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Abstract

The study is devoted to the interpretive detection of manifestations of digital fatigue in social media
through the analysis of communicative segments. A method is proposed that shifts the focus from the
classification of single messages to the detection of natural thematic groupings of texts, within which
cognitive and emotional patterns of interaction are formed. The pipeline combines contextual
vectorization SentenceTransformer, dimensionality reduction UMAP, density clustering HDBSCAN,
lexical generalization TF-IDF and KeyBERT, and interpretive labeling of segments using Flan-T5. The
experiment was performed on the Healthcare Workers Burnout Tweets corpus (1,879 messages), where
the target variable reflects the presence or absence of signs of exhaustion. An explanatory map of
communication segments with names and key concepts was obtained, and the proportion of messages
with the label “burnout” was calculated for each segment. The results showed an uneven thematic
structure of the corpus with the dominance of one large segment and higher fatigue indices in smaller,
thematically narrow clusters, which confirms the contextual nature of the phenomenon. The practical
suitability of the approach for building psycho-emotional stress monitoring systems in professional,
educational and social environments is shown. The proposed method creates a basis for extension to
multilingual corpora, temporal analysis of topic dynamics and the use of explanatory deep models to
establish causal relationships between the semantics of communication and manifestations of digital
fatigue.
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1. Introduction

In today’s society, digital interaction has become an integral part of people’s professional,
educational and personal lives. According to the DataReportal Digital 2025 July Global Statshot
Report [1], as of July 2025, there were approximately 5.65 billion Internet users worldwide,
representing 68.7% of the world’s population, and more than 5.4 billion social media accounts,
representing 65.7% of the population. The average user spends approximately 6 hours and 37
minutes online each day, with more than 2 hours and 26 minutes spent on social media [2].

The Microsoft Work Trend Index 2023 [3] confirms the scale of the problem: more than 68% of
workers worldwide report having less time to focus on their work due to excessive messaging and
online meetings. This indicates the systemic impact of information overload on cognitive resilience,
professional performance and well-being.

This level of engagement creates a constant cognitive pressure that can change the intensity of
attention, emotional background and information processing strategies during digital interaction
[4]. The study suggests that the state of digital fatigue is not universal, but arises within certain
communicative contexts, where the number of repetitive, emotionally saturated or cognitively
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overloaded topics increases. This means that different segments of digital communication can affect
the mental state of the user differently: some contribute to exhaustion, others perform a
compensatory or restorative function [5]. Therefore, an important task is to identify thematic and
semantic characteristics of those communication segments that are associated with an increased
risk of digital fatigue, as well as to explain the mechanisms of this influence using natural language
processing tools.

The issue of digital fatigue is interdisciplinary and directly related to the implementation of the
UN Sustainable Development Goals, in particular Goal 3 «Ensure healthy lives and well-being for
all at all ages», Goal 4 «Quality education» and Goal 8 «Decent work and economic growth» [6].

The aim of the research is to develop a method for identifying communicative segments of users
as potential sources that influence the manifestations of digital fatigue.

The main contributions of the article are: a conceptual model of digital fatigue is proposed, in
which the communicative segment of the user is considered as a potential source of cognitive load
that affects the mental state in the process of digital interaction; a method for identifying
communicative segments of users is created and experimentally tested.

2. Related works

Based on a systematic analysis of publications for 2010-2025, presented in [7], the key factors,
consequences and strategies for overcoming the phenomenon of digital fatigue are summarized. It
is proven that excessive interaction with digital tools leads to cognitive overload, emotional
exhaustion, decreased professional productivity and increased stress levels. The identified
contradictions between individual research results indicate the need for a contextualized approach
to organizing digital communication and developing balanced models of combining synchronous
and asynchronous interaction formats. In parallel, the authors [8] note that the growing popularity
of distance education formats, especially after the COVID-19 pandemic, contributed to increasing
the flexibility and accessibility of learning, but at the same time caused excessive use of digital
technologies. This has become one of the main factors in the emergence of digital fatigue, which
manifests itself in a feeling of mental exhaustion, decreased motivation, sleep disturbance, lack of
concentration and a decrease in academic performance. In this context, digital fatigue is considered
as a multidimensional cognitive-emotional phenomenon that is formed under the influence of
technological overload, long screen time, increased self-consciousness during video meetings,
physical inactivity and lack of rest.

