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Abstract

The rapid expansion of remote work and digital communication has intensified the prevalence of digital fatigue
and professional burnout, yet existing automated detection methods often lack the interpretability required
for clinical and organizational trust. A significant gap remains in effectively distinguishing between topical
discussions of fatigue and the actual psycho-emotional state of the user. In this work, we propose a novel
interpretable approach combining thematic segmentation, communication object identification, and a BERT-based
neural network to detect digital fatigue with high contextual sensitivity. On validation data, the proposed model
achieved an Accuracy of 0.83, Precision of 0.87, Recall of 0.88, and an F’; -score of 0.87. The study demonstrates that
integrating thematic analysis with deep learning allows for a multi-level assessment of cognitive load, enabling
the identification of both local overload centers and overall fatigue levels. This approach directly contributes to
the Sustainable Development Goals by promoting mental well-being (SDG #3) and decent work environments
(SDG #8) through healthier digital practices.
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1. Introduction

With the rise of remote work, digital communication, and online education, more and more people are
experiencing digital fatigue [1] and burnout [2]. This is a condition where mental resources are depleted
due to the constant demand to be “connected,” to respond, and to adapt to the dynamics of the digital
environment [3]. The ethical dimension of the application of artificial intelligence for decision-making
in the field of medical law is also a relevant topic for research [4].

This problem has become especially relevant after the global changes caused by the COVID-19
pandemic [5], when remote work and learning have become the norm from the exception [6]. The lack
of physical boundaries between personal and professional life, prolonged interaction through screens,
high intensity information flows, and the loss of familiar social contacts create ideal conditions for the
development of chronic stress, mental exhaustion, and a deterioration in the quality of life [7].

The relevance of addressing digital fatigue is also emphasized within the framework of the United
Nations Sustainable Development Goals, as it is directly connected with the promotion of mental
health and well-being under SDG #3 and the advancement of decent work and sustainable economic
growth under SDG #8. In this context, the development of interpretable neural network approaches to
monitoring digital fatigue not only contributes to individual psychological resilience, but also supports
the creation of healthier, more sustainable, and human-centered digital ecosystems that are aligned
with global development priorities [8].
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The aim of the research is to develop and test a neural network interpretable approach to automated
detection of digital fatigue and professional burnout through thematic segmentation of text messages
and analysis of communication objects, which allows to detect hidden patterns of psycho-emotional
exhaustion in the digital environment.

The main contributions of the paper are:

« A new multi-stage framework for detecting digital fatigue is proposed, which combines thematic
segmentation, communication object analysis, and fatigue index modeling at both the segment
and profile levels.

+ The Neural Network Detection of Digital Fatigue and Burnout Using Thematic Segmentation and
Communication Object Analysis method is implemented, which allows for targeted assessment
of fatigue within the content of communication.

« A multi-indicator fatigue assessment model is developed, which allows for calculating both
localized and aggregated levels of digital fatigue across all user profiles.

« A visualization module is created to interpret user-specific digital fatigue maps, which will allow
for identifying problematic communication segments.

2. Related works

The literature review in this area aims to identify key determinants of digital fatigue, its manifestations
in the work context, as well as existing methodologies for its detection.

The article [9] is devoted to a comprehensive analysis of the phenomenon of digital fatigue as a
current challenge for the professional environment. The authors conducted a review of the scientific
literature for the period 2010-2025, focusing on identifying key factors, consequences and strategies
for overcoming digital fatigue among employees. The study finds that excessive use of digital tools
leads to cognitive overload, increased stress levels and reduced productivity. The paper focuses on the
complexity of the interaction of synchronous and asynchronous communication formats, as well as on
the blurring of boundaries between professional and personal life. The authors emphasize the need
to implement contextualized organizational approaches to digital communication and adhere to the
principles of digital well-being.

The study [10] focused on the growing threat of digital fatigue among young people caused by
excessive use of screens in everyday life. Particular attention was paid to Computer Vision Syndrome
(CVS) and its associated postural strain in the 18-35 age group. Based on a survey of 160 respondents
and analysis of working postures using the OWAS system, a high prevalence of symptoms of visual
and musculoskeletal discomfort was found, including dry and burning eyes, headaches, neck stiffness
and shoulder tension. A significant proportion of participants demonstrated a medium to high risk of
postural strain, which is exacerbated by poor ergonomics and low awareness of digital hygiene.

