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Abstract. Based on VKontakte data, we study the influence of various factors on the dynam-

ics of opinions and actions both at the macro level (“public opinion”) and at the micro level 

(the opinions and actions of individual agents). Primary analysis results are presented for the 

dynamics of opinions and actions of agents in this social network. In particular, the growing 

polarization of opinions at the macro level is detected; changes in the opinions of agents 

over time are observed; socio-demographic characteristics of agents who changed their opin-

ions are determined; a good consistency between the opinions and actions of agents is re-

vealed; finally, an explicit relationship between the opinions and actions of agents is estab-

lished.  
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formation. 
 

 

 

INTRODUCTION  

Since the 1950s, researchers have been developing 

mathematical models of opinion dynamics to explain 

changes in the beliefs of individuals (agents) under the 

influence of socio-psychological factors; for example, 

we refer to the publications [1–12] on the subject. In 

parallel, the same effects have been studied in social 

psychology; see [13–15], etc. 

These investigations are still topical today, particu-

larly due to the rapid development of online social 

media, where information processes significantly in-

fluence the political, economic, and social life of soci-

ety. For example, under uncertainty and no 

knowledge, the inaccurate information about the 

measures to combat the COVID-19 pandemic, which 

was once disseminated by reputable but often incom-

petent social networkers, caused a destructive infor-

mation agenda and undermined the effectiveness of 

pandemic  control  efforts  through  changing  the  beliefs 
  
 

________________________________ 
1 This research was partially supported by the Russian Science 

Foundation, project no. 23-21-00408 (D.A. Gubanov). 

of network users [16]. At the same time, mathematical 

models of opinion and action dynamics can be used to 

predict changes in public beliefs and develop neces-

sary strategies to protect public health. However, the 

identification of such models is a complex interdisci-

plinary task. 

In this paper, the basic model is the mathematical 

model of the joint dynamics of opinions and actions of 

the agents proposed in [17]. As an “empirical base” 

we adopt the posts, comments, and likes in VKontakte, 

a popular online social network, on wearing medical 

masks that appeared from March 2020 to February 

2021 inclusive. An opinion is conventionally interpret-

ed as the “tone” of an agent’s comment, as assessed by 

an automatic classifier; an action is conventionally
2
 

                                                           
2 Of course, commenting and liking are inherently actions. (Within 

the actional approach [1, 3], different types of actions and relations 

between them underlie modeling and the analysis of information 

processes in a network.) Therefore, the separation of opinions 

(comments) and actions (likes) has an obvious alternative, i.e., the 

introduction of hidden variables (opinions) and their identification 

by observable “actions” (comments and likes) within hidden Mar-

kov models, Bayesian networks, etc. Such approaches seem prom-

ising and the corresponding models will be considered in part III 

of the study. 

http://doi.org/10.25728/cs.2023.2.4
mailto:dmitry.a.g@gmail.com
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interpreted as the tone of a comment with an agent’s 

like. 

This multi-part study attempts to answer the fol-

lowing questions: 

1) How consistent are the opinions and actions of 

agents with each other? 

2) Do agents change their opinions and actions 

over time?  

3) Who are these (opinion- and action-changing) 

agents? Do they differ from others in their socio-

demographic characteristics? 

4) Which models better describe the dynamics of 

the opinions and actions of agents (linear, threshold, 

etc.)? 

5) Are the influence of actions on opinions (cog-

nitive dissonance) and the converse effect significant? 

6) Under which factors do the opinions and ac-

tions of agents change? Among such factors, we con-

sider:  

 the agent’s previous opinions or (and) actions; 

 social influence: 

– public opinion (the averaged shares of cer-

tain opinions and actions of the entire social net-

work, i.e., the so-called macro model, where the 

network is conventionally treated as one agent); 

– the opinions or (and) actions of the agent’s 

environment (the agents with the friendship rela-

tion to a given agent), i.e., the averaged and (or) 

individual ones (the so-called micro model); 

 some unobservable (latent) characteristics of 

the agent. 

7) Does an agent’s change in the opinion (action) 

depend on his trust in the source of information? Does 

it depend on the content of that information? 

Question no. 6 has the highest complexity: to an-

swer, we need to analyze all combinations of explana-

tory variables and order the models with a fixed num-

ber of variables by the maximum reduction of the pre-

diction error of the explained variable. 

In part I, we examine the dynamics of real opinions 

and actions of agents concerning their attitude toward 

wearing medical masks in VKontakte as an example. 

The remainder of this paper is organized as follows. 

Section 1 describes the initial data. In Section 2, we 

propose an approach to identifying agents’ opinions in 

the network based on deep learning methods. Section 

3 characterizes the dynamics of opinions and actions 

at the macro level (how much support individual users 

and the entire online community have for wearing 

medical masks, how much public opinion changes 

over time, etc.) as well as the features of information 

interaction between agents. Finally, the resulting rela-

tionship between the opinions and actions of social 

network agents is presented and analyzed in Section 4. 

