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Abstract
Background 
and Study Aim

Scientific publications in the field of physical culture demonstrate considerable diversity in 
terminological usage and structural organization. With increasing standards for the quality of 
academic writing, the need for an objective and quantitative evaluation of terminological density 
has become more pressing. The aim of this study was to develop and apply a method for automated 
assessment of terminological density in scientific articles on physical culture using adapted 
thematic dictionaries.

Material and 
Methods

The study was based on articles retrieved from the Web of Science (WoS) database. A total of 16 
593 bibliographic records related to physical culture were extracted over the past five years. Two 
dictionaries were employed for analysis: the official Medical Subject Headings (MeSH) in XML 
format and a thematic dictionary constructed from the WoS document corpus. The analysis included 
full-text PDF articles from 12 scientific journals, of which 6 were categorized as Q3, 1 as Q4, 3 were 
indexed in DOAJ, and 2 were not indexed. Terminological density was calculated in Python using 
the pandas library and evaluated on a scale ranging from very low to high.

Results The assessment covered 12 journals in the field of physical culture. An optimal density level 
(0.010–0.019) was identified in 2 journals (16.7%), corresponding to a “balanced use of scientific 
terminology.” Three journals (25.0%) demonstrated low density (<0.01), characterized as 
“insufficient elaboration of the topic in scientific language”. In 7 journals (58.3%), a higher density 
(0.020–0.039) was observed, interpreted as either an “attempt to enhance scientific rigor” or an 
“excessive terminological load”.

Conclusions The evaluation of terminological density provides an objective measure of the scientific style of 
publications in the field of physical culture. The differences identified across journals highlight 
variability in approaches to presenting scientific material. The integration of specialized 
dictionaries and the application of relative indicators offer a robust basis for ongoing monitoring 
and optimization of scientific discourse.

Keywords: terminological density, sport and exercise sciences, scientific publications, thematic dictionaries, 
academic discourse, Medical Subject Headings (MeSH), Web of Science, bibliographic analysis, 
quantitative evaluation, scientific style

Introduction
Contemporary scientific communication requires 

adherence to established standards of structure and 
content in scholarly publications. Among these 
standards, the use of professional terminology 
plays a central role, ensuring the accuracy of 
scientific expression, thematic identification of 
research, and effective indexing in digital databases. 
The application of precise scientific vocabulary 
influences not only the perception and interpretation 
of information but also the indexing of articles in 
major bibliographic systems such as Web of Science 
and Scopus. This, in turn, determines the visibility 
and citation impact of publications, as well as 

the overall influence of academic journals. Such 
practices provide a foundation for both quantitative 
and qualitative analyses of the linguistic dimension 
of scientific texts, reveal the depth of thematic 
elaboration, and contribute to addressing tasks 
related to the optimization of scientific discourse in 
the field of physical culture and sport.

In recent years, automated analysis of scientific 
texts has become an important tool in bibliometrics 
and the evaluation of research output. One of the 
key methods is TF-IDF (term frequency–inverse 
document frequency), which is applied to determine 
the significance of terms within a text [1, 2]. This 
approach is widely used for thematic indexing, 
keyword analysis, and the assessment of scientific 
publication quality [3, 4].
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In medicine and related disciplines, the MeSH 
(Medical Subject Headings) thesaurus, developed by 
the U.S. National Library of Medicine, is frequently 
applied [5]. It provides a standardized terminology 
and is extensively used in systematic reviews and in 
the classification of scientific articles [6, 7]. The Web 
of Science database also employs its own keywords, 
which are listed separately from the authors’ 
keywords.

At the intersection of these approaches (TF-IDF 
and MeSH), effective methods have emerged for 
the quantitative and content-based evaluation of 
scientific publications. Their applicability has been 
confirmed in several studies, including those in the 
field of physical culture and sport sciences. Kiss et al. 
[8] conducted a bibliometric analysis of publications 
on sports nutrition using MeSH keywords and science 
mapping techniques to identify major research 
themes. Venâncio et al. [9] performed a bibliometric 
and scoping review to trace the evolution of research 
on strength training among competitive swimmers. 
Jagiello and Lochbaum [10, 11] applied Python-based 
algorithms to analyze publications in the pedagogy 
of physical activity. Yermakova [12, 13] employed 
topic modeling methods to investigate literature on 
sports injuries and rehabilitation.

The use of terminological dictionaries, both 
controlled (MeSH) [14] and empirical (constructed 
from WoS data), provides a more objective approach 
to evaluating terminological density. This enables 
a quantitative characterization of thematic rigor, 
scientific maturity, and the relevance of publications, 
as well as the comparison of journals and articles 
according to unified criteria.

The use of thematic lexicons, both manually 
constructed and automatically extracted from 
scientific databases, has long been applied in 
bibliometrics, thematic analysis, and the evaluation 
of scientific content. The effectiveness of controlled 
vocabularies (e.g., MeSH [5]) as well as empirically 
derived dictionaries (e.g., Keywords Plus from Web 
of Science [15]) has been well documented in the 
literature.

Scientometric analysis tools such as 
VOSviewer and SciMAT rely on frequency-based 
term dictionaries from WoS and Scopus for 
constructing science maps and thematic clusters 
[16, 17]. At the same time, the MeSH thesaurus 
[5] has traditionally been employed in biomedical 
analyses, including automatic classification of 
scientific texts [18], profiling of academic journals 
[Kim2016], assessment of thematic relevance 
[19], and standardization of density intervals [20]. 
Several studies suggest combining free keywords 
(WoS) with controlled descriptors [14] to improve 
the accuracy of thematic classification [21]. A 
similar approach was applied by Wang et al. in 
their analysis of literature on physical activity and 
health, where both WoS and PubMed data were 

used simultaneously [22].
Comparative studies of the terminological 

structures of Scopus and Web of Science have 
demonstrated that the combined volume of 
author keywords and Index Keywords in Scopus 
is more than twice that of the corresponding field 
in WoS [23]. Furthermore, van Eck and Waltman 
[24] showed that Scopus keywords are well suited 
for constructing thematic maps and publication 
clusters. Comparable approaches are implemented 
in software tools such as Bibliometrix, where author 
and indexed keywords from Scopus serve as the 
basis for semantic and co-word analysis [25].

