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1. Introduction and brief literature review 

Only recently have texts begun to be used as data in social sciences. With the growing access 

to high-speed Internet and the creation of search engines and social networks, researchers can receive 

a large number of comments on issues in social sciences, including behaviour, trends, phenomena and 

politics.  

In social sciences, the practical application of texts in research covers a variety of topics ranging 

from questions of authorship, stock prices estimation, Central Bank communication impact, 

nowcasting, policy uncertainty, media slant, market definition and innovation impact, topics in 

research, politics, and law [Gentzkow et al, 2019]; different aspects of consumer behaviour [Kulkarni 

et al., 2020; Dishes & Fernandes, 2023; Karn et al, 2023].  

In demographic studies, issues of interest include many aspects of demographic behaviour, 

demographic trends and the assessment of demographic, epidemiological and other types of population 

policy. For all these topics, the use of text as data (information on search platforms, social networks 

and mass media) can prove useful. Research in the field of digital demography is a new promising 

trend.  Researchers across the world are just beginning to apply an algorithm for extracting, structuring, 

processing and combining socio-demographic data about populations.  

One simple way to use the new data is to identify the frequency of search queries on different 

demographic topics. According to Google data, the volume and geography of abortions in the United 

States and other countries were calculated [Reis & Brownstein, 2010], the forecast of fertility trends 

were compiled for a short time ahead of the official data of statistical agencies [Billari et al., 2016; 

Kalabikhina et al., 2020], migration trends between couple of countries with virtually no time delay 

[Bronitsky & Vakulenko, 2022] (Russia-Germany case), the spread of diseases was predicted. For 

instance, Google Flu Trends project, aimed to predict epidemics of diseases from 2009 to 2014, based 

on weekly and monthly Google search queries data in the United Kingdom [Ginsberg et al., 2009], and 

spread of the COVID-19 pandemic in different countries and regions was studied). The short-term 

forecast of fertility on Russian data [Kalabikhina et al., 2020] is based on using the SARIMA/ARIMA 

predictive model on the time series of Google query data since 2004 with a monthly data collection 

step showed high accuracy with a two-year forecast horizon. The search engines, for example, Google 

and Yandex1, have developed their own algorithms to popularize and simplify work using simple 

queries. The digital traces of other platfroms can be used to study population trends together with 

various frequency data (the cellular operator data, among others). A couple of good examples can be 

shown with Russian data. The migration of the population of the Russian Arctic was investigated on 

the profiles of users of the social network VKontakte2 at the municipal level, in combination of the 

ticket services data [Smirnov, 2022]. The difference between Russian regions in relation to the 

sensitivity of regional media to the events of the legislative process in the field of maternity (family) 

capital was studied using public.ru platform [Kalabikhina et al., 2022b; an open dataset of the 

sentiment of the texts of 0.5 million media publications on the use of the maternity (family) capital 

[Kalabikhina et al., 2021d]. Track record data from the resumes of the LinkedIn professional social 

network participants were used [State et al, 2014] to determine the volume of migration influx of 

educated personnel and students to the United States and Asian countries.  

 
1Website: https://trends.google.ru/, https://wordstat.yandex.ru/ 
2 Website: https://vk.com/ 
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The second direction in using big unstructured data research in demographic analysis involves 

the collection of texts of social and professional networks and media as data through the sentiment 

analysis. The use of artificial intelligence algorithms allows us to explore the emotional background 

of texts in terms of selected demographic topics. A demographic topic is identified in a social network 

(“becoming a parent”, “abortion”, “illness”, “vaccination”, etc.) or in the media and the ratio of 

positive, negative and neutral statements is assessed. One can add other assessments/opinions (for 

example, irony [Mencarini et al., 2019]). So, an analysis based on information from Twitter with a 

variety of computational linguistic methods allows us to find out feelings of people about to have a 

child, how they plan to have children [Vignoli et al., 2017]. The sentiment analysis on demographic 

issues include abortion [Hasan & Ng, 2013; Sharma et al, 2017; Ntontis & Hopkins, 2018; Roldán-

Robles et al, 2019; Graells-Garrido et al, 2019; LaRoche et al, 2021], in particular, the legalization of 

abortion [Misra et al, 2017], various aspects of parenthood [Irazu et al., 2014; Farías et al, 2017; 

Mencarini et al, 2019], health issues [Shah et al., 2019], drivers of demographic processes (f.e., natural 

disasters [Mandel et al., 2010]), the demographic structure and trend of telemedicine [Talpada et al., 

2019], and the COVID-19 pandemic and other infections [Miao et al., 2020; Glandt et al., 2021; Liu 

& Liu, 2021 a,b; Huerta et al, 2021; Abosedra et al, 2021; Alamoodi et all, 2021]. Topics closely 

related to demographics were also studied by sentiment analysis: these include sexual harassment or 

violence [Andalibi et al, 2016; Xue et al, 2019; Al-Rawi et al, 2021], attitudes toward genetic testing 

[Mittos et al, 2020], processes of racial segregation [Cesare et al, 2018].  Based on Facebook data the 

features of assimilation of Mexican immigrants to the United States were investigated [Stewart et al, 

2019]. In [Pötzschke & Braun, 2016], using the example of migration analysis in Poland, it was 

demonstrated how big data from the Facebook social network can help effectively investigate narrow 

population groups that would normally be inaccessible to demographers. 

