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The article explores both traditional and contemporary approaches to concept extraction
in literary texts, with a particular focus on lexical analysis, semantic parsing, ontological
modeling, and automated techniques based on large language models. Traditional
manual methods are valued for their ability to capture nuanced literary meanings — such
as symbolism, metaphor, and intertextual references — while taking into account cultural
and stylistic context. However, their reliance on intensive human interpretation makes
them difficult to apply to large text corpora and comparative studies.

Modern automated approaches, especially those utilizing transformer architectures
like BERT, introduce significant advantages in processing speed and scalability.
Through mechanisms such as self-attention, these models effectively identify long-
range contextual relationships and latent patterns within texts, enabling rapid detection
and classification of key concepts across extensive datasets. Yet, the article emphasizes
that these systems still face limitations when dealing with the figurative richness and
semantic ambiguity inherent in literary discourse.

The practical component of the research involves an experimental analysis of the concept
of tolerance in articles from major English-language media outlets, including The New
York Times, BBC News, and The Guardian. Automated extraction methods demonstrated
strong potential for identifying general trends and conceptual usage patterns. Nonetheless,
the findings underscore the need for expert interpretation to refine outputs, especially in
cases involving subtle semantic shifts or interdisciplinary cultural references.

In conclusion, the article proposes an integrative methodological framework
that combines automated processing with human expertise. Automated tools are
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recommended for the preliminary structuring and classification of large volumes
of textual data, while expert scholars are responsible for interpretative depth and
validation. Future research directions include enhancing LLM adaptation for literary
texts, building specialized training corpora, and incorporating ontological models to
improve conceptual precision and reliability in literary studies.

Key words: conceptual analysis, large language models, automated concept
extraction, ontological modeling, BERT, natural language processing.
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Crarts pocimpkye K TpajuuiiiHI, TaKk 1 Cy4acHl MIJIXOAW JI0 BHOKPEMJICHHS
KOHLIETITIB Y JIITEpaTypHUX TEKCTaX, MPUIUILIOUM OCOOIMBY yBary JIEKCHYHOMY aHai3y,
CEMaHTUYHOMY PO300pY, OHTOJIOTTYHOMY MOZETIOBAHHIO Ta ABTOMaTU30BaHUM TEXHIKaM
Ha OCHOBI BEJIMKMX MOBHHUX Mojesiedl. TpaauiiiiHi py4yHl METOAM LIHYIOThCS 32 IXHIO
3[aTHICTh OXOILUTIOBATH HIOAHCOBI JIITEpaTypHI 3HAYEHHsI, Takl sIK CUMBOJII3M, MeTadopa
Ta IHTEPTEKCTyaJIbHI BIICUJIaHHS, 3 YpaxXyBaHHAM KyJIBTYPHOI'O i CTUIIBOBOIO KOHTEKCTY.
OnHak iXHS 3aJI€XKHICTD BiJl IHTEHCHBHOI JIFOJCHKOI IHTEpHpeTalii poOUTh iX CKIaIHUMU
JUIsL 3aCTOCYBAHHS JI0 BEJIMKUX KOPIYCIB TEKCTIB 1 MOPIBHSUIBHUX A0CHIHKeHb. CydacHi
aBTOMATH30BaHI M1IX01, OCOOJHBO Ti, 1110 BUKOPUCTOBYIOTh ApXITEKTYpHU TpaHCcHopmepiB,
aKk-0T BERT, 3a0e31euyroTh 3Ha4H1 IepeBary y IBUAKOCTI 0OPOOKH Ta MacIuTabOBaHOCTI.
3aBisKM MEXaHi3MaM CaMOyBard Iii Mojeni e(QEeKTUBHO BHABIAIOTH JOBIOTPHUBAII
KOHTEKCTYaJIbH1 3B’ I3KH Ta IPUXOBaHI IATEPHU B TEKCTaX, TAKOYM 3MOT'Y IIIBHJIKO BU3HAYATH
1 KJ1acH(iKyBaTy KJIFOYOBI KOHLIETITH y BEIMKHX Ha0Opax JaHuX. BogHovac HaromomeHo,
II0 TaKi CHCTEMH JI0CI MalOTh OOMEXKEHHS IMiJ] 4ac poOOTH 3 00pa3HOI0 HACHYEHICTIO Ta
CEMAHTUYHOIO HEOJHO3HAYHICTIO, IPUTAMAHHUMH JIITEPATYPHOMY JUCKYPCY.