Threshold values for interpreting terminological 
density are based on empirical observations and 
indexing standards. For example, Leblanc et al. 
demonstrated that incorporating a sufficient 
number of MeSH terms into the search strategies 
of systematic reviews significantly improves 
retrieval completeness, indirectly highlighting the 
importance of high terminological density [19]. 
Breuer et al. emphasized that concentrating key 
terms and identifying a “core” set of documents 
increases representativeness when analyzing 
reduced samples [26]. At the same time, values 
exceeding 4% may impair text readability even for 
specialists [27].

Within the framework of information standards, 
the U.S. National Library of Medicine recommends 
indexing publications using 5–15 MeSH terms 
per 1, 000 words, corresponding to a density of 
approximately 1–1.5% [5]. Similarly, Scopus employs 
keywords to enhance thematic search functions and 
provides the basis for automated topic matching [28].

Thus, despite the absence of a strict hierarchy, 
the terminological data in Scopus represent a 
well-grounded empirical resource for dictionary 
construction and the evaluation of scientific 
texts. Moreover, the practice of creating adapted 
dictionaries based on MeSH in combination with 
frequency-derived empirical terms from WoS and 
Scopus terminological data is supported in the 
literature and is methodologically justified.

Terminological density represents a quantitative 
indicator that reflects the proportion of specialized 
scientific terms within the total volume of 
significant words. This measure is widely applied in 
bibliometric studies, automatic indexing, and the 
evaluation of the scientific orientation of texts. The 
rationale for employing this approach lies in the 
attempt to objectively capture the thematic focus 
and academic style of scholarly publications.

In a study by Ding et al. [29], co-word analysis 
was used to construct maps of research directions 
in the field of information retrieval, demonstrating 
the effectiveness of frequency-based term analysis 
for identifying themes and subdisciplines. A similar 
approach was applied by Haunschild et al. [30], who 
utilized automatically generated Keywords Plus 
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terms from the Web of Science database to analyze 
publications on climate change. These findings 
confirmed the value of automatically extracted 
terminology for developing thematic profiles of 
scientific domains.

From the perspective of computational text 
processing, the TF-IDF method remains one of the 
most widely applied approaches for identifying 
significant terms. Wang [3] demonstrated that 
combining TF-IDF with semantic analysis enables 
the effective extraction of keywords from texts, 
including scientific publications. This approach can 
be used to evaluate both the density and orientation 
of the academic style of an article. In databases with 
well-developed controlled vocabularies, such as 
those in medicine, the MeSH thesaurus is extensively 
employed. Bekhuis et al. [31] examined the coverage 
of concepts related to comparative studies in 
MeSH and Emtree, underscoring the importance of 
standardized terminology in the systematization 
of scientific content. Similarly, Koloski et al. [32] 
demonstrated how neural network–based keyword 
extraction methods can be complemented by TF-
IDF and aligned with pre-defined terminological 
lists, thereby enhancing the accuracy of thematic 
analysis.

To determine the appropriate number 
of documents for analyzing terminological 
density, the Pareto principle (80/20 rule) is often 
recommended. Valkanas and Diamandis argued 
that approximately 20% of publications may 
account for up to 80% of citations, reflecting the 
uneven distribution of scientific attention [33]. In 
bibliometric research, the Pareto rule is frequently 
applied to identify core journals, where about 20% 
of titles generate around 80% of citations or usage, 
thereby ensuring representativeness even with a 
reduced dataset [34].

Thus, terminological density can serve as a 
reliable indicator of scientific relevance, thematic 
precision, and stylistic rigor of texts. Its application 
is justified both in tasks of automated classification 
of publications and in expert evaluation of scholarly 
materials.

The assessment of terminological density in 
scientific articles makes it possible to identify their 
thematic orientation and to conduct a structural 
analysis of scientific rigor. However, excessive 
concentration of terms may indicate stylistic 
oversaturation and the use of “pseudo-scientific” 
vocabulary without sufficient semantic depth. This 
underscores the need to define an optimal range of 
terminological density.

Solnyshkina et al. [35] emphasized the importance 
of lexical density as an indicator of complexity and 
stylistic level in educational texts, which can also be 
applied to scientific publications. Recommendations 
of the U.S. National Library of Medicine [5] suggest 
that the number of MeSH terms should range from 

5 to 15 per 1000 words, corresponding to a density 
of approximately 1–1.5%. According to Halliday’s 
concept of lexical density [36], term overload (>4%) 
reduces accessibility and makes comprehension less 
effective, even for specialists.

Other studies provide indirect evidence 
supporting the proposed range of terminological 
density through textual descriptions or 
methodological approaches. Some works focus 
on linguistic analysis and the evaluation of the 
“scientificness” of texts, including terminological 
richness and distinctions between specialized and 
popular materials across subject areas [37, 38]. 
Other studies examine computational methods of 
text processing, including TF-IDF, topic modeling, 
automatic term extraction, and lexical density 
analysis, which may be employed to determine the 
relative proportion of terms in a text [39, 40].

One of the key factors influencing the accuracy 
of assessing terminological density in scientific 
texts is the consideration of synonymic and 
morphological variations of terms. Fu et al. proposed 
the SynGen method, which employs regularizers for 
synonym generalization in biomedical NER, thereby 
improving the completeness of concept extraction 
even beyond predefined dictionaries [41]. This 
is particularly relevant in the analysis of precise 
terms, where word forms and synonyms may differ 
substantially. Slater et al. [42] demonstrated that 
extending terms through inter-ontology synonymy 
significantly increases coverage in medical 
text analysis. Moreover, methods that combine 
contextual analysis with structural relationships 
enable the extraction of synonyms, hypernyms, 
and hyponyms, enhancing both terminological 
completeness and consistency [43]. In the field of 
NLP, Thießen et al. [44] showed that large language 
models (BERT, RoBERTa, GPT-3) are capable of 
detecting scientific synonyms through clustering of 
hidden representations, which directly contributes 
to more accurate term normalization.