The development of databases [Dvoynikova & Karpov, 2020] and softs [f.e., Kuratov & 

Arkhipov, 2019] in the field of sentiment analysis of texts in Russian has pushed the emergence of 

works using sentiment analysis, including the social sciences [Smetanin, 2020]. In a few demographic 

studies based on Russian-language data and sentiment analysis, the authors studied the positions on 

the vaccination of children [Vycheganin & Kotelnikov, 2019] (the dataset is composed of posts from 

social networks VKontakte, divided into two cases: "for" and "against") as well as health issues 

[Panicheva et al., 2022] (DigitalFreud profile data, VKontakte user data, phone application data). 

Deep thematic analysis of texts is associated with the automation of arguments on different 

issues such as the analysis of opinions, including not only stance but also the supporting arguments 

behind that stance. For example, we can not only observe the share of positive and negative 

assessments about birth, having many children, abortion, the childfree phenomenon, unregistered 

marriage, etc., but also get a structured share of positive and negative arguments, i.e., why do people 

choice positive or negative reaction.  

Modern methods of natural language processing do not provide a universal tool for automatic 

determination of argumentation in texts. Researchers essentially "manually" analyze the data, 

answering the question of why a particular topic is perceived negatively or positively by people. Or 

they re-conduct a time-consuming sentiment analysis already on topics-arguments.  

The analysis of arguments from social media comments has gained popularity in environmental 

research in recent years due to the growing discussion of new topics such as COVID-19: vaccination 

[Melton et al, 2021; Wawrzuta et al, 2021; 2022], quarantine [Karami & Anderson, 2020]. In addition, 

the comments are used to monitor and make operational decisions on COVID-19 and its consequences 

[Han et al, 2020; Oyebode et al, 2021]. But most researchers in the analysis of social media content 

concentrate mainly on assessing the emotional background of posts [Donchenko et al, 2017] and 

comments [Sidorov & Slastnikov, 2021; Smetanin & Komarov, 2021], without attempting to extract 

the argumentation of users' positions. If we compare the number of studies on the thematic analysis of 

stances and the thematic analysis of arguments, the latter clearly lose out to the former (see, for 

example, the analysis of stances on abortion [Reis & Brownstein, 2010], [Hasan & Ng, 2013; Sharma 



et al, 2017; LaRoche et al, 2021; Roldán-Robles et al, 2019; Hopkins et al, 2005; Ntontis & Hopkins, 

2018] and analysis of arguments on abortion [Hasan & Ng, 2013]). In particular, for opinions about 

abortion, the authors received 8 most common arguments for abortion and 5 arguments against 

abortion [Hasan & Ng, 2013]. There are fewer argument’s analysis works, since this requires the 

additional theoretical processing of argument structures for using text processing methods. That is why 

it is important to learn how to identify the presence of argumentation and somehow automatically 

classify the arguments found. 

In this chapter, we present the results of over 3-years of work on sentiment analysis of Russian-

language texts in social networks, as they pertain to demographic issues. We conduct a consistent 

sentiment analysis of comments in the social network VKontakte of selected demographically oriented 

groups, so called “pro-natalist” and “anti-natalist” groups with different reproductive attitudes. Our 

approach consists of three steps: 1) the automated measurement of the dynamic of the emotional phone 

of  groups in social network during long period of time in the framework of demographic and family 

policy in Russia, 2) the sentiment analysis of reproductive attitudes and opinions on pro-natalist 

demographic policy according to social network users from the same groups (demographic 

temperature of the second type), 3) the search of general algorithm of the sentiment analysis of the 

arguments of positive or negative opinions on reproductive issues and police according to social 

network users from the same groups.  

2. Data and methodology  

Our methodological approach is based on the sequential study of selected demographically 

oriented groups in a social network.  

The research was based on an array of data containing comments from users of the VKontakte 

social network, pre-selected according to the principle of relevance to issues of reproductive behaviour. 

This data is publicly available [Kalabikhina & Banin, 2020; Kalabikhina & Banin, 2021]. The selected 

demographically oriented groups in a social network that includes pro-natalists (supporters of 

childbearing) and anti-natalists (supporters of refuse of childbearing, child free groups).  

The data collection was carried out in several stages. First, using the built-in API (application 

programming interface), user groups dedicated to the topic of reproductive behaviour, both pro- and 

anti-natalist orientation, were selected. The search for groups was carried out by keywords ("mom", 

"child", "parents", "childfree", etc.). Then the selected groups were cleared of irrelevant ones, in 

particular advertising or inactive groups. Thus, as a result, out of over 1000 groups selected at the first 

stage, about 350 groups remained after cleaning. It was revealed that there are significantly more pro-

natalist groups and they are usually represented by a significantly larger number of participants, 

whereas anti-natalist groups are more active, that is, they contain a greater number of posts and 

discussions. The final sample included 341 pro-natalist and 8 anti-natalist groups.  

The number of groups was chosen based on the amount of text (using a threshold of more than 

100 thousand of comments). Supporters of the childless lifestyle (keywords "childfree" and their 

variations) published significantly more posts and comments than representatives of other groups. In 

the reproductive dataset, only resonant comments (at least 5 likes) from relevant thematic (related to 

issues of childhood, motherhood, pregnancy) and representative in size (at least 500 subscribers) 

groups are taken into account. The search depth was 5000 posts.  

