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Abstract. The authors hypothesize that textual information posted on personal pages on
social media reflects the political views of users to some extent. Therefore, this textual
information can be used to predict political views on social media. The authors conduct
experiments on textual data from user pages and test two machine learning methods to
classify pages that declare different political preferences. To undertake a study, the authors
collected anonymous open textual data of users of the VKontakte social network (the number
of pages is 10 123). Data collection was carried out using the VKontakte Application
Programming Interface (VK API). As a result of the analysis of the collected data, the
authors discovered two types of textual information. The first is a text filled by the user by
selecting one of several possible values (binary or categorical variables). The field “Political
Views” is one of these text fields, it provides nine options for selection. The second type of
text information includes information entered by the user in an arbitrary form (interests,
activities, etc.). The authors trained and tested two machine learning models to predict users’
political views based on the remaining text information from their pages: a) linear support
vector classifier using text representations from the bag-of-words model; b) neural network
using Multilingual BERT text embeddings. The results show that the models sufficiently
successfully perform binary classification of users who have polar political views (for
example, communists — libertarians, communists — ultra-conservatives). Nevertheless, the
results for the groups of users that have close political views are significantly lower. In
addition, the authors investigated the assumption that users often indicate “indifferent”
political views as “moderate”. The authors classified the groups of users who declare
indifferent or moderate views (the two largest categories in our dataset) and users who
indicated other political preferences. The results demonstrate a sufficiently high performance
for the classification of custom pages based on these two political views.
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Annomauyusa. Viccnenyercss BO3MOXKHOCTh POTrHO3UPOBAHUS MOJIMTHUECKUX MPEANOUYTEHUH
TI0JIb30BaTENIeH CONMANIBHBIX CETEH C MOMOIIBI0 METOIO0B MAIIMHHOrO oOydeHus. JleMoH-
CTPHUpPYETCs, YTO JAHHBIC METOJbl YCHEIIHO CIIPABISIOTCS ¢ OMHApHOHN Kiaccudukarmeit
TEKCTOBBIX JJAHHBIX CO CTPAHUIL MOJIb30BATENIeH, HMEIOLIMX MOJISPHBIE MOJIUTHYECKUE TIPea-
nouteHus. OJJHAKO pe3ysbTaThl, MOJYYSHHbIE ISl CTPAHUIL M0Ib30BaTeNeH ¢ OIM3KUMHU MO-
JUTUYECKIMU TIPEAIIOYTCHUSIMHY, 3HAUUTEIILHO HIDKE.

Kniouegvie cnoea: connanbHbie ceTH, aHamn3 MHeHnil, BKonTakTe, nomurndeckas moispu-
3a1usl, MalIHHHOE 00y4YeHUE

bnazooapnocmu: ViccnenoBaHue BbINONHEHO npu nopuep:kke POOU u DUCH (mpoext
Ne 20-011-32031).

Jna yumuposanus: T'naskosa A.B., Coxopa 3.H., Kpyxxunos B.M. IIporuosupoBanue mo-
JUTUYECKUX MPEANOYTCHHI B COLMAJBHBIX ceTsX (Ha Matepuane BKonrakte) // BecTHHK
Tomckoro rocynapcrBeHHoro yHuBepcurtera. ®dumocodus. Coumonorus. IlomuTonorus.
2022. Ne 65. C. 252-263. doi: 10.17223/1998863X/65/21

Social media contains a wealth of useful information for social and political
research. Social network users share important aspects of their personal lives, ex-
change their views, discuss social and political phenomena. As a result, social net-
works are now a powerful lever of influence on social and political processes, as
well as a tool of reflecting the views and the moods of society.

Social network users share opinions on their profiles and express their views
on the pages of communities or other users (comments, “likes”, etc.). Information
posted by users can be presented in various formats: texts, images, video files,
emoji, and so on. Based on the content of the information that users post in the
public domain on a social network, important conclusions can be drawn about their
belonging to certain social groups, about their views, preferences, and interests.
This information can be used for various purposes: as a marketing tool, as a tool
for political influence, as a material for sociological research, and many others.