[IpakTryHa yacTHHA TOCIHKEHHS BKIIIOYAE €KCIEPUMEHTAIbHUI aHa13 KOHLENTY
TOJICPAHTHOCTI y MyOJiKaIisix MPOBITHUX AHIIIOMOBHUX Menia, 30kpeMa The New
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York Times, BBC News ta The Guardian. ABroMaTi30BaHi METOAU BHOKPEMIICHHS
MPOJICMOHCTPYBAJIM 3HAUHUM TMOTEHIal Yy BHSBICHHI 3arajJilbHUX TEHACHIIN 1
naTepHiB BUKOPUCTAHHs KOHIENTIB. [IpoTe pe3ynasraTi migKkpecaroTh HEOOX1AHICT
€KCIIEPTHOI IHTepHpeTalii Juisl yTOYHEHHS] OTPUMAHMX JIaHUX, 0COOJIMBO y pa3l TOHKUX
CEMaHTUYHUX 3CYBIB a00 MIKIMCUUIUIIHAPHUX KYJIBTYPHUX BIJCUIIAHb.

VY mijicymMKy CTarTs OPOIOHY€E 1HTETPAaTUBHY METOJOJIOTIYHY PaMKYy, siKa MOEIHYE
aBTOMAaTU30BaHy OOpPOOKY 3 JIIOACHKOIO E€KCHEPTH3010. ABTOMATHYHI IHCTPYMEHTH
PEKOMEHIYEThCSI BUKOPHCTOBYBAaTH Ha IOYATKOBOMY €Taml I CTPYKTYpyBaHHS Ta
Kiacudikamli BEIUKUX OOCSTIB TEKCTOBUX JaHUX, TOMAl SIK €KCHEPTHI JIOCIIIHUKU
BIJIMOBIZAIOTh 3a IHTEpHpeTariiiny mmOuHy Ta Bamigamito. [loganpin HampsMu
JOCJIIJIKEHb BKJIIOYAIOTh YAOCKOHAJIeHHd aaanTtamii LLM 1o miteparypHUX TEKCTIB,
CTBOPEHHSI CIIELIAI30BAHUX HABYAJIBHMX KOPIIYCIB Ta IHTErpalil0 OHTOJIOTTYHUX
MOJIEeJIEN 13 METOIO IM1JIBUILEHHS] TOYHOCTI Ta HAaIMHOCTI KOHUENTYaJIbHOTO aHAJII3Y B
JITepaTypO3HABCTBI.

Knrouoei cnoea: konyennyanoHutl ananiz, 8eIuKi MOSHI MOOEII, ABMOMAMU308aHe UOT-
JIeHHS KOHYenmie, onmoinoziune mooeniosanns, BERT, onpayroearnns npupoonoi mogu.

Problem Statement. One of the key tasks of modern linguistics and literary studies
is the effective identification and analysis of key concepts in literary works. Concepts
are central units of analysis that help us deeply understand the meaning, ideas, subtext,
and the author's intention behind a text. Therefore, studying concepts is essential for
revealing the cultural, social, and philosophical aspects of literary texts, as well as for
explaining the impact of a work on its audience and its place in the literary process
[8; 9]. However, traditional methods of concept identification — such as manual lexi-
cal analysis, semantic interpretation, and comparative analysis — have several serious
limitations. These methods are time-consuming, depend heavily on the researcher’s
subjective interpretation and expertise, and are often not suitable for analyzing large
text corpora. This significantly limits the scope of comparative studies and large-scale
textual analysis [9].

The problem of identifying concepts in literary texts is actively studied both in tra-
ditional philology and in the context of modern natural language processing technol-
ogies. Traditional methods mainly rely on manual work, the researcher’s expertise,
and deep understanding of the text’s context and cultural background. These meth-
ods are effective for in-depth analysis, but their scale is often limited. One of their
main strengths is the ability to accurately identify and explain symbolic, cultural, and
author-specific meanings that cannot be fully captured by automated tools. For exam-
ple, manual semantic analysis helps uncover the ambiguity and individual interpreta-
tion of concepts by the author, which is especially important when analyzing literary
works where context and subtext play a central role.

