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ABSTRACT
As one of the major platforms of communication, social networks have become a
valuable source of opinions and emotions. Considering that sharing of emotions
offline and online is quite similar, historical posts from social networks seem to be a
valuable source of data for measuring observable subjective well-being (OSWB). In
this study, we calculated OSWB indices for the Russian-speaking segment of Twitter
using the Affective Social Data Model for Socio-Technical Interactions. This model
utilises demographic information and post-stratification techniques to make the data
sample representative, by selected characteristics, of the general population of a
country. For sentiment analysis, we fine-tuned RuRoBERTa-Large on RuSentiTweet
and achieved new state-of-the-art results of F1 = 0.7229. Several calculated OSWB
indicators demonstrated moderate Spearman’s correlation with the traditional
survey-based net affect (rs = 0.469 and rs = 0.5332, p < 0.05) and positive affect
(rs = 0.5177 and rs = 0.548, p < 0.05) indices in Russia.

Subjects Human-Computer Interaction, Computational Linguistics, Network Science and Online
Social Networks, Social Computing, Sentiment Analysis
Keywords Subjective well-being, Observable subjective well-being, Happiness index, social
networks, User-generated content, Sentiment analysis, Computational social science, Machine
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INTRODUCTION
Social networks have become major platforms of communication and sharing information
and opinions (Jakobi, 2017), providing a real-time and rich source of data, including
sentiments. Likewise, timely understanding of the sentiment of the population, also
defined as subjective well-being (SWB), is a of key goal for intergovernmental organizations
and governments (Wang et al., 2021) because it not only allows for increasing the speed of
the feedback loop for policymakers (Höchtl, Parycek & Schöllhammer, 2016), but SWB can
also be considered as a crucial guideline for the development of the state instead of or
alongside currently utilised indicators such as gross domestic product (Almakaeva &
Gashenina, 2020). Recently, it was found that sharing of emotions offline and online are
quite similar (Derks, Fischer & Bos, 2008; Rimé et al., 2020), and researchers began to
measure SWB via surveys and sentiment analysis of posts from social networks. SWB
measured based on automatic processing of digital traces is called observable subjective
well-being (OSWB), which explicitly characterises the data source as observed (not
self-reported) and makes no assumptions about the evaluative or experienced nature of the
data (both can be presented in different proportions) (Smetanin, 2022a).
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Whereas studies measuring OSWB have already been conducted based on data from
other countries (e.g., Dzogang, Lightman & Cristianini (2017), Qi, Fu & Zhu (2015), Iacus
et al. (2017) andWang et al. (2021)), research analysing Russian-language content remains
quite limited. Several studies (Panchenko, 2014; Shchekotin et al., 2020; Kalabikhina et al.,
2021) attempted to measure OSWB for a particular social network or subgroup of the
population but did not consider the entire population of Russia and compared the
calculated OSWB indexes with survey-based indexes (although this was not necessarily in
their scope). To the best of our knowledge, the only study on Russian-language content
that both proposed a method for calculating the OSWB index and also compared it with a
survey-based index was that (Smetanin, 2022a) based on Odnoklassniki1 data. Although
within that study a high level of correlation (Spearman’s rs ¼ 0:825) between the
calculated OSWB index and the traditional survey-based OSWB index was achieved, one
of the key pitfalls was in the limited data sample: the study considered only 12 months
because of Odnoklassniki data availability. Thus, as one of the main future areas of
research, it was recommended to calculate the OSWB index over a longer time interval.
Moreover, Twitter has often been used for OSWB research in other countries (e.g.,
Dzogang, Lightman & Cristianini (2017), Prata et al. (2016) and Ridhwan & Hargreaves
(2021)), but it has not been previously studied in the Russian context. Therefore, the
authors were interested to see whether it could serve as a source of Russians’ OSWB data.

In this work, OSWB indicators for Russian-language segment of Twitter2 were
calculated using the Affective Social Data Model for Socio-Technical Interactions
(Smetanin, 2022a), which utilises demographic information and post-stratification
techniques to make the data sample representative, by selected characteristics, of the
general population of a country. The key motivations of this study are to validate whether
the OSWB index constructed over a longer period of time (i.e., more than 12 months) is a
reliable measure of the population’s SWB in Russia and to identify whether Twitter
content can be used for measuring SWB. For sentiment analysis, RuRoBERTa-Large
(Sberbank, 2021) was fine-tuned on RuSentiTweet (Rogers et al., 2018), and new
state-of-the-art results of macro F1 ¼ 0:7229 and weighted F1 ¼ 0:7281 were achieved.
We calculated several OSWB indices and found that some of them have moderate
Spearman’s correlation with the traditional survey-based VCIOM Happiness (rs ¼ 0:469
and rs ¼ 0:5332, p < 0:05) and VCIOM Positive Affect (rs ¼ 0:5177 and rs ¼ 0:548,
p < 0:05) indices for Russia reported by the Russia Public Opinion Research Center.

The rest of the article is organized as follows. In “Related Work”, related research about
sentiment analysis and measuring OSWB based on social networks content in Russia is
reviewed. In “Data”, we describe survey-based SWB data and Twitter data. In “Sentiment
Analysis”, we document the training of several ML models for sentiment classification of
tweets in Russian. In “Observable Subjective Well-Being in Russian-Speaking Twitter”, we
outline the approach for measuring OSWB based on tweets. In “Results and Discussion”,
we present the results of OSWB measurements and discuss them. In “Conclusion”, we
present conclusions from this study and discuss possible future work.

1 Odnoklassniki is a social network service
used mainly in Russia, Belarus,
Kazakhstan, and Uzbekistan
(Odnoklassniki, 2021).

2 Initially, we wanted to focus on Tweets
published from Russia, but we realized
that this would not work with the chosen
data source, so the focus of the study was
shifted to Russian-language tweets.
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RELATED WORK
According to a recent survey (Smetanin, 2020), there are five categories of applied
sentiment analysis studies on Russian-language content categorised by the utilised data
source: user-generated content from social network sites, product and service reviews,
news from mass media, books, and mixed data sources. We will further focus only on text
from social networks as they are relevant to our study. As the most common data source,
user-generated content from social networks was studied in three directions: measuring
attitudes about different topics (e.g., measuring the level of social tension (Koltsova &
Nagornyy, 2019) and attitudes towards migrants and ethnic groups (Borodkina & Sibirev,
2019)), identifying specifics of user interaction with content expressing different sentiment
(e.g., determining the impact of sentiment on the mechanisms of feedback from the
audience (Svetlov & Platonov, 2019)), and constructing sentiment indices (e.g., measuring
well- or ill-being in Russian regions (Shchekotin et al., 2020) and measuring of
demographic temperature in pro-natalist and anti-natalist social network groups
(Kalabikhina et al., 2021)). When analysing user-generated content from social network
sites, one of the key challenges for researchers is the lack of training datasets for specific
social networks (Smetanin, 2020). Although several training datasets are available for
sentiment analysis of texts from social networks for the Russian language (Kotelnikov,
2021; Smetanin, 2020), only two consist of common-domain texts, are manually annotated,
and report inter-annotator agreement scores. The first, RuSentiment (Rogers et al., 2018),
consists of general-domain texts from VKontake, and the second, RuSentiTweet
(Smetanin, 2022b), consists of general-domain texts from Twitter.

From the sentiment classification perspective, in the past few years, researchers have
shifted their focus from rule-based and classic machine learning approaches to approaches
based on pre-trained language models to analyse sentiment in Russian-language texts.
Fine-tuning of pre-trained language models such as BERT, ELMo, and USE has proven to
be one of the most accurate ways to classify sentiment of Russian-languge texts
(Smetanin & Komarov, 2021; Kotelnikova, Paschenko & Razova, 2021; Golubev &
Loukachevitch, 2021). At present, pre-trained language models have achieved the highest
classification results on most Russian-language sentiment analysis datasets available
publicly. For example, fine-tuned RuBERT achieved state-of-the-art results on
RuSentiTweet (Smetanin, 2022b), LINIS Crowd (Koltsova, Alexeeva & Kolcov, 2016),
RuTweetCorp (Rubtsova, 2013), and RuReviews (Smetanin, 2022b) datasets; fine-tuned
RuRoBERTa-Large achieved SOTA results on RuSentiment (Rogers et al., 2018). Thus,
we fine-tuned a pre-trained language model for sentiment classification in this study.

Recently, the topic of measuring OSWB based on Russian segment of social networks
has been widely discussed (Trotsuk & Grebneva, 2019; Shchekotin et al., 2020; Bogdanov &
Smirnov, 2021). Several approaches have been proposed for measuring OSWB based on
social media data, but in most cases, the indices constructed were not compared with
existing SWB indices derived from surveys. For example, Panchenko (2014) constructed an
OSWB index based on the Russian-language segment of Facebook by using a rule-based
sentiment classification model; Shchekotin et al. (2020) derived an OSWB index from posts
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of then 1,350 most popular VKontakte regional and urban communities; and Kalabikhina
et al. (2021) explored demographic temperature of 314 pro-natalist groups and eight
anti-natalist VKontake communities. However, these studies did not compare the obtained
results with existing survey-based SWB indices (although in some cases survey data was
not available), so it is challenging to verify the reliability of proposed approaches. Also,
several studies were dedicated to the development of systems for OSWB analysis of
Russian-language content but did not report any results of their analysis. For example,
Posevkin & Bessmertny (2015) described an approach to the emotional tonality assessment
of public opinion based on sentiment lexicons; Averchenkov et al. (2015) discussed the
general concept of social network monitoring through intelligent analysis of text messages;
and Sydorenko et al. (2020) proposed a method for classifying time series of tonal ratings
based on user posts from social networks. In these studies, only methodological or
implementation components were discussed, but none of the indices were reported. To the
best of our knowledge, the only study on Russian-language content that both proposed a
method for calculating the OSWB index and also compared it with a survey-based index
was our recent study (Smetanin, 2022a) based on Odnoklassniki data. Although within
that study we achieved a high level of correlation (Spearman’s rs ¼ 0:825) between the
calculated OSWB index and the traditional survey-based OSWB index, one of the key
pitfalls was in the limited data sample: we were able to analyse only 12 months because of
Odnoklassniki data availability. Thus, the analysis of longer time intervals remains the
relevant research direction for OSWB studies on Russian-language content.