In this work, we study the ability to predict the political views of social media
users based on textual information from profiles. We put forward a hypothesis that
commitment to certain political views is reflected on user pages: in users’ posts,
descriptions of interests, and personal information. We analyze different types of
text information on user pages and study how users’ political preferences are ex-
pressed in their profiles. This paper focuses on two objectives: i) a binary classifi-
cation of social network pages belonging to users with different political views; ii)
predicting political relation of social media users as politically active and political-
ly inactive based on textual information posted on their pages. We conduct a set of
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experiments on a self-collected VKontakte dataset of user textual data with two
machine learning classifiers.

In the modern world, there is a rapid increase in the role of information factors
in the political life of society. Social media materials have become a powerful
channel for political agitation, revealing the views and interests of the population,
and analyzing public opinion [1-3]. The constant growth in the number of social
media users belonging to a wide audience of citizens dramatically increases the
possibilities of social media as a tool for studying and tracking political prefer-
ences. Various studies analyze the online popularity of political leaders [4], pre-
election preferences [5—7], forecasting the results of elections and referendums
[8, 9]. The authors of these works emphasize that, although Internet users do not
represent the entire population of the country, the analysis of social networks
makes it possible to predict the results of elections, and the results also demonstrate
a significant correlation between social networks and the results of traditional mass
polls. In [10], it is indicated that the predictive power of analysis on social net-
works increases as the number of citizens expressing their opinions on the Internet
increases. A number of authors use data on social media to analyze political prefer-
ences of users (on Facebook [11-15], Twitter [16-19], Weibo [20, 21], VKontakte
[22; 23]). The authors of [24] attempt to predict the leading political ideology (left,
right, or center) or bias of news articles.

In this study, we work with textual data from personal pages of social media
users. Textual data include personal information, texts of posts, captions to videos,
photos, and so on. We used data from the VKontakte social network. This social
network is popular in Eastern Europe, especially in the post-Soviet countries.
VKontakte allows users to send messages, create their pages and communities,
share images, tags, audio and video recordings, and play browser games [25].
VKontakte users can represent their political views on personal profiles. The user
selects political views from among nine proposed types including communist, so-
cialist, moderate, liberal, conservative, monarchist, ultraconservative, indifferent,
and libertarian. The political typification of VKontakte is reflected in Figure 1. In
outline, there are two main systems for classifying political ideologies. The first is
related to the proposed model of the desired society and the second is based on the
attitude to social progress and the way of its implementation. The first type divides
political ideologies into the right, center, and left (pro-socialist). The second type

Exchange society considers radicals who advocate
Y permanent deep revolutionary

~ transformations and conserva-

) tives who strive to preserve the

> indifferent 5

“—.___~— established political order and

s

/‘/\(_\ agree only to the smallest
. . changes in the status quo. There
/ ;ﬁ\ are moderately oriented political
\\ i ) forces between them that prefer

\\‘ communist ultr@consérvalive monarchist /', the Way Of.gradual reforms'
N N For this study, we have col-
. i lected a dataset of anonymized
Coersive society Authoritative society 10 123 open-access proﬁles of
Fig. 1. Political spectrum users who represented their po-
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litical views on their pages. The data were collected using VKontakte API'. The
main characteristics of the dataset are shown in Table 1. The average number of
words and symbols shows the averaged count of words and symbols respectively in
text fields on the user page (for all fields). The standard deviation presents a meas-
ure of the amount of variation (dispersion) of a set of values.

Table 1. Data statistics

Characteristic Value STD
Avg number of words 135.21 3359.25
Avg number of symbols 1790.16 4575.3
% of empty fields 35.49 16.6

The data are presented in .csv format where each row contains the following
attributes: political views, gender, age category, education, occupation, relation,
military, people main, life main, activities, interests, music, movies, TV, books,
about, religion, inspiration, and posts. The detailed description of these fields is
shown in Table 2. The last column contains lists of possible values for each attrib-
ute and the distribution of these values. As can be seen from the table, our data
confirm the fact noted in previous studies (for example, [26]) that men more often
show their political views on social networks than women.