With the rise of modern information technologies, large language models such as
BERT, GPT, RoBERTa, and others — based on transformer architecture — have become
widely used for conceptual analysis. Later developments, such as RoBERTa and
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ALBERT [3], have shown the strong potential of these models in concept extraction,
thanks to their ability to consider contextual and semantic nuances in texts. The auto-
mation of concept extraction is also closely linked to ontology-based modeling. Com-
bining ontologies with large language models makes it possible to structure knowl-
edge more effectively and improve the accuracy and relevance of conceptual analysis,
especially in specialized fields such as literary studies or biomedicine [10; 11; 26]. For
instance, Bartalesi and Meghini investigated the use of ontologies to structure knowl-
edge in literary texts, using the works of Dante Alighieri as a case study [4]. Other
researchers emphasize the potential of automatic ontology generation and enrichment
based on natural language analysis, which further supports the relevance of combined
approaches [18; 29].

At the same time, some publications highlight the challenges of automated
approaches — for example, the occurrence of «hallucinations», where the model pro-
duces irrelevant or incorrect concepts. This issue has been addressed in detail in [20],
where the researchers suggest that ontology-based approaches can help reduce such
risks. Despite the large number of studies demonstrating the potential of large language
models and their integration with ontologies in concept extraction, several important
questions remain underexplored. In particular, the limits of effectiveness of automated
models when working with complex literary texts are still not clearly defined. Such
texts are often rich in metaphor, symbolism, and layered meanings. It is still unclear
to what extent large language models can truly take into account deep cultural and
contextual features, which are crucial for proper interpretation of literary works. In
addition, the issue of how best to integrate automated and traditional manual methods
of analysis remains open. So far, there are no clear guidelines on when automated
approaches should be used and when manual, expert-based analysis is necessary to
achieve the highest accuracy and completeness of results.

The rapid growth of textual data and the increasing interest in analyzing large col-
lections of texts require more efficient, automated approaches. With the development
of information technologies and natural language processing methods, new automated
techniques for text analysis have emerged. These methods offer clear advantages over
traditional ones. Of particular interest in this context are large language models such as
BERT, GPT, RoBERTa, and T5. Thanks to their transformer-based architecture, these
models can process large amounts of textual information quickly and accurately, taking
into account contextual and semantic relationships between words. Still, despite their
potential, the use of automated models in literary studies remains underexplored. Ques-
tions about the effectiveness and accuracy of such models in specific fields like liter-
ary analysis remain open and require deeper academic investigation. Special attention
should be given to how large language models can be adapted to analyze literary texts,
which often include stylistic, metaphorical, and symbolic elements [27].

Thus, there is a relevant need to compare the effectiveness of traditional and modern
methods for identifying concepts in literary texts. It is important to understand the spe-
cific advantages of automated approaches compared to manual ones, determine when
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automated methods are appropriate, and when expert human analysis is still necessary.
Another issue is how to best integrate these two approaches to achieve the most accu-
rate and reliable results. In light of this, the aim of this study is to conduct a compar-
ative analysis of the effectiveness of traditional and modern automated methods for
identifying concepts in literary texts, as well as to determine optimal approaches for
their combined use. To achieve this aim, the research will apply the analytical method
to examine existing techniques for studying concepts, the comparative method to iden-
tify the advantages and disadvantages of each approach, and the experimental method
to evaluate the effectiveness of automated models in identifying the concept of “toler-
ance” in texts from respected media sources such as the New York Times, BBC News,
and The Guardian.

Aim of the Study. The aim of this study is to conduct a comparative analysis of the
effectiveness of traditional and modern automated methods for identifying concepts in
literary texts, as well as to determine optimal approaches for their combined use.

Presentation of the Main Material. To achieve the aim of conducting a compar-
ative analysis of the effectiveness of traditional and modern automated methods for
identifying concepts in literary texts, the research applies a combination of analyti-
cal, comparative, and experimental methods. The analytical method is used to exam-
ine existing techniques for studying concepts, including manual lexical approaches
and automated methods based on large language models such as BERT, GPT, and
RoBERTa. The comparative method is employed to identify the advantages and disad-
vantages of each approach in the context of specific tasks related to literary analysis.
Additionally, the experimental method is applied to evaluate the effectiveness of auto-
mated models in identifying the concept of «tolerance» in texts from respected media
sources such as the New York Times, BBC News, and The Guardian, in comparison
with manual lexical analysis.