Studies of terminological density in the context 
of physical culture illustrate approaches to 
identifying and quantitatively assessing terms in 
applied domains. For example, Pans et al. proposed 
a methodology for evaluating the terminological 
contribution of key concepts across different ranges 
of research [45]. Another approach demonstrated 
that collocations and derivative forms play a 
dominant role in shaping terminological density 
within sports-related vocabulary [46, 47]. The 
historical and cultural grounding of terminology, 
along with its standardization, enhances the 
relevance of professional communication and 
improves the efficiency of thematic searches [48, 
49]. In digital sports discourse, the systematic 
identification and classification of terms help assess 
their frequency, context, and semantic variability, 
thereby improving sample representativeness 
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and fostering interdisciplinary interaction [50]. 
Corpus-based observations of synonymy and 
variability confirm that high terminological density 
is characteristic of specialized texts and reflects the 
specificity of individual sports [51]. In this regard, the 
thematic classification of sports terminology serves 
as a foundation for the quantitative evaluation of 
terminological composition and for analyzing the 
informational richness of materials [52].

Thus, the inclusion of synonyms and word 
forms in terminological dictionaries: increases 
the sensitivity of analysis without compromising 
specificity; accounts for linguistic variability in 
the expression of the same conceptual entity; 
standardizes terminological analysis in the 
evaluation of scientific texts; and enhances the 
robustness of assessments when analyzing large 
document collections.

A review of numerous studies has shown 
that assessing terminological density through 
the use of thematic dictionaries and structured 
metadata is an effective tool for exploring scientific 
discourse. Scholars emphasize that such approaches 
contribute to more objective comparisons of 
publications, the identification of research trends, 
and the standardization of scientific vocabulary 
across disciplines. These methods are equally 
applicable to the domain of physical culture and 
sport. However, although some publications have 
addressed linguistic or content-based analyses 
in this field, they have rarely focused on term-
centered evaluations of full-text documents. Such 
studies do not fully reveal important aspects of 
scientific communication, including lexical rigor, 
thematic relevance, and terminological density. 
This highlights the need for a more comprehensive 
and systematic analysis of scientific publications in 
this area.

The aim of this study was to develop and 
implement a method for the automated assessment 
of terminological density in scientific articles in 
the field of physical culture using adapted thematic 
dictionaries.

Materials and Methods
Sources of Information
The Web of Science (WoS) platform was used as 

the primary database. A total of 16 593 bibliographic 
records of articles published over the past five years 
were retrieved based on the search query. From 
the selected corpus, five thematic frequency-based 
dictionaries of terms were compiled, containing the 
relevant keywords. In addition, the official Medical 
Subject Headings (MeSH) thesaurus [14], obtained 
in XML format (desc2025.xml), was employed.

Full-text articles in PDF format were collected 
from 12 Ukrainian journals indexed in WoS and/or 
Scopus: six journals categorized as Q3, one journal 

categorized as Q4, three journals indexed in DOAJ, 
and two journals without indexing. For each journal, 
articles were obtained from the first available issues 
published in 2025.

Study Design
The study employed a descriptive-analytical 

design incorporating bibliometric and linguistic 
methods. To construct the document corpus, a search 
query was formulated in the Web of Science (WoS) 
database using the following keywords: “physical 
activity” OR “physical education” OR “physical 
culture” OR “physical fitness” OR “aerobic exercise” 
OR “resistance training” OR “exercise physiology” 
OR “motor skills” OR “sports science” OR “athletic 
performance” OR “training load” OR “endurance” 
OR “strength training” OR “health-related fitness” 
OR “sports training” OR “youth sports” OR “exercise 
intervention” OR “exercise behavior.” The search 
was restricted to a five-year time frame and to 
articles published in English.

In addition to keyword filtering, six Web of 
Science subject categories were applied: Sport 
Sciences, Public Environmental Occupational 
Health, Education Educational Research, 
Hospitality Leisure Sport Tourism, Rehabilitation, 
and Physiology. These categories were selected as 
the most relevant to the field of physical culture 
and related disciplines. They encompass key 
dimensions ranging from sports science, pedagogy, 
health promotion, and rehabilitation to the 
biophysiological foundations of physical activity.

Beyond thematic relevance, the selection was 
also guided by the informational richness of these 
six subject categories (Table 1, Figure 1), which 
accounted for approximately 77.7% of all documents 
retrieved on the topic of physical culture over the 
past five years. By contrast, the next 14 categories 
contributed only 14.7% of publications, while an 
additional 37 categories represented about 6.7%. 
The remaining 50 categories contained fewer than 
10 publications each, collectively amounting to 
less than 1% of the total dataset. This distribution 
provided the rationale for restricting the corpus to 
the most representative and thematically significant 
domains.

Table 1. Distribution of categories by number of 
publications

Group of Categories
Range of 
Publications 
per Category

Number of 
Categories

Six core categories 1400–6000 6

Next 14 categories 100–500 14

Next 37 categories 10–94 37

Remaining 50 
categories <10 50



78

Physical Culture, Recreation and Rehabilitation

Figure 1. Distribution of publications across subject 
categories.

As a result, 16593 unique records that met the 
specified criteria were selected. Using the “Export 
Records to Plain Text File” function, the records 
were downloaded in batches of 1000 documents. A 
total of 17 batches were exported and subsequently 
merged into a CSV file for analysis.

For the unit of analysis, full-text PDF articles 
from 12 scientific journals were considered. The 
inclusion criteria comprised the availability of full 
texts, relevance to the subject area, and publication 
in English. Data processing involved extracting the 
main body of the articles (up to the “References” 
section), removing noise and technical symbols, 
eliminating short and insignificant words, and 
counting terms based on five thematic dictionaries, 
with attention to synonyms and word forms. All 
analyzed data are publicly available and do not 
contain any personal information.

Five different lexical dictionaries were created, 
each reflecting a specific aspect of the terminological 
composition of the texts. Each dictionary contained 
keywords and their frequency of occurrence in the 
corpus. In addition, the sixth dictionary, MeSH [14], 
was employed.

The dictionaries were constructed on the 
basis of 16593 bibliographic records. Using the 
CountVectorizer method [53], the 1000 most frequent 
n-grams (1–3 words) were extracted. From this set, 
the top 300 terms were selected for further analysis, 
in line with Zipf’s law and recommendations for 
building controlled vocabularies, where the core 
semantic field is captured by a limited number of 
frequent units [54, 55].

Subsequently, semantic filtering was applied: 
constructions containing numbers, abbreviations, 
and phrases consisting solely of short words (≤3 
characters) were removed. From the cleaned 
dataset, the top 300 terms were retained as the most 
representative and thematically relevant.