Table 2. Data description

Column name Type Description Possible values and distributions
Political Categorical Political views “communist”, “socialist”, “moderate”, “liberal”, “con-

s >

LLIT3 2

servative”, “monarchist”, “ultraconservative”, “indiffer-
ent”, “libertarian”
Gender Binary User’s gender “male”, “female”, “not specified”

Age category | Categorical |User’s age category| “<207, “20-29”, “30-39”, “40-49”, “50-59”, “60-69”,
“>=70”, “not specified”

Occupation | Categorical | Current user’s oc- “work”, “school”, “university”, “not specified”
cupation
Relation Categorical | Relationship status | “single”, “in a relationship”, “engaged”, “married”, “it’s
complicated”, “actively searching”, “in love”, “not speci-
fied”
Military Binary Information about “specified”, “not specified”

the completion of
military service
People main | Categorical |Important in others |“power and wealth”, “intelligence and creativity”, “kind-

ness and honesty”, “beauty and health”, “courage and
perseverance”, “humor and love of life”, “not specified”

5

Life main Categorical | Personal priority | “family and children”, “career and money”, “entertain-

> >

LEINTS

ment and recreation”, “science and research”, “improving|
the world”, “self development”, “beauty and art”, “fame
» e

and influence”, “not specified”
Activities |Free-form text| Personal interests -

Interests and favorites

Music

Movies

TV

Books

Inspired by
Religion  |Free-form text World view -
Posts List of strings | List of user’s posts —

! https://vk.com/dev/methods
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The distribution of political views in the dataset is shown in Figure 2a. As we
can see from the figure, the categories are unbalanced. Most users define their po-
litical views as moderate or indifferent. Some categories (for example, libertarians,
ultraconservatives) are represented by less than 5% of users. A similar distribution
of political views is observed in other sociological studies related to the analysis of
VKontakte, such as [27]. Figure 2b illustrates the distribution of categories com-
bined in terms of the proximity of political ideologies. We labeled conservatives,
ultraconservatives, and monarchists as “conservative”, communists and socialists
as “socialist”, and liberals and libertarians as “liberal”. Thus, Figure 2b shows five
aggregated categories the largest of which is 29.22% (moderate) and the smallest is
9.2% (socialist).

a) b)

moderate moderate

indifferent 4 indifferent

libertarians

utraconservatives

5 socialists
conservatives

9 communists
liberals conservative

socialists
liberal
monarchists

Fig. 2. Distribution of political views: a) original categories; b) combined categories

As can be seen from previous studies [28, 29], most people report moderate
political views. This is since many people label themselves as not involved or not
feeling strongly about political views. Based on this information, we attempted to
combine categories “indifferent” and “moderate” and labeled them as politically
inactive users. At the same time, other users were marked as politically active.

We can see two types of textual information in the dataset. The first type in-
cludes fields filled by the user in free-form (“Activities”, “Interests”, “Inspired by”,
and so on). The second type represents categorical or binary attributes, such as
gender, age, occupation, relation, military, people main, and life main. These at-
tributes are represented as text fields in a profile, but the user selects the text from
the given options. For example, Figure 3 shows the life main distribution by cate-
gory for three radical political ideologies. To calculate the age category, we used
the user’s year of birth. Users who did not provide a year of birth were placed in a
separate category.

We evaluated two machine learning approaches:

o+ classifier based on Linear Support Vector Machines (Linear SVC). The
vector of features was a concatenation of categorical features encoded using a one-
hot encoding scheme and a bag-of-words (BoW) representation of texts. One-hot
encoding is a data representation in a form of new (binary) columns, indicating the
presence of each possible value from the original data (e.g. 1 — 100, 2 — 010,
3 — 001 for values from the range [1,3]). The BoW model represents text as a set
of words disregarding grammar and even word order but keeping multiplicity (e.g.
“it is the best of the best” — [“it” — 1, “is” — 1, “the” — 2, “best” — 2, “of” — 1] ).
The Linear SVC model was implemented using Scikit-Learn [30] with a tolerance
for stopping criteria equal to 1e-2. The number of words in the BoW model was
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10000. Table 2 present the most common words for the users’ groups of polar po-
litical ideologies such as ultraconservatives, libertarians, and communists.

a)
Ultraconservatives

career and money

family and childran
antertainmant and recraation

b)

Ubertarians
science and ressarch

. entertainment and recraati
impraving the world

science and research

improving the world

| fame and influence

seif-development

Fig. 3. Life main distribution by category:
a) ultraconservatives, b) libertarians,