Traditional methods of concept extraction in literary texts rely on manual work by
researchers and the use of lexical analysis. These approaches are based on in-depth
reading of the text, identifying key words, analyzing their contextual meanings, and
examining the relationships between them. Lexical analysis, which serves as the foun-
dation of these methods, includes the identification of word frequency, their distri-
bution across the text, and the detection of thematic dominants. Such methods allow
for the identification of core semantic units within a text, but they require significant
cognitive effort and time [9]. Manual work by the researcher has always been a central
part of conceptual analysis. Researchers rely on their knowledge of context, history,
culture, and the stylistic features of the work in order to identify concepts. The manual
approach allows for the consideration of nuances in the text that are difficult to capture
using automated tools [8]. Lexical analysis also involves creating lists of key words or
dictionaries, which become the basis for further text analysis [19].

Let us consider the use of graphs to represent knowledge extracted from a text in the
form of a semantic network. As input for building the graph, we will use the following
paragraph: «Artificial intelligence systems (AIS) are a field of computer science that
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studies methods for creating intelligent systems. The main areas of AIS include machine
learning, natural language processing, and artificial neural networks. Machine learning
uses methods for data analysis, while natural language processing enables machines to
understand human language». From this text, the following concepts can be identified:
artificial intelligence (Al), computer science, intelligent systems, machine learning,
natural language processing, neural networks, methods, data analysis, and human lan-
guage. Logical connections can be traced between these concepts as follows:

Artificial intelligence systems — are a part of — Computer science;

Artificial intelligence systems — include — Machine learning and Natural language
processing;

Machine learning — uses — Methods;

Methods — are applied for — Data analysis;

Natural language processing — works with — Human language.

Based on these concepts and the relationships between them, we can build a directed
graph, where the nodes represent the concepts and the edges represent the logical con-
nections.

Computer science

works with

Machine learning methods

4o} pajdde aue

Fig. 1. Knowledge graph based on extracted concepts
This approach makes it possible to visualize knowledge representation in the form of a

graph, which simplifies the process of identifying connections between concepts. Semantic
graphs are widely used in information retrieval, ontology construction, and text analysis [29].
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Automated methods for concept identification leverage large language models such
as BERT, GPT, RoBERTa, and T5, which are capable of detecting concepts in com-
plex texts thanks to their transformer architecture. The process of automatic concept
detection begins with tokenization — the stage where the text is divided into individual
words or phrases (tokens). This can be a simple split based on spaces or more advanced
approaches that take into account morphological and syntactic features of the language.
In the next stage, the tokens are transformed into vector representations (embeddings).
These embeddings carry semantic and syntactic information, allowing the models to
better understand the contextual meaning of each token [28]. The next step involves
identifying semantic dependencies between words using attention mechanisms, which
allow the models to effectively consider context and determine the importance of con-
nections between words, particularly in complex sentences with ambiguous structures
or polysemous terms. In the final stage, clustering methods and additional attention
layers are used to extract key concepts. Clustering helps group semantically similar
tokens into conceptual clusters, enabling clearer separation between different concepts
and highlighting the central themes of the text [1].

A prominent example of a transformer architecture used for concept extraction tasks
is BERT (Bidirectional Encoder Representations from Transformers), developed in
2018 by a team of researchers at Google led by Jacob Devlin. BERT quickly became
a standard in various natural language processing tasks such as text classification, sen-
timent analysis, automatic concept extraction, and more. Its success contributed to the
broad development of transformer-based models and had a major influence on the next
generations of large language models, including RoBERTa, ALBERT, and GPT. BERT
distributes «attention focus» across important parts of the text to improve understand-
ing, and it is a bidirectional model, which means it takes into account context from
both the left and the right. This leads to a much better understanding of contextual
connections between words in a text, which is essential for accurately identifying key
concepts. The text moves from raw tokens to a final vector representation, which the
model uses to determine the core concepts in the text:

1. Text tokenization — the process of breaking down the text into tokens (words or
subwords).

2. Embedding generation — transforming tokens into vector representations that pre-
serve semantic and syntactic features.

3. Use of the attention mechanism — allows the model to determine the importance
of each token based on the full sentence context.

4. Multi-layer encoding — the model consists of several layers that refine token rep-
resentations using precomputed weight values.

5. Classification and concept extraction — the final vector representations are used to
identify concepts or perform other NLP tasks.
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Fig. 2. BERT model workflow

For instance, in analyzing the sentence

«Neural networks are the foundation of deep learning, which is used for pattern rec-
ognition, natural language processing, and autonomous systemsy,

BERT employs the WordPiece Tokenization algorithm to break down words into
subwords or tokens. The self-attention mechanism enables it to consider interdepend-
encies between words and understand their roles within the sentence context. BERT
applies the Named Entity Recognition (NER) approach to automatically identify key
concepts, recognizing «Neural Networks» and «Deep Learning» as central concepts,
with «Pattern Recognition» identified as one of their applications [15].