Thus, the paper provides answers to Questions nos. 1– 

3. Parts II and III of the study will deal with the identi-

fication of macro and micro models of the joint dy-

namics of opinions and actions to answer Questions 

nos. 4–7. 

1. ANALYSIS OF NETWORK INTERACTIONS: INITIAL 

DATA AND KEY FACTORS  

The objects of the media landscape under consid-

eration are information sources and users of VKon-

takte. Information sources publish news covering vari-

ous aspects of the COVID-19 pandemic and influence 

network users. Network users (hereinafter referred to 

as “agents”) respond to the messages of information 

sources and perform actions in the network according 

to their interests and opinions (comment and like), 

interacting with each other. 

The data were collected for the information 

sources selected by experts based on the Medialogy’s 

rating; see https://www.mlg.ru/. All sources have 

VKontakte pages and publish news on topics of public 

importance: RIA Novosti (2.9 million subscribers), RT 

News (1.3 million subscribers), Komsomol’skaya 

Pravda (1.1 million subscribers), RBC (0.9 million 

subscribers), TSARGRAD TV (0.7 million subscribers), 

Moscow 24 (0.5 million subscribers), Yekaterinburg 

News E1RU (0.3 million subscribers), Snob (0.3 mil-

lion subscribers), Fontanka.ru (0.3 million subscrib-

ers), Gazeta.ru (0.2 million subscribers), and Interfax 

(0.1 million subscribers). 

We considered and analyzed the posts of these 

sources on COVID-19 (over 60 thousand posts) and 

the network response to them for the period from 

March 1, 2020, to March 1, 2021, (over 2 million 

comments to the posts and over 7 million likes to the 

posts and comments). A detailed description of the 

data collection approach can be found in the papers 

[18, 19], including some analysis results of network 

user activity.
3
 Then the comments and likes directly 

related to wearing medical masks were identified. 

In view of the initial data, we formalize the de-

scriptive factors of the online social network needed to 

analyze and identify the models of the joint dynamics 

of opinions and actions. According to [1, 3], let the 

network participants be agents from a set N = {1, 2,  

..., n}. They commit some acts
4
 from a fixed set

                                                           
3 The data were collected within project 20-04-60296 supported by 

the Russian Foundation for Basic Research. We are grateful to 

E.V. Belyavskii and I.V. Kozitsin for their data collection efforts. 
4 The term “action” used in [3] is replaced here by “act” to avoid 

confusion with actions in models of the joint dynamics of opinions 

and actions. 

https://www.mlg.ru/
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K = {1, 2, ..., k} at certain time instants t of an interval 

T. Our considerations are restricted to the following 

types of acts (K = {1, 2}): 

– publishing a comment on a post or another com-

ment, 

– liking a comment. 

We denote by Δ the set of acts.
5
 Each act a  Δ is 

described by three parameters: the agent who commit-

ted it, the type of the act, and the time instant when it 

was committed. We introduce the following functions 

to characterize acts:  

 fa: Δ → N, associating with each act a  Δ the 

agent i N who committed it; 

 ft: Δ → T, associating with each act a  Δ the 

time instant t  T when it was committed; 

 fk: Δ → K, associating with each act a  Δ its 

type j  K. 

On the set of acts, we define a binary partial-order 

relation of the form “a causes b”: a b. If a b, a  

b, and there does not exist c  Δ such that a c and 

c b, then a is the direct cause of b: a ↓ b. The binary 

relation a b is supposed to hold in the following 

cases: 

 a is a comment and b is a like to it. 

 a is a comment and b is a comment on it. 

 a and b coincide. 

For each agent i  N, we define the set of all his 

acts ( )δ { Δ | }i aa f a i    and the set of his friends  

Ni ⊆ N. (The formal “friendship” relation in an online 

social network implies that an agent can receive in-

formation about the comments posted by his friends, 

the likes they give, etc.). 

Opinions and actions. When modeling the joint 

dynamics of opinions and actions, we conventionally 

interpret the agent’s opinion as his attitude to wearing 

medical masks, expressed in a comment. 

The agent’s opinion in a comment Δb  (fk(b) = 

1) is formally defined in three ways as follows: 

  ' 0, 1,  2r  , where the classification results 

0, 1, and 2 correspond to “against masks” (or “–”), 

“for masks” (or “+”), and “neutral/irrelevant” (or “=”). 

This result is determined using the stochastic vector  

 ,  , p p p    
calculated by the classifier. In machine 

learning, the components of such a vector are inter-

preted as the probabilities of the object’s belonging to 

appropriate classes. 

                                                           
5 The set of relevant comments on wearing medical masks (see 

Section 2) and their likes. 
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, where r = 1 and r = –1 

indicate strong confidence in expressing the “for 

masks” opinion (the “against masks” opinion, respec-

tively). Note that either r' = 0 or r' = 1 for this com-

ment.  