Several articles (Chizhic, 2016; Smetanin, 2017) have been published that consider
Russian-language Twitter as a data source for the OSWB, but they were more concerned
with the methodology or system for building the index; they omitted description of
the resulting OSWB index itself. In the context of measuring OSWB based on the
Russian-language Twitter segment, the absence of a significant number of existing studies
is quite expected, as the first dataset of general-domain tweets in Russian with manual
annotation (Smetanin, 2022b) appeared only in 2022. Thus, studies have not previously
published an OSWB index based on the Russian-speaking segment of Twitter and have not
compared it with an SWB index based on surveys.

DATA
Subjective well-being data
SWB in Russia is measured by a series of research organizations (Almakaeva & Gashenina,
2020), such as Russia Public Opinion Research Center (VCIOM), Levada Center, Public
Opinion Foundation, the Russia Longitudinal Monitoring Survey of HSE University, the
Institute of Psychology of the Russian Academy of Sciences, Ronald F. Inglehart
Laboratory for Comparative Social Research of HSE University, and the Center for
Sociological Research of Russian Presidential Academy of National Economy and Public
Administration. Following our previous study on OSWB in Russia (Smetanin, 2022a), we
decided to use the VCIOM Happiness Index because it is available on an almost monthly
basis starting from 1990, as presented at Fig. 1. The VCIOM Happiness Index is built on
the basis of the following question: “Life is full of good and bad moments. But in general,
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are you happy or not?” It is calculated as the difference between the sum of positive
answers (“Yes”, “Rather Yes”) and negative answers (“No”, “Rather No”). The index is
measured in points and can range from −100 (all respondents are unhappy) to 100 (all
respondents are happy). The higher the index value, the happier Russians feel. The survey
method is a telephone interview of a stratified random sample of 1,600 respondents with
landline and mobile numbers. Positive affect and negative affect indices are not explicitly
reported by VCIOM, but they can be easily calculated based on their data. Positive affect is
calculated as the share of respondents who answered “Yes” or “Rather Yes” on the survey
question, and negative affect is calculated as the share of respondents who answered “No”
or “Rather No”.

Twitter data
We selected the Twitter Stream Grab (https://archive.org/details/twitterstream) as a data
source of tweets in Russian. Twitter Stream Grab is a publicly available historical collection
of JSON content grabbed from the general Twitter “Spritzer” API stream. According to
Twitter, this API provides a 1% sample of the complete public tweets and is not tied to
specific topics, so we considered it as a good source of general-domain tweets.
Additionally, several studies (Wang, Callan & Zheng, 2015; Leetaru, 2019) performed
independent validation of the representativeness of this stream. At the time of writing,
Twitter Stream Grab included tweets from September 2011 to May 2021 grouped by
month; however, some months were missing. VCIOM Happiness was available on a
monthly basis from April 1990 to March 2022, but some months were missing too (see
Fig. 1). Since our goal was to compare VCIOM Happiness and Twitter-based indices, we
selected for further analysis only those months for which both VCIOM Happiness and
Twitter data3 was available. Following this selection strategy, we found 20 months: April
2014, November 2015, April 2016, November 2016, July 2017, March 2018, July 2018,
November 2019, April 2020, May 2020, June 2020, July 2020, August 2020, September
2020, October 2020, November 2020, December 2020, March 2021, April 2021, and May
2021.

Considering that the share of geotagged tweets in Russian is extremely low in Twitter
Stream Grab (see “Geotagged Tweets in Russia”), we decided to focus on Russian-language
tweets in general because they seem to predominantly consist of tweets published from
Russia (see “Tweets in Russian and tweets from Russia”). Data were filtered as previously
described in Smetanin (2022b). Specifically, since Twitter Stream Grab consists of tweets in
different languages, our next step was to remove tweets written in non-Russian languages.
Each tweet from this data source already contained information about the language of the
text automatically detected4 by Twitter, so the language filtering procedure was fairly
straightforward. After filtering out all non-Russian tweets and retweets, we obtained
10,869,003 tweets in Russian posted by 1,955,827 unique users (5.55 tweets per user on
average) for the selected months.

3 For some months, Tweets were available
only for part of the days. We selected
only those months for which tweets were
available for at least 80% of days.

4 Assessing the quality of a Twitter’s
language detection algorithm lies outside
the scope of this study. Initial research in
this direction has already been done in
other studies: for example, Pavliy &
Lewis (2016) compared the quality of
Twitter’s language detection algorithm
with Google’s Compact Language
Detector on Ukrainian and Russian
tweets. The authors found that Twitter’s
algorithm correctly detects 92% of texts
in Russian and has higher accuracy than
Google’s Compact Language Detector.
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SENTIMENT ANALYSIS
Training data
As the training dataset for the classification model, we chose RuSentiTweet (Smetanin,
2022b), the largest general-domain tweet sentiment analysis dataset in Russian.
RuSentiTweet was generated from Twitter Stream Grab—the same data source that we
chose to use in our study—so this dataset is ideal for our study. Compared to other
available Russian language tweet datasets (Pontiki et al., 2016;Mozetič, Grčar & Smailovi�c,
2016; Lukashevich & Rubtsova, 2016; Loukachevitch et al., 2015; Rubtsova, 2013),
RuSentiTweet is the only general-domain dataset of tweets with manual annotation and
reported inter-annotator agreement. RuSentiTweet consists of 13,392 tweets annotated
into five classes: Positive, Neutral, Negative, Speech Acts, and Skip. Sentiment classes were
previously described in Rogers et al. (2018) and Smetanin (2022b). Specifically, Positive and
Negative tweets represent positive and negative sentiments or attitudes, respectively.
Neutral tweets are tweets that simply describe a situation in a neutral, factual way and do
not contain overt positive or negative sentiment. Speech Act tweets perform the functions
of various speech acts, such as greeting someone, congratulating someone, or expressing
gratitude for something. Although these tweets also express positive sentiment, they are
considered a separate sub-category because they can also be made under social pressure or
out of a sense of duty (Rogers et al., 2018). Skip tweets represent noisy and vague
sentiments or attitudes.

Models
For sentiment classification of Russian texts, approaches based on language models tend to
outperform rule-based and basic machine learning–based approaches in terms of
classification quality (Smetanin & Komarov, 2021). As reported in the paper presenting
RuSentiTweet (Smetanin, 2022b), the SOTA result on RuSentiTweet was achieved by

Figure 1 VCIOM Happiness Index. “Life is full of good and bad moments. But in general, are you
happy or not?” Close-ended question, 1 answer. Indices are measured in points and can range from −100
to 100. Data source: VCIOM (2022). Full-size DOI: 10.7717/peerj-cs.1181/fig-1
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RuBERT (Kuratov & Arkhipov, 2019), a version of multilingual BERT (Devlin et al., 2019)
trained on the Russian part of Wikipedia and Russian news. Since RuSentiTweet was
published recently (a couple of months ago), so far there are no other works in which
classifiers were trained on it—and on which we can rely to select the most effective
approach. However, RuSentiTweet was annotated using the same annotation guidelines as
RuSentiment (Rogers et al., 2018) (dataset of Russian-language posts from VKontakte), so
we can conceivably rely on RuSentiment studies to select potentially efficient models.
According to our recent paper (Smetanin, 2022a), RuRoBERTa-Large (Sberbank, 2021)
established new SOTA results on RuSentiment and significantly outperformed RuBERT,
so we suppose that it may also outperform RuBERT on RuSentiTweet. RuBERT
(https://huggingface.co/DeepPavlov/rubert-base-cased) is a version of BERT (Devlin et al.,
2019) trained on the Russian part of Wikipedia and Russian news. RuRoBERTa-Large
(https://huggingface.co/sberbank-ai/ruRoberta-large) is a version of RoBERTa (Zhuang
et al., 2021) model with BERT-Large (Devlin et al., 2019) architecture and the BBPE
tokenizer from GPT-2 (Radford et al., 2019) trained on Russian texts. RuRoBERTa-Large is
ranked higher that RuBERT in RussianSuperrGLUE (Shavrina et al., 2020) leaderboard
(https://russiansuperglue.com/leaderboard/2), so we expected that it will show higher
results on RuSentiTweet also.

Sentiment classification
Fine-tuning of RuRoBERTa-Large was performed using the Transformers library (Wolf
et al., 2020) on two Tesla V100 SXM2 32GB GPUs with the following hyperparameters: a
number of train epochs from 3 to 5; the number of warm-up steps is 0%, 5%, or 10%; a max
sequence length of 128 or 256; a batch size of 18 or 32, a learning rate of 5e−5, an Adam
optimiser, and a softmax activation function. RuSentiTweet consists of test (20%) and
training (80%) subsets, so we used the test subset for computing final classification metrics
and the training subset (with additional division to the validation subset) for the model
training. We repeated each experiment three times and reported mean values of the
measurements.

The best model (four epochs, 10% warm-up steps, 128 max sequence length, 32 batch
size) demonstrated macro F1 ¼ 0:7229 and weighted F1 ¼ 0:7281, surpassing the existing
SOTA results (Smetanin, 2022b) achieved by the RuBERT model (see Table 1). This result
was expected because RuRoBERTa-Large is not only higher in the RussianSuperrGLUE
(Shavrina et al., 2020) leaderboard (https://russiansuperglue.com/leaderboard/2), but
RuRoBERTa-Large also outperformed RuBERT in the sentiment analysis task in our
previous study (Smetanin, 2022a). Since RuSentiTweet was released a few months ago,
there are currently no other works with which to compare the quality of the classification,
but the magnitude of the results generally aligns with the results achieved by other
approaches on other five-class sentiment datasets (Smetanin, 2022b).