¢) communists

self-development

c)

career and money
entertainment and recreation

science and research

improving the world

«career and maney

family and children

fame and influence

beauty and art

family and children

fame and influence

' beauty and art

self-development

«a feedforward neural network trained on feature vectors represented concate-
nation of one-hot encoded categorical features and text embeddings obtained with
Multilingual BERT (mBERT) [31, 32]. BERT is a language representation model
presented by Google, which stands for Bidirectional Encoder Representations from
Transformers. BERT-based models show state-of-the-art results in many natural
language processing tasks. The mBERT-based model implementation used Trans-
formers [33] and Pytorch [34] Python libraries. The model architecture is showed

in Figure 4.
Table 3. Top-20 words by category
No. Ultraconservatives Libertarians Communists
1 music life music
2 life music good
3 sport book book
4 belief secular humanism orthodoxy
5 orthodoxy humanity movie
6 friend game game
7 movie movie life
8 girl travel atheist
9 book friend Soviet
10 history beloved sport
11 football Russian football
12 miracle love friend
13 Russian psychology war
14 interest foreign language history
15 orthodox nature learning
16 Russia mind Russian
17 travel programming classical
18 heaven design civil
19 man money family
20 green pastafarianism secular
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Fig. 4. The architecture of the mBERT-based network

For model evaluation, we used the weighted Fl-score that uses averaged
weighted precision and recall metrics and can be applied for imbalances classes.
The standard F1-score is calculated as follows:

Fl-score =2 * (Precision * Recall) / (Precision + Recall),

Precision=TP / (TP + FP),

Recall = TP / (TP + FN),
where TP indicates true positive results, when the model correctly predicts the pos-
itive class; F'P indicates false positive results, when the model incorrectly predicts
the positive class; FN indicates false negative results, when the model incorrectly
predicts the negative class.

To pre-process texts, we removed punctuation, merged all free-form text fields
from the user’s profile into one text, and further lowercased it. For the Linear SVC
model, we additionally lemmatized the data using Pymorphy2 [35] and applied a
random oversampling technique [36] to reduce the influence of the class imbalance
problem.

The results in Table 4 show the performance of our classifiers for both the
original and the combined categories. As expected, the highest results were ob-
tained with the state-of-the-art neural architecture BERT.

Table 4. Results, weighted F1-score, %

Categories Linear SVC mBERT-based classifier
Communists — libertarian 67.02 67.28
Libertarian — ultraconservative 80.02 82.24
Ultraconservative — communist 64.54 65.21
Communist — socialist 33.12 36.46
Liberal — libertarian 23.89 29.5
Socialist (combined) — liberal (combined) 58.67 62.45
Liberal (combined) — conservative (combined) 80.34 81.33
Conservative (combined) — socialist (combined) 74.68 76.01
Politically active — politically inactive (indifferent 64.4 66.57
Politically active — politically inactive (ind. + mod.) 62 65.23

We observe significant differences in performance between the binary tasks.
Both models perform much better when they classify polar political views. For
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example, the mBERT-based model achieved 67.28% (communists vs. libertarians),
82.24% (libertarians vs. ultraconservatives), and 65.21% (ultraconservatives vs.
communists). The classification of users with closer political views has significant-
ly worse results, such as 36.46% of F1-score for communists vs. socialists and only
29.5% for liberals vs. libertarians. This observation confirms that textual data from
social network pages contain meaningful information about the user’s political
preferences.

Then, we evaluated the impact of combining small categories into enlarged
categories of socialists, liberals, and conservatives. In general, the results are com-
parable to the classification of the polar original categories. However, both models
performed worse at separating the “socialist” and “liberal” classes.

Finally, we attempted to classify users into politically active and politically in-
active. In the first case, we labeled “indifferent” users as politically inactive and the
others as politically active. In the second case, we combined categories “indiffer-
ent” and “moderate” and labeled them as politically inactive users. We can see that
the second approach showed the best quality on the test set.

We have explored the task of predicting political views in social media. We
created a dataset for this task, which contains the main textual information from
VKontakte’s pages. We identified two types of user’s textual information, such as
categorical features and free-form textual fields. Further, we applied two machine
learning approaches to the task of binary classification of user pages by their politi-
cal preferences. The experimental results showed that our classifiers more success-
fully deal with the classification of profiles with polar political views. We also hy-
pothesized and experimentally confirmed that combining “indifferent” and
“moderate” users into one class can improve the quality of politically active users’
detection.

Further research should focus on adding new types of features to our models,
such as the user’s communities, reposts, “likes”, and other types of information and
activities in social networks. Moreover, we plan to evaluate different text represen-
tation models for predicting political views in social networks.
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