Let a like to some comment be an action as well; 

its assessment coincides with that of the corresponding 

comment liked:  ' 0, 1, 2y  ,  '' 0,1y  , and

[ 1,1]y  . For example, for a like Δa , 

'( ) '( )y a r b , where b is the corresponding comment 

liked (i.e., b a ). To simplify further notations, we 

adopt the conventions ( ) '( )r a y a , ( ) ''( )r a y a , 

and ( ) ( )r а y а . Assume that the instant of liking co-

incides with the instant of publishing the correspond-

ing comment liked.  

The agent’s position is an aggregate characteristic 

of the agent that reflects his attitude to wearing medi-

cal masks. We consider only the position si of agent i 

for which there exists δ ,ia '( ) {0, 1},r а   such that 
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 is the aver-

age of his opinions and the actions “for” and 

“against.” In what follows, we choose 0.05 . 

2. IDENTIFICATION OF AGENTS’ OPINIONS 

The opinions of agents were determined based on 

their comments on COVID-19 posts containing the 

keywords “mask,” “muzzle,” and their derivatives 

(about 60 thousand comments). 

Such comments were subjected to preliminary au-

tomatic text processing, particularly to remove refer-

ences to the interlocutor and Internet addresses. Part of 

the collected sample (approximately 10 thousand 

comments) was labeled by experts: each comment was 

given an appropriate-class label reflecting the attitude 

to the masks: “0” (“against”), “1” (“for”), or “2” 
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(“neutral”). Here are labeled examples (the original 

spelling and punctuation are preserved): “Well we see 

the stats and so keep wearing masks and all that stuff” 

(for masks), “I go without a mask. I am a COVID dis-

sident” (against masks), “He speaks funnily about 

masks in Russia” (neutral/irrelevant). 

To solve the classification problem, we developed 

a neural network classifier based on the pre-trained 

BERT language model (Conversational RuBERT) 

[20]. In addition to the BERT layer, its architecture 

includes additional fully connected layers, dropout 

layers, and a softmax layer. Note the socio-

psychological studies of social network users during 

the COVID-19 pandemic [21–24], which are close to 

this problem. However, first, we identified the opin-

ions of network users instead of, e.g., emotions or hate 

speech and, second, solved the problem for a large 

target data sample. 

The labeled sample was subjected to transfor-

mations. After its random shuffle, the training (90%), 

validation (5%), and test (5%) samples were formed. 

The classes were balanced using weights to compen-

sate the volume of a certain opinion class: the more 

examples were contained in a class, the smaller weight 

the class examples had in the loss function minimized 

by training. Then we found the hyperparameters of the 

classifier with the maximum quality value on the vali-

dation sample under the resource constraints: 192 to-

kens as the maximum input sequence length, 16 ex-

amples as the size of the training packet, and 7 training 

epochs. As a result, the quality value of the trained 

classifier (accuracy) on the test sample was 0.82. (For 

each class, the value of the measure F1 was not less 

than 0.7.) For comparison, the baseline classifier (the 

logistic regression) showed an accuracy of 0.6 on the 

test sample after finding the optimal values of hy-

perparameters on the validation sample. 

The trained classifier was applied to the entire da-

taset of mask-relevant comments. 

3. STUDY OF THE OPINIONS AND ACTIONS OF AGENTS 

This section is organized as follows. Subsection 

3.1 presents the characteristics of social network 

agents with a position on the masks (the socio-

demographic characteristics of agents as well as the 

characteristics of their opinions and actions). Subsec-

tion 3.2 is devoted to the dynamics of opinions and 

actions at the macro level (the shares of agents with a 

certain opinion, without analyzing the opinions of in-

dividual agents) and the connection with exogenous 

factors and trends. Subsection 3.3 considers the struc-

ture of information interaction between agents in the 

network: the characteristics of this structure, the in-

formation interaction preferences of agents, and the 

existence of isolated information communities. 

 

3.1 The characteristics of agents 

This subsection considers agents with a position 

(i.e., {0, 1, 2}is   for agent i) who expressed at least 

one opinion. The classifier determined a total of 16 

thousand such agents who expressed their opinions in 

50 thousand comments (including 38 thousand “for” 

or “against” opinions). 

For the entire period under examination, the share 

of agents with the “for” position was 56%; “against,” 

37%; “neutral,” 7%. However, only half of the agents 

(8 thousand) provided information in social network 

profiles (i.e., their profiles were not closed or deleted). 

For these agents, the proportions slightly changed to 

wearing masks: 58% “for,” 35% “against,” and 7% 

“neutral.” Socio-demographic indicators (gender, age, 

country, and city) were analyzed for the agents with 

accessible profiles. 

Gender and age of agents. The distribution of 

agents by gender is shown in Fig. 1. Among the agents 

with the “against” position, there was a high share of 

males (61%) compared to the proportion of males 

among the agents with the “for” position (51%). 