As can be seen from the confusion matrix (see Fig. 2), Neutral tweets were commonly
misclassified as Positive and Negative, and vice versa. Also, the Skip class was commonly
misclassified as Neutral. Speech Act was clearly separated from other classes, except for
Positive, because it also represents positive sentiment. In general, the confusion matrix is
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very similar to that of RuBERT (Smetanin, 2022b). However, the biggest difference is
observed in the Speech Act class: RuRoBERTa-Large was able to separate it much more
efficiently (F1;speech ¼ 0:8151) from the rest of the classes than RuBERT (F1;speech ¼ 0:7444).

OBSERVABLE SUBJECTIVE WELL-BEING IN
RUSSIAN-SPEAKING TWITTER
To calculate OSWB indicators, we applied the Affective Social Data Model for
Socio-Technical Interactions and the approach to calculating OSWB indicators based on
texts from social networks proposed in (Smetanin, 2022a). In contrast with Smetanin
(2022a), we did not have information about users’ demographic characteristics, so we
predicted each user’s gender using a machine learning model. The general pipeline for
measuring OSWB based on Twitter data consists of the following steps (see Fig. 3).

1. OSWB index formulas. As a first step, it is necessary to define OSWB index formulas of
interest. Depending on certain formulas, one of the next steps will evaluate the impact of
the misclassification bias on the calculated indices.

2. Demographic groups. Next, it is necessary to define demographic characteristics of
interest. If some of the defined demographic characteristics are not explicitly presented

Figure 2 Confusion matrix for RuRoBERTa-Large on RuSentiTweet.
Full-size DOI: 10.7717/peerj-cs.1181/fig-2

Table 1 Five-class sentiment classification on RuSentiTweet.

Model Precision Recall Fmacro
1 Fweighted1

RuRoBERTa-Large 0.7297 0.7248 0.7229 0.7281

RuBERT 0.6793 0.6449 0.6594 0.6675

MNB 0.5867 0.5021 0.5216 0.5189

Note:
Results for RuBERT and Multinomial Naive Bayes (MNB) models are from?.
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in the data, then it is also required to automatically extract them. Later identified
demographic groups will be used for post-stratification.

3. Misclassification bias. Next, it is necessary to estimate the impact of misclassification
bias on OSWB indices of interest. Considering that sentiment classification models are
predominantly not error-free, they may introduce a bias in the calculated OSWB
indices, so it is important to estimate the magnitude of a error that can be introduced by
incorrectly classified objects.

4. OSWB measurement. This step includes defining data inclusion and exclusion criteria
as well as performing sentiment analysis and sentiment aggregation. Then, it is
necessary to transition from the text-level to the user-level analysis and check the
minimum sample size requirement. Finally, OSWB indices should be calculated with
post-stratification by demographic groups.

5. Reliability. Once OSWB indices are calculated, it is necessary to measure the reliability
by calculating the level of correlation with classical survey-based indices based on
surveys.

The detailed description of each step is presented below.

OSWB index formulas
We selected the following OSWB indicators.

Definition 1. OSWBPA is the positive affect indicator (experiencing pleasant emotions
and moods) relative to all expressed sentiment and is defined as follows:

OSWBPA ¼ POS
POSþ NEGþ NEU þ SAþ SKIP

OSWBPA 2 ½0; 1�; (1)

where POS is the number of positive posts, NEG is the number of negative posts, NEU is the
number of neutral posts, SA is the number of posts with greetings and speech acts, and SKIP
is the number of ambiguous posts that cannot be unambiguously assigned to one of the other
classes (Smetanin, 2022a).

Figure 3 Key steps for measuring OSWB. Full-size DOI: 10.7717/peerj-cs.1181/fig-3

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 9/26

http://dx.doi.org/10.7717/peerj-cs.1181/fig-3
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Definition 2. OSWBPA;Neu is the positive affect indicator (experiencing pleasant emotions
and moods) relative to neutral sentiment and is defined as follows:

OSWBPA;Neu ¼ POS
NEU

; OSWBPA;Neu 2 ½0; þ1� (2)

Definition 3. OSWBNA is the negative affect indicator (experiencing unpleasant,
distressing emotions and moods) relative to all expressed sentiment and is defined as follows:

OSWBNA ¼ NEG
POSþ NEGþ NEU þ SAþ SKIP

; OSWBNA 2 ½0; 1� (3)

Definition 4. OSWBNA;Neu is the negative affect indicator (experiencing unpleasant,
distressing emotions and moods) relative to neutral sentiment and is defined as follows:

OSWBNA;Neu ¼ NEG
NEU

; OSWBNA;Neu 2 ½0; þ1� (4)

Definition 5. OSWBNet is the net affect indicator (difference between experiencing
pleasant and unpleasant emotions and moods) relative to all expressed sentiment and is
defined as follows:

OSWBNet ¼ POS� NEG
POSþ NEGþ NEU þ SAþ SKIP

; OSWBNA 2 ½�1; 1� (5)

Definition 6. OSWBNet;Neu is the net affect indicator (difference between experiencing
pleasant and unpleasant emotions and moods) relative to neutral sentiment and is defined
as follows:

OSWBNet;Neu ¼ POS� NEG
NEU

; OSWBNet;Neu 2 ½�1; þ1� (6)

Demographic groups
Among demographic characteristics, we selected only the gender of the user, whereas in
our previous study on Odnoklassniki data both gender and age group were used. Although
the author’s age is also an important demographic characteristic that affects SWB in Russia
(Rodionova, 2015), we did not extract age from the Twitter data for our study because
Twitter is practically unused by the older generations in Russia (Brodovskaya,
Dombrovskaya & Sinyakov, 2016). Even if there are some users from the 55+ age group,
their share will be extremely small, and as a result, post-stratification by age may negatively
affect the index calculation result5.

There was no information about the user’s gender in the Twitter data, so to determine it,
we trained a classification model that reached F1 ¼ 0:9835 in the task of binary gender
classification by the user’s full name (see “Gender detection in Russian-speaking Twitter”).
We applied this model on Twitter data and found that the distribution of men and women
is quite different from the distribution for the Russia’s population. Whereas over the past

5 As was also mentioned in Smetanin
(2022a), if some subgroups have either
extremely small or extremely large
weights, then it can actually make the
estimate worse by increasing the model’s
variance and sensitivity to outliers
(World Food Programme, 2017).
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10 years Russia’s population was about 46% male and 54% female (Federal State Statistics
Service (Russia), 2021), the Twitter users in our data were about 59%male and 41% female.

Misclassification bias
Given that our sentiment classification model is not error-free, it may introduce a bias in
our calculated OSWB indicators. To assess the potential impact of misclassification errors
on each of the calculated indicators (see Eqs. (1–7)), we applied the simulation approach
for misclassification bias assessment in social indicators research (Smetanin & Komarov,
2022). The core idea of this simulation approach is to simulate the true indicator (i.e., real
underlying indicator that can be obtained by 100% error-free algorithm); then, on this
basis, approximate the results of the classification algorithm using a confusion matrix; and
then calculate the quality metrics. We chose Spearman’s correlation coefficients as the
main metric and ran 500,000 simulation iterations for each indicator. According to the
results of the simulation, the aggregated p-values are higher than 0.95, and both
coefficients demonstrated almost perfect aggregated correlation scores. According to our
results, we did not confirm that our model’s misclassification errors have more than a
negligible impact on calculated indicators.

OSWB measurement
To calculate the indices, we applied the approach described in Smetanin (2022a). The
following are summaries of the basic steps for building indices; the full methodology can be
found in Smetanin (2022a). When collecting data, we carried out the initial filtering—that
is, we left only Russian-language tweets and removed retweets. After filtering out all
non-Russian tweets and retweets, we obtained 10,869,003 tweets in Russia posted by
1,955,827 unique users (5.55 tweets per user on average) for the selected months. Next, we
transitioned from tweet-level analysis to user-level analysis. To do this, within each
analyzed time interval (in our case, within each month), it is necessary to aggregate the
sentiment of tweets that each user published. The main motivation for this step is that,
first, for post-stratification by demographic characteristics, we need to operate at the level
of users, not tweets; second, we need to remove the repeated sharing of emotions associated
with the same event, which arises within the phenomenon of social sharing of emotions
(Rimé et al., 1991); and thirdly, we need to ensure that tweets published by more active
users are not overrepresented in our sample (Németh & Koltai, 2021). We aggregated
sentiment on a user level with a majority voting strategy. After that, for each analyzed
month, we counted the number of users who published at least one tweet. Although the
central idea behind digital data collection for computational social science is collecting as
much data as possible (Hox, 2017), it still required verifying that the minimum sample size
requirements are fulfilled. The VCIOM Happiness index typically has samples of 1,600
respondents (VCIOM, 2022) for each analysed time period, so we decided to consider this
number the minimum sample size for our research. Other research organizations that
measure SWB have similar or even smaller sample sizes for each analysed time period and
country: for example, FOM The Mood of Others has samples of 1,600 respondents (FOM,
2022), World Values Survey has samples of 1,200 respondents (WWS, 2020), and Standard
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and Special Eurobarometer surveys typically have samples of 1,000 respondents (GESIS,
2020). We confirmed that for each analysed month, there were more than 1,600 users.
Finally, we calculated indices post-stratified by user gender. Information on the gender
distribution of the population of Russia was taken from the official statistics of Rosstat.

Reliability
For reliability measurement, we followed the approach from our previous study on
Odnoklassniki data (Smetanin, 2022a) and checked the correlation of OSWB indicators
with the VCIOM Happiness Index, VCIOM Positive Affect, and VCIOM Negative Affect.
According to previous studies (Stock, Okun & Benito, 1994; Krueger & Schkade, 2008;
Levin & Currie, 2014; Kapteyn et al., 2015; Lucas, 2018,), the typical reliability of SWB
scales is in the range of 0.50 to 0.84. For single-item SWB measures (like VCIOM
measures), the typical reliability is between 0.40 and 0.66 (Krueger & Schkade, 2008).
However, considering that our users sample also contains Russian speakers who live
outside of Russia (see “Tweets in Russian and Tweets from Russia”) and that age groups
were not taken into account during indices calculation6, we expected to have a lower
correlation than that achieved in our study on Odnoklassniki data (Spearman’s rs ¼ 0:825)
(Smetanin, 2022a). The results of the reliability measurement are presented in the next
section.