At the final stage, texts (user comments) were extracted from these groups, which were brought 

to a unified format within the framework of standard algorithms for preprocessing text information: 

translation to lowercase, removal of stop words, numbers and punctuation marks, lemmatization 

(reduction to the initial form) and stemming (removal of endings). A structured array (corpus) of texts 

has been formed. Thematic clusters were identified based on Latent Dirichlet Allocation (LDA). 

Further, the collected textual information was additionally filtered by the presence of keywords related 

to reproductive topics in order to exclude most irrelevant comments.  



Additionally, irrelevant comments were deleted during expert annotation both on thematic 

analysis stage and argument automation stage. The reproductive data subset with reproductive and pro-

natalist policy topics on thematic analysis see [Kalabikhina et al, 2021b] 

 Moreover, we constructed a database of health-related behaviour using VKontakte users’ 

comments discussing COVID-2019 news texts [Chkhartishvili et al., 2021]. We use this dataset to 

strengthen some conclusions on sentiment analysis of Russian-language text of social network on 

demographic topic [Kotelnikov et al., 2022]. Altogether, about 11000 reproductive-related comments 

and about 10000 health-related comments were annotated by stance and arguments. 

We replicated this 3-step methodology using the same data for all steps. First, we examine the 

general emotional background of the pro-natalist and anti-natalist groups with different reproductive 

attitudes with demographic trends and developments in the field of population policy. This is the so-

called demographic temperature of the first type.  

The demographic temperature is the author’s term by which we understand the emotional 

background or the predominance of positive or negative statements on topics related to family values, 

the birth of children, and other topics in the field of reproductive behaviour. Demographic temperature 

is measured as the difference (or ratio) between the number of positive and negative statements over a 

certain period [Kalabikhina, Banin, 2020].  

The demographic temperature of the first type that is the difference (or ratio) between the 

number of any positive and negative statements of users of selected demographic groups with different 

reproductive attitudes. We propose that the most of the comments of our users of these groups are 

devoted to reproductive and pronanatlist policy topics. Monitoring of the demographic temperature of 

the first type in different groups when superimposed on the calendar of phenomenon gives us the 

understanding for hypothetically impact of the phenomenon (economic crises, population policy, and 

so on) on the emotional background in different demographic groups. 

Then we conduct a sentiment analysis of the social network comments of these selected 

demographics groups on demographic topics. This is the demographic temperature of the second type.  

The demographic temperature of the second type that is the difference (or ratio) between the 

number of reproductive positive and negative statements of users of our groups. Theoretically, we can 

implement the sentiment analysis using the reproductive statements of any users of social network. 

However, we choose the same reproductive groups to reduce the challenge of representation (we gather 

the reproductive sentiments in the reproductive groups) and to get the statements from selected 

marginal groups of people with opposite reproductive attitudes. Using data from different groups of 

the VKontakte social network avoids data homogeneity that is the one of the weak points of the 

sentiment analysis [Taj & Girisha, 2021]. 

And finally, we analyze the arguments of the positive and negative statements of our users at 

the previous stage of the analysis. The last step is the development of the algorithm of the argument 

thematic analysis trough natural language processing methods to monitoring both the emotional 

background of social groups and their arguments of positive or negative demographic temperature of 

stances. The main idea of this step that is argument’s thematic analysis automation.   

As a subject of research in this chapter, we consider reproductive behaviour and the public's 

opinion on the measures of demographic policy in the field of fertility. We conduct a complex 

investigation of social user opinions reproductive attitudes and population policy: the emotional 

background measurement of demographic groups, the thematic analysis of social network users’ 

comments about demographic behaviour and demographic policy, and argument analysis, which 

potentially helps us grasp motivation behind social network users’ comments. 

In addition, we constructed the dataset on health-related behaviour is based on VKontakte 

users’ comments discussing COVID-2019 news texts [Chkhartishvili et al., 2021]. The sensitive 

thematic analysis on health-related behaviour made with the same method of sentiment analysis like 

in case of reproductive dataset but on the base of alternative dataset. We use the research direction 



with the health-related behaviour dataset in this chapter to strengthening some conclusions on 

sentiment analysis of Russian-language text of social network on demographic topic. 

The more detailed disclosure of the methods of solving our demographic problems is presented 

in appendix. 

3. Results 

Automated measurement of demographic temperature (temperature of the first type) 

Our study was a pioneering attempt to analyze the sentiment of Russian-language comments 

on social networks to determine the demographic temperature (ratio of positive and negative 

comments) in certain reproductive-related behaviour groups of social network users was made. Using 

the available data in two types of groups since 2012, an asynchronous structural shift in comments of 

the corpuses of pro-natalist and anti-natalist thematic groups has been revealed [Kalabikhina et al., 

2021c, fig. 11,12]. We contrast two thematic groups, that differ in their reproductive and family 

attitudes. This technique allowed us to identify asymmetric trends in changes in the sentiment of anti-

natalists and pro-natalists during the period from 2012 to 2020 before and after the introduction of 

family policy with an emphasis on traditional family values in 2014. 