For all dictionaries, a procedure was conducted to 
identify lexically and morphologically related forms. 
New terms were generated based on the stem or 
plural form of the original words. These derivative 
forms were grouped with their corresponding base 
terms and recorded in a separate column of the table.

For the first four dictionaries (Dictionary_1, 
Dictionary_2, Dictionary_3, and Dictionary_4), the 
most frequent expressions were extracted from the 
full dataset. Filtering was then applied to remove 
duplicates, non-specific and overly general phrases, 
as well as elements containing numerical characters. 
Newly generated derivative forms—synonymic 
and morphological variants—were added to the 
dictionaries. From the cleaned lists, the top 300 
terms were selected, representing stable thematic 
categories used for the formal classification of 
publications. As a result, the following dictionaries 
were constructed:
•	 Dictionary_1 (AU). Created from the corpus 

of author texts, including TI (article title), AB 
(abstract), and DE (author keywords).

•	 Dictionary_2 (DE). Created from the corpus of 
author keywords (DE). A total of 16, 512 unique 
DE terms were identified.

•	 Dictionary_3 (ID). Created from the corpus of 
keywords added by WoS (ID). A total of 9, 018 
unique ID terms were identified.

•	 Dictionary_4. Created from the combined corpus 
of author keywords (DE) and WoS-assigned 
keywords (ID).

In addition, Dictionary_5 (Adapted Dictionary) 
was developed, containing author terms that also 
appear in the MeSH thesaurus.

Finally, Dictionary_6 was compiled from the 
official version of MeSH, downloaded in XML format 
from the U.S. National Library of Medicine (desc2025.
xml) [14]. From the hierarchical tree structure of 
MeSH, descriptors relevant to the core categories—
Physical Activity, Sports, Rehabilitation, Health, and 
related domains—were extracted.

To evaluate the terminological structure 
of scientific publications, an algorithm for the 
automated processing of PDF files was developed in 
Python using the PyMuPDF (fitz) library and a set of 
predefined dictionaries.

After constructing five dictionaries and 
converting the sixth MeSH dictionary into an 
analyzable format, a term search was conducted 
across all six dictionaries. Unique matches with each 
dictionary were identified within the text of each 
article, and terminological density was calculated 
accordingly. A composite indicator (Overall Score) 
was then computed as the mean value of densities 
across all dictionaries, which was subsequently used 
to generate a ranking of articles within each journal. 
For each journal, the final dataset also included a 
summary row with the average values of the metrics.

The results were stored as CSV files for each 
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journal and were further used for cross-journal 
comparisons and the construction of summary 
analytical tables.

For the assessment of terminological density, the 
following indicator was applied:

Terminological density (or the relative weight of 
terms) represents the proportion of unique matched 
terms from a dictionary within the text of a scientific 
article relative to the total number of meaningful 
words. Density was calculated according to the 
formula:

D = M / N, 
where D is the terminological density (relative 
weight), M is the number of unique terms identified 
in the text, and N is the total number of meaningful 
words (excluding stop words, numbers, short forms 
≤2 characters, and punctuation).

Density was computed separately for each of the 
dictionaries. Terms were considered matched if they 
appeared in the text in any of the accounted forms 
(synonyms or morphological variants). For each 
document, the following additional indicators were 
also calculated:
•	 the total number of meaningful words;
•	 the number of matched terms from each 

dictionary;
•	 the final combined score, defined as the average 

of the dictionary-based density values.
For the objective interpretation of terminological 

density (the relative weight of matched terms), an 
empirical interpretation scale was developed. The 
scale was grounded in evidence from contemporary 
studies on terminological analysis, bibliometrics, 
and information retrieval practices [19, 26, 27].

To interpret the results, a scale of terminological 
density was applied, based on empirically validated 
thresholds (Table 2). This approach made it possible 
to account for the relative position of an article 
within the overall distribution and to mitigate the 
influence of differences in text length and total 
number of terms. The scale ensured an objective 
comparison of publications regardless of their 
structure or length.

Table 2. Classification of terminological density 
levels in scientific texts

Terminological 
Density 
(Relative 
Weight)

Level Interpretation

< 0.005 Low Weak thematic 
saturation

0.005–0.01 Below average Low saturation

0.01–0.02 Medium Optimal saturation

0.02–0.04 Above average Increased saturation

> 0.04 High Terminological 
overload

To summarize the characteristics of 
terminological density across scientific journals, 
an algorithm for the automated compilation 
of an aggregated table was implemented based 
on previously calculated metrics for individual 
publications. The input data consisted of the term 
analysis results for each journal, stored in CSV 
format.

The algorithm included the following steps:
1.	 Loading the reference table (list_journals.csv) 

containing the correspondence between journal 
codes and their full titles.

2.	 Iterating through all final result files (results_*.
csv) containing term analysis data for individual 
journals.

3.	 Extracting from each file the row marked as 
“Average for journal, ” which contained the 
mean metric values across the journal’s articles.

4.	 Assigning the full journal title based on the 
reference table and incorporating it into the 
aggregated list.

5.	 Constructing the final summary table, which 
included the following fields:

o	 total number of words, 
o	 number and density of matched terms for 

each of the five dictionaries (WoS, MeSH, 
DE, ID, AU), 

o	 the integrated indicator of terminological 
density (Overall Score), 

o	 the journal’s rank position in the 
comparative list.

The summary table (journals_summary_form_
de_id_au.csv) was saved in a separate directory for 
further analysis, visualization, and interpretation. 
This step ensured the transition from article-level 
analysis to journal-level generalization, enabling 
the identification and quantitative evaluation of 
differences in thematic density among journals.

For the quantitative evaluation of terminological 
density in scientific publications, all individual 
articles published in the selected journals were 
analyzed. In total, 103 articles were processed, and 
key terminological metrics were calculated for each 
based on five dictionaries.

Stage 1: Construction of a unified article database. 
At the first stage, results previously obtained for 
each journal were aggregated. From all tables 
containing metrics for individual articles, only the 
rows with data for specific publications (excluding 
the “Average for journal” row) were selected. For 
each article, the identifier of the corresponding 
journal was additionally recorded. All entries were 
merged into a single table containing:
•	 the number of words, 
•	 the number and density of matched terms from 

the five dictionaries (WoS, MeSH, DE, ID, AU), 
•	 the overall terminological density indicator 

(Overall Score).
The resulting table (all_articles_combined_de_id_
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au.csv) included data for all publications and served 
as the basis for subsequent quantitative analysis.

