpus. These groups of
words are statistically significant since they appear in texts multiple times as a part of the sentence structure
in order to make narratives coherent, but they give no considerable information about the analyzed bits of
discourse. To exclude these words from frequency index, we customize a NLTK pre-existing stopwords list that
already contains most Russian function words by expanding it with some common adverbs (80o6ye, coscem,
npocmo, euje, MoabKo, 18HO, MOXce, HACMONBbKO, HACKONLKO, 808Ce, noumu, oueHv), all forms of possessive and
demonstrative pronouns and some interjections that are commonly used in expressive fake narratives (ny, aea,
020, y8bl, Ypa, 8ay, 3x, oii, 0x, 2ocnodu, 6oxce moii). The overall denoising procedure has been illustrated in Fig. 1.

Figure 1
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Collected samples of discourse contained four groups of words that hampered text normalization since their
occurrence in the corpus could distort the results of frequency-based statistical analyses. These groups are as
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follows: synonyms that can be substituted in all possible contexts; multi-word terms that are found in fake
texts in both full and shortened forms (acronyms, initialisms, etc.); words that have several spelling variations
within the corpus; and terms containing numbers or symbols. To avoid any ambiguity in decoding results of
frequency analysis, we normalize the texts by replacing similar words with one lemma.

First, absolute synonyms are replaced with one semantically equivalent word form. For example, in the case of
synonymous words for the coronavirus, (kosud, 256 occurrences in the corpus before word replacement),
koporasupyc (159 occurrences), covid (94 occurrences), kopoHa (48 occurrences), three less common words are
filtered out and replaced with the most common form, xosud. The word npususka (106 occurrences) is
substituted with the term sakyu+a (316 occurrences). Likewise, the term sakyuruposaHHuiii replaces the word
npusumslii. Note that the adjectives ducmanyuonHoili and ydaneHHsili were not replaced, since, within this
discourse, they are not total synonyms; the word ducmanyuorHutii refers to online education, and ydanexHuotii
refers to working in a virtual format.

Most multi-word terms in the corpus are names of organizations and toponyms that are more often used in an
abbreviated form (BO3/BcemupHasi opranmsaiusi sfipaBooxpaHeHnusi, MBJl/MuHMCTepCTBO BHYTPEHHUX Jel,
CIIA/Coemnnennbie IllTatel Amepuku/Amepuka/mitathi, KHP/Kutaiickas Hapomuast Pecmy6mmka/Kuraii/
ITonueb6ecHast, PO/Poccuiickast @emepaumsi/Poccus u T.1). The choice of the substitute depends on the following
conditions. If there is a one-word variant of such a term (e.g., Poccus, Mimanus, Kumati), then all forms in the
row are replaced with it. When a term has only multi-word variations (e.g., nonumepasHas yenHas peaxyus/
II[P), we choose the abbreviation as the substitute form. These will ensure that unit searching and frequency
counting are easier as a one-word abbreviation is easier to automatically find in a text than a combination of
two or more words.

Different spellings of the same terms are also an obstacle to the analysis of word frequencies as each form has
a separate frequency index. This can result in serious ambiguity in the statistics. In different texts across the
corpus, the names of vaccines are spelled either in Latin or Cyrillic (Pfizer/®aiizep, AstraZeneca/Acmpa3eHexa,
Moderna/ModepHa, Sputnik/Cnymnuk). In this case, the term with higher frequency was chosen as a replacement.
Furthermore, the adjective koponasupycHsiii is misspelled (kopoHosupyc) by the authors of viral stories in 58
episodes. Therefore, the wrong spelling is replaced with the correct one. The term CDC appears in fake
narratives in three different forms, namely, in Latin, Cyrillic and abbreviations (CDC/LIKII3/ Llenmp no
KoHmposo u npogunakmuke 3abonesanuti). We choose the English abbreviation CDC as a replacement, as it
occurs in the corpus (31 occurrences) more often than the other forms.

Most automatic word frequency counters recognize the numbers or symbols in the structure of a term as
separate units. For example, in almost all original texts, the term denoting the fifth-generation mobile network
is represented by the abbreviated form 5G. Therefore, the frequency analyzer we use in this work (Voyant Tools)
recognizes this compound term as two words. Therefore, we replace it with a Russian word namsdxcu, which
appeared in the original texts only a few times. However, this replacement enables us to receive accurate
statistical data.

By employing the word replacement procedure, we compress the vocabulary without losing the word’s meaning.
In normalized texts, all semantically identical words are replaced with one lemma (with most satisfying the
requirements of the chosen analysis toolkit). Thus, all occurrences of these words are attributed to one term
providing us a clear picture of topic development and topic change in Russian fake story-making during the
first year of the Covid-19 pandemic. Therefore, the material of this study represents a corpus of 13 sections (12
first months of the pandemic + March 2021), 491 viral texts (episodes), with each containing at least 200 and at
most 2000 characters. After data preprocessing, the corpus contains 26,964 words, with 16,002 unique word
forms (see the table below for more detailed information).
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Statistics for the Corpus before and after Denoising and Lemmatization

Before After
Denoising and Lemmatization Denoising and Lemmatization
ComusiD  ViralFake  Wordsper  Vocobulary  otal GRS g, Unie Word
Episodes Episode Forms

March 2020 52 85.9 0.483 4,470 2,160 2,593 1,269
April 2020 48 80.1 0.513 3,845 1,972 2,373 1,243
May 2020 36 88.1 0.540 3,173 1,712 1,966 1,121
June 2020 22 93.2 0.553 2,052 1,134 1,205 717
July 2020 24 90.3 0.588 2,169 1,275 1,007 804
August 2020 20 87.8 0.591 1,757 1,039 1,014 695
September 2020 25 85.3 0.624 2,134 1,331 1,010 791
October 2020 30 104.5 0.537 3,135 1,682 1,812 1,115
November 2020 48 94.1 0.498 4,517 2,250 2,640 1,817
December 2020 54 110.1 0.481 5,950 2,859 3,604 2,008
January 2021 41 90.8 0.537 3,724 1,998 2,110 1,315
February 2021 37 85.1 0.527 3,151 1,662 2,351 1,201
March 2021 54 94.9 0.483 5,128 2,478 3,275 2,006
Total 491 45,205 23,552 26,964 16,002

Analyzing the Dynamics of Topic Change using Word Frequencies

Counting frequencies of words in the corpus and studying the contexts surrounding the keywords and topic-
related vocabulary were performed using Voyant Tools, developed by S. Sinclair and G. Rockwell, which is a
web-based application for performing text analysis. Preprocessed collection of digital texts is evaluated with
tools such as Trends (that depicts the distribution of a word’s occurrence across a corpus), Corpus Collocates
(that represents keywords and terms occurring in close proximity to them), Collocates Graph (that visualizes
the semantic proximity of words within the corpus based on a distribution semantic model) and Contexts (that
shows each occurrence of a keyword with a bit of surrounding text) (Sampsel, 2018, p. 153). All of the graphs
presented in the Results section were also made using Voyant Tools.

