BULLETIN of Ablai Khan KazUIRandWL. Series “PHILOLOGICAL SCIENCES” No.3 (78) 2025, pp. 335-354

UDC 81.4
IRSTI 05.02.03
https://doi.org/10.48371/PHILS.2025.3.78.019

COMPARATIVE ANALYSIS OF LEXICOGRAPHICAL RESOURCES
AND METHODS IN A TECHNICAL CONTEXT
Pitirimova T.V.!, *Arabaji K.D.?, Bogdanova A.A.3, Sofina I.1.*
I *234NJSC “Karaganda Technical University named after Abylkas Saginov”,
Karaganda, Kazakhstan

Abstract. This study provides an in-depth comparative analysis of modern
lexicographic resources operating in the technical field, emphasizing correlations
between traditional and automated methods of creating, managing, and optimizing
terminological databases that ensure the integration of specialized vocabulary
into global professional communication processes. Particular attention is
paid to a critical assessment of the functional potential of such tools as IATE,
Termium Plus, and Sketch Engine, through the prism of their applicability in
an interdisciplinary context and the degree of adaptability to the dynamically
changing requirements of technical terminology.

The objective is to identify methodological advantages and limitations of
existing terminological processing approaches and substantiate the necessity of
their synergetic integration into technological solutions balancing processing
efficiency and accuracy. The study’s scientific and practical significance lies in
developing methodological foundations to enhance terminographic processes and
adapt tools to the evolving technical communication standards in the digital age.

The methodological basis of the study is based on a system analysis of the
functional characteristics of the resources under consideration, a multi-criteria
comparisonoftheeffectiveness of manual and automated methods ofterminological
processing, as well as the formation of comprehensive recommendations for their
combined use within the framework of hybrid models for processing specialized
vocabulary. The research methodology also includes corpus-based analysis of a
10-million-token domain-specific corpus, expert evaluation through structured
interviews with specialists in terminology and technical translation, and a case
study conducted in the context of the energy sector, which together ensures the
validity, representativeness, and practical relevance of the results. The results
obtained demonstrate that, despite the significant advantages of automated
technologies in terms of speed and volume of information processing, their use
requires mandatory expert intervention due to the complexity of the contextually
conditioned semantic interpretation of terminological units, especially in highly
specialized professional areas.
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The scientific significance of the research lies not only in expanding the
theoretical basis of lexicographic activity in the technical sphere but also in
developing applied mechanisms for integrating the latest technological solutions
into the standardization processes of terminological bases, which, in turn, creates
prerequisites for the formation of intelligent systems for processing professional
vocabulary.

Keywords: lexicography, terminology, automation, artificial intelligence,
standardization, technical dictionaries, text processing, databases

Introduction

Modern lexicographic resources play a crucial role in ensuring the accuracy
and standardization of technical terminology, particularly in response to the
rapidly increasing volume of specialized documentation driven by scientific
and technological progress. The continuous evolution of interdisciplinary
communication demands innovative methods for adapting professional
vocabulary to the dynamic requirements of global standards.

At the current stage of the development of technical lexicography, there are
several significant challenges, including the need to process massive text data,
limited capabilities of semantic interpretation in automated systems, and the
lack of unified approaches to standardization of terminology at the international
level [1]. Addressing these issues requires a comprehensive exploration of the
integration potential between manual and automated methods to enhance the
creation, verification, and maintenance of terminological databases.

Recent research indicates the growing necessity for systematic and unified
terminological resources, especially in rapidly evolving domains such as energy,
information technology, and mechanical engineering. This study centers on
a comparative analysis of lexicographic methods for processing specialized
terminology within these fields.

This research endeavors to formulate a comprehensive approach to develop
and justify an integrated methodological framework for processing technical
terminology by comparing manual and automated lexicographic methods,
identifying their respective advantages and limitations, and proposing an
evidence-based model for their combined application in professional practice.
This objective directly arises from the previously outlined challenges and reflects
the need to balance semantic accuracy with procedural efficiency in terminological
work.

The main goal of this research is to identify the methodological strengths
and limitations of current lexicographic approaches and propose optimal strategies
for processing specialized technical vocabulary.

To achieve this goal, the study addresses the following tasks:

1. To compare manual and automated methods of terminology extraction
using real case examples.
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2. To evaluate the functional capabilities and limitations of IATE, Termium
Plus, and Sketch Engine as lexicographic tools.

3. To examine expert feedback on the use of hybrid methods for increasing
the accuracy and efficiency of terminology management.