Information about the day and month of birth was 

provided by 73% of the agents; the year of birth, by 

only 46% of the agents. The distribution of agents by 

age is shown in Fig. 2. (The age was defined as of 

March 1, 2020. The age category was determined 

based on the theory of generations [25]: the average 

life expectancy is 80 years, and it consists of four pe-

riods of about 20 years: childhood → youth → middle 

age → old age.) 

For the agents with the “against” position, the 

share of older age groups was higher (19.2% in cate-

gory 41–60 and 7.2% in category 60+) than for the 

agents with the “for” position (15.2% in category 41–

60 and 6.9% in category 60+). 

The geographical location of agents. The majori-

ty of agents were from Russia (79%), and Ukraine and 

Belarus completed the top three countries. (15% of 

agents did not specify the country.) Approximately the 

same distribution was observed for agents with a fixed 

position. 
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Fig. 1. The distribution of agents with a given position by gender. 

 

 
 

 
 

Fig. 2. The distribution of agents with a given position by age category. 

 

 

The city of residence was specified for 75% of 

agents; see the distribution in Fig. 3.  

 
 

 

 
Fig. 3. The distribution of agents with a given position by city. 

According to this figure, the first three cities are 

Moscow, St. Petersburg, and Yekaterinburg. Among 

the agents with the “for” position, there were more 

residents of St. Petersburg; among those with the 

“against” position, there were more residents of Mos-

cow. 

The opinions and actions of agents. From the 

study of socio-demographic characteristics, we pro-

ceed to the direct analysis of the opinions and actions 

of the agents with a position. 

The distribution of agents by the number of “for” 

and “against” opinions is shown in Fig. 4. The sample 

contained 14.4 thousand agents with a position. On 

average, an agent with the “for” or “against” opinion 

made 1.1 comments for wearing masks and 1.5 com-

ments against them during the period under considera-

tion. In other words, the activity in expressing opin-

ions was low: 79% of agents commented “for” or 

“against” at most twice. 



 

 
 

 

 
 

36 CONTROL SCIENCES  No. 2 ● 2023  

CONTROL IN SOCIAL AND ECONOMIC SYSTEMS 

 

 
Fig. 4. The distribution of agents by the number of opinions expressed.  

 
About 125 thousand likes (84.5 thousand “against” 

and 40.8 thousand “for”) were given to comments with 

the “for” or “against” opinion by 44 thousand agents. 

(About a third of the likes were given by 6 thousand 

agents who expressed the “for” or “against” opinion in 

the comments.) On average, such an agent left 1.9 

“against” likes and 0.9 “for” likes. Thus, likers were 

not very active as well (Fig. 5): 79% of the agents per-

formed no more than two “for” or “against” actions.  

 
 

 

 
Fig. 5. The distribution of agents by the number of actions. 

 
Of interest is the time interval between successive 

expressions of the agents’ opinions in the comments or 

the “probability”
6
 of expressing an opinion again with-

in a certain period (Fig. 6). As it turned out, if an agent 

expressed an opinion again, he did so with the follow- 

                                                           
6 Here the “probability” is the share of cases falling in a selected 
time interval (i.e., an estimated probability). 

 

 
Fig. 6. The estimated probability of expressing an opinion again 

depending on the time interval. The blue graph is the approximation by 

the power function. 

 

ing probabilities: 0.5 within a day, 0.7 within a week, 

and 0.8 within three weeks. 
This result can be easily explained: an agent is in-

volved in discussing new information occasions; as a 

rule, one occasion is discussed during a day, and the 

agents involved in the discussion can express their 

opinions more than once. 

 

3.2 The dynamics of “public” opinion in the network 

Let us consider the dynamics of discussions at 

the macro level. Figure 7 shows the dynamics of the 

number of agents’ opinions on wearing masks (the 

assessments of comments). The data were smoothened 

using the 3-day moving average. 

On average, the agents posted 42 “for” comments 

per day (a median of 30, a maximum of 272), 59 

“against” comments (a median of 41, a maximum of 

419), and 46 neutral/irrelevant comments (a median of 

26, a maximum of 409). The peaks of activity come at 

the moments of restrictions. In particular, on March 

25, 2020, President Vladimir Putin addressed Russians 

and announced the introduction of the first off-work 

period due to COVID-19; in October 2020, repeated 

restrictions were introduced in response to the growing 

incidence (e.g., access to entertainment venues was 

restricted on October 19). Of course, another explana-

tion is possible: agents’ activity was connected with 

the objective picture of COVID-19 incidence in the 

Russian Federation. To test such a hypothesis, we 

analyzed the incidence dynamics in the Russian Fed-

eration based on the Johns Hopkins University data 

[26]; see the graph in Fig. 8. 
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Fig. 7. The dynamics of activity on the issue of wearing masks in VKontakte: (a) the number of posts7 and (b) the number of comments. 

 

 

 

 
Fig. 8. The dynamics of COVID-19 incidence in the Russian 

Federation. 