Network Graph and Term Frequencies

When the corpus is uploaded to Voyant Tools, all 13 sections, representing data from March 2020 when the
Covid-19 pandemic was officially announced till March 2021, are allocated chronologically. We then generate a
network graph from the preprocessed data, where nodes are terms, and edges represent similarities between
them. A fragment of the graph is shown in Fig. 2. This is a graphic representation of the higher-frequency terms
that appear in close proximity, and we use the clusters of keywords and collocates to extract topics and topic-
related vocabulary. Keywords are extracted based on their raw frequencies (the total number of occurrences in
the corpus) and collocates are mined according to their frequencies in the context of the related keywords.
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Figure 2

Fragment of the network graph generated from fake Covid-19 narratives

Graph clustering simulates flow within a graph, “promoting flow where the current is strong, and demoting
flow where the current is weak” in order to show only the collocates that frequently occur in high proximity to
a keyword (Jurisica & Wigle, 2005, p. 122). Clusters represent small topics within a larger set of fake texts and
contain the vocabulary used to represent made-up storylines in fake narratives (some cluster structures are
illustrated in Fig. 3). Although frequencies of keywords alone allow the tracking of the dynamics of topic change
in disinformation agenda, counting the frequency of topic-related vocabulary can provide more illustrative
data. The distribution of keyword frequencies depicts an increase or decrease in user interest in the topic over
time, while frequencies of the topic-related vocabulary show the attitude of the authors towards a topic. For
example, in most Russian mass media texts, the term sakyuHa “vaccine” has the following lexical environment—
Ko8UO, eupyc, uH@exkyus, HOBblli, KOpOHABUPYCHbLil, delicmeosams, ¢GekmusHoCMy, 3auiuwams, aHmumend,
UMMYHUMeM, YpoeeHb, KOMNOHeHm, 6U3KUll, 6aKyuHayus, pachpocmpateHue, koanekmuesHslii (based on texts in
the news about Covid-19 vaccine during September 2020 — Mar 2021, 50 episodes in total). In fake stories, the
same term is most often found in connection with the following words: xosud, nox®b, noboumslii, yueHsiii,
KOHMpoauposams, ucciedosawue, cdc, 8pau, 8akyuHayus, 0mkassléamoscs, npedynpexcoams, ao, Koaoms, page,
CNymHUK, eakyuHuposamscs, pfizer, astrazeneca, moderna, codepxcams, 2elimc, COMHUMENbHBIL, Uun,
IKCNepUMEHMAIbHBIL, 2eHHBLIL, YUNUpPosaHue, MUKpouun, yousams, ymupams, 2eH, CMAaHo8UmasCcs, 200, cybcmauyus,
anmumena, MooupuUUYUpoBaHHbsLILi, CMepMb, UCNONB308AMBC.
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Figure 3

Topic clusters (a keyword and collocates)

Using cluster data, we compiled a list of key topics that constitute the disinformation agenda in the first year of
the pandemic and also extracted the topic-related vocabulary. Then, we applied the Trends Tool to determine
the frequency of each keyword in each of the 13 months. A diachronic study of the compiled corpus allowed us
to track user interest drifts over these months. The dynamics of increase and decrease of user interest in
different Covid-19-related topics are demonstrated in the distribution graphs in the Results section.

N-grams and Surrounding Contexts

The search for the most frequent word combinations in the corpus is based on n-grams extraction (unigrams
not considered) for which we made use of the Corpus Collocates tool. In the framework of this research, we
refer to an n-gram as a collocation composed of a contiguous (linear) sequence of n-units (two or more terms;
bigrams, trigrams, etc.) that occur together more often than expected by chance. The extracted phrases are
further arranged into a rank-ordered list, indicating their occurrences throughout the first 13 months of the
pandemic.

For interpreting the data received from frequency distributions, we employ the Contexts Tool to determine the
context surrounding high-frequency keywords and topic-related vocabulary. The tool helps us select and group
false narratives together based on the shared keywords. This allowed us to cluster the narratives into a wide
range of scenarios (major fake storylines, false rumors and conspiracies) that misinformed people about
different Covid-19-related issues.

Results
A diachronic analysis of the length of the texts showed that, over time, fake narratives became longer and

longer. From March 2020 to May 2020, viral fake texts mainly sent out short warnings, news and announcements
of up to 500 characters. However, in October 2020, 86% of the texts contained at least 700 characters, with the
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average increasing to more than 750 characters in March 2021. We have determined the two most probable
reasons for the increase in the length of an average text episode. First, during the first year of the Covid-19
pandemic, Russian users received (via social networks and messengers) a lot of misinformation about Covid-19
and related aspects, and many of these fake stories were repeatedly refuted by the media, Russian authorities
and reputable sources in the blogosphere. This naturally increased the level of information filtering by users;
in other words, the audience became more skeptical about any Covid-19-related information. Thus, by the end
of the year, to convince readers of the veracity of a theory or news, authors of fake stories needed to provide
more detailed arguments, and this, we believe, resulted in the increase of average character length. The second
assumption is based on a change of a key subject in the disinformation rhetoric. Prior to mid-autumn 2020,
fake story creators focused on topics such as quarantine, restrictions, masks and statistics on Covid-19 cases.
This type of disinformation was mostly represented in the form of short alarming texts and announcements.
However, since the beginning of the winter of 2020, the majority of fake stories revolved around vaccines and
their associated dangers. The greater part of these narratives involves argumentation mimicking scientific
evidence, numerous statements of pseudoscientists and fake discoveries.

The evolution of the fake news agenda over time is also associated with an unequal ratio of neutral vocabulary
and terminology in the corpus. In the first half of the year, terminological density was relatively low (except for
keywords such as kosud (covid), nandemus (pandemic), nHeemoHus (pneumonia), etc.). However, the density
increased significantly from December 2020 to March 2021 since specialized terms from the fields of biology,
medicine and physics frequently began occurring in the texts during this period (e.g., okcud (oxide), epacger
(graphene) zemamosHyepanuueckuti (hematoencephalic), paHdomu3uposaHHwlli (randomized), eaneHMHblii
(valence), etc.). Likewise, most of the fake narratives in the second half of 2020 and early 2021 tend to stylistically
mimic scientific articles to appear more convincing to readers.