4. To develop practical recommendations for the integration of automated
and expert-driven methods in the creation of reliable terminological databases.

Materials and methods

To achieve the objectives of this study, a set of methods was used, aimed
at a comprehensive analysis of the effectiveness of existing approaches to the
creation and processing of terminological databases. Each stage of the study was
aimed at identifying both the strengths and weaknesses of the methods used, as
well as justifying the feasibility of their integration into a single technological
platform.

1. Corpus of texts

A specialized corpus consisting of over 10-million-word tokens was
compiled from a diverse range of sources, including regulatory and technical
documentation, patents, standards, user manuals, and peer-reviewed scientific
articles. The corpus was structured to represent three key domains: energy,
information technology, and mechanical engineering [2]. This ensured the
inclusion of contextually varied terminological units across different professional
registers, necessary for accurate comparative analysis.

Examples of the identified terms demonstrate the diversity of vocabulary
in different industries:

—In power engineering: ‘thermal coefficient’, ‘inverter converter’, ‘reactive
power’, ‘peak load’.

— In information technologies: ‘quantum cryptography’, ‘parallel
computing’, ‘cloud architecture’, ‘distributed networks.

—Inmechanical engineering: ‘friction drive’, ‘anode oxidation’, ‘hydrostatic
pressure’, ‘eddy currents.

2. Lexicographic tools

Three lexicographic tools were selected for analysis based on their relevance
and popularity in technical translation and terminology work:

IATE (Inter-Active Terminology for Europe) an international terminology
database that provides a standardized representation of terms but has limited
capabilities for adaptation to the specifics of individual professional fields [3].

Termium Plus - a multilingual Canadian database known for its intuitive
interface and support for multiple language combinations but limited in the scope
of terms it includes [4].

Sketch Engine - a corpus analysis platform allowing automatic extraction
of frequent and statistically significant terms. Its advanced search features (e.g.,
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word sketches, keyword lists, context filters) were used to identify candidate
terms by frequency and collocation strength [5].

Sketch Engine Configuration Parameters:

— Minimum frequency threshold: 10 occurrences— KWIC (keyword-in-
context) window: £5 words— Mutual Information Score > 3.5— POS-tag filters
and domain-specific stop-lists were applied to exclude irrelevant units

3. Term extraction approaches

To ensure a balanced analysis, two fundamentally different approaches to
term extraction were applied:

Manual extraction, performed using the corpus environment in Sketch
Engine, enabled precise identification of specialized terms based on frequency
distribution and contextual co-occurrence patterns [6].

Automated extraction, implemented via Sketch Engine using pre-defined
filters (frequency thresholds, KWIC analysis, and collocational metrics), provided
high-speed processing. However, this method generated semantically ambiguous
instances, such as the term “inverter” (used in both energy and sound engineering
contexts), requiring subsequent expert review and refinement [7].

Moreover, the effectiveness of Sketch Engine in identifying semantic
relationships such as hyponymy and meronymy has been demonstrated in various
corpus-based studies. As noted by San Martin, Trekker, and Ledn Aratz (2022),
automatic extraction tools can reveal complex terminological structures within
domain-specific corpora, provided they are calibrated to recognize linguistic
patterns beyond simple frequency statistics [8].

4. Expert validation via interviews

Expert participants were recruited using purposive sampling based on
specific criteria: (1) minimum 5 years of experience in technical terminology
work, (2) active participation in standardization committees or translation
projects, and (3) at least two relevant publications.

The expert panel consisted of 12 specialists (four each from energy, IT, and
mechanical engineering). The structure of the interview included 10 open-ended
questions, covering the following domains:

term relevance and usage frequency

contextual clarity and disambiguation issues

compatibility with existing terminological standards

limitations of automated systems and the need for expert intervention.
Interview responses were transcribed verbatim and coded using thematic analysis.
Inter-coder reliability was ensured by a second reviewer who analyzed 25% of
the responses independently.

5. Case study application

The proposed methods were tested in practice in the context of a real energy
project, the purpose of which was to create a specialized terminology base for
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the needs of this industry. The process of database development included the
use of combined methods, combining automated tools with subsequent expert
correction of the obtained data [4]. This approach allowed us to significantly
speed up the process of extracting and classifying terms while ensuring a high
level of accuracy and compliance with the specifics of the industry.