 

On average, there were 11.5 thousand cases per 

day (a median of 8.8 thousand and a maximum of 29.0 

thousand) in the Russian Federation during the period 

under consideration. Pearson’s correlation between 

incidence and the number of “for” opinions is 0.1 (a 

maximum of 0.5 is reached at a lag of 45 days, too 

large for a meaningful explanation); between inci-

dence and the number of “against” opinions, 0.3 (a 

maximum of 0.7 is achieved at a lag of 45 days); be-

tween incidence and the number of “neu-

tral/irrelevant” opinions, –0.3 (–0.2 at a lag of 38 

days). Note the correlation between positive and nega-

tive (0.9), positive and neutral (0.6), and negative and 

neutral (0.4) messages. Consequently, the social net-

work activity on the “mask issue” is most likely indi-

rectly related with COVID-19 incidence. To a higher 

degree, it is determined by informational events, in-

cluding the agenda set by public authorities: e.g., the 

measures to combat the pandemic. 

How did attitudes to wearing masks change over 

time? As it turned out, the share of “against” opinions 

increased (Fig. 9a): by 21% in one year. The share of 

“against” actions changed even more (Fig. 9b): by 

23% in one year.  

At the same time, the share of “for” and “against” 

opinions increased in the total number of relevant 

opinions: it increased by 30% in one year. The share 

of “for” and “against” actions also increased (by 36%). 

In other words, we observe the growing polarization 

in the network. 
__________________________ 
7 According the random check results, the posts of information sources were neutral on the issue of wearing masks. 
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Fig. 9. The shares of: (a) “for” opinions (green area) and “against” opinions (red area) and (b) “for” actions and “against” actions. 

 

3.3 The information interaction of agents 

For the agents who responded to the posts of in-

formation sources, we construct the following net-

works of information interactions: 

 G , the comments–likes network; 

 GC, the comments network; 

 GL, the likes network. 

The network G is connected, it consists of 955 

thousand nodes and 5216 thousand interaction links. 

The network GC has 878 thousand comment links, and 

the network GL has 4522 thousand like links. 

The distribution of agents of the network G by de-

grees is shown in Fig. 10. Note the power-law nature 

of the dependence. The slope of the “straight line” dif-

fers for the in-degrees ( d 
) and out-degrees ( d 

): a 

considerable number of agents have high “populari-

ty” (the distribution of d 
); at the same time, there 

are significantly fewer agents with large “activity” 

(the distribution of d 
). The densities of degrees are 

demonstrated in Fig. 10b and c. Also, the empirical 

density was approximated by known heavy-tailed dis-

tributions (the power law  f x x  and the power 

law with an exponential cutoff   xf x x e  , as the 

most appropriate ones). The power law, especially 

with cutoff, describes well the popularity of agents but 

not their activity.  

What are the peculiarities of interaction between 

agents with different positions on wearing medical 
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masks? Let us define an agent’s position as the aver-

age of the opinions expressed in his actions (see the 

notations in subsection 3.1). According to Fig. 11, for 

the most part, agents take polar positions (even after 

eliminating the agents who committed a single act 

with the “for” or “against” opinion). 

The natural question arises: do agents prefer to in-

teract with like-minded persons? The answer is im-

portant for assessing the informational influence of the 

environment on opinions in the network. 
 

 

 

 
Fig. 10. The distribution of agents in the network: (a) by in-degree d– 

and out-degree d+, (b) by in-degree d– and (c) by out-degree d+. 

 

 
Fig. 11. The distribution of agents by their position. 

 

Table 1 contains the values of the assortativity co-

efficient [27] (its range [–1.0, 1.0]) for the agents who 

committed at least one “for” or “against” act (52.8 

thousand ones) and for the agents who committed at 

least four “for” or “against” acts (8.5 thousand). 

 
Table 1 

The assortativity coefficient for networks 

The number of acts G GC GL 

At least 1 0.21 –0.01 0.25 

At least 4 0.24 –0.05 0.31 

 

Therefore, agents (especially active ones) prefer to 

like agents with a similar position on wearing medical 

masks. However, such preferences are not pro-

nounced, and there is no particular preference for 

commenting on agents with a certain position. 

Now, we consider the likes network for the agents 

who committed at least four “for” or “against” acts. In 

this network, the “for” position is taken by 30% of 

agents (p = 0.30) and the “against” position by 64% of 

agents (q = 0.64). For a randomly chosen edge, the 

estimated probability that it links agents with different 

positions is 2pq = 0.38. At the same time, the share of 

such edges in the network is 0.24. The inequality 0.24 

< 0.38 confirms the weak assortativity of this network. 

Let us calculate probabilities for the “cause-effect” 

relations in the likes network (Table 2). We introduce 

the following notations for the events: A+ (A–) means 

that for a randomly chosen link, the agent causing 

likes has the “for” position (the “against” position, 

respectively); B+ (B–) means that for a randomly cho-

sen link, the agent making likes has the “for” position 

(the “against” position, respectively). 