The pro-natalists are more positive in general during the total period. The average demographic 

temperature for the period is slightly negative, that is 0.951. (A value of “1” indicates a neutral 

demographic temperature, below “1” is negative temperature, above “1” is a positive one). The anti-

natalists have a lower average demographic temperature over the period, which is 0.691 [Kalabikhina 

et al., 2021c, fig. 15,16]. Both pro-natalists and anti-natalists have been reducing the demographic 

temperature from 2014 to the present. Anti-natalists have done it in 2014, pro-natalists have decreased 

later, in 2017, 3 years after family policy started. We have found that the demographic temperature in 

the pro-natalist groups closely repeats the key events in demographic policy (indexation and extension 

of maternity capital, family and demographic policy initiatives).  

The method-related result of this stage is that comments under posts are more suitable and 

relevant for analyzing the sentiment of statements than the texts of posts.  

Sentiment analysis of reproductive attitudes and opinions about demographic policy 

(temperature of the second type) 

Using the data from social network VKontakte, the opinions of network users about the birth 

of children were examined. A dataset has been compiled with a markup of opinions in three classes of 

positions in relation to six topics related to the birth of children and pro-natalist politics. Experiments 

on automatic classification of opinions were carried out.  

The predominance of positive assessments of childlessness, individualism and abortion permits 

and the predominance of negative assessments of having many children, maternity capital and parental 

leave has been revealed.  

The created dataset enables drawing meaningful conclusions on the attitude of VKontakte users 

to issues of reproductive behaviour. The easiest topic to determine relevance is "Abortions", since in 

the vast majority of cases the topic is determined by the word "abortion" itself or the words formed 

from it. In this case, the topic with high quality is also determined by keywords. The prevalence of 

markups “for” on the topic “Abortion” (51.6%) is associated with the position of social network users 

regarding what women should have right to abortion; with the population's attitude towards abortion 

as acceptable means of birth control. The abortion rate is significantly has currently decreased in 

Russia, but the attitude towards this method birth control shows not so much readiness for actions, as 

much as recognition of reproductive rights.  

It is revealed that the phenomenon of conscious childlessness is actively represented on the 

web, and having many children remains a poorly spread behaviour model. The predominance of 

negative opinions about having many children (44.9%) is due to the growing heterogeneity of the 

population in the number of children born. The increase in the share of large families among families 

with minor children during the period of demographic policy (from 7 to 9 percent, according to the 



2010 census and 2015 micro-census) does not change the fact that the type of reproductive behavior, 

oriented towards having many children, remains rare.  

On the topic “childlessness” one can see the prevalence of positive assessments (60.0%), since 

supporters of this pattern are quite emotional, the topic is apparently active during the period of growth 

of representatives of this model. In addition, we must remember about selection - we work with texts 

groups of antinatalists and pronatalists. Among antinatalists the topic of childlessness is expressed 

predominantly positively, but among pronatalists this topic is less popular. This can also explain the 

prevalence of positive assessments in the topic “individualism” (62.8%), which interpreted as self-

development, directing resources to one’s own pleasure. This topic often appears in the context of 

justification positive position on childlessness, our hypothesis about this justification was confirmed. 

The predominance of the negative statements about parental leaves (35.9%) is explained by the 

fact that maternity leave, carer's leave children are perceived negatively by employers and colleagues; 

and the fact that women themselves often complain about the increased workload during this period, 

about the change of lifestyle during such holidays, and about the lack of free time. Opinions about 

childcare benefits (45.5%) are also rather negative, since their size appears small for the recipients. 

And also supporters of childfree don't want their taxes to go towards family benefits. 

The reproductive dataset’s statistics by topics and positions are shown in Table No.1. 

Table No.1. Distribution of markups on topics related to the birth of children 

Topic “Relevant” “For” “Against” “Other” 

Having many children 341  75 (22.0%)* 153 (44.9%) 113 (33.1%) 

Childlessness 1422  853 (60.0%) 134 (9.4%) 435 (30.6%) 

Individualism 739  464 (62.8%) 119 (16.1%) 156 (21.1%) 

Abortion 1374  709 (51.6%) 161 (11.7%) 504 (36.7%) 

Maternity capital 

(Childcare benefits) 

813  184 (22.6%) 370 (45.5%) 259 (31.9%) 

Parental leaves 992  201 (20.3%) 356 376 (35.9%) 435 (43.9%) 

Total 5681** 2486 (43.8%) 1293 1313 

(22.7%) 

1902 (33.5%) 

Notes: 1) the share of markups (*) with the corresponding token from the total number of 

relevant markups for a given topic in the line is indicated in parentheses, 2) the total number of markups 

(**) in the table is greater than the total number of comments analyzed since some comments contained 

opinions on several topics 

Source: compiled by the authors (see more [Kalabikhina et al., 2021a], [Kalabikhina et al., 

2022a]) 

As far as health-related behaviour dataset the best results achieved in evaluation were 0.70 for 

stance detection and 0.74 for argument identification. These results were obtained with the approach 

which applied the RuBERT classifier to determine the relevance of the texts using the NLI-method: to 

form an input example, a second sentence with the aspect (“masks”, “quarantine”, or “vaccination”) 

was added to each original sentence from the dataset [Alibaeva & Loukachevitch, 2022]. For the stance 

classification task, the texts were pre-processed and then translated into English using the pretrained 

seq2seq-model (https://huggingface.co/Helsinki-NLP/opus-mt-ru-en). This made it possible to use a 

specialized BERT COVID model trained on texts discussing COVID 

(https://huggingface.co/digitalepidemiologylab/covid-twitter-bert-v2).  