Concept detection can be further optimized using clustering of vector representa-
tions generated by large language models such as BERT [1]. This approach is particu-
larly effective for analyzing large volumes of textual data, as it allows the identifica-
tion of hidden structures and relationships between various concepts. The clustering
process begins with converting the text into vector representations using the BERT
model, which generates vectors containing deep semantic information about words
and phrases [16]. These vectors are then grouped based on thematic similarity using
clustering algorithms such as DBSCAN or k-means.
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The automation of concept extraction is also closely linked to ontology-based mod-
eling. Ontologies allow for the structuring of knowledge and simplify the analysis of
semantic connections between elements within a text [29]. For example, to formalize
knowledge about concepts in the domain of «Artificial Intelligence Systemsy, it is
necessary to identify classes — the core entities of the domain — such as «Artificial
Intelligence Systems», «Machine Learning», and «Natural Language Processing.
Each class can be assigned attributes that characterize it. For example, for «Artificial
Intelligence Systemsy, attributes may include the domain of application (medicine,
automobiles, robotics, finance) and methods used (machine learning, logic, heuristics).
The class «Machine Learning» can be described by attributes such as types of learning
(reinforcement, supervised, unsupervised) and key methods (neural networks, Bayes-
ian methods, decision trees), while «Natural Language Processing» can be described
using attributes like «Data Type» (text, speech) and «Core Tasks» (Syntactic Analy-
sis, Semantic Analysis). Relationships between concepts include «is-a» (e.g., machine
learning is a subtype of artificial intelligence systems), «part-of» (e.g., semantic anal-
ysis is a part of natural language processing), and «uses» (e.g., natural language pro-
cessing uses deep learning).

Artificial Intelligence Systems

Machine Learning Methods

——Neural Networks
——Bayesian Methods
——Decision Trees
——Genetic Algorithms

=

atural Language Processing
——Morphological Analysis
—Syntactic Analysis

—Semantic Analysis

Computer Vision

——Object Recognition

——Deep Learning

Expert Systems

—Logical Inference

—Knowledge Bases

Fig. 3. Tree-like Structure of Ontology Classes
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=
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—Syntactic Analysis
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Computer Vision = »Deep Learning

—Object Recognition
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Expert Systems »Knowledge Bases

—Logical Inference

—Knowledge Bases

Fig. 4. Ontology of the subject area «Artificial Intelligence Systems»

At the current stage of concept extraction automation, knowledge graphs and com-
bined approaches that integrate the capabilities of large language models and ontolo-
gies are widely used. In the study [26], a model is presented that enables the creation
of ontologies based on text analysis using advanced concept extraction methods. This
approach combines the structured nature of ontologies with the flexibility of large lan-
guage models, opening new possibilities for the analysis of complex literary pheno-
mena.

Advanced technical aspects include the use of a dual-agent setup for progressively
refining results, which significantly improves the quality of extracted concepts [13].
For example, in analyzing a literary text like «The entire land was covered in snow, and
the stars twinkled high in the sky with a cold light», the first agent proposes preliminary
hypotheses about symbolic meanings (e.g., «snow» as loneliness, «stars» as hope),
while the second agent refines these within the broader literary context. Additionally,
pretraining models on domain-specific datasets, such as classical literature, enhances
their ability to recognize literary concepts and metaphors [15; 26].

The experimental analysis focuses on the concept of «tolerance» in 400 sentences
collected from The New York Times, BBC News, and The Guardian. Manual lexical
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analysis examines each sentence to identify linguistic means used to express the con-
cept, including synonyms, antonyms, contextual usage, and stylistic features. Auto-
mated analysis, using the GPT-4.5 model, performs a similar lexical analysis, identify-
ing concepts, synonyms, antonyms, and stylistic features, and classifying usages based
on connotation (positive, negative, neutral) and thematic domains (social issues, poli-
tics, culture). The results of both approaches are compared to assess their effectiveness.