According to Table 2, the agents with the “against” 

position prefer to interact with agents with a similar 

position. (They both influence and are influenced by 

like-minded persons.) At the same time, for the agents 
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with the “for” position, the interlocutor’s position is 

not so important. 
 

Table 2 

 Estimated conditional probabilities for like links 

P(B|A) B  B  

A  0.78 0.17 

A  0.47 0.46 
 

P(A|B) A  A  

B  0.76 0.19 

B  0.44 0.49 
 

  

However, we cannot conclude that the agents in 

the likes network are divided into weakly interacting 

communities based on their positions: for such a parti-

tion, the modularity value [28] is 0.12. The conclusion 

is confirmed by visualizing the largest connectivity 

component of this graph; see Fig. 12. For comparison, 

the partitioning of the network into communities using 

greedy modularity maximization [29] yields a value of 

0.52. (The maximum possible value is 1.0.) 
 

 

 
Fig. 12. The graph of likes between agents who committed at least four 
“for” or “against” acts. (The agents with the “for” position are marked in 
green whereas those with the “against” position in red.) 

 
Consequently, agents do not form echo chambers 

(communities of like-minded persons) even when con-

sidering only the like links (the highest assortativity 

coefficient). The agents are influenced by the envi-

ronment with different positions and can change their 

position after the influence. 

4. THE RELATIONSHIP BETWEEN THE OPINIONS       

AND ACTIONS OF AGENTS 

Let us pose the following questions: 

 Are there agents who changed their opinions? 

 Does the agent’s opinion affect his actions? 

 Do the agent’s actions affect his opinion? 

(See the Introduction.) 

These questions are essential to identify the models 

of opinion/action dynamics. We try to answer them 

below. 

 

4.1 The agents who changed their opinions 

To identify and model the agents who changed 

their opinions (Question no. 2 in the Introduction), we 

need to select agents with suitable activity. Consider 

the agents with the following features: 

– Each of them expressed at least one “for” opin-

ion and one “against” opinion on wearing medical 

masks. 

– Each of them expressed his opinion 10 to 100 

times. (The weak activity of network agents has been 

emphasized in subsection 3.1: the majority of agents 

expressed their opinions and performed actions not 

more than twice during the period under considera-

tion.) 

– Each of them has an open social network profile 

and at least five friends (required to assess the socio-

demographic characteristics of agents and the influ-

ence of friends). 

These conditions are satisfied for 162 agents 

(about 1% of the agents with the “for” or “against” 

opinion). They will be called significant agents. Note 

that relaxing the second condition does not apprecia-

bly increase the number of significant agents (Fig. 13); 

however, in this case, the data on each agent become 

insufficient for the purposes of analysis and modeling. 

 

 
 

Fig. 13. The distribution of agents by the number of “for” or “against” 

opinions. (The horizontal line corresponds to the minimum number of 

opinions for an agent.) 

 

Thus, although there are agents who changed their 

opinion during the period (some did that twice and 

more), their share is small. Examples of the opinion 
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dynamics of significant agents are shown in Fig. 14. 

(The horizontal axis corresponds to time and the verti-

cal axis to the opinion in the range [–1, 1]; “for” opin-

ions are marked in green and “against” opinions in 

red.) 

 

 

 
Fig. 14. The opinion dynamics of significant agents: some examples. 

 

We characterize the significant agents: define their 

socio-demographic characteristics and build networks 

of links between them (the networks of friendship, 

comments, and likes).  

The socio-demographic characteristics of signif-

icant agents. For most of the significant agents (99 

agents or 61%), the age was not specified. The same 

situation is with the initial sample of agents with opin-

ions (the age was not specified for 62% of agents).  

The distribution of the other agents by age is pre-

sented in Fig. 15. The age of half of the significant 

agents does not exceed 47 years (38 years for the 

agents with opinions). The average age is 48 years (42 

years for the agents with opinions). Consequently, the 

significant agents are older than those with opinions. 

 

 
 

Fig. 15. The distribution of significant agents by age. 

 

According to Fig. 16, the city was not specified for 

25% of the significant agents (for 34% of the agents 

with opinions); 23% of the significant agents specified 

St. Petersburg (12% of the agents with opinions), 17% 

of the significant agents specified Moscow (13% of 

the agents with opinions), and 10% of the agents spec-

ified Yekaterinburg (6% of the agents with opinions). 

Thus, significant agents prefer to specify the city to a 

greater extent; for significant agents, the share of their 

representatives from St. Petersburg and Yekaterinburg 

is higher. 

 

 
 

Fig. 16. The distribution of significant agents by the city of residence. 

 

Among the significant agents, the majority belong 

to males (93 or 57.4%). At the same time, there are 

59.6% of males among the agents with opinions. 

Based on the binomial test results, we do not reject the 

null hypothesis of equal distributions. 