The method-related result of this stage is that the best results were obtained using the BERT 

neural network model in the NLI (Natural language Inference) formulation. Our results are the similar 

to other authors. In [Glandt et al, 2021], three groups of methods for determining the author's position 

in relation to COVID aspects are compared: based on the LSTM and CNN networks, as well as based 

on the BERT model [Devlin et al., 2018]. The best results with a large margin are given by models 

based on BERT. 

https://huggingface.co/Helsinki-NLP/opus-mt-ru-en
https://huggingface.co/digitalepidemiologylab/covid-twitter-bert-v2


 Analysis of the arguments of social network users: the search of general classification 

and automatic algorithm of monitoring of demographic issues. 

An algorithm for identifying arguments and automatically distinguishing certain types of 

arguments (based on the assessment of personal and public arguments) has been built using the 

Conversational RuBERT neural network model. The method used for automatic extraction and 

classification of the "VKontakte" social network users' opinions has proven that we can accurately 

classify users’ comments submitted as the model’s input for the presence of argumentation and an 

argument’s type within the "personal-public" dichotomy to identify personal and social attitudes, 

values, stories, and opinions to study reproductive behaviour. For the task of detecting the presence of 

arguments the comments of VKontakte users were classified into two classes: Class “1” if at least two 

out of three annotators agreed that the comment contained an argument, and Class “0” if only one 

annotator or none of them indicated the presence of an argument.  

As a result, six experiments were carried out, differing in the dataset and the classification 

option. In the first three experiments, classification was carried out only by the presence of an 

argument, but different types of data were used.  

In Experiment 1, the reproductive data was used, consisting of comments from VKontakte 

users on reproductive behavior and the evaluation of demographic policy measures. The training, test, 

and validation sample comprised a total of 5,410 comments. Standard pre-processing techniques were 

applied, including removing capital letters, punctuation, stop words, and empty comments.  

In Experiment 2, COVID-19-related comments from VKontakte users, such as vaccination, 

mask-wearing, and quarantine restrictions, were added to the reproductive data. The new comments 

were included only in the training set, and the additional data consisted of 6,716 comments, forming 

the training sample for the COVID-19 data.  

In Experiment 3, training was conducted in two stages: pre-training on the COVID-19 data and 

fine-tuning and evaluation of the model on the reproductive data. 

The results of training models with the indication of quality metrics are shown in Table No.2. 

Table No.2. Classification is based on the presence of an argument (Class “0” – no argument, 

Class “1” – presence of an argument) 
 F-score – Class “0”  

(there is no argument) 

F-score – Class “1” 

(there is argument) 

Accuracy 

Experiment 1: reproductive data  0.81 0.61 0.75 

Experiment 2: reproductive and health-

related data 

0.82 0.49 0.73 

Experiment 3: pre-training on health-related 

data, fine-tuning on reproductive data 

0.79 0.48 0.70 

Source: compiled by the authors (see more [Kalabikhina et al., 2023a]) 

The results in Table No.2 indicate that the addition of COVID-19 data did not improve the 

results of argument extraction in the reproductive collection. The model trained on the reproductive 

data alone performed better in this task. 

In subsequent experiments, the type of argument was taken into account. In the fourth 

experiment, the focus was on the search for personal arguments (class "1"), while public comments 

and comments without arguments were generally taken into account equally in class "0". Similarly, in 

the fifth experiment, the focus was on public arguments (class "1"). In the last experiment, all three 

classes were evaluated separately ("0" – absence of an argument, "1" – public argument, "2" – personal 

argument). The results are presented in Table No. 3. 

Table No. 3. Classification model according to the type of argument (“personal” – based on 

personal experience, “public” – based on public perceptions) 
 F-score – Class “0”  

(no argument) 

F-score – Class “1” 

(public argument) 

F-score – class “2” 

(personal argument) 

Accuracy 



Experiment 4: two classes 

with the emphasis on 

personal arguments 

0.86 0.71 - 0.81 

Experiment 5: two classes 

with the emphasis on public 

arguments 

0.70 0.81 - 0.77 

Experiment 6: three classes 0.78 0.52 0.34 0.67 

Source: compiled by the authors (see more [Kalabikhina et al., 2023a]) 

The ratio of comments by class averaged 40:60 for comments with arguments versus those 

without arguments. The classification by the presence of an argument was the most accurate in terms 

of the ratio of quality metrics in the first experiment, where only reproductive data were used. From 

this we can conclude that models trained on the data of the same subject show better results. The 

classification by argument type was more accurate when using two rather than three classes. In our 

static measurement, the share of personal arguments was around 40%. Public arguments prevailed in 

comments on VKontakte during the period under review in the demographic groups under 

consideration.  

Based on the results of this work, we have made sure that we can extract and analyze the data 

of reasoned opinions of users of the largest Russian social network in automatic mode. All experiments 

have shown high accuracy of the methods used. In addition, the general approach based on the 

"personal-public" dichotomy is suitable for any type of demographic behaviour, making it universal. 