The words with the highest raw frequencies in the corpus are xosud (covid, 557 occurrences), macka (mask, 460),
saxkyuHa (vaccine, 422), supyc (virus, 240), 3apaxcenHulli (infected, 197), mecm (test, 138), sakyuHayus (vaccination,
131), 6ecnonesnoiii (useless, 121), epau (doctor, 115), 3adeixamuca (suffocate, 115), 3apaxcame (infect, 110), 5G/
nsmwoxu (110), ckpsisams (conceal, 109). Interestingly, some of the top words of 2020* (camousonayus (self-
isolation), ydaneuka (remote work), ducmanyuposanue (distancing), according to the Institute of the Russian
Language. A.S. Pushkin, appear in the corpus only a few times. Moreover, some of the main Russian neologisms
of 2020, kosudapHocms, KOpoHaKpu3suc, 3ymumacs, kapaHmuvumecs (Ivanenko & Zhuravleva, 2020, p. 66), are
not present in the corpus at all. Since the word kosud (covid) is a key term outlining a range of topics related to
the pandemic, it appeared in almost all episodes, and therefore, we will not consider its frequency separately
within the analysis of topic change. However, it must be noted that for the first months of the pandemic in
Russia, kosud ranks first in the frequency list (March 2020 - 62 occurrences, April 2020 — 59 occurrences and
May 2020 - 43 occurrences). This is due to the extreme demand for information about this new virus, as well as
its nature, origin and symptoms. Later, the public interest switched from Covid-19 as an independent topic to
other Covid-19-related issues. Moreover, starting from August 2020, there has been a decrease in the frequency
of kosud in the corpus (August 2020 — 17 occurrences, September 2020 — 20 occurrences and October 2020 — 39
occurrences). August and September show the growing interest in the term macka (mask) (August 2020 - 26
occurrences and September 2020 - 23 occurrences), and after December 2020, the term saxkyuna (vaccine)
dominated the fake news agenda (December 2020 - 82 occurrences, January 2021 — 60 occurrences, February
2021 - 54 occurrences and March 2021 — 102 occurrences). (Fig. 4 and other graphs show the relative frequencies
of the terms, while the text presents raw frequencies.)

4 Osadchy, M.A. (2021). Results of the study “Word of the Year” by State Institute of the Russian Language named after A.S. Pushkin.
https://www.pushkin.institute/news/detail.php?ID=27341
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Figure 4

Frequencies of 11 most common terms across the corpus

A sharp rise followed by a similarly sharp drop in the frequency of some keywords and topic-related vocabulary
during the year suggests that user interest in the corresponding topics only boomed for a short period of time.
Most of these topics were essentially conspiracy theories that appear, rapidly gaining popularity due to their
claim of revealing “secret information,” and then fade away as quickly along with public interest. For example,
the conspiracy theory about 5G (nsmuwxdu) causing Covid-19 was popular from April to May 2020 (5G/nsmu0xcu,
April 2020 - 29 occurrences and May 2020 — 18 occurrences). Later, after numerous public refutations from
experts, the interest of the Russian public in this topic declined (Fig. 5). In July 2020, the term 5G was mentioned
only nine times, and in December 2020, the number of occurrences decreased significantly to four as compared
to the April peak (of seven occurrences). This number went down further, with only two occurrences in February
2021. On the network graph, the keyword 5G/nams0dxcu is found in a cluster with the topic-related vocabulary,
8blluKa, cemvb, U3JYueHUe, pPACNPOCMPAHAMb, UOHUSUPYIOWUL, paduouacmomHplli, KOHMPOJb, KOBUO,
KOHMPOAUpo8ams, ynpasasims, 8akyuHd, mecm, Kumati, CMepmesbHblili, NOOUUHSMb, C20PpaAMb, J/1eKMPOMAZHUMMHbILL.

Top fake stories about Covid-19 and 5G

1. 5G towers spread Covid-19 infection: «Kapaumun — o6maH Hapoda. Bce npudymaHo 0ns eHedpeHus
uugposusayuu odbuiecmea. Koponasupyc pacnpocmpatsiemcs us-3a 5G. Ilepsbiii 20p00d, 20e nos8UNACH BbILIKA
5G - xumaiickuii YxaHs, a nocie mecmuposaHust mam Ho80Ll mexHo02UU 0p2aHu3M 4enoseka 0an UMMYHHbLL
omeem, umo npueesio Kk koporasupycy». (Episode #84, April 2020)

2. Authorities/some “secret organizations” use 5G waves to control people through PCR tests and vaccines:
«BHUMAHUE! [TIOYEMY HEJIb34 [IEJIATHb IIIIP-TECTBI! B T'epmanuu epau nposei nod MUKPOCKONOM
uccnedosarus mecma ILIP Ha Covid-19. 1 06Hapyxcun Ha KOHUUKAxX mecmos, Memasuiudeckue cKoObl, Komopbole
peazupyrom Ha 607Hbl 5G. <...> Mx maxkum ob6pasom 88005m odaneko 8 Hoc. CKoObl NPUKPENJISIIOMCs 8 HOCY U
peazupyrom Ha cueHansl 5G. A ces3u ¢ mem, umo mecmel 3acmasnasiom deaams no ao6oti npuuuxe. Ho maxue
CK0OBI MOZYm HAKONUmMs(Cs, U nociedcmeus ynpasaeHus eoaHamu 5G 6ydym Ha auyo». (Episode #42, March
2020)
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Figure 5

Frequencies of the keyword “namwvdxcu” (5G) and topic-related vocabulary

Another series of fake texts based on the chemtrail conspiracy theory interested many Russians in November
2020 (xummpelin, November — 42 occurrences). According to chemtrail theorists, some organizations sprayed
chemicals from passenger planes and infected the population with Covid-19. However, February 2021 shows a
sharp decline in the frequency of xummpeiin, with the term being mentioned only three times and all within
one episode. The increase and decrease in the popularity of this term and topic-related vocabulary are shown
in Fig. 6. The terms in close proximity to the keyword xummpeiin in the corpus are xumukam, 2eHoyuo, pacnsLisims,
denonynayus, pacnpocmpatsms, 6ensiti, Kosud, camonem, cned, dopoza, 0mpasisims, Jemems, 86ICoMmd.