Stage 2: Correlation analysis of terminological 
metrics. At the second stage, a correlation analysis 
of term densities across the five dictionaries was 
conducted. Spearman’s correlation was applied 
to assess the degree of concordance among the 
rankings of terminological densities between 
articles, regardless of the scale of the values.

A matrix of pairwise Spearman coefficients was 
calculated for the following indicators:
•	 WoS Density 
•	 MeSH Density 
•	 DE Density 
•	 ID Density 
•	 AU Density.

Statistical Analysis
Data processing was carried out using the 

Python programming language (version 3.11). The 
pandas library was employed for data aggregation 
and analysis. Terminological density was calculated 
as a relative indicator, expressed as the proportion 
of matched terms from the five lexical sources (WoS, 
MeSH, DE, ID, AU) in relation to the total number 
of meaningful words in the text. At the stage of 
summary analysis, mean values were computed 
for each journal, ranking was performed according 
to the overall integrated score, and the percentage 
distribution of terminological density levels was 
determined based on the established classification. 
To normalize the results, a linear transformation 
scale ranging from 0 to 10 was applied, ensuring 
comparability of outcomes regardless of text 
length or number of terms. In addition, group-
level analysis of density was carried out across 

the following categories: very low, low, moderate, 
increased, and high terminological density, which 
provided a quantitative characterization of the 
publication corpus. For the purpose of identifying 
relationships between lexical sources, correlation 
analysis was performed using Spearman’s rank 
correlation coefficient at the level of individual 
articles. The resulting correlation matrix included 
all five terminological density indicators.

Results
Table 3 presents the values of terminological 

density for individual publications from one of the 
journals across the five dictionaries: WoS, MeSH, DE, 
ID, and AU. According to the established benchmark, 
the optimal range of terminological density is 0.01–
0.02 terms per word. Comparison of the observed 
values with this reference range provides the basis 
for a qualitative assessment of the lexical structure 
of the publications.

The analysis of term density in the journal’s 
articles (Table 3) revealed the following trends. 
A comparison of terminological density with the 
recommended range of 0.01–0.02 terms per word 
indicates a systematic exceedance across all five 
dictionaries. Hyper-saturation is most pronounced 
in the WoS and AU dictionaries, where values in 
individual publications reached 0.27 and 0.24, 
respectively—exceeding the upper threshold by 
a factor of 10–12. Even in the least saturated 
article (Overall Score = 0.039), density remained 
approximately twice above the recommended level. 
While the formalized dictionaries (MeSH, DE, ID) 
yielded comparatively lower values, they likewise 
exceeded the standard thresholds.

These findings indicate a high lexical density 

Table 3. Assessment of terminological density in the journal

File Word 
Count

WoS 
Hits

WoS 
Density

MeSH 
Hits

MeSH 
Density

DE 
Hits

DE 
Density

ID 
Hits

ID 
Density

AU 
Hits

AU 
Density

Overall 
Score Rank

Article 1.pdf 615 169 0.2748 49 0.07967 68 0.11057 74 0.12033 149 0.24228 0.16553 1

Article 2.pdf 860 181 0.21047 52 0.06047 90 0.10465 96 0.11163 179 0.20814 0.13907 2

Article 3.pdf 480 89 0.18542 23 0.04792 32 0.06667 44 0.09167 87 0.18125 0.11459 3

Article 4.pdf 898 146 0.16258 38 0.04232 56 0.06236 66 0.07350 149 0.16592 0.10134 4

Article 5.pdf 2771 162 0.05846 57 0.02057 64 0.02310 77 0.02779 183 0.06604 0.03919 5

Article 6.pdf 3319 187 0.05634 50 0.01506 80 0.02410 100 0.03013 205 0.06177 0.03748 6

Article 7.pdf 2733 158 0.05781 44 0.01610 61 0.02232 76 0.02781 172 0.06293 0.03739 7

Article 8.pdf 3943 202 0.05123 63 0.01598 89 0.02257 100 0.02536 219 0.05554 0.03414 8

Average 
for journal 
(ppcs)

1952.38 161.75 0.13214 47.00 0.03726 67.50 0.05454 79.13 0.06353 167.88 0.13048 0.08359 4.5

Note. WoS Density — density of keywords derived from both author and WoS sources. MeSH Density — density 
of keywords corresponding to the MeSH standard. DE Density — density of author-provided keywords (DE). 
ID Density — density of WoS-assigned keywords (ID). AU Density — density of author terms derived from the 
title, abstract, and keywords of the publication. Overall Score — arithmetic mean of the five densities. Rank 
— position of the article in descending order of overall density score.
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characteristic of scientific publications in applied 
domains. None of the articles fell within the 
normative range, underscoring the need to address 
standards of terminological load in the preparation 
and editing of scholarly texts.

As part of the summary analysis, an aggregated 
table was compiled to reflect the indicators of 
terminological density for 12 scientific journals in 
the field of physical culture. Table 4 presents the 
numerical values of terminological density for each 
of the five dictionaries (WoS, MeSH, DE, ID, AU), 
as well as the integrated indicator (Overall Score), 
which represents the mean value of the relative 
densities.

Using the normative interval of 0.01–0.02 terms 
per word as the reference range for terminological 
density, the following tendencies were identified:
1.	 The indicators of all journals substantially 

exceed the normative range across most 
dictionaries. This is particularly evident for:

o	 WoS Density — with leading journals 
reaching values of up to 0.35;

o	 AU Density — averaging above 0.20.
2.	 The densities of MeSH, DE, and ID are lower, but 

in many cases also exceed the normative range.
3.	 None of the journals fall entirely within the 

normative range across all dictionaries.
4.	 The top-ranked journal (Overall Score = 0.199) 

demonstrates the highest overall saturation, 
with marked exceedances across all densities, 
particularly WoS (0.355) and AU (0.247).

A more detailed interpretation of the obtained 

results is presented in Figure 2, which shows the 
deviations of actual terminological density values 
from the normative range (0.01–0.02 terms per 
word). The calculation was performed for each of 
the five dictionaries: WoS, MeSH, DE, ID, and AU. 
Positive deviation values indicate an excess over 
the upper limit of the norm, reflecting potential 
oversaturation of the text with terms.