In future, models trained in this way can be used to monitor public attitudes on reproductive 

behaviour and many others. The monitoring of the "personal-public" dichotomy in the future research 

will test our hypothesis on the growth of the share of personal arguments as a signal for policy-makers. 

The speed of automated analysis of such data will enable quickly monitoring and responding 

appropriately to changes.  

4. Conclusion and discussion   

We developed and tested a method for measuring the demographic temperature of the first type 

(the mood of specific demographic groups in social networks) and the second type (the extraction of 

opinions on demographic topics in social networks). We have identified differences in the 

demographic behaviour of social network users in different socio-demographic groups and their 

opinions about parenthood and childbearing on the VKontakte social network. The search for a general 

structure of demographic arguments was conducted based on the "personal-public" dichotomy. 

There are limitations in the use of such data in demographic analysis, which are discussed by 

researchers. These are all kinds of biases, issues with representativeness and fragmentation, a tendency 

to make negative statements in comments, data access-related difficulties, the presence of bots, the 

risk of false information and changes in the algorithms of the data platforms themselves, the difficulty 

of interpreting data due to the use of initially unstructured texts, due to the discrepancy of scientific 

terms and the language of social networks, the double meaning of some words, and also due to the 

limited information on the characteristics of users. 

The limitations of our research are similar to those mentioned above. The sentiment thematic 

analysis is sensitive to the following: 

✓ Representativeness and fragmentation of data. The characteristics of the users of the social network 

VKontakte may not coincide in socio-demographic characteristics with the population of the 

country. As far as it relates to reproductive dataset, the bias is not so strong. The users of VKontalte 

are close to the age-sex structure of reproductive age. Nevertheless, we can lose some socio-

demographic groups.    

✓ The risk of disconnection between the scope and name of the groups and the demographic values 

of its commentators. We did check the connection between the scope of the reproductive-related 

groups of pro-natalists and anti-natalists, their socio-demographic profile and demographic values 

of various groups’ participators. The connection has been found. Our groups are relevant for the 

comparative analysis of groups with opposite demographic values [Kalabikhina, et al., 2023b]. 



✓ The tendency to negative statements in the comments, which is a specific characteristic of social 

networks.  

✓ Limited access to data, presence of bots, risk of false information [Golder & Macy, 2014; Lazer & 

Radford, 2017] and changes in the algorithms of the data platforms themselves. 

✓ The complexity of data interpretation due to the use of initially unstructured texts, due to the 

discrepancy between scientific terms and the language of social networks, due to the double 

meaning of some words, due to due to the limited visible characteristics of users [Rusnachenko, & 

Loukachevitch, 2018; Loukachevitch, 2021; Smirnov, 2022]. 

✓ The cross-cultural analysis can be limited by the circumstance that usually models are initially 

trained mostly on English texts and could not be easily extrapolated on the case of Russia. Studying 

the existing software systems for Russian text analysis reveals their low accuracy compared to 

English [Dvoynikova, & Karpov, 2020]. 

Overcoming the limitations of textual data lies in the field of stratification and other methods of 

correcting text data biases [Hughes et al, 2016]; using different data sources [Alburez-Gutierrez et al, 

2019)]; supervised machine learning; development of algorithms for collecting and processing digital 

data for the possibility of discussing and repeating the research path for comparative purposes [Cesare 

et al, 2018]. 

Sentiment analysis and extraction of opinions (stance and arguments) is an actively developing 

field of research that analyzes opinions, moods, assessments, attitudes, arguments and emotions of 

people based on written or spoken language [Liu 2012; Pozzi et al, 2017]. Such studies are conducted 

based on a corpus of comments under videos on the YouTube platform [Sagredos & Nikolova, 2022] 

and under news posts published on social media [Ehret, & Taboada, 2020]. However, researchers 

Castellano Parra, Meso Ayerdi and Pena Fernandez, when analyzing the comments under news posts 

on social portals, as well as comments on the social network pages of certain Spanish newspapers, 

came to the conclusion that both the level of engagement (the number of comments per 1 reader) and 

the proportion of reasoned comments on social networks are higher than in the comments on news 

portals [Castellano Parra et al, 2020]. In our research, we use text data from social networks to extract 

opinions on demographic issues also because it contains much larger data than if we conducted our 

research analyzing comments on news portals.   

The prospects for using texts as data in demographic research are significant. The further 

direction of research may be related to expanding a methodology to a wider range of demographic 

behaviours, including matrimonial (marriage), migration, and health. The search for universal general 

types of arguments should continue. Their combination may eventually give a more complete picture 

of automated arguments on demographic issues, for example, in assessing private or public services in 

the field of healthcare, maternity care, partner search, infrastructure projects for families with children, 

and social support for certain demographic groups. The statements can be made about the quality of 

the service itself (the result of treatment) and about the quality of environment (the attitude of the 

doctor, the availability of equipment, cleanliness, timing, etc.). We also expect that our experience can 

be extended to other linguistic and cultural spaces at least within the countries where the demographic 

transition has been completed. We believe that it is possible because we have a comparable level of 

public Internet coverage, and we are at a similar stage of the natalistic transition and the second 

demographic transition. Cultural differences and institutes are inevitable in every country and 

constitute the essence of comparative analysis, which is possible when using the same methodology 

and methods in different language corpora. Cross-cultural analysis of demographic behaviour using 

big data in Russia and other countries can also be an interesting subject for further research.  