The study [9] analyzes the relationship between digital fatigue and marital satisfaction among
adults in Turkey, taking into account gender differences. Based on Family Systems Theory and the
structural equation modeling method, data from 384 respondents were processed. It was found that
digital fatigue significantly reduces the level of relationship satisfaction, with the greatest impact
being psychological fatigue, followed by digital addiction, physical and mental fatigue and
psychosomatic manifestations. The effect was more pronounced among women. The results
emphasize the systemic impact of digital fatigue on family well-being and highlight the need to
strengthen the psychological resilience of families in the digital age.

The study [10] is devoted to studying the level of social media fatigue among students in the
context of increasing digital activity. The aim of the work was to analyze the manifestations of
social media fatigue taking into account demographic characteristics and features of technology
use. The survey was conducted among 386 students studying in different years of university entry,
using the social media fatigue scale and the JASP 0.19.3 software environment for descriptive data
analysis. The results showed that the overall level of social media fatigue is high. The highest
indicators were recorded for the cognitive component, which indicates a significant information
overload of users. Along with this, a tendency was found to increase the emotional component of
social media fatigue, which reflects the negative impact of social networks on the emotional well-
being of students. Additionally, it has been found that the duration of social media use exacerbates



the negative effects of social media fatigue, which emphasizes the importance of forming balanced
digital practices in the student environment.

The impact of the COVID-19 pandemic on higher education and the associated manifestations
of student burnout were examined in [11]. A qualitative narrative review of 38 peer-reviewed
publications that met the requirements of SANRA examined the main factors of emotional and
academic exhaustion of students, including financial instability, mental health problems, social
isolation and fatigue from online learning. It was found that such conditions led to a decrease in
engagement, motivation and learning performance. The analysis showed that flexible academic
policies, hybrid learning models and psychological support contributed to reducing the negative
consequences of burnout. At the same time, the effectiveness of artificial intelligence tools, in
particular chatbots and digital academic assistants, which provided scalable emotional and
academic support in a distance learning environment, was noted.

The study [12] focused on detecting signs of professional fatigue in physicians based on
linguistic characteristics of clinical notes. Using data from 129,228 emergency department visits,
the authors trained a model capable of recognizing notes created by physicians with high
workloads who had worked at least five of the previous seven days. The model successfully
identified such notes in the test sample, and also detected signs of fatigue in other conditions
during night shifts and work with a large flow of patients. It was found that when the model
recorded increased signs of fatigue, the quality of clinical decisions decreased, in particular, the
efficiency of diagnosing myocardial infarction was 19% lower for each standard deviation increase
in the estimated level of fatigue. A key linguistic feature of notes created by exhausted physicians
is the predictability of the next word from the context, reflecting a decrease in cognitive flexibility.
Interestingly, the model recorded a 74% higher level of predicted fatigue in texts generated by large
language models than in real clinical records, indicating potential biases in generative medical texts
that require further investigation.

At the same time, a systematic review cited in [13] shows that the introduction of artificial
intelligence into work with electronic medical records can reduce the workload and risk of burnout
of healthcare professionals. An analysis of studies (2019-2025) found positive effects of using Al
scribes, clinical decision support systems, language models and NLP tools, in particular, reducing
documentation time and increasing the efficiency of workflows. Methodological limitations (small
samples, short follow-up periods) are noted, which require further large-scale and controlled
studies to assess the long-term effectiveness and safe integration of Al into clinical practice.