RESULTS AND DISCUSSION
The correlation7 between calculated OSWB indices and VCIOM indices can be found in
Table 2. Columns without ASDMSTI represent correlation scores for OSWB indicators
calculated without applying ASDMSTI model (Smetanin, 2022a); that is, they simply count
sentiment expressed in the Twitter data. Columns with ASDMSTI with post-stratification
represent correlations scores applying ASDMSTI model with post-stratification by gender.
As can be clearly seen from the results, applying the ASDMSTI model allows for achieving
statistically significant correlation for some indicators. Furthermore, we analyze only the
last three columns, in which the model was applied together with post-stratification.

Table 2 Spearman’s correlation between OSWB and VCIOM indices. Bold entities indicate
statistically significant results.

Index Without ASDMSTI With ASDMSTI

VCIOM Net VCIOM PA VCIOM NA VCIOM Net VCIOM PA VCIOM NA

OSWBPA 0.0167 −0.0241 −0.1027 0.469** 0.5177** −0.2602

OSWBPA;Neu 0.0458 −0.0062 −0.1168 0.5332** 0.548** −0.3292

OSWBNA −0.0211 −0.1497 0.0053 0.3476 0.2602 −0.262

OSWBNA;Neu −0.1117 −0.1372 0.092 0.366 0.3012 −0.2496

OSWBNet 0.0854 0.1809 −0.115 −0.1109 0.0321 0.1841

OSWBNet;Neu 0.0458 0.1622 −0.0602 −0.0933 0.0624 0.1664

Note:
VCIOM Net is VCIOM Happiness Index, VCIOM PA is VCIOM Positive Affect, and VCIOM NA is VCIOM Negative
Affect. Symbol ** indicates p-value less than 0.05.

6 In other words, the younger population
is over-represented in this sample in
comparison with older population.

7 Stationarity of time series is violated in
accordance with the Augmented Dickey–
Fuller Test, so the correlation is calcu-
lated based on differentiated time series.
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The strongest correlation was found between OSWBPA;Neu and VCIOM Positive Affect
(rs ¼ 0:548, p < 0:05), OSWBPA;Neu and VCIOM Net Affect (rs ¼ 0:5332, p < 0:05),
OSWBPA and VCIOM Positive Affect (rs ¼ 0:5177, p < 0:05), and between OSWBPA and
VCIOM Net Affect (rs ¼ 0:469, p < 0:05) indices. In general, the values obtained fall
within the range of observed reliability of the SWB indicators reported in other studies.
However, in the context of estimating the Russian population’s SWB in the manner
described in this article, we believe that Russian-language tweets from Twitter Stream Grab
can be used as additional information to the traditional survey-based SWB indicator—but
not as the main source of information. The main reason, in our opinion, is that based on
the available data, we cannot reliably distinguish Tweets published from Russia and also
take into account the opinions of all age groups. Moreover, these OSWB indicators seems
to be more representative of the younger age groups than they are the main Twitter
audience in Russia. However, given that a statistically significant correlation was obtained
even on these noisy data, we assume that with access to a larger volume of tweets from
Russia, we can obtain an even stronger correlation and potentially prove that Twitter can
be used on its own as a reliable source of data on OSWB.

Even though we obtained a statistically significant correlation between our OSWB
indices and VCIOM indices, it was less significant than in the study based on
Odnoklassniki data (Smetanin, 2022a). We assume that this is due to the following factors.
First, our dataset of tweets contained some tweets that were not from Russia (see “Tweets
in Russian and Tweets from Russia”). A Russian-speaking population not from Russia may
have a different level of SWB and, as a result, could influence the resulting OSWB indices
of our study in one direction or another. Second, older age groups were not sufficiently
represented in our study, whereas in the study based on Odnoklassniki data they were
presented and also taken into account at the post-stratification stage. Since the level of
SWB in Russia, among other things, depends on age (Rodionova, 2015), this also
influenced our OSWB indices. We believe that if more age groups were more evenly
distributed in the Twitter data, then the correlation between our OSWB indices and the
VCIOM indices would increase. Third, VCIOM respondents are aged 18 and over,
whereas according to Twitter policy in Russia, people aged 14 and over can use it, so our
data partially covers people aged 14 to 17—who are not included in the VCIOM surveys.
Fourthly, we assume that perhaps in Russia Twitter is not as good a source of data for
OSWB research as Odnoklassniki. As was highlighted in Smetanin (2022a), even though
the emotional communication online and offline is surprisingly similar (Derks, Fischer &
Bos, 2008; Rimé et al., 2020), it has been found that social norms, social media platform
characteristics, and individual preferences may influence social network choice for sharing
a particular type of emotion. In particular, Vermeulen, Vandebosch & Heirman (2018)
confirmed that Facebook statuses, Snapchat, and Instagram are mostly used for sharing
positive emotions, whereas Twitter and FB Messenger are also used for sharing negative
emotions. As a hypothesis, emotions expressed in the Russian-speaking Twitter are
perhaps as not as associated with the SWB level as in the case of Odnoklassniki.
Interestingly, no statistically significant correlation was found between the expression of
negative emotions (OSWBNA and OSWBNA;Neu indicators) and the VCIOM indices. This
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result also coincides with the result of our previous study based on Odnoklassniki data
(Smetanin, 2022a), since there was also no statistically significant relationship found there.
As a hypothesis, it can be assumed that the manifestation of negative emotions in social
networks is not associated with classical positive affect, negative affect, nor net affect
measures.

CONCULSIONS
In this work, we calculated OSWB indices for the Russian-language segment of Twitter and
confirmed moderate correlation between two of calculated indices (OSWBPA,OSWBPA;Neu)
with the survey-based indices reported by VCIOM. The contribution of this study is
fourfold. First, to the best of our knowledge, this is the first study to have reported OSWB
indices for the Russian-language segment of Twitter and obtain statistically significant
correlation with the survey-based indices. Second, we demonstrated the importance of
applying ASDMSTI , as it allows us to achieve the moderate level of correlation with survey-
based indices. Third, we achieved new SOTA results of F1 ¼ 0:7229 on RuSentiTweet and
made the model publicly available. Lastly, we presented an approach for gender detection
based on Russian names with F1 ¼ 0:9835 and made the model publicly available.

Future studies on the current topic are therefore recommended. First, it would be
interesting to build an OSWB index based on data from the social network VKontakte
since it is the most popular in Russia and has the largest audience. Second, it would be
interesting to use a more detailed breakdown into specific emotions that appear in texts to
build the OSWB index. Third, methods for accounting for contextual messages (such as
comments or retweets) should be explored, as they can also contain valuable information
for building the OSWB index. Fourth, other digital traces, such as user search queries, can
also be considered as a data source for constructing an OSWB index. Finally, the strategies
for recommended sample size calculation for social indicators research based on digital
traces can be investigated.

APPENDIX
Geotagged tweets in Russia
Initially, we planned to use geotagged tweets to select those that were published in Russia
but found two major concerns with this approach. First, we approximately estimated the
share of geotagged tweets in Russia based on existing data sources and found that this
number is too small for conducting OSWB study. Considering that Twitter generates
around 200 billion tweets per year (Gao et al., 2022), only around 373.2 million tweets are
generated in Russia (Brand Analytics, 2021), approximately 0.85% of tweets are geotagged
(Sloan et al., 2013), and Twitter Stream API provides approximately 1% sample of tweets,
we can estimate that the share of geotagged tweets from Russia is approximately
0.0000013, and Twitter Stream API can provide around 220 tweets from Russia per month,
which is too small for OSWB study. Second, Sloan & Morgan (2015) found that there are
significant demographic variations between those who opt in to geoservices and those who
geotag their tweets and suggested that Twitter users who publish geographical information
are not representative of the wider Twitter population.
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Tweets in Russian and tweets from Russia
Since in this study we are comparing OSWB indicators with the VCIOM Happiness
Index for Russia but the OSWB indicators are based on Russian-language tweets (and not
tweets from Russia), the question arises of what proportion of tweets in Russian are
actually published from Russia. According to various estimates (Arefyev, 2013; BusinesStat,
2021; Kaganov, 2021), most of the Russian-speaking population lives in Russia, and
this proportion is growing over years. Moreover, whereas almost all (95.76%) of
Russian-speaking population in Russia use Russian as a language of communication, less
than a half (45.54%) of Russian speakers outside Russia do so (BusinesStat, 2021). Based on
these data, we approximately estimated the share of Russian speakers who use Russian as
the language of communication starting from 2004 (see Table 3). If we assume that if a
person uses Russian as a language of communication then the person also communicates
in Russian on Twitter, then we can assume that in 2004 68% of Russian-language tweets
were published from Russia, and by 2019 this number increased to 73.7%. However, it is
worth noting that this estimate is rather superficial and does not take into account other
important factors, such as the level of internet penetration and Twitter penetration in each
country. Thus, it seems that filtering by language without filtering by location allows
selecting almost all users from Russia; however, about a quarter of Russian-speaking users
who do not live in the territory of Russia are also presented in the sample. This estimation
indicates that we should not expect high correlation between OSWB indicator based on
Russian-language tweets and VCIOM indices.

Gender detection in Russian-speaking Twitter
Previous studies on gender detection of Russian social media users have shown that
depending on the source of data from which gender is determined, the quality of the
classification changes significantly. For example, one of the tasks of RusProfiling PAN at
FIRE Track competition (Litvinova et al., 2017b) was to to classify the gender of tweets in
Russian based on their text. The best system (Markov et al., 2017) reached only 68.25%
accuracy in binary classification, and the organizers of the track hypothesised (Litvinova
et al., 2017b) that the problem was that tweets are shorter and grammatically poorer in
comparison with other sources (e.g., Facebook posts or essays). There were other studies

Table 3 Geographical distribution of the Russian-speaking population.