The authors conducted a study on the use of natural language processing and machine learning
methods to identify burnout indicators based on text content [11]. For the analysis, a corpus of
13,568 anonymized text messages obtained from the social platform Reddit was formed, among which
352 messages were identified as related to burnout and 979 to depression. Ensemble approaches to
classification based on subreddit-based data separation strategies and random batching were proposed
and implemented. The results obtained demonstrate that ensemble models significantly outperform
basic classifiers in terms of balanced Accuracy (0.93), test F}-score (0.43), and test Recall (0.93). The
study confirms the effectiveness of using NLP methods for early detection of symptoms of professional
burnout using text data, which opens up prospects for the further development of automated systems
for monitoring psycho-emotional state.

A stress detection methodology for preventing burnout based on speech and written expression
analysis using natural language processing methods is presented in [12]. The authors combine knowl-
edge from psychology and data science to create a knowledge base that allows comparing speech
characteristics with objective stress indicators, such as heart rate variability, cortisol levels, and blood
pressure. The tool operates autonomously and passively, identifying both cognitive and emotional



manifestations of stress [13]. Its accuracy, confirmed by biomedical data, reaches 83% according to the
Fj-measure metric. The article emphasizes the importance of an interdisciplinary approach and the
potential for implementing this technology in a professional environment for monitoring employee
well-being with the aim of early detection and prevention of burnout.

The article [14] is devoted to studying the phenomenon of emotional burnout among higher education
students during the COVID-19 pandemic, which arose due to sharp changes in the learning format and
social environment. Based on a qualitative narrative review of 38 peer-reviewed scientific publications,
the authors analyze the main factors that have caused a decrease in academic motivation, engagement
and success. Particular attention is paid to the impact of financial instability, mental health problems,
social isolation and digital fatigue from distance learning. At the same time, the study considers
university strategies to mitigate the negative consequences, in particular, the introduction of flexible
academic policies, hybrid learning models and psychological support. The authors also note the role of
artificial intelligence — chatbots and teaching assistants, as scalable tools for emotional and academic
assistance in the online environment.

The analysis of scientific sources indicates the growing relevance of research on digital fatigue and
professional burnout as complex multifactorial phenomena manifested in cognitive, physiological and
behavioral symptoms. Modern approaches to detecting these states are based on a combination of
natural language processing methods, postural load analysis, biophysiological monitoring and cognitive-
affective diagnostics. The scientific literature shows a trend towards interdisciplinarity: the combination
of data from digital behavior, language patterns and psycho-emotional indicators allows to expand
the possibilities of early detection of burnout and digital overload in educational and professional
environments. At the same time, there is a lack of research that would combine thematic segmentation
of communications with the analysis of digital interaction objects for the purposes of automated fatigue
detection.

3. Problem statement

Despite the growing interest in detecting digital fatigue using natural language processing methods,
there is a conflict between the need for accurate recognition of psycho-emotional states and the linguistic
ambiguity of texts, where the topic of digital fatigue and burnout may not correspond to the real internal
state of the author. This complicates automated classification and requires a deeper analysis of speech
patterns, context and author intentions, which goes beyond traditional thematic or emotional modeling.

On the one hand, human speech is an important source of detecting psycho-emotional states, in
particular digital fatigue and burnout, however, on the other hand, the presence of semantic topics
related to fatigue or negative events is not yet a direct indicator of digital fatigue as a psychological
phenomenon.

This creates methodological complexity: the text may contain signs of emotional exhaustion without
explicit mention of the digital context, or, conversely, may contain mentions of fatigue, but only
descriptively, without the presence of symptoms (for example, information messages, news, discussion
of the topic). Thus, there is a need to distinguish the thematic content of the message from latent
psychological markers of the human condition. Therefore, it is necessary to develop a method that
would take into account all the above-described aspects and be interpretable, as well as create software
to study its effectiveness.

4. Method design

The proposed method for neural network detection of digital fatigue and burnout using interpretable
thematic segmentation and communication object analysis can be schematically presented as a sequential
execution of the stages shown in Figure 1. The input data are all entries (posts, comments, notes,
etc.) of a certain author or group of authors. Each entry in this block is marked with an index
(Entryy, Entrys, ... Entry,) and forms a set of text content, from which an “author profile” is then



generated. The profile refers to metadata and summary characteristics: timestamps, length of entries,
general topic, frequency of updates.
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Figure 1: Schematic representation of the proposed method stages for neural network detection of digital
fatigue and burnout. The pipeline moves from input data through thematic classification (Stage 1) and target
object identification (Stage 2) to digital fatigue analysis (Stage 3), resulting in a digital fatigue map.

