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Abstract. Modern research on large social groups has focused on the use of big
data. One of the significant areas of study is the analysis of attitudes and their
components. The goal of this work was to explore the possibility of creating an
automated tool for recognizing attitude components in online discussions. The
hypothesis was that there would be a difference in the effectiveness of recogniz-
ing attitude components using neural network models pre-trained on a Russian-
language corpus of online discussions. The study was based on psycholinguistic
methods and language model training in the study of a large social group of users
of Internet discussions. Neural network models of the BERT and ELECTRA
families were used. The accuracy and F1 are used to compare models, and it was
maximized, when selecting the hyperparameters. The ruRoBERTa-large model
achieved the best results with an F1 of 75.97% and an accuracy of 72.69%. Ap-
plying machine learning methods based on pre-trained transformer language
models to a corpus of texts in which social media users express their attitudes
towards social objects allows us to simulate the work of a psychologist who eval-
uates the representation of attitude components in the statements with an accepta-
ble level of accuracy.
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1 Introduction

In modern science, interdisciplinary research is becoming increasingly important. In
the last decade, the field of big data analysis and large social groups has become a place
where psychologists and data scientist can work together. The ability to study public
sentiment through observing people's behavior on social media, which is of interest to
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sociologists, political scientists, cultural experts, social psychologists, and management
practitioners, has been significantly influenced by advancements in automatic text anal-
ysis and machine learning.

The reaction of network communities to socially significant events of various types
usually manifest itself in the discussion of attitudes. In social psychology, an attitude
(social setting) is understood as a specific state of readiness for a certain behavior or
attitude, which is formed as a result of previous social experience and has a guiding and
(or) dynamic influence on an individual's reactions to all objects or situations with
which they are associated (Andreeva, Bogomolova, Petrovskaya, 2002). In 1942, M.
Smith proposed the structure of attitudes in the form of three components (Andreeva,
2018):

- cognitive (opinions, judgments about the object or situation of the attitude, knowledge
about the properties, purpose, and methods of action of subjects in a social situation);

- affective (emotional assessment of the object of the attitude or situation, expression
of sympathy or antipathy);

- behavioral (consistent behavior and the degree of readiness to implement the attitude
towards the object or situation in behavior).

At the same time, attitudes have a significant function in the form of cognitive economy
and lower costs of adapting to different situations due to the availability of a ready-
made attitude (Ross and Nisbett, 2000).

This paper presents the results of the first stage of work on creating an algorithm for
recognizing attitude components in the texts of online discussions. It is assumed that
the emergence of such a tool will allow for monitoring of social networks as part of
solving the problem of increasing the efficiency of public communication and studying
large social groups. In combination with modern methods of automatic text analysis,
such as thematic modeling and emotional predicate analysis, knowledge about the cog-
nitive, evaluative, and behavioral components of attitudes discussed on social media
can provide insights into the perceptions of the subject of discussion, attitudes towards
it, and behavioral scenarios considered successful or ineffective by participants in the
discussions.

The hypothesis was that there is a difference in the effectiveness of recognizing attitude
components by neural network models pre-trained on a Russian-language corpus of
online discussions.

The aim of the work was to investigate the possibility of modeling the recognition of
attitude components by specialists (psychologists) using machine learning tools based
on language models. Accordingly, the following tasks were solved:



1. Creation of a labeled corpus of online discussion texts containing attitudes;

2. Experimental study of the effectiveness of machine learning methods for a corpus of
texts containing attitudes;

3. Evaluation of the prospects for modeling expert text analysis using machine learning
methods.

2 Method

A corpus of texts from online discussions on the Pikabu platform was collected to solve
the problem of selecting discussions. The choice of this user communication platform
was based on the criteria of having sufficiently detailed text posts and comments in
communication, ethical permission to use anonymous social network data for scientific
research (Rule 4.1.5 of the Pic URL: https://pikabu.ru/information/rules-sn (Date of
access: 9.10.2023)].). For the collected corpus of texts, the sample is characterized by
the following demographic composition: 58% men and 42% women; 77% aged 19-45
and 18% over 45 (Mediakit, 2022). To train the models was used a labeled corpus of
2620 statements - fragments of discussions in the social network Pikabu.ru (Social net-
work Pikabu. URL: https://pikabu.ru (Accessed: 09.02.2026)). The markup corpus was
pre-processed: the texts were automatically divided into sentences using the Razdel
library (Razdel, 2024).

The markup of the automatically collected text corpus was carried out by specialists —
expert psychodiagnostics, having a Ph.D. degree in Psychology. Three psychologists
took part in the creation of the corpus; the texts of discussions are collected by a crawler
from social network. The markup was carried out in a specially created text corpus
labeling interface, developed at FRC CSC RAS. Before inclusion in the analyzed cor-
pus, text fragments were preprocessed: service information, user names, dates, and non-
printable characters were removed. For each sentence, the consistency of the expert
ratings in one of three categories (the component of the attitude: affective, cognitive,
and behavioral, or a statement that was not related to the subject of the conversation
and did not explicitly express the author's attitude towards that subject) was evaluated,
which was calculated as the ratio of the number of experts who assigned the same class
label to the number of experts who assigned that class to the sentence, which was
needed because sentences splitting sometimes divided marked text in half.