Year Russian Speakers Russian as the Language of Communication

World, M Russia, M Russia, % World, M Russia, M Russia, %

2004 278 140 50.36 196.90* 134.06* 68.09*

2010 259.8 137.5 52.93 187.36* 131.67* 70.28*

2015 243.1 137 56.36 179.51* 131.19* 73.08*

2019 256 146.2 57.11 190 140 73.68

Note:
The number of Russian speakers is from Arefyev (2013), BusinesStat (2021) and Kaganov (2021). The number of Russian
speakers who use Russian as the language of communication for 2019 is from BusinesStat (2021). The * symbol denotes
that this value was calculated using an estimation that 95.76% of Russian speakers who live in Russia use Russian as a
language of communication and 45.54% of Russian speakers who live outside of Russia use Russian as a language of
communication (BusinesStat, 2021).
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on text-based gender detection that reported higher results, such as Sboev et al. (2019),
which showed 0.62 accuracy on LiveJournal posts; Litvinova et al. (2017a) achieved
accuracy of 0.72 on tweets and 0.71 on Facebook posts; and Bogachev et al. (2020) reported
F1 of 0.84 on RusPersonality (Litvinova et al., 2016). Besides linguistic characteristics, some
studies also considered information from user profiles as well as social graph. For example,
Tolmachev (2019) achieved accuracy of 0.715 by utilising social graph information. At the
same time, it seems that the task of gender detection for Russian social media users tends to
be much easier if there is access to the user’s full name. Panchenko & Teterin (2014)
showed on a dataset of 100,000 Russian full names from Facebook that simple and
computationally efficient models (e.g., n-grams with Logistic Regression) yield excellent
results and are able to achieve accuracy up to 96%. The high accuracy of classification
based on the full name is quite expected because, first, in the Russian language, first names
are usually clearly divided into male and female, and second, the surnames can commonly
be attributed to one of the genders based on endings. Thus, considering that our data
source contains full names of Twitter users, we decided to use an approach that relies only
on the full name for gender detection.

Since the datasets used in existing works for gender detection are not publicly available,
we created our collection of full names and genders based on data from Russian social
networks. It is not possible (at least now) to automatically create this collection from
Twitter because the Twitter API does not provide information about a user’s gender. Thus,
we decided to focus on data from VKontakte—the largest Russian online social media and
social networking service, which is predominantly used by Russian speakers. In
VKontakte, we selected the top-1 group (https://vk.com/public27895931) based on
Medialogia rating (Medialogia, 2021) and loaded all the users with specified gender via
VKontakte API (https://dev.vk.com/method/groups.getMembers). We collected
13,126,794 VKontake profiles, where each profile contains gender and first and last names
written in Cyrillic and Latin alphabets. We did not consider users with unknown gender.
Among these profiles, we obtained 6,521,854 unique full names in the Cyrillic alphabet and
6,263,813 unique full names in the Latin alphabet. The number of full names in the two
alphabets differs due to the fact that different names in the Cyrillic alphabet can have both
the same and different transliteration into the Latin alphabet, and even similar names in
one alphabet can have different transliteration to another alphabet. Based on the data
obtained, we formed the final dataset for training models using the following logic: if the
user’s name in Latin and Cyrillic is different, we added both names to the dataset; if they
are the same, we added only one name. The final dataset contains 25,101,673 names (46%
male and 54% female). Interestingly, the distribution of male and females in our dataset
almost perfectly matches the male and female distribution of population in Russia: over the
past 10 years, the proportion of males has been around 46% males and 54% females
(Federal State Statistics Service (Russia), 2021).

Following the approach by Panchenko & Teterin (2014), we used L2-regularized Logistic
Regression with character n-grams to classify gender. In order to identify the best
hyper-parameters (e.g., character n-grams type, n-grams range, usage of IDF, TF-IDF
normalisation type), we first ran a grid search with 10-fold cross-validation (80%—training
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subset, 20%—test subset) on a random sample of 100,000 full names. The model with
character n-grams inside word boundaries, n-grams range of (2, 7), usage of IDF, L2 TF-
IDF normalisation, and ignoring terms that appear in more than 50% of the documents
showed the best F1 score of 0.9771, so we used these hyper-parameters to train the final
model on the whole dataset. The final model trained in the full dataset demonstrated
F1 ¼ 0:9835 on the test subset (20% of full names). The magnitude of our results is in line
with the results achieved by Panchenko & Teterin (2014) (96%) on Russian full names from
Facebook, which can be explained by the fact that Russian full names commonly contain
grammatical information about the gender. Finally, we applied this model to names from
Twitter to classify users’ gender.

Holidays in Russain-speaking Twitter
Considering that positive emotions expressed in social media have stable fluctuations
during different time periods, such as weekly (Dzogang, Lightman & Cristianini, 2018;
Smetanin, 2022a) and monthly variations, we decided to focus only on speech acts and
greeting as the proxy measure of the popularity of holidays because so far there has been no
evidence that they also have strong fluctuations.

Definition 7. OSWBSA is the the share of greetings and speech act tweets relative to
relative to all expressed sentiment and is defined as follows:

OSWBSA ¼ SA
POSþ NEGþ NEU þ SAþ SKIP

; OSWBSA 2 ½0; 1� (7)

Taking into account that there is also some evidence that people of different genders
may have different attitudes towards different holidays (VCIOM, 2018), we decided to first
calculate the holiday rating for each gender separately, and then build an aggregate rating.

The results of the analysis are presented in Table 4.

� Official public holidays.

– The New Year is the most popular holiday on Russian-speaking Twitter: the share of
greetings and speech acts on December 31 exceeds the average annual value by more than
three times and reaches 12.3% of all tweets for that day. The share of greetings and speech
acts decreases on January 1 to 5.3%, but is still quite high and ranks 7th among all days of
the year. This observation is fully consistent with the VCIOM (2018) survey, in which the
new year was also the most popular holiday (celebrated by 96% of people), and with the
study by Volovikova (2018), where it is listed as a favorite holiday for all groups.

– Defender of the Fatherland Day and International Women’s Day share the second and
third places in the ranking of the most popular holidays; however, they are significantly
inferior to the New Year in the share of posts with speech acts and congratulations.
Generally, this corresponds to the data of VCIOM (2018), which reports that these two
holidays are celebrated by 84% and 88% of Russians, respectively.

– Victory Day is one of the most popular holidays to follow after the New Year, Defender
of the Fatherland Day, and International Women’s Day. This is partially consistent with
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the results of the VCIOM (2018) survey, which showed that Victory Day is one of the most
popular holidays; however, according to their results, it is more popular than Defender of
the Fatherland Day and International Women’s Day.

– Russia Day is not among the 10 most popular holidays on Russian-speaking Twitter,
ranking 11th in the overall ranking. In the VCIOM (2018) survey, this holiday is also one of
the least celebrated compared to other official holidays.

– Union Day is ranked even lower that the Russia Day, which perfectly aligns with the
VCIOM (2018) survey.

– International Workers’ Day is not really popular on Russian-speaking Twitter, and in
comparison with other non-holiday days, it has only a slight increase in the share of speech
acts and congratulations, ranking only 15 out of 22. Young Russians, who predominate on
the analysed Twitter sample, avoid any ideological interpretation of the meaning of this
holiday, more often perceiving May 1 as just an additional day off (VCIOM, 2004).
Moreover, over a quarter of a century, the number of Russians who plan to celebrate Labor
Day has been gradually decreasing (VCIOM, 2019b).

Table 4 Greetings and speech acts on Russian-speaking Twitter during holidays.

Holiday Date Male Female Rank,
All days

Rank, Holidays

OSWBSA Rank,
All days

Rank,
Holidays

OSWBSA Rank,
All days

Rank,
Holidays

New Year 2020-12-3 0.1192 1 1 0.1290 1 1 1 1

Defender of the Fatherland Day 2020-02-23 0.0599 4 3 0.0855 2 2 2-4 2-3

International Women’s Day 2020-03-08 0.0666 3 2 0.0757 3 3 2-4 2-3

New Year 2020-01-01 0.0483 7 4 0.0562 12 6 7-8 4

Victory Day 2020-05-09 0.0425 12 7 0.0577 8 4 9 5

Halloween 2020-10-31 0.0448 11 6 0.0569 11 5 10 6

Knowledge Day 2020-09-01 0.0451 10 5 0.0490 19 7 12 7

Easter 2020-04-19 0.0402 23 8 0.0485 22 8 16 8

Christmas 2020-12-25 0.0391 30 10 0.0464 35 11 19 9

Eid al-Adha 2020-08-02 0.0392 28 9 0.0426 100 14 38 10

Russia Day 2020-06-12 0.0347 115 13 0.0451 50 12 62 11

Eid al-Adha 2020-07-31 0.0335 151 14 0.0473 30 10 72-73 12

Eid al-Adha 2020-08-03 0.0321 192 17 0.0476 26 9 97-99 13

Unity Day 2020-11-04 0.0335 153 15 0.0420 115 15 132 14

International Workers’ Day 2020-05-01 0.0318 199 18 0.0436 72 13 135-136 15

Eid al-Adha 2020-08-01 0.0350 104 12 0.0384 193 17 152-154 16

Cosmonautics Day 2020-04-12 0.0359 79 11 0.0325 287 20 202 17

Eid al-Adha 2020-07-30 0.0305 232 19 0.0407 140 16 205 18

Valentine’s Day 2020-02-14 0.0323 185 16 0.0383 198 18 212 19

Christmas 2020-01-07 0.0273 275 21 0.0365 230 18 257 20

Chinese New Year 2020-01-25 0.0304 237 20 0.0322 289 21 267-268 21

Saint Patrick’s Day 2020-03-17 0.0235 329 22 0.0283 336 22 340-341 22

Note:
The list of holidays is based on VCIOM (2018).
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– The official holiday of Christmas, which is celebrated on January 7, was at the very
bottom of the ranking (20 out of 22). At the same time, the VCIOM (2018) survey showed
that Christmas in one of the main holidays in Russia which is being celebrated by 77% of
population. We hypothesise that part of this can be explained by the fact that the younger
age group that dominates Twitter is less religious than the older age group (Kofanova &
Mchedlova, 2010). At the same time, Christmas, which is also celebrated by some on
December 25, while not being an official holiday, ranked higher in the ranking and took
9th place. However, the high value on this day can also be caused by the approach of the
main holiday of the year: the New Year.