The analysis of the data in Figure 2 indicates the 
following tendencies:
1.	 All journals demonstrate values exceeding 

the normative range across each of the five 
dictionaries. None of the indicators fall 
within the interval 0.01–0.02, confirming 
the oversaturation of texts with specialized 
terminology.

2.	 The largest deviations are observed in:
o	 AU Density — up to +0.226 (journal N1), 
o	 WoS Density — up to 

+0.335 (the same journal),  
making these sources the primary 
contributors to terminological load.

3.	 Deviations in MeSH, DE, and ID are considerably 
lower but consistently positive (on average 
0.03–0.09), reflecting a more moderate but still 
formalized level of terminologization.

4.	 Journal N1 stands out as the leader in all 
indicators, demonstrating the maximum 
deviations across all metrics.

5.	 Even the lowest-ranked journals (those with 
the smallest Overall Score) show deviations not 
falling below +0.03, which highlights the general 

Table 4. Summary indicators of terminological density for 12 scientific journals in the field of physical 
culture

Rank Journal Word 
Count

WoS 
Hits

WoS 
Density

MeSH 
Hits

MeSH 
Density

DE 
Hits

DE 
Density

ID 
Hits

ID 
Density

AU 
Hits

AU 
Density

Overall 
Score

1 N1 1385.0 91.8 0.35507 26.8 0.12951 27.0 0.15644 33.0 0.10979 91.2 0.24655 0.19947

2 N2 1011.0 91.4 0.25944 29.6 0.08645 31.8 0.07651 36.4 0.09449 85.8 0.20547 0.14447

3 N3 1131.6 105.8 0.21123 30.2 0.05058 39.2 0.06708 45.4 0.07384 110.0 0.24393 0.12934

4 S1 1463.1 120.3 0.20116 36.1 0.06309 41.1 0.07521 48.8 0.06122 116.7 0.14768 0.10967

5 S2 1869.1 115.4 0.15521 33.7 0.04295 41.1 0.04887 48.6 0.05124 122.0 0.15498 0.09065

6 S3 1747.4 149.6 0.13725 44.4 0.04171 55.6 0.05259 66.4 0.06090 158.6 0.14628 0.08775

7 S4 1952.4 161.8 0.13214 47.0 0.03726 67.5 0.05454 79.1 0.06353 167.9 0.13048 0.08359

8 S5 1902.4 147.6 0.13194 42.5 0.03946 54.5 0.04684 63.5 0.04480 156.0 0.12183 0.07697

9 S6 2495.5 143.8 0.08506 43.9 0.02878 52.8 0.02708 65.6 0.03481 150.0 0.08496 0.05213

10 S7 3217.0 179.4 0.08186 56.2 0.02516 64.9 0.02733 81.7 0.03565 188.1 0.08163 0.05032

11 N4 2138.3 117.2 0.07679 34.8 0.02283 37.5 0.02524 49.8 0.03237 137.5 0.09389 0.05022

12 N5 4629.8 171.2 0.05370 52.6 0.01599 66.6 0.01872 82.2 0.02402 189.4 0.06051 0.03459
Note. The list of journals with abbreviations is as follows (N = non-indexed journals; S = journals indexed in 
WoS/Scopus): N1 – Health Technologies; N2 – Health-saving Technologies, Rehabilitation and Physical Therapy; 
N3 – Physical Culture, Recreation and Rehabilitation; S1 – Rehabilitation and Recreation; S2 – Slobozhanskyi 
Herald of Science and Sport; S3 – Physical Education of Students; S4 – Pedagogy of Physical Culture and Sports; 
S5 – Physical Education Theory and Methodology; S6 – Health, Sport, Rehabilitation; S7 – Physical Rehabilitation 
and Recreational Health Technologies; N4 – Journal of Learning Theory and Methodology; N5 – Pedagogy of 
Health
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tendency toward terminological redundancy in 
the text corpus.

Thus, the analysis demonstrates that the 
terminological density of scientific publications in 
the field of physical culture systematically exceeds 
the established normative range.

To analyze the relationships between different 
lexical sources in the structure of scientific 
publications, a Spearman correlation matrix was 
calculated at the level of individual articles (Figure 
3).

Five indicators of terminological density were 
considered (Figure 3):
1.	 WoS Density (lexicon from Web of Science), 
2.	 MeSH Density (medical subject headings), 
3.	 DE Density (keywords from descriptions), 
4.	 ID Density (identifiers), 
5.	 AU Density (author keywords).

The data in Figure 3 indicate the following 
tendencies:
1.	 All correlations fall within the range of 0.964 to 

0.991, reflecting a high level of consistency in 
term distribution across the dictionaries.

2.	 Particularly strong associations are observed 
between:

o	 WoS and AU (r = 0.991), indicating the 
proximity of author-provided vocabulary 
to the general scientific terminology 
actively used in the articles.

o	 DE and ID (r = 0.981), showing a strong 
relationship between formalized 
lexemes from descriptions and index 
tags.

3.	 AU Density integrates into the correlation 
structure as reliably as the other indicators, 
confirming its importance in modeling the 
terminological profile of the text.

The results demonstrate the complementarity 
of lexical dictionaries in the analysis of scientific 
publications. The high degree of correlation 
confirms that terminological density possesses 
a stable structure regardless of the type of term 
source. This enables the use of both combined 
and isolated dictionaries in semantic evaluation, 
thematic mapping, and editorial analysis.

Discussion
The aim of this study was to develop and 

test a method for the automated assessment of 
terminological density in scientific publications in 
the field of physical culture using adapted lexical 
dictionaries. The obtained results confirmed 
the effectiveness of the proposed approach: all 
12 analyzed journals demonstrated moderate, 
increased, or high levels of terminological 
saturation according to the WoS and MeSH scales. 
Particularly high density was observed when using 
the WoS dictionary, which is likely associated with 
the inclusion of author keywords and the stylistic 

features of the texts. Terminological density based 
on MeSH ranged from optimal to high levels, 
indicating the gradual integration of biomedical 
terminology into scientific publications on physical 
culture and sports.

Our results are consistent with previous 
studies that addressed issues of lexical saturation 
and its consequences. For example, Haunschild 
et al. demonstrated that the automatic use of 
Keywords Plus from WoS substantially increases 
term density and may overload the text [30]. Kiss 
et al. [8] and Venâncio et al. [9] emphasized the 
variability of terminological structures in sports-
related publications, which is also confirmed by our 
observations.