We indicated one popular fake storyline that was represented in various forms in 15 viral episodes about
chemtrails. All these episodes were united by the idea that Covid-19 victims were poisoned by chemicals
sprayed from the sky. We illustrate this fake story with the most popular text: «To, umo Ham ésidaiom 3a koseud 6
MSHCEbIX CIYyHAsIX, K020a 3apaxcetsl ezKue, Ha camom oesle XUMUUeCKULl 0302 JiezKUX Wl XUMUu4ecKuti nHegMoHum,
HayuHaemcs ¢ nepuieHust 8 20pJie U Kauwisl. 9mo peaxkyust obIxamensHoll cucmemsl Ha Xumuieckoe ompasneHue. Hac
mpassm ¢ 803dyxa xummpeiiiamu, u 3mo yxe He cekpem, sudumo 3¢gexkmusHeli 8 passl, eciu euje 8viuku 5G
Hacmpoums Ha onpedeneHHyro uacmomy». (Episode #81, November 2020)

User interest in a number of topics throughout the year had a wave-like character. These topics include
misinformation on restrictions during the self-isolation period, fines and passes required to move freely around
the city/region/country, etc. Although no official quarantine (kapanTuH) was announced in Russia (only a
mandatory self-isolation regime), many Russians used this term to refer to restrictive measures. Fake narratives
associated with quarantine and related issues occupied one of the leading positions among misleading viral
texts from March to May 2020 when the restrictions were lifted in Russia (kapanTun, March 2020 - 10
occurrences, April 2020 — 14 occurrences and May 2020 — 7 occurrences). Then, the term kapanTuH practically
disappeared from the agenda, only occurring nine times in a few fake announcements throughout the summer
of 2020. Later, however, due to the spread of rumors about new lockdowns around the world, false warnings
about upcoming quarantine measures in Moscow and some large regions in Russia began to be shared through
messengers. The revival of this topic can be traced by the high frequencies of the keyword xapanTus in
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September 2020 (17 occurrences) and November 2020 (12 occurrences). We also indicated the increasing
frequencies of the topic-related vocabulary (iokpayH, mitpad, MpOITyCcK, ITPOTOKOJ, MOJUIIEACKIUI, KOBUJ,
paspellleHye, 3ampeT, He3aKOHHBIM, WTanusl, HEOOXOOMMOCTb, TEPBbIi, IeHb, OTKAa3aTbCs, IIPaBo,
KOMEHAAHTCKUIA, yac, caxkaTb) during this period (Fig. 7).

Figure 6

Frequencies of the keyword “xummpetin” (chemtrail) and topic-related vocabulary

Top fake announcements about quarantine and lockdown from “officials” and “insiders”

1. Disinformation about restrictions/passes/freedom of movement during the period of self-isolation: «C
notedensHuxka 13 anpens 2020 z00a cheynponycka cmapozo 06pasya npekpauiarom ceoe delicmeue u mem,
KoMy HeoOX00UMO 8 YCN08USX KOPOHABUPYCA nepedsuzamscsi NEWKoM UIU HA asmomolune no 2opooy,
Heob6X00UMO NoAYyuUmMb HO8blll nponyck. <...> Ogopmums NPONYCK MOMCHO 8 0MOenbHOM pasdese HA calime
M3pUU — CKA3amo 3As6Ky U NOJIy4ums 3anoJHeHHbIll NPONycK HA C8010 neKmpoHHYyr noumy». (Episode #64,
April 2020)

2. The new quarantine in Russia/around the world will last from three to six months: «/Hcatid: I'epmanuio
caxicarom Ha yens ¢ 30 aszycma. 31 utona Hemeyxuli catim liebeisstleben.de coobuiaem, umo uepe3 mecsu, ¢ 30
aszycma 2020 200a 6 IepmaHuu HAYUHAIOMCS NOBMOPHblE KAPAHMUHHbIE BJIOKUPOBKU, KOMOopble NPOoONImcs
om TPEX 0do IIIECTHU mecsayes. To ecmb do 1 mapma 2021-20 200a». (Episode #167, July 2020)

3. Quarantine and other restrictive measures are illegal: «AnnenayuonHutii cyd Ilopmyzanuu npusuan I11[P-
mecmuposaHue petikom, a KapaHmuH He3aKOHHbIM. I 8om menepbw yxce doKa3aHHblll Ha npakmuke gakm, 4mo
ITI[P-mecmuposaHue HUKax He 200umcs 0Jis 6blA6JeHUsl KaKux 6bl Mo HuU ObL10 UHGeKyull, 8 uacmHocmu
kosud-19 <...>». (Episode #287, November 2020)
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Figure 7

Frequencies of the keyword “kapanmun” (quarantine) and topic-related vocabulary

Some topics, on the contrary, aroused stable interest from the public throughout the first year of the pandemic.
These topics are primarily part of fake narratives that provide “arguments” against using essential matters of
the new COVID era, including masks and coronavirus viral and antibody tests (164 out of 491 episodes). A
significant number of occurrences of the term macka (mask) was first witnessed in March 2020 (36 occurrences)
after the announcement of the compulsory use of masks in all Russian regions. These guidelines introduced a
mask regime in Moscow on May 12, 2020, which resulted in a prolonged boom in fake stories about protective
face masks, lasting throughout the next 10 months of the pandemic (Fig. 8). The last month considered in this
research is March 2021, and disinformation about protective masks was still hugely popular on the web. More
and more erroneous theories were arriving throughout these months. For example, summer fake stories were
more focused on numerous cases of the development of heart disease and hypoxia (a condition caused by
oxygen deprivation) allegedly from wearing masks. This trend can be reflected in the high frequencies of the
term 3advixamocsa (suffocate) (spring 2020 — 24 occurrences and summer 2020 — 27 occurrences). The arrival of
the new trend in misinformation about face masks was marked by growing frequencies of the term uepes (worm)
that often occurred in the same contexts as the term macka (mask) (uepsw, January 2021 — 25 occurrences and
March 2021 - 23 occurrences). After analyzing this term in original texts using the Contexts Tool, we found out
that its frequent use during that period resulted from the spread of a false story about worms being placed on
face masks by some pharma companies to harm public health. The typical narrative is the presentation of the
results of an alleged experiment of examining a mask under a microscope and discovering thousands of
“moving worms” on it.

Top misleading narratives about protective face masks

1. People who wear face masks are more likely to get infected by Covid-19 and other diseases: «BPEJ] MACOK
U ITEPYATOK. TIAMSATKA Konupytime u pacnpocmpanstime! Macku HyxcHbsl 015 mozo, 4mo0sl J1l00u 3acopuiu
cebe nezkue! m HyxcHbl O0NbHBIE, A MACKa Oydem oueHb CKOPO NPo8oyuUpo8ams UH@peKkyuoHHsle 3a601e6aHusl, 8
mom uucne u mybepkynes! <...> HAC TPABSIT!!!» (Episode #130, June 2020)

2. Some people, allegedly representatives of a political party, are distributing free face masks soaked in
chemicals/drugs/substances infected with Covid-19: «Hosuwtii 8ud kpumuransHozo IIPECTYIUVIEHUA ceiiuac.
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Xoosim «gos0HmMepbl» 0M pasiudHslx napmuii... om deepu k deepu, pazdasas macku. OHU 2080psM, UMo IMO
uHUYyuamuea mecmusix eaacmeii. Ilpocam 8ac «npumepume» MAacky... eciu «nodotidem» mo «dadym» 3-5
WmyKk... 8 3agucumocmu om Konuuecmaa uneHos cemou... MACKA ITPOITUTAHA xumukamom ¢ Hapkomuueckum
deticmeuem... Yenosex npocmo «omkaouaemcs» (Episode #194, September 2020)