The networks of significant agents. In the friend-

ship network of significant agents, there are only 17 

links and most of the vertices (138) are isolated 

(Fig. 17). The green-color vertices correspond to the 

agents who generally have the “for” opinion and the 

red-color ones to those with the prevailing “against” 

opinion. 

 
 

 

 
Fig. 17. The friendship network of significant agents. 
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The assortativity coefficient for the friendship net-

work is 0.32: with some reservation, due to the small 

number of links, friendship can be assumed an indica-

tor of the similarity of the agents’ positions. On aver-

age, a significant agent has 432 friends, and half of the 

significant agents have no more than 113 friends 

(which is quite close to Dunbar’s number). 

In the comments network, significant users have 

157 friendship links and 45 nodes are isolated 

(Fig. 18). 

 

 

 

Fig. 18: The comments network of significant agents.8 

 

The assortativity coefficient for the network is –

0.46: significant agents with opposite positions prefer 

to comment on each other. On average, a significant 

agent is commented by 10 significant agents and, in 

turn, he comments on 13 significant agents; every se-

cond significant agent is commented by at most 7 sig-

nificant agents and, in turn, every second significant 

agent comments on at most 10 significant agents. 

In the likes network of significant users, there are 

248 friendship links and 37 vertices are isolated 

(Fig. 19). 

The assortativity coefficient for the network is 

0.58: significant agents with a similar position receive 

likes from each other. On average, a significant agent 

receives likes from 69 significant agents and, in turn, 

he likes 28 significant agents; every second agent re-

ceives likes from at most 39 significant agents and, in 

turn, he likes at most 13 significant agents. 

__________________________ 
8 Vertex positions are the same for all networks of significant 

agents: the friendship network, the comments network, and the 

likes network. 

 

 

Fig. 19. The likes network of significant agents. 

 

4.2 The influence of opinions on actions 

Let us consider the opinion dynamics of agent 

 i N  with a position and consecutive instants mt T ,

1, im M , of expressing his opinions. (For each m, 

there exists a comment ia  such that 

 ( ) 0, 1 ,  ( ) 1,  ( )k t mr a f a f a t   .) 

We define the set of “for” or “against” actions per-

formed by agent i during the period  1τ ,m mt t   be-

tween the expressed opinions with the numbers m and 

(m + 1):  



 

( ) (δ  |  , 2,

( ) 0, 1 .

) ( )m
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a
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To assess the influence of an agent’s opinion on 

his actions, we introduce the consistency degree 
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where 
(")m

ir  is the opinion expressed in a comment a 

such that 

 ( ) 0, 1 ,  ( ) ,  ( ) .t m ar a f a t f a i      

In a practical interpretation, consistency (see Ques-

tion no. 1 in the Introduction) reflects how much the 

agent’s actions coincide (correlate) with his opinions. 

Figure 20 shows a histogram of the distribution of 

agents by the consistency degree (for the agents who 

expressed at least five opinions).  



 

 
 

 

 
 

43 CONTROL SCIENCES  No. 2 ● 2023  

CONTROL IN SOCIAL AND ECONOMIC SYSTEMS 
 

 

 

Fig. 20. The distribution of agents by the consistency degree. 

 

The consistency degree averaged over the entire 

network is 0.76 (when restricting the number of ex-

pressed opinions, 0.73). In general, the agent’s actions 

are “consistent” with his opinion, i.e., the agent’s 

opinion can “influence” his actions.  

 

4.3 The influence of actions on opinions 

Let us assess this influence, thereby partially an-

swering Question no. 5. We define the set of actions 

performed by agent i during a given period 

1,[ )m mt t   : 

   |  ( ) 0,( ) ( ) ( 1 , , )  2 .i i t kB a r a f fa a       

Also, we define the influence of the agent’s actions on 

his opinion:  

 
( )

( )

1, 1( )
( )

.i

i

b B

D

i

r b

r
B


  




 

Assume that an opinion change is significant if it 

exceeds the threshold 0.1 . By analogy with [30], 

we consider the “probability”
9
 of an agent’s significant 

opinion change under the influence of his actions. Let 

all possible scenarios of expressing the agent’s con-

secutive opinions, 𝑡m → 𝑡m+1, be divided into five clas-

ses based on his “initial” opinion: 

– “strongly against,” r ∈ [–1, –0.6]; 

– “moderately against,” r ∈ (–0.6, –0.2]; 

– “weakly expressed position,” r ∈ (–0.2, 0.2]; 

– “moderately for,” r ∈ (0.2, 0.6]; 

– “strongly for,” r ∈ (0.6, 1]. 

For each class, we estimate the probabilities of the 

following events: (a) the agent’s opinion will signifi-

cantly change “towards” his actions and (b) the 

agent’s opinion will significantly change in the oppo-

site direction to his actions. Here are the analysis re-

sults for two classes, “strongly against” and “strongly 

for.” (The cardinalities of the other classes turned out  

__________________________ 
9 An interpretation for the share of cases with a significant opinion 

change. 

to be too small.) Figure 21 shows the estimated proba-

bilities of a significant opinion change under the influ-

ence of actions: towards actions (blue) and in the op-

posite direction (red). 