Lu et al. [56] showed that the analysis of author 
keywords’ frequency can effectively reveal thematic 
trends; however, such an approach carries the risk 
of terminological redundancy. Another study [57] 
employed automatic identification of data-related 
articles, which also relied on the detection of specific 
key expressions. These findings indirectly confirm 
that our method of quantifying terminological 
density highlights the same issue – concentrations 
of terms above the optimal level.

Moreover, Kim and Kim [58] demonstrated 
that even emerging scientific fields (e.g., the 
metaverse and sport) are characterized by the active 
introduction of specific terminology, which does not 
always align with established standards. This finding 
resonates with our conclusions: local publications 
in the field of physical culture often rely on their 
own lexical frameworks, thereby widening the gap 
with international descriptors.

The novelty of our study lies in the use of two 
types of dictionaries: controlled (MeSH) and 
empirical (WoS) for the analysis of the publication 
corpus. This approach made it possible to identify 
the distinction between standardized vocabulary 
and authorial practice, which has rarely been 
considered in previous research. Unlike studies 
with a narrow focus, our journal-level comparison 
expands the scope of bibliometric expertise and 
provides more generalized conclusions. A similar 
approach was applied by Hammerschmidt et al. [59], 
who conducted a bibliometric analysis of publication 
activity and thematic dynamics across five leading 
sport management journals over the period 2011 
to 2020. Likewise, Shilbury [60] examined citation 
patterns in several sport management journals 
and emphasized the importance of journal-level 
analysis for understanding academic influence and 
citation structures.

In addition to integrating two dictionaries, a 
significant element of novelty was the creation 
of a domain-specific dictionary based on 16593 
bibliographic records from the Web of Science 
database over the past five years. Unlike ready-
made controlled resources, this dictionary reflects 
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Figure 2. Deviations of terminological density from the normative range (0.01–0.02)

Figure 3. Spearman correlation matrix at the level of individual articles



84

Physical Culture, Recreation and Rehabilitation

the actual vocabulary of scientific publications in 
the field of physical culture. It represents stable 
expressions and professional terminology. Similar 
practices have a strong basis in the international 
research tradition. For example, Yan et al. [61] 
proposed a domain-independent method of term 
extraction for the identification of disciplinary 
dictionaries from full-text articles. Another 
study demonstrated the potential of a corpus-
based approach for the automatic construction of 
semantic lexicons [62]. A new approach to the semi-
automatic creation and expansion of a multilingual 
terminological thesaurus was presented by Horák et 
al. [63]. These examples show that the development 
of specialized dictionaries is a recognized direction 
in scientometrics and computational linguistics. 
However, the application of such a practice in the 
field of physical culture, based on such an extensive 
corpus of sources, has not been identified in the 
available data.

Another aspect of novelty is the high degree of 
automation in the assessment of terminological 
density. Unlike traditional content-analytical 
studies, we implemented algorithms for automated 
extraction of text from PDF files, corpus cleaning, 
consideration of word forms and synonyms, as well 
as the calculation of relative terminological density 
using Python (libraries pandas, re, fitz). This approach 
ensures reproducibility, eliminates subjective 
errors, and allows the processing of large datasets. 
Comparable methods of automation are reported 
in bibliometrics and computational linguistics. For 
example, Riloff and Shepherd [62] demonstrated the 
potential of corpus-based approaches for building 
semantic lexicons. Another study used automatic 
term extraction from full-text publications [61]. 
Horák et al. [63] showed the effectiveness of 
semi-automatic construction and expansion of a 
multilingual thesaurus. Such approaches increase 
the objectivity of evaluating publication practices 
[64]. In our case, these principles were applied for the 
first time to the evaluation of scientific journals in 
the field of physical culture. No similar approaches 
were identified in the available sources.

The approach applied in our study, which 
integrated two dictionaries supplemented with 
synonyms and word forms, provided more accurate 
terminological matching and increased the 
sensitivity of the analysis. This is consistent with the 
recommendations of Manning and Schütze [54] and 
Ahmad et al. [65], who emphasized the importance of 
reducing variability in academic writing. Our results 
also revealed a high correlation of metrics across 
the dictionaries, which confirms the stability of 
terminological density structures and demonstrates 
the applicability of automated methods for semantic 
evaluation of scientific publications.

The developed scale of terminological 
density based on the MeSH and WoS dictionaries 

demonstrated the ability to objectively classify 
publications and compare journals with each 
other. This expands the toolkit of bibliometrics 
and editorial practice by identifying imbalances in 
scientific style. Similar to the findings of Ahmad 
et al. [65], who showed differences in academic 
writing across disciplines, our scale reflects lexical 
specificity and can be used to adjust publication 
practices. The use of scales to measure textual 
complexity and terminological saturation is well 
established in linguistics and bibliometrics: Halliday 
[36] introduced the concept of lexical density as an 
indicator of text complexity; Solnyshkina et al. [35] 
applied readability formulas for building scales of 
educational texts; Leblanc et al. [19] demonstrated 
that the number of MeSH terms in systematic 
reviews can serve as a basis for standardized 
density intervals; Breuer et al. [26] proposed a 
scale for identifying the “core documents” based 
on the concentration of key concepts; Nasseri and 
Thompson [66] highlighted the significance of 
lexical density and diversity for distinguishing L1 
and L2 texts; Bakuuro [67] linked lexical density 
with readability and perceived text complexity. 
However, in studies on physical culture and sport, 
similar scales have not been identified. Existing 
research has focused mainly on citation analysis and 
conceptual apparatus: Khatra et al. [68] conducted 
a bibliometric review of the most cited articles in 
sports medicine, and Staunton et al. [69] addressed 
the misuse of the term “load”. Yet these studies 
did not include measurement of terminological 
density, which underscores the methodological 
novelty of our proposed scale, adapted for analyzing 
publications in the field of physical culture.

Thus, the proposed scale goes beyond existing 
bibliometric approaches and demonstrates 
methodological innovation, as it is the first to focus 
on measuring terminological density in publications 
on physical culture. The development of this 
direction is closely related to the automation of text 
analysis, which allows for broader applications and 
greater objectivity in the assessment of publication 
practices.