The comparative analysis of traditional and automated methods for concept extrac-
tion yielded significant findings regarding their application to literary and media texts.
In the study of the concept of «tolerance» in contemporary English-language media,
manual lexical analysis was conducted on 400 sentences collected from The New York
Times, BBC News, and The Guardian. Each sentence was examined in detail to iden-
tify the linguistic means used to express the concept of tolerance, including synonyms,
antonyms, contextual usage, and stylistic features. The analysis revealed a diversity
of ways in which the concept is verbalized, expressed through direct references to tol-
erance, synonymous expressions, and metaphorical constructions. It was found that,
depending on the context, tolerance carries either positive or negative connotations. For
example, in the context of social issues, it often appears with a positive tone, whereas
in political discourse, it may acquire negative overtones. Stylistic patterns specific to
different media outlets were also identified, showing that different publications use
distinct stylistic strategies to convey the concept of tolerance, reflecting their editorial
policies and target audiences [12].

A parallel analysis using the large language model GPT-4.5 was performed on the
same 400 sentences from The New York Times, BBC News, and The Guardian. The
model identified specific ways in which the concept of tolerance is verbalized in con-
temporary media discourse, examining synonyms, antonyms, contextual usage, and
stylistic features. The classification of usages was performed based on connotation
(positive, negative, neutral) and thematic domains (social issues, politics, culture). For
instance, in The Guardian article [17], the concept is clearly marked and discussed in
the context of religious beliefs and freedom of speech:

«A key understanding of tolerance is the willingness to accept ideas or practices that
we might despise or disagree with but recognise are important to othersy.

In the article «Amid Mosul’s Ruins, Pope Denounces Religious Fanaticism: Live
Updates» [2], the concept of tolerance is presented as part of a broader image of inter-
faith unity during Pope Francis’s visit to Iraq:

«It was a day meant to convey images of religious unity and tolerancen.

In contrast, a BBC News article [23], the word tolerance appears in a scientific con-
text — desiccation tolerance — unrelated to the social or moral concept:

«Farrant, now a professor of desiccation tolerance at the University of Cape Town,
has been studying these unusual plants for over three decades».

The analysis confirmed the contextual dependence of the concept and its capacity
to carry both positive and negative connotations, consistent with findings from manual
analysis [12].
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Further examples from the GPT-4.5 analysis include The Guardian article [7], where
tolerance is examined within a religious context:

«Dragged into the politicisation of identity, tolerance has become a form of ‘polite
etiquette’, argues Frank Furedi in a new book».

In The New York Times article [22], the concept is used in a comparative context:

«The tolerance that we find in the armed forces, we don 't find it outside,” said Sec-
ond Master Anouar...».

A BBC News article [24] presents tolerance as part of an institutional stance against
discrimination:

«We have a zero-tolerance policy towards discriminatory behaviour so as soon as
issues were pointed out to us, we acted swiftly to protect those affected and show a
strong line against poor behaviours that do not reflect the club's values».

Additionally, The Guardian [13] links tolerance to Voltaire’s philosophical treatise:

«A bestseller in the wake of Charlie Hebdo, this 18th-century criticism of religious
violence is still relevant today».

The New York Times [21] demonstrates the use of tolerance within the fixed expres-
sion “zero tolerance policy,” which carries a negative connotation:

«The ‘zero tolerance’policy was supposed to serve as a deterrent to families trave-
ling with childreny.

A BBC News article [5] uses tolerance in a technical context, referring to measure-
ment allowances in motorsports:

«That includes a 0.25mm tolerance permitted on the basis of the short notice involved
that will be removed for the following race in Japan on 4—6 April, reducing the permit-
ted gap during the test to 0.5mmy.

The automated analysis by GPT-4.5 took only 5 minutes — 4 minutes and 30 seconds
for query formulation and 30 seconds for actual generation — compared to the many
hours required for manual research. This demonstrates a significant advantage in pro-
cessing speed for large-scale text analysis. The results of the automated analysis were
consistent with the manual analysis [12], confirming the diversity in the verbalization
of the concept of tolerance and its context-dependent connotations. However, more
recent articles analyzed by GPT-4.5 showed a deeper discussion of tolerance in rela-
tion to freedom of speech and religious beliefs, potentially reflecting ongoing societal
debates.