3. Stories about people who died or were injured as a result of wearing a face mask; for example: a) «<...>
Yecmanoesneno, umo Houwierue macku N°95 uacamu moxcem CHU3UTD OKCUTEHALIHIO xkposu Ha 20%, umo
npusodum k IIOTEPE CO3HAHUA. HimeHHO ama cumyayusi CIydulacs ¢ HecuacmHsiM napHem, Komopoiii
e30un Ha csoell mawiuHe 8 macke N295. B umoze oH nomeps co3HaHue, nonau 8 [TII u nonyuun mpasmoi».
(Episode #139, June 2020); b) «<...> B IepmaHuu & pesyibmame HowleHuss macku 13-nemHsiss desouka
nomepsia CO3HAHUsL 6 WKONBHOM asmoobyce u 8ckope ymepna 6 6onsHuue! PebeHky npocmo 3AIIPETUIIA
CHUMATB MACKY. Cronvko euje amo 6ydem npodonxamucs?!» (Episode #233, October 2020)

4. Viruses and moving worms were found on face masks: «Msi nonoxunu macky Ha 2opsiuyio 600y. BudHo, kak
mam umo-mo deuzaemcs. <...> Mo HepealvbHO, 80mMm makue uepsu 8 smux mackax» (Episode #490, March
2021)

Figure 8

Frequencies of the keyword “macka” (mask) and topic-related vocabulary

PCR tests, as the most popular method for detecting the virus, have also been the subject of numerous “truth-
revealing” stories throughout the year. Every month (albeit in different numbers), new stories about the
dangers of PCR testing were going viral. The term mecm (test) occupied the 6" rank in the corpus, with higher
frequencies in July 2020 (13 occurrences) and September 2020 (10 occurrences) and the lowest frequencies in
August 2020 (6 occurrences) and February 2021 (5 occurrences). Despite the inconsistencies in the number of
occurrences, the topic remained popular throughout the study period (Fig. 9). In most viral fake stories, PCR
tests are defined as “useless sticks” that are incapable of distinguishing the flu virus from the coronavirus. The
adjectives Gecnonesnsiii (useless) and HeagppexmusHbiii (ineffective) occur 28 and 19 times, respectively, in high
proximity to the keyword mecm (test). The words sioxcHebtii (false) and noxcHononoxcumensHetii (false positive) also
appear 22 and 18 times in the same contexts with the keyword, respectively, as part of the arguments supporting
the idea that PCR tests are constructed to indicate positive results in order to increase the number of infection
cases. Other words found in the closest proximity to the term mecm (test) in the corpus include nyp, anmumena,
8pe0, NONOHUMENbHBLI, ONACHOCMY, 3apaxeHHdlll, onacHslii and omkaszsleamacs.
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Top fake stories about Covid-19 antibody and viral tests

1. The real purpose of PCR testing is to destroy people’s immune defenses: «3ma un@opmayus ucxooum om
Moux Kosnez-epaueti. Bpeod ITI[P-mecmuposanus. Jocmyn K Mo32y ocywecmansemcs uepe3 Hoc. Tecm umeem
dpyeyo yenb. BeedeHuss mecmogozo cmepicHs 271y00K0 8 HOC 8bl3bl8den No8pexcoeHle 2eMamosHYedanuueckozo
bapvepa u dax;ce IHOOKPUHHbIX Hcene3. Llenb 3mozo 21y60K020 HApYWeHUs: COCMOUm 8 mom, 4umobsl C10Mamsb
bapeep u co30ams 8x00 8 M032 0N Kaxdoli uHpexkyuu. <...> Imo HE om kosuda. Imo nocszameibCmeo
onacHo!» (Episode #41, March 2020)

2. PCR tests are ineffective in diagnosing Covid-19; for example: a) The tests give the flu for Covid-19:
«TecmuposaHue Ha KopoHasupyc — amo 2nobansHolii ¢eiix. Tecm HE CITOCOBEH nokazams, 4mo 4enoeexk —
Hocumesb UMEHHO Kosuoa-19, maxk kaxk codepycum Jiulls mpu 2eHa-mapkepad. <...> ITo cymu zeHvl-MutlieHU
mecma I[P He si8nsiomcs cheyuguuHsimu 015 Covid-19, u noamomy nodo6Hslii mecm He cnocobeH onpedenums,
umo uenogex s8asemcs Hocumenem umeHHo SARS-CoV-2». (Episode #165, July 2020); b) Lemon/coca-cola/
chicken fillet tested positive for Covid-19: «Ilocmompume! Tecm Ha MmakapoHasupyc y JUMOHA

KanHymus Ha HUX COK JUMOHA. <...>». (Episode #264, November 2020)

3. The tests infect people with prions/Morgellons disease: «<...> Tecm docmas/isiem npuoHsl NpsIMo 8 UeJlb.
Cmepmuocms — 100% 6 meuenue 10 nem. Hukmo He nposepsem mecmsl, U 8000uje HUKoz0a HUKMO He
nposepsiem 3apaxceHue npuoHamu. Bel 3Haeme, umo makoe npuorst? HagepHaka — Hem. <...>». (Episode #465,
March 2021)

Figure 9

Frequencies of the keyword “mecm” (test) and topic-related vocabulary

Other topics popular among Russian Internet users throughout the first year of the Covid-19 pandemic are
pseudo-medical advice and homemade medication. The keywords peyenm (recipe) (26 occurrences), iekapcmeo
(medication) (25 occurrences) and cosem (advice) (17 occurrences) are found on the network graph, forming
intersecting relations with the following topic-related vocabulary: detxanue, dvixamensHolii, 2UMHACMUKA, YECHOK,
uM6bUpb, KUNSMOK, 210MKa, TUMOH, nepey, Ouxap6oHam, u3pauis, INOHCKUL, yueHslil, ucciedosaHue, cooa, 1yKosuyd,
JIYK, Npogepsimy, 60/IbHUYd, NPOBEPEHHBLL, CMambsl, HAzpesamy, NPUHUMAMb, 0eHb, mecm, nodasnsms, 610KUpo8ams,
Jleyums, yxodums. Malicious narratives describing folk recipes against Covid-19 can be found in all 13 sections
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of the corpus (i.e., in each month). Interestingly, in March 2020, April 2020 and May 2020, there was an
increased interest in recipes and recommendations, which allegedly come from foreign (non-Russian) doctors.
The most common digrams collected from the corpus in a close proximity to the keywords such as peyenm
(recipe), cosem (advice) and pekomendayus (recommendation) during this period are collocations noun + adjective,
indicating the origin of the expert who gave advice; for example, snonckue yuensie (Japanese scientists, 4
occurrences), matisavsckue yueHsle (Taiwanese scientists, 2 occurrences), uspauivckue yueHsie (Israeli scientists,
2 occurrences), uspaunsckuti peyenm (Israeli recipe, 2 occurrences). However, after September 2020, this trend
gradually faded giving way to another—anonyms recommendations and advice from some unnamed “experts”
and “doctors.”