At stage 1, all records undergo thematic analysis using thematic modeling models [15]. The result is
that each record belongs to one of the k identified topics. The LDA thematic modeling algorithm [16]
was used in the study. Communication segments mean conditional groups of texts united by a common
topic (T'opicy, Topica, . . . Topic). Each record is mapped to the topic that best describes its content
with “arrows”. This stage allows you to break the entire text stream into semantic blocks, preparing the
data for a deeper analysis.

At stage 2, the search for target communication objects takes place. Target communication objects
are a combined set of keywords found by different methods (TF-IDF [17], YAKE! [18] and Dispersive
Estimation [19]) without repetitions and a set of NER [20], grouped by lemmatization. In this study,
the choice of approach to identifying target communication objects is due to the need to ensure high
semantic sensitivity and resistance to thematic shifts inherent in different styles of digital communication.
Combining statistical, linguistic and dispersion features allows us to obtain a representative set of
keywords relevant to the context of each thematic segment. In addition, supplementing automatically
detected key terms with named entities that have undergone the lemmatization procedure allows us to
increase the conceptual integrity of the resulting set of objects, ensuring more accurate identification of
semantic cores of digital interaction.

At stage 3, neural network detection of digital fatigue and burnout occurs using the “BERTForSe-
quenceClassification” neural network [21]. Such a determination occurs both in the general set of text
representations of the author’s digital profile and within each of the identified topics. The choice of
the “BERTForSequenceClassification” model [22] is due to its ability to form contextualized vector
representations of text sequences, which ensures high quality classification even with limited input
length. Due to pre-training on a large corpus of texts, the BERT architecture effectively takes into
account semantic and syntactic relationships between tokens, which is critical for detecting complex
cognitive and emotional states, such as digital fatigue and burnout.

The output data is a digital fatigue map by profile. The results are aggregated into a two-level
visualization [23]. By segments, for each topic, a digital fatigue indicator and a graphic interpretation
in the form of a word cloud (target objects of communication) are displayed that characterize the
communication segment. Across the entire profile: a generalized indicator with the appropriate level

and visualization is formed, which allows you to quickly assess the overall state of the authors “digital
health”.



A structured approach to detecting digital fatigue and professional burnout based on a neural network
is proposed, which combines thematic segmentation of text records and analysis of target objects of
communication. The methodology includes the sequential application of thematic modeling, semantic
keyword extraction, and contextualized classification using the BERT architecture, which provides a
multi-level assessment of cognitive load and emotional exhaustion in the digital environment.

5. Experiment

5.1. Experimental datasets

The “Healthcare Workers Burnout Tweets” dataset [24] on Kaggle [25] contains a collection of public
tweets collected from the profiles of healthcare workers, mostly nurses, who are expressing their
experiences working at the epicenter of the COVID-19 pandemic. Each entry is represented by the
main tweet attributes: text content, publication timestamp, user metadata, and a label indicating the
presence or absence of burnout.

The “Mental Health Social Media” dataset [26] from Kaggle is a corpus of English-language tweets
collected using the official Twitter API [27] in the first half of 2019. It consists of about 20k records,
each of which contains: a unique tweet and user ID, as well as a publication timestamp, the message
text, cleaned of unnecessary characters and filtered by language (only English tweets), and interaction
metadata (number of retweets, likes, hashtags and mentions by other users). The dataset also contains
features: tone and subjectivity, frequency of use of personal pronouns, service words and emojis, tweet
length (number of words/characters), lexical indicators (readability level, distribution of speech parts,
etc.).

Each category contains an identical number of images, ensuring balanced representation of the target
classes and minimizing model bias throughout the training process [28]. Therefore, the “Healthcare
Workers Burnout Tweets” dataset will be used to train the BERT neural network model for the digital
fatigue detection method, and the “Mental Health Social Media” dataset will be used to validate the
digital fatigue detection method with deep learning neural network models.