In addition to the media analysis, the application of the BERT model for concept
detection was tested on a scientific text example: «Neural networks are the foundation
of deep learning, which is used for pattern recognition, natural language processing,
and autonomous systems». BERT’s WordPiece Tokenization algorithm broke down the
text into subwords or tokens, and the self-attention mechanism identified interdepend-
encies between words. As a result, BERT recognized «Neural Networks» and «Deep
Learning» as central concepts, with «Pattern Recognition» identified as one of their
applications. This demonstrates the model’s ability to reveal the conceptual structure
of analyzed texts effectively.
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The comparative analysis of traditional and modern automated methods for concept
extraction in literary and media texts reveals distinct strengths and limitations for each
approach, providing insights into their applicability and potential for integration. Tra-
ditional methods, such as manual lexical analysis and semantic interpretation, offer a
deep understanding of the text by leveraging expert knowledge and contextual aware-
ness. These methods are particularly effective for analyzing complex texts rich in sym-
bolism, metaphors, and allusions, where cultural, historical, and stylistic nuances play
a critical role [8; 9]. For instance, the manual analysis of the concept of «tolerance» in
400 sentences from The New York Times, BBC News, and The Guardian demonstrated
the ability to capture subtle variations in verbalization, such as positive or negative
connotations and media-specific stylistic strategies [12]. However, their labor-inten-
sive nature, subjectivity, and limited scalability make them impractical for large text
corpora, as they demand extensive human resources and time [29].

In contrast, large language models like GPT-4.5 and BERT provide significant
advantages in speed and scalability, enabling rapid processing of large datasets. The
automated analysis of the same 400 sentences using GPT-4.5, completed in just 5 min-
utes compared to hours for manual analysis, underscores the efficiency of these models
for large-scale studies. The consistency of GPT-4.5’s findings with manual analysis, as
evidenced by the identification of diverse verbalizations of «tolerance» (e.g., direct ref-
erences, metaphors, and context-dependent connotations), highlights the models’ abil-
ity to analyze semantic relationships and context effectively [13]. Similarly, BERT’s
successful identification of concepts like «Neural Networks» and «Deep Learningy
in a scientific text example demonstrates its capacity to reveal conceptual structures
in complex texts. The integration of large language models with ontologies further
enhances accuracy by reducing interpretive ambiguity, as ontologies provide structured
knowledge and facilitate clearer identification of relationships between concepts [18].

The results of this study align with prior research, such as Hlibovska [12], which
also noted the contextual dependence and varied verbalization of «tolerance» in media
discourse. The automated analysis not only confirmed Hlibovska’s findings but also
highlighted emerging societal debates, such as those on freedom of speech and reli-
gious beliefs, demonstrating the models’ ability to capture evolving trends. Nonethe-
less, the subjective depth provided by manual analysis remains unmatched for certain
tasks, particularly when interpreting culturally specific or author-intended meanings
[8].

Despite these strengths, automated methods face notable challenges. One signifi-
cant issue is the occurrence of «hallucinationsy, where large language models generate
irrelevant or incorrect concepts due to limitations in training data or insufficient domain
specialization [20]. For example, while GPT-4.5 accurately identified the concept of
«tolerance» in media texts, its performance could be compromised in literary texts
with layered metaphors or cultural allusions, where deeper contextual understanding
is required. This limitation is particularly relevant for literary analysis, where texts
often contain stylistic and symbolic elements that automated models may struggle to
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interpret fully. The study suggests that ontology-based approaches can mitigate such
risks by providing factual consistency and structural clarity, but further refinement of
models is necessary to handle the complexity of literary texts [20].

The practical applications of automatic concept detection methods are diverse and
in high demand across many fields. One key application is the automatic construction
of ontologies in the development of information systems [6]. This process involves
creating structured semantic networks that represent the relationships and hierarchy of
concepts within specific knowledge domains. Another important area is the processing
of scientific texts, where automatic detection of new concepts and their relationships
accelerates analysis of articles and identification of research trends. Additionally, in
semantic search, conceptual vector representations enable more accurate search sys-
tems that retrieve information based on meaning and context, increasing relevance in
fields like medicine and business analytics [16].

The integration of traditional and automated approaches emerges as a promising
solution to leverage the strengths of both. Automated methods, such as those using
BERT or GPT-4.5, are ideal for initial large-scale analysis, quickly structuring large
text corpora and identifying key concepts. Subsequent manual analysis by experts can
refine these findings, correcting potential errors (e.g., «hallucinations») and provid-
ing nuanced interpretations of complex literary phenomena. For instance, combining
BERT’s clustering capabilities with expert validation could enhance the accuracy of
concept extraction in texts rich in metaphors or allusions. The use of ontologies, as
demonstrated in the study’s ontological modeling of «Artificial Intelligence Systems»
further supports this combined approach by structuring knowledge and reducing ambi-
guity [29].