To solve the problem of creating a method for automatically identifying attitude com-
ponents from the texts of online discussions, transformer language models (Vaswani A.
et al., 2017) were used. We chose transformer language models as they are the state-of-
the-art solution for natural language processing tasks and suitable for working with big
data, which is relevant within the framework of social psychology of large social
groups.

We used models pre-trained on Russian texts (Zmitrovich D. et al., 2023). The follow-
ing families of language models were used: BERT - the original model with a trans-
former architecture described in (Devlin J. et al., 2018.); RoBERTa - an optimized ver-
sion of the previous model described in (Liu Y. et al., 2019); ELECTRA - a modified
version of the BERT model described in (Clark K. et al., 2020). To be precise, we used



the following models: ruBERT-base, ruBERT-large, ruRoBERTa-large, ruELECTRA-
small, uELECTRA-medium, and ruELECTRA-large.

We trained the models to take the context into account: a pair of 2 sentences that are
located before and after the current sentence were added to the left and to the right,
accordingly, of the current sentence. It is worth noting that the context of the sentences
was selected based on the tree structure of the discussion, meaning that the parent com-
ment being responded to was used for the left context, and the comments left in re-
sponse to the current comment were used for the right context, allowing for a more
accurate representation of the context that the comment was left and labeled in.

3 Results

Before training, the filtered dataset was preprocessed so that each example was a single
structured XML-style string: the left context was concatenated and enclosed in a "left-
context" tag, the text for labeling was enclosed in a "text" tag, and the right context was
concatenated and enclosed in a "right-context" tag. This was done to combine the ex-
ample text with its context and create a structure that can be recognized by language
model. Moreover, all the tags were added as special tokens, which allows to reduce
their impact on the limited size of the model's input sequence. Furthermore, this dataset
was divided into training and test datasets in proportions of 90% and 10% with stratified
distribution, i.e. with equal class ratios in the training and test datasets.

The transformers framework (Wolf T. et al., 2019) and the PyTorch library (Paszke
A. et al.,, 2019) were used to train the neural network models. To evaluate the quality
of the models' predictions, the F; and accuracy metrics were calculated, and an error
matrix was constructed. Before testing, the hyperparameters of the neural network mod-
els were selected using the Optuna library (Akiba T. et al., 2019) to maximize F; on
100 iterations.

The results of training the language models revealed differences in the quality of
identifying the components of attitudes in the corpus of online discussion texts.

All models based on BERT showed a sufficient and high level of identifying the
components of attitudes, reaching the required 70% level of accuracy. The highest re-
sult of automatic identification was made for the cognitive component, more than 80%.
The lowest values were obtained for the affective component of attitude, less than 60%.
However, higher results for the affective component were obtained for the ruRoBERTa-
large model.

Figure 1 shows the results of the model's error matrix on the test set of the described
dataset of discussions on Pikabu, where the absolute number of sentences is represented
in the cells. The recognition accuracy is represented on the scale as a color indicator.
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Fig. 1. The number of examples with the quality level of recognition by the ruBERT-base neural
network model.

The resulting figure characterizes the high accuracy of recognizing the cognitive
component of attitudes (106 examples, highlighted in yellow, which indicates high per-
centage). These results are largely due not only to the structure of the psycholinguistic
representation of rational explanations within cognitive descriptions, but also to the
large corpus of texts in this category. The category of behavioral types within attitudes
was the second most accurate (32 examples, highlighted in turquoise, which indicates
an approximation of 60% recognition). The results of the F; criterion and accuracy are
presented in Table 1.

Table 1. The quality of attitude component recognition by the ruBERT-base, ruBERT-large,
ruRoBERTa-large language model.

ruBERT-base ruBERT-large ruRoBERTa-large
Components of Fi,% accuracy, F1l,% accuracy, F1,% accuracy,
attitudes % % %
Affective component 57,14 51,85 56,6 55,56 74,51 70,37
Behavioral component 70,32 65,3 64,52 61,22 65,96 63,26
Cognitive component 82,81 88,33 81,89 86,67 84,92 89,17
No component 72,5 69,05 63,16 57,14 78,48 73,8

Total 70,7 76,05 66,54 72,69 75,97 78,99




It is worth noting the nature of errors in assigning categories during automatic recogni-
tion of attitude components. The largest error is associated with incorrect classification
of the behavioral component into the cognitive group, which is generally expected
when considering the speech components of behavior scenarios.

Another group of neural network models is represented by ruyELECTRA. The summary
of Fy and accuracy is presented in Table 2.

Table 2. The quality of recognition of attitude components by ruELECTRA language models.