5.2. Experiment and setup description

The software architecture is implemented in the Google Colab cloud environment [29] and includes
three functional modules: (1) topic modeling, (2) detection of target communication objects, and (3)
classification of digital fatigue using deep learning. Thematic analysis was implemented using the
LDA algorithm, which was applied to previously cleaned and lemmatized records. Cleaning included
noise removal, tokenization, normalization, and stop-word removal, after which a corpus dictionary
was formed. The optimal number of topics was determined using model coherence. To construct
a set of target communication objects, a combined approach was implemented that integrates the
results of three independent keyword detection methods — TF-IDF, YAKE!, and variance analysis [30].
Named entities were determined using the Stanza library, which allows for linguistically accurate entity
recognition with subsequent lemmatization. All the obtained objects were combined into a single set,
cleaned of repetitions, which guarantees consistency between thematic affiliation and the semantic
core of each segment.

Neural network detection of digital fatigue was carried out based on the “BERTForSequenceClas-
sification” model, implemented in the “HuggingFace Transformers” framework [31]. Input text data
was fed to the built-in tokenizer, which converted them into tokens sequences, trimmed them to a
maximum length of 32 tokens and supplemented them with special characters [PAD] to a fixed size.
The “Healthcare Workers Burnout Tweets” corpus was used for training, it was stratified into training
(80%) and validation (20%) parts.

An independent “Mental Health Social Media” set was used for testing the model, which allowed
for validation on new data, since it is possible to select messages within the selected user ID. The
classification results were aggregated both at the level of individual thematic segments and within the



overall digital profile of the author. The results were visualized using the “matplotlib” [32], “seaborn” [33]
and “wordcloud” [34] libraries, which allow building interactive digital fatigue maps and semantic
clouds of communication objects.

6. Results and discussion

As aresult of training the BERT neural network architecture, the results according to the metrics shown
in Table 1 were obtained. At the same time, the confusion matrix [35] showed the result shown in
Figure 2.

Table 1

Neural network training metrics obtained during the validation phase.
Metrics Value
eval_loss 0.588364959
eval_accuracy 0.82712766
eval_f1 0.874759152
eval_precision 0.866412214
eval_recall 0.883268482
eval_runtime (s) 2.0898
eval_samples_per_second 179.922
eval_steps_per_second 22.49
epoch 3

The classification results performed using the BERT neural network for digital fatigue detection
demonstrate a balance between two classes — the presence of digital fatigue (class 1) and its absence
(class 0). The model shows relatively equal performance for both classes, which indicates its ability to
accurately distinguish between these categories.

In the case of positive predictions (class 1), the model correctly identified 175 cases of digital fatigue
as the presence of this condition (True Positives, TP). This indicates that the model does a good job of
detecting digital fatigue, as most of the cases were correctly classified. However, there were also errors:
13 cases of digital fatigue were incorrectly classified as the absence of fatigue (False Negatives, FN),
which indicates the model’s possible difficulties in identifying some cases of fatigue. This may be due
to the fact that the text messages in these cases had more vague or less obvious signs of fatigue.

Regarding negative predictions (class 0), the model also demonstrated good discrimination. It correctly
classified 171 cases of absence of digital fatigue as the absence of this condition (True Negatives, TN),
which indicates that the model is able to clearly determine when fatigue is absent. At the same time,
there were 17 cases where the model incorrectly classified the absence of digital fatigue as the presence
of fatigue (False Positives, FP). These errors may be related to the presence of similar patterns or
characteristics in the texts that were incorrectly interpreted as signs of digital fatigue. The created
method with a trained neural network model was tested on the training dataset (the “burnout” category).
The results are shown in Table 2.

According to Table 2, LDA identified 5 communication segments within which the proportion of
texts with burnout is over 94%. However, this is fully correlated with confusion matrix and obtained
accuracy, since texts marked as containing burnout were analyzed.

The next experiment selected a user for whom a digital profile was built in the form of his posts
(“Mental Health Social Media” dataset). After applying thematic modeling, two communication segments
were extracted. According to the identified communication segments, target communication objects
were identified and the digital fatigue and burnout index was determined for the identified segments
(Figure 3).

The first theme contains words that are likely to be related to problems that may be related to digital
fatigue or burnout, such as: “therapy”, “treatment”, “disorders”, “depressive”, “work”, “boss”. These words
indicate stress, anxiety, fatigue, as well as interaction with work responsibilities, which are important
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Figure 2: Confusion matrix illustrating the classification performance of the BERT model on the validation
dataset, showing True Positives (175), True Negatives (171), False Positives (17), and False Negatives (13).