The work [14] considers the use of deep learning for automatic detection of professional
burnout and digital fatigue based on different types of data. The application of NLP, CNN, RNN and
Transformer-models to analyze texts, voice recordings, facial reactions, activity logs and
physiological indicators is considered. An end-to-end methodology for developing, training and
deploying such systems is proposed, which allows to detect patterns of stress and emotional
exhaustion inherent in digital fatigue and burnout. The authors emphasize the need to take into
account the issues of confidentiality, ethics and bias of the models, emphasizing that the
integration of psychological concepts with machine learning contributes to the transition from
reactive to preventive management of the mental health of employees, increasing efficiency and
well-being in the working environment. The analysis of the reviewed studies confirms that digital
fatigue is a context-dependent phenomenon, and not a universal reaction to prolonged use of
technologies. Its manifestations are determined by the nature of communication, the type of digital
environment and the semantic load of information. In professional, educational and social contexts,
different intensities of cognitive and emotional exhaustion are observed, which indicates the
importance of the content and structure of communicative segments as potential sources of
influence on the user's mental state. The reviewed studies have confirmed that some types of
digital interaction, such as routine documentation, intensive social communications or online
learning, increase the risk of fatigue, while others, on the contrary, have a compensatory effect. At
the same time, a number of unsolved scientific problems remain. The mechanisms of fatigue
formation in different types of digital communications require clarification, as well as long-term



observations capable of tracing the dynamics of the transition from neutral to exhausting
communication patterns. The impact of algorithmic content and generative models on the
strengthening or modification of signs of digital fatigue has also been insufficiently studied. This
determines the relevance of further development of interpretive NLP methods that would allow
explaining the relationships between the subject of communication, cognitive load and
manifestations of user fatigue.

This study fills the gap between descriptive studies of digital fatigue and interpretive analysis of
its sources by forming the basis for building explainable, adaptive systems for monitoring the
mental state of users in digital environments.

3. Method design

The conceptual model of digital fatigue is based on the assumption that the user’s psycho-
emotional state in the digital environment is formed under the influence of stable semantic
structures of communication. Digital content is organized into communicative segments that reflect
dominant topics, emotional markers, and information intensity. These segments act as sources of
cognitive load, which leads to attention depletion and emotional exhaustion, forming
manifestations of digital fatigue. The model assumes a causal chain: digital content, communicative
segment, cognitive load, emotional exhaustion, digital fatigue. At the same time, a feedback effect is
possible, when the user’s current mental state influences further communicative behavior and the
semantic structure of messages.

The method for identifying user’s communicative segments is designed to detect and interpret
thematic segments of user communication that potentially affect the manifestations of digital
fatigue and cognitive exhaustion. The method provides not only automatic grouping of texts by
semantic proximity, but also an interpreted explanation of each segment, which allows assessing
the connections between the nature of digital interaction and the emotional state of users.
Workflow of communicative segments detection and interpretation pipeline is shown in Figure 1.
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Figure 1: Workflow of communicative segments detection and interpretation pipeline.

The presented scheme reflects the method for identifying communicative segments of user
texts, developed to identify the content contexts of digital interaction that potentially affect the
manifestations of digital fatigue and burnout. The method is aimed at moving from superficial
statistical analysis of texts to the construction of an interpreted semantic structure, in which each
communicative segment is considered as a separate thematic unit [15], reflecting specific cognitive
and emotional patterns of user communication.

At Stage 1, vector representations of texts are formed. This stage is responsible for transforming
the unstructured text corpus into a multidimensional feature space, where each message receives
its own contextual representation. For this, the Sentence Transformer model [16] is used, which
provides a reflection of semantic shades of meanings and the preservation of latent connections



between texts. Thus, the basis is created for further grouping of communication patterns not by
formal, but by content characteristics.

Stage 2 involves the formation of communicative segments, i.e. semantically related groups of
messages that form separate contexts of digital interaction [17]. At this stage, the dimensionality of
embeddings is reduced using the Uniform Manifold Approximation and Projection (UMAP) method
[18], which ensures the preservation of data topology, as well as clustering in the resulting space
using Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) [19],
which allows automatically determining the natural number of thematic groups. For each formed
segment, the most characteristic lexical features are calculated using TF-IDF and KeyBERT, which
allows describing its content dominants. This stage forms the basis for the semantic division of the
corpus into communicative segments, within which common intentions, emotional coloring and
thematic directions of user messages are revealed.