 

 

 

Fig. 21. The estimated probabilities of significant opinion changes for 

two classes: (a) “strongly against” and (b) “strongly for.”  

 

Note. If the agent performed no action between the 

expressed opinions, the influence is supposed to be 0. 

Figure 22 demonstrates the mean and confidence 

intervals (at a significance level of 0.05) for a signifi-

cant opinion change due to the influence of actions. 

Consequently, if agents change their opinions, they 

do it most often towards their actions. The greater the 

difference between the “initial” opinion and the 

agent’s actions is, the higher the probability of opin-

ion change will be (Fig. 21) and the greater magni-

tude the opinion change towards actions will have 

(Fig. 22). 

 
   

 

 

Fig. 22. The magnitude of significant opinion changes for two classes: 

(a) “strongly against” and (b) “strongly for.” 

 

CONCLUSIONS 

This paper has presented a primary analysis of the 

joint dynamics of the opinions and actions of social 

network agents (VKontakte users) on an example of 

their attitude toward wearing medical masks during 

the first year of the COVID-19 pandemic. 



 

 
 

 

 
 

44 CONTROL SCIENCES  No. 2 ● 2023  

CONTROL IN SOCIAL AND ECONOMIC SYSTEMS 

The opinions of VKontakte users have been identi-

fied. A satisfactory quality of automatic classification, 

with an accuracy index of 0.82, has been achieved us-

ing deep learning methods. 

The network agents with a pronounced position on 

wearing medical masks have been characterized. As 

has been discovered, VKontakte users are polarized: 

on the one hand, the share of agents with the “for” po-

sition significantly exceeds that of agents with the 

“against” position; on the other hand, the activity of 

agents with the “against” position is higher. In general, 

there is an activity misbalance: the agents are inactive 

but a small number of agents demonstrated very high 

activity. If an agent expresses his opinion again, he 

will do so within a day with probability 0.5. This fact 

can be explained as follows: agents are involved in 

discussing new information occasions and the old ones 

are forgotten. 

The dynamics of activity of network agents rele-

vant to wearing masks have been analyzed. The net-

work activity dynamics are characterized by bursts, as 

a rule, associated with informational events (e.g., the 

introduction of measures to combat the pandemic). No 

direct relationship with COVID-19 incidence has been 

found (most likely, it is implicit). We have found the 

growing polarization of the network over time (a 30% 

increase in the number of polarized opinions in one 

year). The “for”-“against” opinions ratio changed in 

favor of the negative opinions (a 20% increase in one 

year). 

The networks of information interaction of agents 

have been examined. In these networks, there are no 

particular preferences for commenting on agents with 

a certain position. Agents (especially active ones) pre-

fer to like agents with a similar position regarding 

wearing masks, but such preferences are not pro-

nounced. However, for the likes network, agents with 

the “against” position prefer liking agents with a simi-

lar position. (They influence like-minded persons and 

are themselves influenced by them.) At the same time, 

for agents with the “for” position, the interlocutor’s 

position is not so important. Nevertheless, the agents 

in the likes network are not in the echo chambers of 

like-minded persons: the modularity coefficient is too 

low. This result has been also confirmed by visualiz-

ing the network of informational interactions. Hence, 

agents are exposed to the cross-influence of the social 

environment and can change their opinions. Therefore, 

the models of informational influence in social net-

works should be studied further. 

Some important issues have been settled to identify 

the models of opinion/action dynamics in the future. 

First, we have confirmed the existence of a small 

number of agents (called significant) who changed 

their opinion during the period under consideration; 

see Question no. 2 in the Introduction. They constitute 

about 1% of the number of agents with “for” or 

“against” opinions. The analysis of their characteris-

tics has demonstrated the following: there are more 

males among the significant agents (57%); significant 

agents are older; the share of significant agents from 

St. Petersburg and Yekaterinburg is higher compared 

to those with opinions. Significant agents are weakly 

connected by friendship links; they prefer to comment 

on significant agents with opposing positions and like 

significant agents with similar positions (see Question 

no. 3). Second, it has been shown that an agent’s opin-

ion (his internal state) influences his actions, which 

are, in turn, “consistent” with the opinion (see Ques-

tion no. 1). Third, as it has turned out, agents’ opinions 

change towards their actions: the greater the difference 

between the “initial” opinion and the agent’s actions 

is, the more likely the agent will change his opinion 

towards his actions and the greater magnitude this 

change will have (see Question no. 5). 

In part II of the study, formal linear models of the 

joint dynamics of opinions and actions will be identi-

fied based on the results obtained (see Questions nos. 

5–7). Part III, concluding the study, will be devoted to 

the identification of binary micro models and the 

comparison of linear and threshold models (see Ques-

tions nos. 4–7). 
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