Table 2
Analysis of text distribution and burnout prevalence across topics identified by LDA.

Topic  Number of texts  Part of texts with burnout (%)

1 464 95.69
2 402 94.53
3 348 95.98
4 828 95.89
5 388 96.39

aspects for a theme describing digital fatigue. For example, the words “therapy” and “treatment” may
indicate the search for solutions or support in dealing with this problem, while “depressive” and
“disorders” link the problem to psychological aspects.

disorders 7"
posttherapy home talk
overcome |
treatment te%}a?trllfe tips

work garticle
depress:eLr}ée help

Figure 3: Word cloud visualization of digital fatigue and burnout by communication segments. Topic 1 (left)
shows high burnout rates (78%) with clinical terms; Topic 2 (right) shows lower rates (24%) with social/family
terms.

At the same time, words like “work” and “boss” indicate potential stressors in the workplace, which
are relevant in the context of digital fatigue, since people working in conditions of constant digital
interaction often feel overloaded due to high demands, in particular from superiors.

The second theme is more general, and includes words that are mainly related to life, household
chores and family interactions: “talk”, “business”, “article”, “help”, “life”, “family”, “wife”, “home”. This
may be less specific to digital fatigue, as these words are more related to the social aspects of life.
However, some of them, in particular “help”, “business” or “life”, can be interpreted as a connection
to stress or difficulties that can arise due to overload in work or personal life, which can also lead to



emotional exhaustion. For the first theme, the high percentage of burnout (78%) seems logical, since
the words from this theme are indeed more related to stressful situations that can cause digital fatigue:
work, depression, therapy, etc. The high frequency of such words indicates that this is a theme that
covers most of the factors that can lead to burnout.

The second theme, with a burnout rate of 24%, contains words that are more related to social aspects
of life, which may be less closely related to digital fatigue or stress caused by excessive use of technology.
For example, the words “family”, “home”, “wife” have a lower connection with digital fatigue, which
justifies the lower percentage.

The proposed method has confirmed its viability as a tool for automated monitoring of psycho-
emotional state based on text analysis. Its application contributes to improving the quality of digital
fatigue diagnostics, opens up opportunities for integration into systems for adapting digital services to
the mental state of users, and creates a basis for further research in the field of personalized interfaces
and digital hygiene.

The proposed approach has a number of limitations, including working only with English-language
data and limiting the length of the input sequence to 32 tokens. Further research will be aimed at
improving the method, which involves adapting it to multilingual analysis, taking into account the
peculiarities of the syntax and vocabulary of the Ukrainian language, by using multilingual models.
Also, a separate direction is to take into account the temporal dynamics of the user’s digital activity.

7. Conclusion

This paper presents a new approach to the automated detection of digital fatigue and professional
burnout based on text analysis, which uniquely combines interpretable thematic segmentation of content
with the identification of target objects of communication and subsequent neural network classification
using the BERT architecture. The proposed method allows for a comprehensive, multi-level assessment
of the user’s cognitive and emotional load in the digital environment, providing both contextual and
semantic sensitivity to signs of digital fatigue. The neural network trained to detect digital fatigue
achieved robust metrics on validation data, with an Accuracy of 0.83, Precision of 0.87, Recall of 0.88,
and an F-score of 0.87.

Unlike traditional models that operate with a global text profile or aggregated metadata, this paper
implements a method of thematic classification of text records, which allows for the isolation of
semantic segments of communication. Further analysis within each segment is carried out through the
identification of target communication objects, which provides a contextualized interpretation of digital
activity. In contrast to unidimensional assessments focused mainly on cognitive or visual symptoms
(e.g., computer vision syndrome), a formalized model for assessing digital fatigue is proposed, which
includes a number of indicators - at the topic, post, and user profile levels. Such a model allows one to
identify both local centers of overload and the overall level of digital fatigue.

However, the current study presents certain limitations. The model was trained and validated
exclusively on English-language data, and the input sequence length was restricted to 32 tokens to
optimize processing efficiency, potentially limiting the analysis of longer, more complex narratives.
Future research will address these constraints by adapting the methodology for multilingual analysis,
specifically incorporating the syntax and vocabulary of the Ukrainian language through multilingual
models. Additionally, a significant direction for future work is the integration of temporal dynamics
into the user’s digital activity profile to monitor the progression of fatigue over time.
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