� Foreign holidays. Halloween on Russian-speaking Twitter is one of the most popular
foreign holidays, and is in 9th place among all days of 2020 in terms of the share of
greetings and speech acts. This finding is not consistent with the results of VCIOM
(2018), but we assume that this is due to the fact that Twitter is dominated by a younger
age group that is more inclined to celebrate Halloween (VCIOM, 2019a), whereas the
VCIOM (2018) survey provides a representative sample of the Russia population. Other
foreign holidays, such as Chinese New Year and St. Patrick’s Day, are practically not
celebrated on Russian-speaking Twitter: the share of greetings and speech act posts
in 2020 these days was not only extremely small, but was generally lower than the yearly
average (275th and 335th place, respectively). Overall, Chinese New Year and
St. Patrick’s Day have not gained popularity on Russian-language Twitter and sit at the
bottom of the overall rankings. This finding aligns with the results reported by VCIOM
(2018): these holidays have not yet become widespread in Russia and they are celebrated
by only 3–5% of the population, while 95–96% of respondents claim that they do not
celebrate them.

� Other common holidays. Among other holidays, one of the most popular is Knowledge
Day, which occupies the penultimate place in the top 10 most popular holidays.

Interestingly, on average, women are more likely to post greetings and speech acts
tweets, but this pattern is observed not only on holidays, but also on ordinary days.
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The following publicly available data were used in this study:
- RuSentiTweet is available at GitHub: https://github.com/sismetanin/rusentitweet;

Sergey Smetanin. (2022). sismetanin/rusentitweet: v1 (Version v1). Zenodo.
https://doi.org/10.5281/zenodo.7314509.

- Twitter Stream Grab is available at Internet Archive: https://archive.org/details/
twitterstream.

REFERENCES
Almakaeva AM, Gashenina NV. 2020. Subjective well-being: conceptualization, assessment and

Russian specifics. Monitoring of Public Opinion: Economic and Social Changes 2020(1):4–13
DOI 10.14515/monitoring.2020.1.01.

Arefyev A. 2013. Demographic changes are not good for the Russian language. Demoskop Weekly
571–572.

Averchenkov V, Budylskii D, Podvesovskii A, Averchenkov A, Rytov M, Yakimov A. 2015.
Hierarchical deep learning: a promising technique for opinion monitoring and sentiment
analysis in Russian-language social networks. In: Creativity in Intelligent Technologies and Data
Science. Cham: Springer International Publishing, 583–592.

Bogachev DS, Selivanov AA, Rybka RB, Moloshnikov IA, Sboev AG. 2020. Graph convolution
network model to include dependency trees in classification of the text’s author’s gender. In:
Proceedings of the VI International Conference on Laser & Plasma Research and Technologies
(LaPlas 2020). Moscow, Russia: National Research Nuclear University MEPhI, 101–102.

Bogdanov MB, Smirnov IB. 2021.Opportunities and limitations of digital footprints and machine
learning methods in sociology. Monitoring of Public Opinion: Economic and Social Changes
161(1):304–328 DOI 10.14515/monitoring.2021.1.1760.

Borodkina O, Sibirev V. 2019. Migration issues in Russian Twitter: attitudes to migrants, social
problems and online resources. In: International Conference on Internet Science. Cham:
Springer, 32–46.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 20/26

https://github.com/sismetanin/oswb-russian-tweets
https://github.com/sismetanin/oswb-russian-tweets
https://doi.org/10.5281/zenodo.7306128
https://huggingface.co/sismetanin/ruroberta-ru-rusentitweet
https://huggingface.co/sismetanin/ruroberta-ru-rusentitweet
https://doi.org/10.57967/hf/0103
https://github.com/sismetanin/gender-by-name-vk
https://github.com/sismetanin/gender-by-name-vk
https://doi.org/10.5281/zenodo.7306126
https://github.com/sismetanin/rusentitweet
https://doi.org/10.5281/zenodo.7314509
https://archive.org/details/twitterstream
https://archive.org/details/twitterstream
http://dx.doi.org/10.14515/monitoring.2020.1.01
http://dx.doi.org/10.14515/monitoring.2021.1.1760
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Brand Analytics. 2021. Social networks in Russia: numbers and trends, fall 2021. Available at
https://br-analytics.ru/blog/social-media-russia-2021/.

Brodovskaya E, Dombrovskaya A, Sinyakov A. 2016. Social media strategies in modern Russia:
results of multidimensional scaling.Monitoring of Public Opinion: Economic and Social Changes
131(1):283–296 DOI 10.14515/monitoring.2016.1.13.

BusinesStat. 2021. Geographical distribution of the Russian-speaking population in 2019 (in
millions). Available at https://www.statista.com/statistics/1139302/russian-speaking-population-
by-geographic-area/.

Chizhic A. 2016. Factors for forming social mood on the basis of the analysis of the emotional
coloring of posts in the Russian-language Twitter. In: Proceedings of the XIX Scientific and
Practical Seminar on New Information Technologies in Automated Systems. 19:Moscow, Russia:
Moscow Institute of Electronics and Mathematics, 61–64.

Derks D, Fischer AH, Bos AER. 2008. The role of emotion in computer-mediated
communication: a review. Computers in Human Behavior 24(3):766–785
DOI 10.1016/j.chb.2007.04.004.

Devlin J, Chang M-W, Lee K, Toutanova K. 2019. BERT: pre-training of deep bidirectional
transformers for language understanding. In: Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguistics: Human Language
Technologies, Long and Short Papers. Minneapolis, Minnesota: Association for Computational
Linguistics, 4171–4186.

Dzogang F, Lightman S, Cristianini N. 2017. Circadian mood variations in Twitter content. Brain
and Neuroscience Advances 1:2398212817744501 DOI 10.1177/2398212817744501.

Dzogang F, Lightman S, Cristianini N. 2018. Diurnal variations of psychometric indicators in
Twitter content. PLOS ONE 13(6):e0197002 DOI 10.1371/journal.pone.0197002.

Federal State Statistics Service (Russia). 2021. Population of the Russian Federation by gender
and age. Available at https://rosstat.gov.ru/compendium/document/13284.

FOM. 2022. Dominants. Field of Opinion. Available at https://media.fom.ru/fom-bd/d172022.pdf.

Gao Y, Li Y, Sun Y, Cai Z, Ma L, Pustišek M, Hu S. 2022. IEEE access special section: privacy
preservation for large-scale user data in social networks. IEEE Access 10:4374–4379
DOI 10.1109/ACCESS.2020.3036101.

GESIS. 2020. Population, countries & regions. Available at https://www.gesis.org/en/
eurobarometer-data-service/survey-series/standard-special-eb/population-countries-regions.

Golubev A, Loukachevitch N. 2021. Transfer learning for improving results on Russian sentiment
datasets. In: Computational Linguistics and Intellectual Technologies: Proceedings of the
International Conference Dialogue 2021. Moscow, Russia: Russian State University for the
Humanities, 268–277.

Hox JJ. 2017. Computational social science methodology, anyone?Methodology: European Journal
of Research Methods for the Behavioral and Social Sciences 13:3–12
DOI 10.1027/1614-2241/a000127.

Höchtl J, Parycek P, Schöllhammer R. 2016. Big data in the policy cycle: policy decision making in
the digital era. Journal of Organizational Computing and Electronic Commerce 26(1–2):147–169
DOI 10.1080/10919392.2015.1125187.

Iacus SM, Porro G, Salini S, Siletti E. 2017. How to exploit big data from social networks: a
subjective well-being indicator via Twitter. In: Statistics and Data Science: New Challenges, New
Generations (SIS 2017). Florence, Italy: Firenze University Press, 537–542.

Jakobi Á. 2017. Proximity-driven motives in the evolution of an online social network. In: Ivan I,
Singleton A, Horák J, Inspektor T, eds. The Rise of Big Spatial Data. Cham: Springer, 197–209.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 21/26

https://br-analytics.ru/blog/social-media-russia-2021/
http://dx.doi.org/10.14515/monitoring.2016.1.13
https://www.statista.com/statistics/1139302/russian-speaking-population-by-geographic-area/
https://www.statista.com/statistics/1139302/russian-speaking-population-by-geographic-area/
http://dx.doi.org/10.1016/j.chb.2007.04.004
http://dx.doi.org/10.1177/2398212817744501
http://dx.doi.org/10.1371/journal.pone.0197002
https://rosstat.gov.ru/compendium/document/13284
https://media.fom.ru/fom-bd/d172022.pdf
http://dx.doi.org/10.1109/ACCESS.2020.3036101
https://www.gesis.org/en/eurobarometer-data-service/survey-series/standard-special-eb/population-countries-regions
https://www.gesis.org/en/eurobarometer-data-service/survey-series/standard-special-eb/population-countries-regions
http://dx.doi.org/10.1027/1614-2241/a000127
http://dx.doi.org/10.1080/10919392.2015.1125187
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Kaganov V. 2021. The language policy of Russia and the positioning of the Russian language in the
world. Available at http://www.mcbs.ru/files/2017/Russkii_yazyk.pdf.

Kalabikhina IE, Banin EP, Abduselimova IA, Klimenko GA, Kolotusha AV. 2021. The
measurement of demographic temperature using the sentiment analysis of data from the social
network VKontakte. Mathematics 9(9):987 DOI 10.3390/math9090987.

Kapteyn A, Lee J, Tassot C, Vonkova H, Zamarro G. 2015. Dimensions of subjective well-being.
Social Indicators Research 123(3):625–660 DOI 10.1007/s11205-014-0753-0.

Kofanova E, Mchedlova M. 2010. Religiosity of Russians and Europeans. Monitoring of Public
Opinion: Economic and Social Changes Journal 96(2):208–238.

Koltsova OY, Alexeeva S, Kolcov S. 2016. An opinion word lexicon and a training dataset for
Russian sentiment analysis of social media. In: Computational Linguistics and Intellectual
Technologies: Proceedings of the International Conference Dialogue 2016. 277–287.

Koltsova O, Nagornyy O. 2019. Redefining media agendas: topic problematization in online reader
comments. Media and Communication 7(3):145–156 DOI 10.17645/mac.v7i3.1894.