Stage 3 involves the interpretation and visualization of the obtained segments in order to
explain their connection with the phenomenon of digital fatigue [20]. For this, the Flan-T5
generative model is used, which creates a generalized set of key concepts for each segment, which
provides a clear interpretation of the obtained clusters (removes repetitions, adds words
representing segments that are close to those found in stage 2). Visualization in the form of a
WordCloud contributes to the formation of an intuitive idea of the structure of the topic and the
dominance of individual concepts [21]. At the same stage, the index of association of segments
with digital fatigue is calculated based on the specific share of messages marked as containing signs
of exhaustion.

The result of the method is a system of communication segments, each of which has its own
semantic characteristics, a set of key concepts and a level of connection with indicators of digital
fatigue. This allows identifying communicative environments that contribute to an increase in
cognitive load or, conversely, perform a compensatory function. The scientific novelty of the
approach lies in the combination of interpreted natural language processing tools with cluster
analysis to build an explanatory model of the cognitive impact of digital communications.

Its difference from existing approaches lies in the shift in focus from the classification of
individual messages to the analysis of communicative segments — natural thematic groupings of
texts that reflect the cognitive and emotional patterns of users' communication. This approach
allows not only to assess the presence of signs of fatigue, but also to explain within which semantic
contexts it occurs.

4. Experiment

4.1. Experimental datasets

The dataset «Healthcare Workers Burnout Tweets» [22] contains 1879 text messages obtained
from the social network Twitter, which reflect the emotional and professional reactions of
healthcare workers. Its content represents a wide range of statements related to psycho-emotional
state, interaction with patients, feelings of exhaustion, support from colleagues and personal
experience of working in stressful conditions of the pandemic. Each entry in the table corresponds
to a separate user tweet and is accompanied by metadata describing the textual and structural
characteristics of the message. In particular, for each tweet, the publication date, unique identifier,
source (type of device or application from which the entry was created), number of shares and
likes, as well as a number of linguistic parameters are stored, including the number of words and
symbols, word length, proportion of service parts of speech, number of user mentions, hashtags
and links.

Of particular importance is the variable «burnout», which acts as a target feature for training
text analysis models. It indicates the presence or absence of indicators of digital fatigue or
professional burnout in the message. In the markup, the value “1” corresponds to messages that
show signs of emotional exhaustion, apathy, or stress, while the value “0” indicates neutral or



positive messages without such manifestations. Analysis of the statistical distribution shows that
the majority of tweets (64.7%, i.e. 1215 records) have markers of digital fatigue or burnout, while
the rest (35.3%, or 664 records) do not contain such signs. This imbalance indicates a high
representation of messages in which healthcare workers demonstrate symptoms of emotional
exhaustion, which makes the corpus relevant for researching psychoemotional risks in digital
communication and training models for detecting digital fatigue [23].

4.2. Experiment and setup description

The experimental software is developed in the «Google Colaboratory» cloud environment, which
provides interactive execution of program code, automatic saving of results, and the ability to
reproduce the experiment on different hardware platforms. The environment is based on the Linux
operating system with pre-installed Python libraries and allows calculations to be performed on
both the central processor and graphics accelerators. In this study, calculations were performed in
CPU mode, which ensured the independence of the results from the hardware parameters.

The experimental system was developed in Python 3.10, which provides support for libraries for
natural language analysis, statistical modeling, clustering, and visualization. The main stages of the
experiment are implemented in the form of sequentially interconnected modules: data preparation,
construction of semantic representations, clustering, identification of key tokens, generative
interpretation, and graphical display of results.

Data preprocessing was performed using the pandas, «NumPy», and «re» libraries, which
provide cleaning of texts from references, special characters, gaps, and duplications, as well as
conversion of text fields into a standardized format for further processing.

To form vector representations of texts, the «SentenceTransformers» library was used, within
which the pre-trained all-MiniLM-L6-v2 model was applied [24]. This model forms contextual
embeddings that reflect the semantic similarity of texts in a multidimensional space.