Top pseudo-health-care advice and homemade recipes for treating Covid-19

1. Home testing for Covid-19: «<...> TaiigeaHbckue 3Kcnepmsl CO8emMyiOm NpPoOCMyw CaAMONPOBEPKY Ha
KOPOHABUPYC, KOMOPYI0 Mbl MOXeM NP0o8odumms kaxcdoe ympo: cdenatime 2ny6okuti 600x u 3adepxcume OvixaHue
6onee, uem Ha 10 cekyHd. Ecnu evl ychewlHO 3asepuiume €20, He KAUlLIss, He UCNblmbleas Juckomgopma,
3AJI0XCEHHOCMU, CMeCHeHUs, U m.N., mo 3mo doKkasvledem, Umo 8 jezkux Hem Gubpo3a, u 3mo ykasvieaem Ha
omcymcmaue uHgexyuu». (Episode #28, March 2020)

2. Homemade “interferon”: «/lomawHuii unmepgepon — 3auiuma om KOpPOHsl. AJl20pumm Npuzomos/ieHus
domauiHezo uHmepgepoHa: 83amo 2 CblpblX 6€JKA 0M KYPUHbIX OOMAWHUX AUY 8 IMATUPOBAHHYI0 Y3KYIO
Kacmpon, 006asumes coK N0/08UHbL IUMOHA <...>». (Episode #108, May 2020)

3. Pepper / onion / garlic / ginger / lemon / soda / boiling water as a treatment for Covid-19. For example: a)
«U euje 0dun CEPBE3HBIH ITIPEBOCXO/IHBIF COBET om sinoHcKux 00kmopos, neuaujux cayuau Covid-19: st
00JI#CHBI NOCMOSIHHO 00ecneuusams y8aaxcHeHUe 6020 pma u 20piad, He 0asds UM nepecvixams. <...> Numoe
8006l UnU Opyzux xcudkocmeti cmoem ez2o0 uepe3 nuuiesod 8 yenyook. M yxce 8 xusome ... 8aula »eayoouHas
Kucnoma ybeem eupyc». (Episode#20, March 2020); b) «M3PAMJIbCKHH PELIEINT IIPOTHUB KOBH]A. B
Hspaune ne cmepmeti o Covid-19. Bsino HatideHo niekapcmao om eupyca COVID19 unu cnoco6 ezo ycmpaHeHus.
Peyenm npocmoti: iumon, 6ukapborHam. Cmewiusatime u netime Kax zopauuii uaii kaxobili deMs, <...>». (Episode
#92, April 2020); ¢) «Y KOPOHABHUPYCA annepeus Ha HMMBUPB!!! K makum 3akaioueHusm npuuiiu
cneyuanucmol. Ymo HeoO6x00UMO 0151 M020, Umobsl He 0amsb 8UPYCY NPOHUKHYMb U «3asiddemb» eamu? 3 paza
8 deHv JKEBATb UMBUPBD. <...>». (Episode#81, October 2020)

The analysis of the frequency distribution of the corpus vocabulary also revealed that some Covid-19-related
topics started growing rapidly as a result of the emergence of new realities. For example, fake stories about
vaccines, green passes and mandatory vaccination exploded at the end of 2020 and continued to gain popularity
among Russian users at the end of the study period (March 2021).

Although the keyword BakuuHa (vaccine) ranked third in the corpus with 422 occurrences throughout the year,
vaccines practically remained off the disinformation agenda until November 2020. Vaccination was critically
discussed in general, as Covid-19 vaccines had not yet been tested and were undergoing development. However,
vaccines (BakiHa) became a key subject of fake narratives in December 2020 after the start of vaccination in
large Russian cities (BakiyHa, December 2020 — 82 occurrences, January 2021 — 60 occurrences, February 2021
- 54 occurrences and March 2021 - 102 occurrences) (Fig. 10). Recent studies published on the impact of official
refutations on the spread of misinformation found that refutations reduce demand and sharing of fake stories
(MacFarlane et al 2021: 248). Thus, the promotion of revealing argumentation against fake stories through
reputable sources can reduce user interest in that topic. Our data show that although conspiracy theories about
vaccines have remained steadily popular since the appearance of the first fake story on this topic, viral texts
about vaccines did not “live” long, as every month a new theory replaced the previous one. The analysis of the
corpus show that argumentation against Covid-19 vaccines is based on the following three false ideas. In
December, users actively shared texts about vaccination modifying modify people’s genes, affecting their
heredity aspect (reH (genes), December 2020 - 16 occurrences, MmoauduuypoBaHHbiii (modified) — 6
occurrences). In January, arguments against vaccines were based on alleged huge amounts of graphene in
vaccines (rpaden (graphene), January 2021 - 18 occurrences). In February and March 2021, the word un (chip/
microchip) appeared 10 and 22 times, respectively, in close proximity to the keyword Bakiuua (vaccine) in fake
stories claiming that vaccines were being used by the WHO and world elites to control the population by
implanting microchips in people’s bodies.
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Top fake stories about Covid-19 vaccines

1.

Hazardous toxic substances / abortive material / graphene / luciferin are secretly placed in vaccines:
«CeHcayus! HcnaHckue uccnedosamenu 0OHAPYHCUAU 8 7IEKMPOHHbILI MUKPOCKON, umo eakyuHa Pfizer
codepxcum 99% okcuoa epagera u npakmuuecku 60avlie Huuezo! <...> dmom npodykm He Obl1 pa3pabomat,
umo6s! u3bexcams UHGeKyUU, 8bI38aAHHOL BUPYCOM. FICMUHHAS YeJib 3M020 NPodyKma ocmaémcs cKpvlmoti.
ToxkcuuHocms okcuda epagena - docmamouHas NpuduHAa, umobsl 0CMAHOBUMb 27100AIbHYI0 NPOZPAMMY
sakyunayuu». (Episode #303, December 2020)

Vaccines are a means of inserting microchips in people and establishing control over them:
«Hanouacmuyst, onucanHvie 8 namenme Microsoft (namenm CIIIA WO 2020/060606 Al), sensiomcs
damuukamu, Komopbsle 001CHbl GblMb PACCesiHbL 8 OP2AHU3ME 8aKYUHUPOBAHHO20 UesI08eKa, Umobsl uMems
803MOMCHOCMb 0OHAPYHUMDb e20. JTo6asnieHHble 80 PIAKOH C 8AKYUHOLL, OHU 88001MCsl 8 OP2AHU3M 8Mecime
¢ npusuekoii 8 mMomeHm eakyuHayuu. Kak mosvko OHU nonadym 6 OpzaHu3M, Om HUX HEeB03MOMNCHO
u3basumaucs, 8 omaudue om n0OKO#HO20 Yudposozo cnedsujezo mukpouund. C 3mozo0 MoOMeHmMa npusumslx
Jtodeil MoxcHo Oydem o0OHApPY# UMb NO MOOUNBHOMY MmeedoHy, HAX00saulemycs nobauzocmu. <...>».
(Episode #371, January 2021)