Model ruELECTRA- ruELECTRA- ruELECTRA-
small medium large

Components of F1, % |Accuracy, |F1, % | Accuracy, |F1, % |Accuracy,

attitudes % % %

Affective component | 52,17 |44,44 51,06 44,44 64 59,26

Behavioral compo-|63,16 |61,22 70,83 (69,39 63,37 65,31

nent

Cognitive component | 80,78 | 85,83 83,95 |85 79,67 |80

No component 72,5 69,05 75,56 |80,95 69,05 169,05

Total 67,15 73,11 70,35 76,47 69,02 72,69

The obtained data characterize a slightly lower accuracy of determining the components
of attitudes by this model (within 70%) than by ruBERT models. However, the affective
component is recognized at a critically low level and for two variations of the model
does not even reach 50% of the recognition accuracy level. And the indicators for the
cognitive component of attitudes are presented for the group of ruELECTRA models
at the level of 80% and above, with the highest recognition accuracy of ruELECTRA -
small (85%).

To compare the models, the F1 score is used, which was maximized when the hyperpa-
rameters were selected. If we look at the results, we can see the scores for other neural
network models. In general, the ruRoBERTa-large model showed the best results with
an F; of 75.97% and an accuracy of 72.69%.

In second place is the ruBERT-base model with an F; of 70.7% and an accuracy of
76.05%. In third place is the uELECTRA -medium model with an F; of 70.35% and an
accuracy of 76.47%. It is worth noting that the ruBERT-base and ruELECTRA-medium
models showed similar results and may share the second place.

The cognitive component was best identified using the ruRoBERTa-large model with
an F; of 84.92% and an accuracy of 89.17%, and was generally identified best by each



model, but this result was expected as the cognitive component is the most frequent
example in the dataset.

4 Conclusion

The data obtained allow us to consider the conducted pilot study to be successful — in
none of the six cases does the overall recognition accuracy fall below 70%, which
means that the possibility of automatic recognition of statements containing attitudes
and their components in the texts of online discussions is confirmed. The result obtained
is non-trivial, since the high variability of the speech design of social attitudes, com-
bined with the significant linguistic non-normativity of online discussions, creates ob-
vious difficulties in the automatic analysis of texts, which did not allow us to expect an
easy success in the task of creating an algorithm (Nestik, 2025). In the next stage of the
project, it is planned to carry out additional training on the extended corpus of the ru-
RoBERTa-large model, which showed the best results (the recognition accuracy for
statements containing a cognitive component was more than 8§9%).

The ease with which the algorithm learned to recognize the speech patterns indicates
that the speech manifestations of the attitude components themselves have a speech
system (Kuznetsova, Mishlanov, Salimovskiy, Chudova, 2022). According to M.N.
Kozhina's definition, "The speech systematism of a functional style is the interconnec-
tion and interdependence of the linguistic means used in a given field at different levels,
both horizontally and vertically, based on the fulfillment of a single communicative
task by these means, which is determined by the purpose of the extralinguistic basis of
the corresponding speech variety, and which are related to each other by a specific
functional meaning that expresses the specificity of the style" (Kozhina, 1972). Thus,
the obtained result can be described as follows: in social networks, people regularly
express their social attitudes, and their statements are made in three functional styles:
evaluative judgment, instruction (giving advice), and information. Accordingly, we can
also talk about the realism of the task of creating an "attitude profile" of a discussion.
Automatic recognition of attitude components will allow us to calculate the proportion
for each discussion in the future — in some discussions, people are more likely to share
their emotions and assessments of the subjects discussed, in others, to offer their sce-
narios of behavior, and in others, to share knowledge and reflections on the subject of
discussion.

As can be seen, in the discussions that we used to analyze the components of attitudes,
the cognitive component prevailed, and therefore the focus on the information and cog-
nitive aspirations of the discussants was more pronounced. This ability to quickly and
automatically identify the nature of discussions taking place on the network opens up
prospects for large-scale empirical research in the field of large group psychology (Nes-
tik, Zhuravlev, 2019).



It is important to note the limitations associated with this exploratory study. The crea-
tion of a psychological data analysis tool requires the use of more data and additional
validation procedures. The study's limitation lies in the use of data from a single online
discussion platform, the need to increase the sample size for machine learning, and the
additional iteration of quality assurance for the reliability of attitude component recog-
nition by language models. In the future, it is advisable to use component-specific anal-
ysis to improve the quality and reliability of the assessment.

In conclusion, we would like to highlight an important procedural aspect of such devel-
opments. The success of machine learning in language models, such as "large language
models", depends on the quality of the training corpus's annotation. The clearer the
classification of statements for the experts, the more effective the resulting algorithm.
It is evident that not all psychological typologies are equally valuable in this regard, so
the choice of the subject of psychodiagnostics should be based on the "closeness" of
the psychological concept to the realm of language.

The study showed the following:

- machine learning methods of so-called language models applied to a corpus of texts
in which participants of discussions on social networks share their attitudes, allow to
model with an acceptable level of accuracy the work of an expert psychologist, as-
sessing the representation of the components of attitudes in statements;

- for the creation of the training corpus, the clarity of the theoretical concept used by
the psychologists' annotators is important: the allocation of speech realizations of vari-
ous authors' intentions should be based on the unambiguous understanding of the phe-
nomena studied by experts;

- when creating a recognition algorithm, it is important both to have a more or less
uniform representation of different types of statements in the training corpus, and to
use language models that have been pre-trained on different principles.
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