Kostenetskiy P, Chulkevich R, Kozyrev V. 2021. HPC resources of the Higher School of
Economics. Journal of Physics: Conference Series 1740:12050
DOI 10.1088/1742-6596/1740/1/012050.

Kotelnikov E. 2021. Current landscape of the Russian sentiment corpora. In: Computational
Linguistics and Intellectual Technologies: Proceedings of the International Conference Dialogue
2021. Moscow, Russia: Russian State University for the Humanities, 433–444.

Kotelnikova A, Paschenko D, Razova E. 2021. Lexicon-based methods and BERT model for
sentiment analysis of Russian text corpora. In: CEUR Workshop Proceedings. 73–81.

Krueger AB, Schkade DA. 2008. The reliability of subjective well-being measures. Journal of Public
Economics 92(8–9):1833–1845 DOI 10.1016/j.jpubeco.2007.12.015.

Kuratov Y, Arkhipov M. 2019. Adaptation of deep bidirectional multilingual transformers for
Russian language. In: Computational Linguistics and Intellectual Technologies: Proceedings of the
International Conference Dialogue 2019. 18:Moscow, Russia: Russian State University for the
Humanities, 333–340.

Leetaru K. 2019. Is Twitter’s Spritzer stream really a nearly perfect 1% sample of its firehose?
Available at https://www.forbes.com/sites/kalevleetaru/2019/02/27/is-twitters-spritzer-stream-
really-a-nearly-perfect-1-sample-of-its-firehose.

Levin KA, Currie C. 2014. Reliability and validity of an adapted version of the Cantril Ladder for
use with adolescent samples. Social Indicators Research 119(2):1047–1063
DOI 10.1007/s11205-013-0507-4.

Litvinova T, Gudovskikh D, Sboev A, Seredin P, Litvinova O, Pisarevskaya D, Rosso P. 2017a.
Author gender prediction in Russian social media texts. In: CEUR Workshop Proceedings.
105–110.

Litvinova T, Litvinlova O, Zagorovskaya O, Seredin P, Sboev A, Romanchenko O. 2016.
RusPersonality: a Russian corpus for authorship profiling and deception detection. In: 2016
International FRUCT Conference on Intelligence, Social Media and Web (ISMW FRUCT).
Piscataway: IEEE, 1–7.

Litvinova T, Pardo FMR, Rosso P, Seredin P, Litvinova O. 2017b. Overview of the RUSProfiling
PAN at FIRE Track on cross-genre gender identification in Russian. In: Working Notes of FIRE
2017–Forum for Information Retrieval Evaluation. Bangalore, 1–7.

Loukachevitch N, Blinov P, Kotelnikov E, Rubtsova Y, Ivanov V, Tutubalina E. 2015.
SentiRuEval: testing object-oriented sentiment analysis systems in Russian. In: Computational

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 22/26

http://www.mcbs.ru/files/2017/Russkii_yazyk.pdf
http://dx.doi.org/10.3390/math9090987
http://dx.doi.org/10.1007/s11205-014-0753-0
http://dx.doi.org/10.17645/mac.v7i3.1894
http://dx.doi.org/10.1088/1742-6596/1740/1/012050
http://dx.doi.org/10.1016/j.jpubeco.2007.12.015
https://www.forbes.com/sites/kalevleetaru/2019/02/27/is-twitters-spritzer-stream-really-a-nearly-perfect-1-sample-of-its-firehose
https://www.forbes.com/sites/kalevleetaru/2019/02/27/is-twitters-spritzer-stream-really-a-nearly-perfect-1-sample-of-its-firehose
http://dx.doi.org/10.1007/s11205-013-0507-4
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Linguistics and Intellectual Technologies: Proceedings of the International Conference Dialogue
2015. Vol. 2. Moscow, Russia: Russian State University for the Humanities, 3–13.

Lucas RE. 2018. Reevaluating the strengths and weaknesses of self-report measures of subjective
well-being. In: Diener E, Oishi S, Tay L, eds. Handbook of Well-Being. Salt Lake City, UT: DEF
Publishers.

Lukashevich N, Rubtsova YV. 2016. SentiRuEval-2016: overcoming time gap and data sparsity in
tweet sentiment analysis. In: Computational Linguistics and Intellectual Technologies:
Proceedings of the International Conference Dialogue 2016. Moscow, Russia: Russian State
University for the Humanities, 416–426.

Markov I, Gómez-Adorno H, Sidorov G, Gelbukh A. 2017. The winning approach to cross-genre
gender identification in Russian at RUSProfiling 2017. In: CEUR Workshop Proceedings.

Medialogia. 2021. Publics in the social network VKontakte: 2021. Available at https://www.mlg.ru/
ratings/socmedia/vk/10828/.

Mozetič I, Grčar M, Smailovi�c J. 2016. Multilingual Twitter sentiment classification: the role of
human annotators. PLOS ONE 11(5):e0155036 DOI 10.1371/journal.pone.0155036.

Németh R, Koltai J. 2021. The potential of automated text analytics in social knowledge building.
Cham: Springer International Publishing, 49–70.

Odnoklassniki. 2021.OKmediakit 2022. Available at https://cloud.mail.ru/public/5P13/bN2sSzrBs.

Panchenko A. 2014. Sentiment index of the Russian speaking Facebook. In: Computational
Linguistics and Intellectual Technologies: Proceedings of the International Conference Dialogue
2014. 13:Moscow, Russia: Russian State University for the Humanities, 506–517.

Panchenko A, Teterin A. 2014. Detecting gender by full name: experiments with the Russian
language. In: International Conference on Analysis of Images, Social Networks and Texts. Cham:
Springer, 169–182.

Pavliy B, Lewis J. 2016. The performance of Twitter’s language detection algorithm and Google’s
Compact Language Detector on language detection in Ukrainian and Russian tweets. Bulletin of
Toyama University of International Studies 8:99–106.

Pontiki M, Galanis D, Papageorgiou H, Androutsopoulos I, Manandhar S, AL-Smadi M,
Al-Ayyoub M, Zhao Y, Qin B, De Clercq O, Hoste V, Apidianaki M, Tannier X,
Loukachevitch N, Kotelnikov E, Bel N, Jiménez-Zafra SM, Eryigit G. 2016. SemEval-2016
task 5: aspect based sentiment analysis. In: Proceedings of the 10th International Workshop on
Semantic Evaluation (SemEval-2016). San Diego, California: Association for Computational
Linguistics, 19–30.

Posevkin R, Bessmertny I. 2015. Texts sentiment-analysis application for public opinion
assessment. Scientific and Technical Journal of Information Technologies Mechanics and Optics
15(1):169–171 DOI 10.17586/2226-1494-2015-15-1-169-171.

Prata DN, Soares KP, Silva MA, Trevisan DQ, Letouze P. 2016. Social data analysis of Brazilian’s
mood from Twitter. International Journal of Social Science and Humanity 6(3):179–183
DOI 10.7763/IJSSH.2016.V6.640.

Qi J, Fu X, Zhu G. 2015. Subjective well-being measurement based on Chinese grassroots blog text
sentiment analysis. Information & Management 52(7):859–869 DOI 10.1016/j.im.2015.06.002.

Radford A, Wu J, Child R, Luan D, Amodei D, Sutskever I. 2019. Language models are
unsupervised multitask learners. OpenAI Blog 1(8):9.

Ridhwan KM, Hargreaves CA. 2021. Leveraging Twitter data to understand public sentiment for
the COVID-19 outbreak in Singapore. International Journal of Information Management Data
Insights 1(2):100021 DOI 10.1016/j.jjimei.2021.100021.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 23/26

https://www.mlg.ru/ratings/socmedia/vk/10828/
https://www.mlg.ru/ratings/socmedia/vk/10828/
http://dx.doi.org/10.1371/journal.pone.0155036
https://cloud.mail.ru/public/5P13/bN2sSzrBs
http://dx.doi.org/10.17586/2226-1494-2015-15-1-169-171
http://dx.doi.org/10.7763/IJSSH.2016.V6.640
http://dx.doi.org/10.1016/j.im.2015.06.002
http://dx.doi.org/10.1016/j.jjimei.2021.100021
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Rimé B, Bouchat P, Paquot L, Giglio L. 2020. Intrapersonal, interpersonal, and social outcomes of
the social sharing of emotion. Current Opinion in Psychology 31:127–134
DOI 10.1016/j.copsyc.2019.08.024.

Rimé B, Mesquita B, Boca S, Philippot P. 1991. Beyond the emotional event: six studies on the
social sharing of emotion. Cognition & Emotion 5(5–6):435–465
DOI 10.1080/02699939108411052.

Rodionova L. 2015. Age characteristics of the happy life in Russia and Europe: the econometric
approach. Applied Econometrics 40(4):64–83.

Rogers A, Romanov A, Rumshisky A, Volkova S, Gronas M, Gribov A. 2018. RuSentiment: an
enriched sentiment analysis dataset for social media in Russian. In: Proceedings of the 27th
International Conference on Computational Linguistics. Santa Fe, New Mexico, USA:
Association for Computational Linguistics, 755–763.

Rubtsova Y. 2013. A method for development and analysis of short text corpus for the review
classification task. In: Conference on Digital Libraries: Advanced Methods and Technologies,
Digital Collections (RCDL’2013). 269–275.

Sberbank. 2021. Second only to humans: SberDevices language models best in the world at Russian
text comprehension. Available at https://www.sberbank.com/news-and-media/press-releases/
article?newsID=db5b6ba1-f5d1-4302-ba72-18c717c650f3&blockID=7&regionID=77&lang=en
&type=NEWS.

Sboev A, Moloshnikov I, Rybka R, Gryaznov A. 2019.Generative-discriminative neural model for
solving the task of determining of author’s gender with limited training sets. In: International
Conference Dynamics. 2019. Yaroslavl. Yaroslavl, Russia: Yaroslavl Demidov State University,
91–93.

Shavrina T, Fenogenova A, Anton E, Shevelev D, Artemova E, Malykh V, Mikhailov V,
Tikhonova M, Chertok A, Evlampiev A. 2020. RussianSuperGLUE: a Russian language
understanding evaluation benchmark. In: Proceedings of the 2020 Conference on Empirical
Methods in Natural Language Processing (EMNLP). Online: Association for Computational
Linguistics, 4717–4726.