Stories about mass deaths caused by vaccination: «ITouemy Hukmo He zogopum o Tubpanrmape? <...> Ha 6
aHeaps y Hux 6ovL10 écezo 10 cmepmeli muna om H080MOOHO020 zpunnd. 10 sHeaps HA 0CMpos hpueesu
cy6cmanyuto nod Hazearuem «sakyuHa». K 20-my sHeaps nozubno 53 uenosexa. Cezoouss WOLDOmeter
noxa3ssieaem, umo nozuéno 70 uenosex. CEMBJIECST!!!» (Episode #391, February 2021)

Figure 10

Frequencies of the keyword “saxyuna” (vaccine) and topic-related vocabulary

Some Covid-19-related topics cannot be extracted based on one keyword. For example, misleading information
about the number of Covid-19 cases was circulating on the web throughout the year. The purpose of these fake
texts was to either increase the level of panic among the public by exaggerating the number of Covid-19 cases
and related deaths (it was reported that there were no places in hospitals) or spread doubts in people’s minds
by substantially understating the numbers of infection cases. When no keyword can extract the topic, we use
related vocabulary to trace major narratives. The following words are frequently used in texts containing
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misinformation on the number of Covid-19 cases: 3apaxenHbiii, 8pau, 3apaxame, CKPbl8AMb, CMEPMb, YMUPAMb,
60/bHULA, CMEPMHOCIMb, CMAMUCMUKA, 20CNUMAJIb, 3A8bIUAMb, 3AHUNAMB, J12AMb, O0AMbCS, NPUKA3, 3AKPblMbLI,
nokasamenv, uHgopmayus, medcecmpa, 3Hakomolii, nepeobopydosame. Based on the data on the frequencies of
these words across the corpus, we conclude that Russian Internet users demonstrated a significant amount of
interest in information on the numbers of Covid-19 cases from March 2020 to July 2020. Later, the popularity of
the topic faded, and in 2021, it did not appear in the disinformation agenda at all (Fig. 11).

Top fake stories about the numbers of Covid-19 cases and “killer” doctors

1. There are much more infected people than official statistics say/ there are no places in hospitals: «/lesouku,
npusem. UHpopmayus Ha a3mom uac. MHoz0 mepmebix, yxce 6onvuie 20, 3apaxceHHbix 6onsuie 1000, HOUbIO UX
803am ckopwle. Cumyayusi oueHs nioxas. IIpocmo smux cmapwix, HU4ezo0 ¢ HUMU He denawm, NPocmo ux
0meo03sm 8 CMOpoHy, a MOJI00bIX Jleuam, NOMoMy 4mo y HUX annapamos st UCKYCCMBeHHO020 JbIXaHUsL Hem».
(Episode #12, March 2020)

2. The number of Covid-19 cases is inflated / there are no infected people at all: «Cezodns u3 dsyx
Henepecekawujuxcs UCMOUYHUKO8 NOJIyUUnd OOHY U my yce UHGopmayurwo, ymo pooCcmeeHHUKAM yMepuiezo
npeonazarom OeHveu 3d mo, umobsl OHU noonucanu aucm nodmeaepxcderue, umo uenosex ymep om Covid-19.
Bom omctoda u cmamucmuxka». (Episode #57, April 2020)

3. Stories about people who were not infected with Covid-19 but were killed by doctors in hospitals to
increase the Covid-19 statistics: «/[na HazoHa nraHa cmamucmuku CMepMHOCMU, My CAMYH CMEPMHOCMb
8bINOJIHSIOM NPU NOMOWU M. H. «JledeHUs». <...> Cocedckoii 6abywike 91 200. BoOpeHbKasi, #UeeHbKAs, AKMUBHAS,
Hume u xumoe. Ho nnanosas npobnema c enyokom, Heobxoouma onepayust. Yeossm 6 060JbHULYY, Oenaiom
amanusel. <...> M3 xomopoii ee yixe He gvinyckarom. Tpyn. IIpuuem, pasymeemcs, HUKAK020 8CKPbIMUSL. <...>».
(Episode #244, October 2020)

4. “Insider” information from the medical staff about doctors purposefully killing Covid-19 patients:
«@envouiep u3 Jlameuu pacckasana, Kak camocmosmensHo dviwiawjux atdeti nodcaxcusarom Ha VIBJT epauu.
<...> OHu Odarom camocmosmenvHo ObllAWUM NAYUEHMAM JAoWAaduHyio 003y MbleUH020 penakcaHmad,
KOmopbwlii nonHocmoio pacciabnsem moiiysl. M ouappazma, komopas oaem HAM 803MOMCHOCMb Obliamb,
paccnabnsemca u nepecmdem «Kauamos» 68030yX. Takum 00pd3oM, OHU OCMAHABAUBAOM OblXaHue, umobvl
nodcadums Ha UBJI». (Episode #313, December 2020)

The keyword BO3 (WHO), ranked 27" in the corpus, was found in 19 viral episodes, representing a hybrid of
true and false statements. These texts are based on a popular scheme for constructing manipulative narratives,
“false headline + true statement (made by a WHO representative) + commentary leading to false conclusions.”
In the following example, a misleading headline is followed by a true text: «BO3 npusHaia camou3onsyuio
epaxcoar GecnonesHoti ons 60pv0bl ¢ Covid-19. Inasa BO3 Tedpoc I'eGpeucyc npusHai, ymo camou3onayus eparcoau
U 02paHuyeHusl Ha nepedsuiceHue He NOMOzym JUK8UOUPO8amMs naHdemuto KopoHasupyca. Ilo ezo cnogsam, makue
Mepbl N0360/1M 8blUzpaMb 8peMsl C paAcnpoCmpaHeHUeM KOpOHAsupyca, 00HAaKo O CnaceHust #cusHell 3mozo
HedocmamouHo. Taxk Mox#cHO Auwb c030ams «OKHO o3moxcHocmeti» (Episode #97, April 2020). Digital narratives
with clickbait tools (the use of a headline that does not reflect what the main text is about) proved to be
effective in spreading disinformation. According to recent studies (Anspach et al., 2019), more than 70% of
social media users only read the headlines of articles before commenting. Other popular headlines of misleading
texts representing false interpretations of the statements from the WHO found in the corpus are «BO3 npusHana,
umo naxvdemuu He cyujecmsyem» (The WHO has recognized that there is no pandemic), «BO3 3assuna, umo macku
Oecnonesnsl» (The WHO has announced that masks are ineffective), «<BO3 npusHana, umo KopoHasupyc HuxKozoa He

ObL11 8videnieH» (The WHO has admitted that the coronavirus has never been discovered).