To reduce the dimensionality of the vector space in the experimental setup, an implementation
of the UMAP method from the umap-learn library in the Python environment was used. The use of
this package provided an effective mapping of multidimensional contextual vectors into a space of
lower dimension while preserving the topological relationships between the embeddings. The
clustering of the obtained coordinates was implemented using the «<HDBSCAN» algorithm from
the «hdbscan» library, which automatically determines the number of clusters and takes into
account variations in the density of the semantic space. Both libraries work in interaction with the
«NumPy» and «pandas» structures, which ensures the stability of calculations and the correctness
of data transfer between modules.

To determine the key tokens of each cluster, an implementation of the «TF-IDF» method from
the «scikit-learn.feature_extraction.text» package [25] was used, which performs a statistical
evaluation of the weights of terms within segments. Semantic refinement of key concepts was
carried out using the «KeyBERT» library, which is based on the same «SentenceTransformer»
architecture and allows comparing tokens by contextual similarity. The obtained descriptors form
the basis for further interpretation of the thematic content of the segments.

The generative module is implemented on the basis of the «Flan-T5» model [26], which is part
of the «Transformers» framework from «Hugging Face». The model is used in the «sequence-to-
sequence» mode for generalized key concepts of segments [27]. To calculate the semantic
centrality of selected texts, the «cosine_similarity» module from the «scikit-
learn.metrics.pairwise» package was used, which ensures the selection of the most representative
examples for further interpretation. The results were visualized using the «Matplotlib» and
«WordCloud» libraries, which provide the construction of diagrams, word clouds and graphical
dependencies between the size of segments and the proportion of messages containing signs of
digital fatigue. All results, including tables and images, were stored in the cloud catalog of the
«Colab» environment, which ensures full reproducibility of the experiment and the convenience of
further analysis.



5. Results and discussion

Analysis of the results of clustering texts from the corpus «Healthcare Workers Burnout Tweets»
made it possible to identify the natural structure of healthcare workers’ communications in the
digital environment and to trace the dominance of individual thematic contexts related to
professional burnout and support from colleagues.

The diagram (Figure 2) displays the results of clustering the tweet corpus, in which a significant
part of the messages belong to one large segment. This distribution is explained by the very nature
of the original dataset: most healthcare workers’ tweets have similar emotional and thematic
features related to burnout, support from colleagues, or experiencing crisis situations. The high
concentration of texts in Segment 1 indicates the dominance of a common communicative context
that unites messages with similar semantic markers.

Top Segments by Size
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Figure 2: Distribution of tweets by communication segments after clustering.

The obtained result confirms the correctness of the algorithm, which, without having a
predetermined number of clusters, isolated the natural structure of the data. The algorithmic model
reflected the real thematic heterogeneity of the corpus, where the main cluster represents the
central theme of the dataset, and smaller segments record local branches of communication related
to individual aspects of professional experience.

The diagram (Figure 3) displays the proportion of messages with manifestations of digital
fatigue in each of the clusters that were formed during the semantic segmentation of the studied
dataset. The horizontal axis shows the value of the digital fatigue index, which is defined as the
ratio of the number of tweets with the «burnout» = 1 label to the total number of messages in the
segment.

Distribution analysis shows that most segments are characterized by a high proportion of
messages that show signs of emotional exhaustion, apathy, or fatigue. The highest index values are
observed in segments with a smaller amount of data, which indicates the localization of the most
emotionally saturated statements in thematically narrow communicative contexts. In contrast,
large segments demonstrate a moderate level of the indicator, which may be due to greater
thematic diversity and the inclusion of neutral or supportive messages.



Fatigue Rate by Segment (Top by Size)
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Figure 3: Messages share with digital fatigue manifestations.
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The diagram (Figure 4) displays the integral dependence between the size of the segments and
the level of digital fatigue in the corpus. The diagram is presented to summarize and improve the
visualization of previous results, since it combines two indicators in one space: the size of the
segments and the level of digital fatigue. It allows us to clearly trace the relationship between the
number of messages in a cluster and the proportion of emotionally exhausted texts, which clarifies
the interpretation of the previous diagrams and reinforces the conclusion about the contextual

nature of the manifestations of digital fatigue.
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Figure 4: Integral relationship between digital fatigue level and segment size.