Shchekotin E, Myagkov M, Goiko V, Kashpur V, Kovarzh G. 2020. Subjective measurement of
population ill-being/well-being in the Russian regions based on social media data.Monitoring of
Public Opinion: Economic and Social Changes 155(1):78–116
DOI 10.14515/monitoring.2020.1.05.

Sloan L, Morgan J. 2015.Who tweets with their location? Understanding the relationship between
demographic characteristics and the use of geoservices and geotagging on Twitter. PLOS ONE
10(11):e0142209 DOI 10.1371/journal.pone.0142209.

Sloan L, Morgan J, Housley W, Williams M, Edwards A, Burnap P, Rana O. 2013. Knowing the
tweeters: deriving sociologically relevant demographics from Twitter. Sociological Research
Online 18(3):74–84 DOI 10.5153/sro.3001.

Smetanin S. 2017. The program for public mood monitoring through Twitter content in Russia.
Proceedings of the Institute for System Programming of the RAS 29(4):315–324
DOI 10.15514/ISPRAS-2017-29(4)-22.

Smetanin S. 2020. The applications of sentiment analysis for Russian language texts: current
challenges and future perspectives. IEEE Access 8:110693–110719
DOI 10.1109/ACCESS.2020.3002215.

Smetanin S. 2022a. Pulse of the nation: observable subjective well-being in Russia inferred from
social network Odnoklassniki. Mathematics 10(16):2947 DOI 10.3390/math10162947.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 24/26

http://dx.doi.org/10.1016/j.copsyc.2019.08.024
http://dx.doi.org/10.1080/02699939108411052
https://www.sberbank.com/news-and-media/press-releases/article?newsID=db5b6ba1-f5d1-4302-ba72-18c717c650f3&blockID=7&regionID=77&lang=en&type=NEWS
https://www.sberbank.com/news-and-media/press-releases/article?newsID=db5b6ba1-f5d1-4302-ba72-18c717c650f3&blockID=7&regionID=77&lang=en&type=NEWS
https://www.sberbank.com/news-and-media/press-releases/article?newsID=db5b6ba1-f5d1-4302-ba72-18c717c650f3&blockID=7&regionID=77&lang=en&type=NEWS
http://dx.doi.org/10.14515/monitoring.2020.1.05
http://dx.doi.org/10.1371/journal.pone.0142209
http://dx.doi.org/10.5153/sro.3001
http://dx.doi.org/10.15514/ISPRAS-2017-29(4)-22
http://dx.doi.org/10.1109/ACCESS.2020.3002215
http://dx.doi.org/10.3390/math10162947
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


Smetanin S. 2022b. RuSentiTweet: a sentiment analysis dataset of general domain tweets in
Russian. PeerJ Computer Science 8(4):e1039 DOI 10.7717/peerj-cs.1039.

Smetanin S, Komarov M. 2021. Deep transfer learning baselines for sentiment analysis in Russian.
Information Processing & Management 58(3):102484 DOI 10.1016/j.ipm.2020.102484.

Smetanin S, Komarov M. 2022.Misclassification bias in computational social science: a simulation
approach for assessing the impact of classification errors on social indicators research. IEEE
Access 10:18886–18898 DOI 10.1109/ACCESS.2022.3149897.

Stock WA, Okun MA, Benito JAG. 1994. Subjective well-being measures: reliability and validity
among Spanish elders. The International Journal of Aging and Human Development
38(3):221–235 DOI 10.2190/MGGY-KFN3-M4YR-DFN4.

Svetlov K, Platonov K. 2019. Sentiment analysis of posts and comments in the accounts of Russian
politicians on the social network. In: 2019 25th Conference of Open Innovations Association
(FRUCT). Picataway: IEEE, 299–305.

Sydorenko V, Kravchenko S, Rychok Y, Zeman K. 2020. Method of classification of tonal
estimations time series in problems of intellectual analysis of text content. Transportation
Research Procedia 44:102–109 DOI 10.1016/j.trpro.2020.02.015.

Tolmachev V. 2019. Defining of the demography of a social network user based on a social graph.
Colloquium-Journal 13(2):320–321.

Trotsuk I, Grebneva V. 2019. Possibilities and limitations of the key methodological approaches to
the study of happiness.Moscow State University Bulletin. Series 18. Sociology and Political Science
18(3):7–35 DOI 10.24290/1029-3736-2019-25-3-7-35.

VCIOM. 2004. May 1st: labor Day or just a day off? Available at https://wciom.ru/analytical-
reviews/analiticheskii-obzor/1-maya-prazdnik-truda-ili-dopolnitelnyj-vykhodnoj.

VCIOM. 2018. Holiday calendar: what do Russians celebrate? Available at https://wciom.ru/
analytical-reviews/analiticheskii-obzor/kalendar-prazdnikov-chto-otmechayut-rossiyane.

VCIOM. 2019a. Halloween: alien holiday. Available at https://wciom.ru/analytical-reviews/
analiticheskii-obzor/khellouin-chuzhoj-prazdnik.

VCIOM. 2019b. May 1st: labor Dat or extra day off? Available at https://wciom.ru/analytical-
reviews/analiticheskii-obzor/pervoe-maya-den-trudyashhikhsya-ili-prosto-vykhodnoj-.

VCIOM. 2022. Happiness index. Available at https://wciom.ru/ratings/indeks-schastja.

Vermeulen A, Vandebosch H, HeirmanW. 2018. #Smiling, #venting, or both? Adolescent’s social
sharing of emotions on social media. Computers in Human Behavior 84:211–219
DOI 10.1016/j.chb.2018.02.022.

Volovikova M. 2018. The holidays of Russian youth: the socio-psychological study. Institute of
Psychology Russian Academy of Sciences. Social and Economic Psychology 3(4):31–42.

Wang D, Al-Rubaie A, Hirsch B, Pole GC. 2021. National happiness index monitoring using
Twitter for bilanguages. Social Network Analysis and Mining 11(1):1–18
DOI 10.1007/s13278-021-00728-0.

Wang Y, Callan J, Zheng B. 2015. Should we use the sample? Analyzing datasets sampled from
Twitter’s stream API. ACM Transactions on the Web (TWEB) 9(3):1–23 DOI 10.1145/2746366.

Wolf T, Debut L, Sanh V, Chaumond J, Delangue C, Moi A, Cistac P, Rault T, Louf R,
Funtowicz M, Davison J, Shleifer S, von Platen P, Ma C, Jernite Y, Plu J, Xu C, Scao TL,
Gugger S, Drame M, Lhoest Q, Rush AM. 2020. Transformers: state-of-the-art natural
language processing. In: Proceedings of the 2020 Conference on Empirical Methods in Natural
Language Processing: System Demonstrations. Online: Association for Computational
Linguistics, 38–45.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 25/26

http://dx.doi.org/10.7717/peerj-cs.1039
http://dx.doi.org/10.1016/j.ipm.2020.102484
http://dx.doi.org/10.1109/ACCESS.2022.3149897
http://dx.doi.org/10.2190/MGGY-KFN3-M4YR-DFN4
http://dx.doi.org/10.1016/j.trpro.2020.02.015
http://dx.doi.org/10.24290/1029-3736-2019-25-3-7-35
https://wciom.ru/analytical-reviews/analiticheskii-obzor/1-maya-prazdnik-truda-ili-dopolnitelnyj-vykhodnoj
https://wciom.ru/analytical-reviews/analiticheskii-obzor/1-maya-prazdnik-truda-ili-dopolnitelnyj-vykhodnoj
https://wciom.ru/analytical-reviews/analiticheskii-obzor/kalendar-prazdnikov-chto-otmechayut-rossiyane
https://wciom.ru/analytical-reviews/analiticheskii-obzor/kalendar-prazdnikov-chto-otmechayut-rossiyane
https://wciom.ru/analytical-reviews/analiticheskii-obzor/khellouin-chuzhoj-prazdnik
https://wciom.ru/analytical-reviews/analiticheskii-obzor/khellouin-chuzhoj-prazdnik
https://wciom.ru/analytical-reviews/analiticheskii-obzor/pervoe-maya-den-trudyashhikhsya-ili-prosto-vykhodnoj-
https://wciom.ru/analytical-reviews/analiticheskii-obzor/pervoe-maya-den-trudyashhikhsya-ili-prosto-vykhodnoj-
https://wciom.ru/ratings/indeks-schastja
http://dx.doi.org/10.1016/j.chb.2018.02.022
http://dx.doi.org/10.1007/s13278-021-00728-0
http://dx.doi.org/10.1145/2746366
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/


World Food Programme. 2017. Introduction to post-stratification. Available at https://docs.wfp.
org/api/documents/WFP-0000121326/download/.

WWS. 2020. Fieldwork and sampling. Available at https://www.worldvaluessurvey.org/
WVSContents.jsp?CMSID=FieldworkSampling&CMSID=FieldworkSampling.

Zhuang L, Wayne L, Ya S, Jun Z. 2021. A robustly optimized BERT pre-training approach with
post-training. In: Proceedings of the 20th Chinese National Conference on Computational
Linguistics. Huhhot, China: Chinese Information Processing Society of China, 1218–1227.

Smetanin and Komarov (2022), PeerJ Comput. Sci., DOI 10.7717/peerj-cs.1181 26/26

https://docs.wfp.org/api/documents/WFP-0000121326/download/
https://docs.wfp.org/api/documents/WFP-0000121326/download/
https://www.worldvaluessurvey.org/WVSContents.jsp?CMSID=FieldworkSampling&CMSID=FieldworkSampling
https://www.worldvaluessurvey.org/WVSContents.jsp?CMSID=FieldworkSampling&CMSID=FieldworkSampling
http://dx.doi.org/10.7717/peerj-cs.1181
https://peerj.com/computer-science/

	The voice of Twitter: observable subjective well-being inferred from tweets in Russian
	Introduction
	Related work
	Data
	Sentiment analysis
	Observable subjective well-being in russian-speaking twitter
	Results and discussion
	Conculsions
	Appendix
	flink9
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