The prospects for further research cover several important directions. First, it is essen-
tial to continue improving and adapting modern automated analysis methods such as
large language models, including BERT, GPT, RoBERTa, and ALBERT. This involves
a detailed examination of their capabilities and limitations in specific literary tasks,
particularly in analyzing symbolic, metaphorical, and stylistic levels of texts. Of par-
ticular interest is the study of combined approaches that integrate traditional methods
with modern automated techniques. Future research should develop clear guidelines
and algorithms to ensure effective collaboration between human experts and computer
systems. Another important direction is the development of specialized ontological
models aimed at structuring knowledge within specific literary genres or traditions.
Exploring the interaction between large language models and ontologies has the poten-
tial to greatly enhance the accuracy and contextual relevance of automated analysis. It
is also important to investigate the possibilities of automatically detecting and classi-
fying symbolic and metaphorical constructions in literary texts using modern natural
language processing technologies. Further research may help determine criteria and
parameters for assessing the accuracy of automated systems and interpreting their out-
puts, considering the contextual, stylistic, and cultural characteristics of literary works.
It also should focus on adapting large language models to literary contexts, particularly
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by pretraining them on specialized literary corpora to improve their ability to detect
symbolic and metaphorical elements [25]. Additionally, creating literary ontologies
that account for cultural, historical, and intertextual factors could significantly enhance
the contextual relevance of automated analyses. These advancements would enable a
more comprehensive approach to conceptual analysis, balancing the efficiency of auto-
mation with the interpretive depth of traditional methods.

Conclusions. The conducted analysis of traditional and modern methods for concept
extraction in literary texts allows for several important conclusions to be drawn. First,
traditional methods — such as manual lexical analysis and semantic interpretation — are
characterized by a high level of interpretive depth and the ability to consider broad
cultural, historical, and literary contexts. These methods are indispensable when ana-
lyzing individual literary works that are rich in metaphors, symbolism, and allusions.
However, their major limitations lie in their labor-intensive nature, dependence on the
subjectivity of the researcher, and limited applicability to large text corpora.

On the other hand, modern automated methods — particularly large language mod-
els based on transformer architecture — demonstrate significant advantages in terms of
scalability, processing speed, and the ability to account for deep semantic and contex-
tual dependencies. Their effectiveness in identifying concepts, even in complex and
multi-layered texts, has been confirmed by practical examples. Special attention should
be given to the integration of large language models with ontological frameworks,
which helps reduce interpretive ambiguity and improve the accuracy of concept extrac-
tion. The use of ontologies enables more efficient structuring of knowledge and clearer
identification of relationships between concepts, which is especially relevant in literary
analysis, where it is essential to consider stylistic, cultural, and historical characteris-
tics of texts.

A practical study involving both manual lexical analysis and automated analysis
using a large language model confirmed the diversity of verbalizations of the concept
tolerance in publications such as The New York Times, BBC News, and The Guardian.
Specifically, it was shown that the concept of tolerance is expressed through a variety
of lexical means, including direct mentions, synonymous expressions, and metaphori-
cal constructions. It was also found that, depending on the context, tolerance acquires
positive, negative, or neutral connotations. At the same time, the automated approach
significantly reduced the time required for analysis, demonstrating the feasibility of
efficient large-scale processing that would be nearly impossible to perform manually
due to the high demand for resources. Special attention should be given to the inte-
gration of large language models with ontological frameworks, which helps reduce
interpretive ambiguity and improve the accuracy of concept extraction. The use of
ontologies enables more efficient structuring of knowledge and clearer identification of
relationships between concepts, which is especially relevant in literary analysis, where
it is essential to consider stylistic, cultural, and historical characteristics of texts

Nevertheless, modern methods are not without challenges. One notable issue is the
occurrence of so-called «hallucinations», in which large language models generate
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inaccurate or irrelevant concepts. This calls for continued research and improvement of
the models, as well as the application of additional validation mechanisms, particularly
those based on ontological methods.

Therefore, the optimal solution is the integration of traditional and modern auto-
mated approaches. It is recommended to use automated methods for the initial large-
scale analysis of texts, and traditional approaches for subsequent detailed interpre-
tive analysis of individual concepts and complex literary phenomena. This combined
approach makes it possible to obtain the most accurate, in-depth, and reliable results
in literary analysis. Further research should focus on improving automated methods,
particularly by pretraining large language models on specialized literary corpora and
developing literary ontologies that account for cultural, historical, and intertextual fac-
tors, to enhance the accuracy and contextual relevance of concept extraction.
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