Another path of development is applying large language models (LLM), which are currently 

considered to be one of the most powerful instruments for analyzing text data. Despite the fact that 

this instrument is rather new, one can already witness a number of successful applications in different 

fields, including social sciences. We expect that, in the future, large language models will be able to 

provide the opportunities for deeper and more profound analysis of demographic data. 



The prospects of working with texts as data in demographic analysis are impressive in the speed 

and frequency of obtaining information, and the ability to reveal information in the field of inaccessible 

issues within the framework of official statistics, the ability to combine different data within one 

research question. 
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Appendix 
Method for emotional background of demographic groups measurement:  demographic temperature of the 

first type  

We aimed to develop an algorithm that would quickly measure the emotional background, that is the demographic 

temperature in contrasting demographic groups according to reproductive attitudes on the basis of big data over a long 

period of time. A thematic model was applied to the generated array of texts to implement the task of reverse thematic 

modelling. That is, for each set of words and texts, based on the probabilistic distributions of the frequencies of words and 

topics, the most appropriate topic corresponding to these sets was determined. This allowed us to form thematic clusters. 

For each thematic cluster, the task of analyzing the statements was carried out. TensorFlow3 and tflearn4 libraries were 

 
3 Official website of the project tensorflow.org 
4 Official website of the project tflearn.org 



used for sentiment analysis. The neural network for sentiment analysis has a three-level architecture: the first level 

corresponds to the dimension of the commentary corpus dictionary, the second level consists of 125 neurons (fully 

connected layer, ReLU activation function5), the third level consists of 25 neurons (fully connected layer, ReLU activation 

function), the output level is binary ("0" - negative, "1" - positive, activation function - softmax6). Specification of the 

learning algorithm7:  

Rg = tflearn.regression (*neural network layer* 

, optimizer = «sgd» 

, loss = «categorical_crossentro») 

The sum of the output level signals is equal to one, i.e. the output is two numbers characterizing the probability 

that this comment is negative or positive. Neural network training is based on the principle of error backpropagation. Neural 

network training was carried out on a marked-up database of short messages from Twitter [Loukachevitch & Rubtsova, 

2015]. Neural network training was performed in the Google Colab environment using a graphics accelerator (GPU, 

graphics processing unit). See [Kalabikhina, I. E. et al., 2021c] for other model parameters and more details. 

Method for a thematic analysis of social network users’ opinions on demographic behaviour and 

demographic policy: the demographic temperature of the second type  

The research directions for analysis of rare reproductive patterns and the attitude to the main measures of 

demographic policy were determined by experts. The analysis of stances of reproductive dataset took place on 6 topics: 

having many children, childlessness, individualism (argument topic for childlessness), abortion, maternity capital, parental 

leave. The first tree topics concern the reproductive attitudes, the last three topics concern the opinion on demographic 

policy on fertility side (see more [Kalabikhina et al., 2021a], [Kalabikhina et al., 2022a]). 

The sentences from the collected sample were marked up by six annotators. The annotators’ group included 

professional linguists and demographers. Since several issues could be discussed in each sentence, the annotator marked 

each sentence by all topics and by six following labels:  

"irrelevant" (it means that text does not contain stance on the topic); 

"for" (positive stance, which means that the speaker expresses his support for the topic); 

"against" (negative stance, the topic of discussion is not endorsed by the speaker); 

"neutral" (this lable is used for factual sentences without any visible attitudes from the author); 

contradictory stance (for such a lable, evident positive and negative attitudes should be seen in a message); 

"unclear" (the presence of a stance is seen, but the context of sentence does enable determining it). 

We consider three main classes: "for", "against", and "others" ("neutral", contradictory stance, "unclear"). 

The created dataset was divided into three sets: training, validation and test ones. The neural network model BERT 

[Devlin et al, 2018] was used as the main method, in the version of Conversational RuBERT, for the creation of which the 

Russian-language model RuBERT [Kuratov & Arkhipov, 2019] was used, which was further trained on Russian-language 

dialogues and texts of social networks. Three variants of the BERT model training were used: classification of the target 

utterance, as well as the so-called NLI (Natural Language Inference) and QA (question-answering) approaches. In the NLI 

and QA approaches [Sun et al, 2019], the model received pairs (text, assumption). For the classification of the relevance 

of NLI and the classification of the QA position, this assumption was the aspect itself ("Abortions", "Payments", etc.), for 

the classification of the NLI position, the assumption also included the position itself ("Negative to abortion", "Neutral to 

payments", etc.). To assess the quality of classification, the following measures are used: accuracy of classification 

(Accuracy) and F-measure.  

As we mention early, the sensitive thematic analysis on health-related behaviour is based on VKontakte users’ 

comments discussing COVID-2019 news with the same method of sentiment analysis on the base of alternative dataset 

[Chkhartishvili et al., 2021]. The sentences were labelled in relation to the following claims: 1) “Vaccination is beneficial 

for society.”; 2) “The introduction and observance of quarantine is beneficial for society.”; 3) “Wearing masks is beneficial 

for society.” (see more [Kotelnikov et al., 2022]). 

The annotation process included two stages: labelling by stance and labelling by premises. At the first stage of 

stance annotation each sentence was labelled by several experts (three on average) [Nugamanov & Loukachevitch, 2021]. 