The characteristics of publications in the field of 
physical culture are shaped by the interdisciplinary 
nature of this domain, where pedagogy, sports 
medicine, physiology, and psychology intersect. 
Terminological density in such texts arises from 
a combination of specialized concepts (“load, ” 
“adaptation, ” “motivation, ” “injury prevention”) 
and a more general scientific vocabulary. This 
balance influences how texts are perceived by 
both professional and academic audiences. Unlike 
medicine or pedagogy, where terminology is more 
established, sports science demonstrates greater 
variability and frequent borrowing of concepts, 
which highlights the need for objective metrics in 
text evaluation.
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In this context, bibliometric studies in sport 
have so far focused primarily on citation analysis 
and the identification of leading research areas. 
For instance, Khatra et al. [68] reviewed the most 
cited publications in sports medicine, showing the 
dominance of clinical and physiological research. 
Staunton et al. [69] drew attention to the misuse 
of the term “load, ” underlining the importance of 
clarifying and standardizing terminology. However, 
none of these studies addressed the measurement 
of structural lexical saturation. The proposed scale 
of terminological density thus fills this gap by 
providing a quantitative tool for evaluating texts in 
the field of physical culture.

The application of the developed scale in this 
field has both theoretical and practical relevance. 
On the one hand, it provides editorial boards of 
national journals with an objective tool to assess 
manuscript quality in comparison with international 
standards. On the other hand, it offers authors a 
means to adjust their academic writing strategies 
in accordance with indexing requirements. This is 
particularly significant in the context of increasing 
competition among journals, where a balanced 
use of terminology becomes a marker of academic 
maturity and an important factor of international 
visibility.

In scientific literature, terminological density 
is regarded as an indicator of both the quality and 
complexity of academic texts. This interpretation 
originates from linguistic studies on translation 
and language [70], while a number of applied works 
have demonstrated its significance in fields such as 
healthcare and education, where terminology serves 
as a marker of professional quality and suitability of 
publications for indexing [56, 71, 72]. These studies 
confirm that the balance between terminological 
richness and clarity of expression directly affects the 
perception of research articles and their integration 
into the international academic space. In the field of 
physical culture, this balance is particularly critical, 
as publications are simultaneously addressed to the 
academic community and to practitioners in sport 
and education. Thus, the approach requires clarity 
of language while maintaining scientific rigor.

Our study extends this approach to the field 
of physical culture. The analysis of texts from 
leading Ukrainian journals demonstrated that 
terminological density can serve as an indicator of 
academic maturity and readiness of publications 
for international communication. The use of 
quantitative and bibliometric methods has 
already been established in related domains 
of physical literacy and physical activity. For 
instance, Mendoza-Muñoz et al. [73] conducted 
a global review of publications on physical literacy 
employing spatial and thematic visualization. 
Similarly, Memon et al. [74] analyzed the most 
cited studies on sedentary lifestyle, highlighting 

the need for qualitative indicators to assess textual 
influence. Li et al. [75] examined the thematic scope 
of research on physical activity and health in the 
context of osteoporosis, underlining the relevance 
of quantitative assessment methods in sport and 
health sciences. In addition, Arnal Gómez et al. 
[76] applied bibliometric techniques to analyze a 
physical therapy journal on aging, identifying key 
journals and citation trends. Furthermore, Buhin 
Pandur et al. [64] demonstrated the potential of 
topic modeling in social sciences based on Web of 
Science data, confirming the versatility of such 
approaches in interdisciplinary research.

In the context of growing competition and 
the need for indexing in international databases, 
terminological density can serve as a tool for 
evaluating both authorial writing strategies and 
editorial policies in journals on physical culture. 
This opens the possibility of comparing different 
domains of sports science, from biomechanics and 
sports medicine to pedagogy of physical culture, 
thereby identifying their degree of terminological 
maturity.

Thus, the analysis demonstrated that 
terminological density is a reliable indicator of the 
academic quality of publications, and its systematic 
excess in texts on physical culture indicates the 
need to adjust editorial standards. The integration 
of controlled and empirical vocabularies, taking 
into account synonymy and word forms, provides 
a basis for objective analysis and can be extended 
to other disciplines. For editors of journals on 
physical culture and sport, such a scale may serve as 
a practical tool for quality control of manuscripts, 
helping to identify excessive terminology, justify 
editorial revisions, and increase the transparency 
of author requirements in preparation for indexing. 
Future prospects include the use of contextual 
language models and more advanced morphological 
processing to deepen the analysis. A further step in 
the field of sports science may involve automated 
monitoring of terminological density in specific 
areas (sports medicine, training loads, student 
physical activity), which will make it possible to 
track the dynamics of disciplinary development.

Limitations
Several limitations should be acknowledged. 

Lemmatization and morphological normalization 
of terms were not fully implemented, which may 
have resulted in a partial loss of accuracy when 
calculating terminological density. In addition, 
the study was limited to a sample of 12 journals, 
which reduces the generalizability of the findings. 
Differences in indexing policies of WoS, Scopus, and 
PubMed may also have influenced the interpretation 
of the results. It is important to note that the 
focus on journals in physical culture and related 
fields limits the applicability of the conclusions 



86

Physical Culture, Recreation and Rehabilitation

to a broader range of scientific disciplines. Future 
research should expand the sample of journals in 
sports science to refine the identified trends and 
enhance the reliability of generalizations.

Conclusions
The study demonstrated that terminological 

density can be regarded as a reliable indicator of 
the academic quality of publications in the field of 
physical culture and sports. The proposed scale, 
based on a combination of controlled and empirical 
vocabularies, showed methodological novelty and 
created opportunities for the objective comparison 
of journals, as well as for identifying imbalances in 
style and academic writing standards.

The analysis revealed that a high level of 
terminological density does not always correspond 
to the academic maturity of a text and may indicate 
the need for editorial adjustments. At the same 
time, a balanced use of terminology supports the 
integration of publications into the international 
scientific community, enhances their citation 
potential, and increases the transparency of research 

communication.
The findings confirm the potential of applying 

terminological density scales for evaluating 
publishing practices in physical culture and related 
disciplines. Further development should focus on 
the automation of text analysis, the expansion of the 
journal sample, and the use of contextual language 
models, which will enable deeper interpretation and 
improve the reproducibility of results.
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