Figure 5 shows a cumulative coverage curve that displays the coverage of the message corpus

depending on the number of segments considered, ordered by their size.



Cumulative Coverage of Messages by Segment
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Figure 5: Cumulative coverage curve.

Cumulative coverage curve shows that larger segments cover the majority of all texts, while
adding smaller clusters gradually saturates the coverage until the corpus is fully covered. This
shape of the curve confirms the uneven distribution of the data, with a few dominant thematic
groups containing the bulk of the messages, and the remaining segments representing narrow, less
numerous, but meaningfully distinct contexts. Examples of the resulting visual semantic
representations are shown in Figure 6.
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Figure 6: Examples of semantic word representations by segments.

recautions

The word clouds reflect characteristic communicative segments, in which different levels of
digital fatigue are observed, which is consistent with the results of previous quantitative diagrams.
Segment 6, represented mainly by everyday topics, has a low level of fatigue index, since the
messages in it are neutral or compensatory in nature, not directly related to professional workload.
Segment 2, formed around the lexemes «mask», «healthcare», «nurse», has an average level of
digital fatigue, reflecting the working contexts of communication during the pandemic, which
combine professional duties and a sense of tension. Segment 10 contains keywords related to
vaccination and quarantine restrictions, and is characterized by the highest level of digital fatigue
among the presented segments. This suggests that topics related to the pandemic and public
discussions about COVID-19 are the most emotionally charged. Thus, the visualization confirms
that the algorithm not only distinguishes thematically distinct groups of messages, but also
correctly reflects their differentiation by the degree of emotional exhaustion.

The main limitation of the study is the use of a monolingual corpus of tweets, focused mainly
on professional communication of medical workers during the pandemic. Such a sample limits the
generalization of the results to broader types of digital interaction, where the nature of fatigue may
manifest itself differently. An additional factor is the contextual variability of vocabulary inherent
in social networks: not all messages with markers of emotional load directly reflect the state of
digital fatigue, which creates potential distortions in the automated determination of the index. A
methodological limitation also lies in the use of static parameters for dimensionality reduction and
density clustering, which do not take into account the temporal dynamics of communication and
the evolution of topics during the observation period. In further research, it is planned to expand



the corpus using multilingual and multiplatform sources, which will allow us to investigate the
phenomenon of digital fatigue in different socio-professional groups. It is planned to integrate
temporal and network characteristics of communication to track the dynamics of users' emotional
states over time.

6. Conclusions

The paper proposes the method that shifts the focus from the classification of individual messages
to the identification of natural thematic groupings of texts, within which cognitive and emotional
patterns of interaction are formed. The study confirmed the effectiveness of the proposed method
for determining communicative segments of users as a means of interpreting manifestations of
digital fatigue in the texts of social networks. The developed approach provides a transition from
the traditional analysis of individual messages to the identification of semantically related thematic
groups, which allows establishing contextual patterns of the occurrence of cognitive exhaustion.
Based on a combination of the SentenceTransformer, UMAP, HDBSCAN, TF-IDF, KeyBERT and
Flan-T5 methods, an explanatory model of the communicative structure of the corpus was formed,
within which each segment has its own semantic profile and level of association with digital
fatigue. The results obtained have both theoretical and practical significance. From a scientific
point of view, they deepen the understanding of the contextual nature of digital fatigue and
demonstrate the potential of interpreted NLP methods for analyzing mental states in digital
environments. From an applied point of view, the proposed approach can be used to develop
systems for monitoring psycho-emotional stress in professional teams, educational environments,
and social networks. Further development of the work involves expanding the corpus with
multilingual data, integrating temporal parameters to track the evolution of topics in dynamics,
and using explanatory deep models to analyze the interaction between semantic, linguistic, and
behavioral factors of digital fatigue.
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