An annotator should indicate the stance it expresses towards each of the above-mentioned aspects (or indicate that the 

sentence is not relevant to the aspect). The annotators’ group included professional linguists and psychologists. We consider 

four stance lables, namely: “irrelevant”, “for”, “against”; “other” (like in reproductive case).  

At the second stage of annotation, the dataset was also annotated by arguments for all three claims [Kotelnikov et 

al., 2022]. The following four classes (lables) were used: “irrelevant” (text does not contain stance and, consequently, 

premise on the topic), “for” (the stance is supported with an argument in favour of the topic), “against” (the argument 

explains the author’s negative outlook on the topic), “no argument” (no explanation is given for the topic). A sentence was 

considered as a premise if the annotator could use it to convince an opponent about the given claim, such as “Masks help 

prevent the spread of disease.”. The task of premise annotation should be separated from stance detection and sentiment 

 
5 Function description by link https://en.wikipedia.org/wiki/Rectifier_ (neural_networks) 
6 Function description by link https://ru.wikipedia.org/wiki/Softmax 
7 Description by link http://tflearn.org/layers/estimator/ 



analysis tasks. For example, the following statement does not contain a premise in relation to masks, although there is an 

author’s stance “for”: “It is high time to involve the city of “brides” in the production of protective masks”. It is also 

necessary to distinguish between sentiment polarity (positive and/or negative) and argumentation. In the following sentence 

there is a negative polarity towards quarantine, a positive polarity towards Trump, but no rational premises “for” or 

“against” quarantine are given: “And the fact that Trump did not introduce a suffocating quarantine is well done!”       

The created dataset was also divided into three sets: training, validation and test ones and was utilized for RuArg-

2022 shared task which attracted 16 participants8. 

It is important to stress that the described argument’s thematic analysis of the reproductive-related and health-

related comments was made by the same approach like the stance’s thematic analysis. We annotated “for”, “against”, and 

“other” marks of relevant comments (comments with arguments) in health-related dataset. The context of these arguments 

does not understandable for us in this case. Another way is that we annotated “for”, “against”, and “other” marks of 

argument-type topic (“individualism”) in reproductive-related dataset. The numerical link between anti-natalist attitudes 

(“childfree”) and argument-type topic (“individualism”) does not visible for us in that case. 

Argument analysis’s method: search of the automatic general algorithm for demographic studies 

The previous paragraph describes our methods to study of the reproductive (and health) behaviour of Russians 

based on the opinions of users of the largest social network in Russia, VKontakte, using natural language processing 

methods (supervised machine learning). Our next step is to identify the arguments in the statements of VKontakte users on 

reproductive behaviour (or any demographic behaviour). 

We have proposed a dichotomous "personal-public" approach for such a broad classification of arguments. The 

arguments where the author of the statement appeals to his own experience, personal preferences or attitudes are considered 

personal. While public statements were considered to be statements aimed at the authors' reflections on how the family 

should be arranged in society as a whole. This type of division was chosen because the ratio of personal and public 

arguments plays an important role in understanding the "acuteness" of public sentiment and the need for policy makers to 

respond to an alarm signal if the proportion of personal arguments increases significantly. Thus, in addition to identifying 

arguments, the second level of classification was automatically carried out according to the principle of attributing an 

argument to "personal" or "public" (see for more details [Kalabikhina et al., 2023]). 

In demography a dichotomous "personal-public" are not the new view. Well-known the example of using such 

dichotomous in the framework of fertility survey: “What is the ideal number of children in your opinion?” (the public site); 

“How many children do you plan to have based on your capabilities?” (the personal site). The examples of comments with 

arguments in the categories “personal” and “public” in our study of arguments: “I have three children. They make a mess 

better than without children. There is no meaning to life without children” (the personal site); “In countries with a ban on 

abortion, the crime rate goes off scale” (the public site). 

The total volume of the final sample for with stage of our investigation was 5412 comments. The classification 

method was chosen as the main one according to two criteria: the presence and type of argument. These comments were 

marked up by experts according to the following principle: if there is argumentation or not9; if an argument is present, then 

it was determined whether it was personal or public. In different experiments, different classification options were used: 

only by the presence of an argument, by the presence of arguments of both types (personal and public), or by the presence 

of a specific type of argument. 

The analysis of the annotated data was carried out using the Python programming language in the PyTorch 

environment and the Transformers and Scikit Learn libraries. The Conversational RuBERT model was used for 

experiments10. See [Kalabikhina, I. E. et al., 2023a] for other model parameters and more details. 

 

 

 
8 https://www.dialog-21.ru/en/dialogue-evaluation/competitions/dialogue-evaluation-2022/ruarg-2022/ 
9 Note that we have also tested the method of finding arguments based on personal pronouns in statements. This method 

gave a worse result compared to the markup. 
10 DeepPavlov archive on Hugging Face to access the model: https://huggingface.co/DeepPavlov/rubert-base-cased-

conversational 

https://www.dialog-21.ru/en/dialogue-evaluation/competitions/dialogue-evaluation-2022/ruarg-2022/
https://huggingface.co/DeepPavlov/rubert-base-cased-conversational
https://huggingface.co/DeepPavlov/rubert-base-cased-conversational
https://huggingface.co/DeepPavlov/rubert-base-cased-conversational