N-gram extraction from the corpus showed relatively high frequencies of the following digrams: emopas eonua
(15), npunyoumenvHas eaxuyuHayus (12), xomenoanmckuii uac (10), cucmema nponyckog (9), couuanvHas
ducmanyus (9), yugposoli koHuynazeps (6), mecm nup (5), Hynesoli nayueHnm (5), maccosas eakyuHayus (4),
271eKmpoHHbIL KoHYazeps (3) and trigrams (pexcum o6s3amensHOl camousonsayuu (7) mecm Ha aHmumena (5).
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Figure 11

< 93

Frequencies of the keyword “sapaxcennutii” (infected person / covid case) and topic-related vocabulary

Discussion

Diachronic corpora with a narrowed text focus can depict (depending on the unit chosen for analysis) changes
in the use of a linguistic feature and certain groups of words over time. In this work, high-frequency words and
significant changes in their frequency distribution in a diachronic collection of Russian viral fake Covid-19
stories serve as indicators of a change of topic on the disinformation agenda during the first year of the
Covid-19 pandemic.

Recently proposed models evaluating term variation over time (Webber & Stroud, 2013; Mariani et al., 2019)
allow measuring the topical change in diachronic collections in articles published in scientific journals
(JDDDMP and NLP4NLP). These models are based on the quantitative method of measuring changes in keyword
usage. Frequency distribution of keywords points out significant changes in term frequencies across the corpus,
respectively, and flagging increases or decreases in the number of texts devoted to the related topic. This
methodology is not only effective in tracking the time when a change of a topic takes place but also enables us
to identify the dynamic patterns of topical fluctuations, i.e., it shows whether the drifts are sharp or gradual.
However, in contrast to the above studies, the focus of the present work on the dynamics of topic change is of
particular importance since there is a different factor that affects the keywords frequencies.

Furthermore, when dealing with viral Covid-19 fake stories, the topical changes are largely associated with the
public interest drifts over time. Thus, the study demonstrates a correlation between the changing focus in the
viral disinformation agenda (and the nature of this change) and some extralinguistic factors that could affect it.
The viral disinformation agenda and the nature of this change explicate the type of public interest (rising,
falling, or stable) in the topic during the year. The developing situation in the world, media coverage of the
topics, official refutations, and materials debunking Covid-19 myths are some examples in this context.

Many works have focused on identifying thematic drifts and emerging topics (cf. Nel et al., 2011; Weismayer &
Pezenka, 2017; Pesta et al., 2018). A keyword analysis alone is applied to diachronic corpora to determine the
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keywords (the words that occur more frequently in a corpus than in the reference corpus) representing topics.
However, in a case of a stylistically heterogeneous corpus containing texts across many genres and categories
(as in the case of the corpus of Russian viral Covid-19 fake stories), the technique for measuring topical changes
over time can be supplemented by analyzing frequencies of the words found in close proximity to the key terms
in a wide variety of contexts (Williams, 1998; Brezina et al, 2015; Murakami et al, 2017). In a sense, our research
can be viewed as an application of Brezina’s comprehensive methodology for capturing peaks and troughs in
diachronic data based on collocation networks (Brezina, 2018). We use the cluster data to extract the collocates
of a word of interest and then to trace the occurrences of this topic-related vocabulary across the diachronic
corpus (as shown in the section “Network Graph and Term Frequencies”). Counting frequencies of such tokens
enabled us to evaluate the authors’ attitude of false narratives to the covered topic and compare the lexical
environment of keywords in media texts and fake stories (the Results section).

Although it is beyond the scope of this study to find explanations for all the identified drifts in public interest
in the topics over time, the obtained data contributes a clearer understanding of the significant topical
fluctuations in the Russian viral Covid-19 disinformation agenda during the first year of the pandemic. In
addition, this study also depicts the key fake storylines related to Covid-19 that were most popular with Russian
Internet users.

Conclusion

The frequency-based analysis showed that globally the most popular terms changed over the months indicating
an intense dynamic of the topical change in the Russian Covid-19 disinformation agenda. In the initial months
of the pandemic, Russian users were interested in issues related to restrictive measures and quarantine,
symptoms of the new virus, the impact of 5G towers on the spread of coronavirus infection; this can be traced
in the high frequencies of the corresponding Russian keywords. Already in the summer of 2020, these terms
have lost popularity, and a few topic-related vocabulary units showed zero frequencies since that period.
Increases in the footprint of the keywords sakyuna (vaccine) and sakyunayus (vaccination) indicate a shift in
the topical focus of Covid-19 disinformation at the end of 2020. Misleading texts about masks, tests, and folk
recipes against coronavirus enjoyed relatively stable user popularity; keywords related to these topics occurred
in Russian fake narratives during the first year of the pandemic without showing a sharp rise and drop in the
frequencies.

Notably, the words that are not related to the realities of life coronavirus life also appeared to be relatively
popular within the corpus. For example, the terms zpagen (graphene), uepss (worm), abopmueHsiii (abortive),
xummpetin (chemtrail) frequently occurred in high proximity to the corresponding keywords (8axkyuHa (vaccine),
Macka (macka), kogud (koBup) in fake texts, but these words are never found in proximity to the same keywords
in the Russian texts outside the Covid-19 disinformation agenda (except for the articles and reports that
debunk the ideas presented in coronavirus-related fake narratives). Thus, with the help of misleading viral
texts, a new discourse is being created on the Internet, based on concepts that do not correspond to reality. A
person who receives information from certain channels that massively spreads fakes has a false picture about
several topics related to coronavirus infection.

The negative effects of viral disinformation about Covid-19 indicate the need to continue the fight against the
spread of fakes, which is already in place in Russia today at the state level. High-quality argumentation against
fakes stimulates the growth of skepticism about the infodemic among Russian users. Theories about Covid-19
and vaccines have been popular for some time, but numerous reports in the media exposing these theories
have contributed to the fading of public interest in them. For instance, the term gakyu+a (vaccine) has been the
most frequent corpus word since December 2020 while the corresponding topic-related vocabulary, referring to
various vaccine-related theories, was losing popularity within one or two months. Public interest in the topics
that were completely based on false ideas (for example, 5G, chemtrails) dropped very quickly and did not
recover within a year.

As this article is being prepared, the coronavirus pandemic continues, new topics emerge, and so do false

arguments against vaccines and new regulations. This research can be further developed to track the topical
changes in Covid-19 disinformation. It is also necessary to investigate the factors that determine public interest
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in certain topics and misleading texts as it will contribute to developing effective strategies for combating the
spread of fakes.
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