The energy sector, characterized by a high degree of technological
complexity, requires precision in the use of terminology, especially in the context
of international professional activity. This project turned out to be relevant since
a significant part of the documentation in the energy sector is created in English,
which necessitates the formation of a unified and correct terminology base for
the effective translation of technical materials, including design and operational
documents, standards, and regulations [9].

The project used a specialized program that automatically extracted
terminological units from a large volume of text, which ensured the prompt
and systematic identification of key terms found in the source documents [10].
However, given the specificity of the terms inherent in the energy industry, the
automatically extracted data was carefully checked by experts, which eliminated
possible errors and ensured compliance with professional standards.

6. Evaluation of metrics

The performance of each method was evaluated using the following
indicators:

Accuracy: Correct identification and classification of terms.

Processing speed: Time required to build the terminology database.

Economic efficiency: Time and resources spent per method.

Scalability: Capacity to maintain output quality with increasing data
volume.

The evaluation results are visualized in Figure 1 and summarized in Table
1 (see Research Results section).

Evaluation Metrics
Accuracy
Processing Speed
Economic Efficiency
Scalability

Scalability

25.0%

Economic Efficiency
20.0%

30.0%
Accuracy

25.0%

Processing Speed

Figure 1- Distribution of research methods
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1. Distribution of types of methods (manual, automated and expert
assessments).

2. Distribution of tool contributions (IATE, Termium Plus, Sketch Engine).

3. Distribution of time costs for each method.

As can be seen from the graphically presented diagram, automated term
extraction occupies the largest share (40%), followed by manual extraction (30%),
as well as expert interviews, case studies, and evaluation metrics. The integrated
application of the above methods allowed us to conduct a detailed comparative
analysis of various approaches, identify their strengths and weaknesses, and
formulate recommendations on the optimal combination of manual and automated
methods to improve the efficiency of lexicographic work.

7. Methodological summary

The outlined methodology ensured a triangulated approach to the study of
terminological processing, combining quantitative corpus tools and qualitative
expert insights. This allowed for a robust, empirically grounded understanding
of the strengths and constraints of current lexicographic technologies in highly
specialized technical domains. This comparative overview of methods, tools,
advantages, and limitations is summarized in Table 1, providing a clear and
structured representation of the methodological framework employed in the
study.

Tablel. Comparative overview of applied methods

Method Tool used Strengths Limitations
Manual Sketch Engine High precision, Time-consuming, not
extraction context-based scalable
Automated Sketch Engine High speed, large Context ambiguity,
extraction volume semantic
misinterpretation
Expert validation Interviews Domain accuracy, Subjective, requires
disambiguation coordination
Case study Energy Project | Real-world validation, Limited
application measurable impact generalizability

This integrated approach combining automated algorithms with expert

interpretation has proven to be both efficient and accurate in processing complex
technical terminology. It enables the development of reliable terminological
resources that align with the evolving standards of global professional
communication.

Results
The analysis conducted allowed us to identify key features of the application
of various methods and tools for processing terminological data, as well as to
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evaluate their effectiveness in the conditions of professional activity. The results
obtained, as well as a detailed description of the stages of the study and the
parameters used, are presented in Table 2.

Table 2. Comparative analysis of methods for processing terminological
data and their application in the project

Research stage Parameters Results
Comparative IATE, Termium Plus, IATE: high completeness, but delays
analysis of Sketch Engine in updates; Sketch Engine: flexible
databases customization, but complex interface;
Termium Plus: ease of use, but limited
language coverage.
Evaluation of Corpus 10 million The processing took 120 hours and was
manual methods words, 1 expert 95% accurate, but the process was labor-
intensive and expensive.
Evaluation of Corpus 10 million The processing took 10 hours; the
automated methods words, Sketch accuracy was 85%, and the main errors
Engine were related to polysemy and homonymy.
Interviews with 15 specialists The need to implement contextual analysis
experts and improve algorithms for working with
polysemantic terms was identified.
Practical Base for energy Development time was reduced by 40%;
application project the combined method increased accuracy
to 92%, reducing the cost of adjustments.

Comparison of Research Stages

120

100 -

Metrics

Research Stages

N Accuracy (%)
s Time Reduction (hours/26 improvement)

Figure 2 — Comparative analysis of databases
Analysis of the results of automatic systems revealed several typical
problems related to the interpretation of multivalued terms. For example, the

Sketch Engine algorithm highlighted the term ‘inverter’, but without considering
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the context it was referred to both power engineering (as a voltage converter) and
electronics (as an element of sound equipment). The expert correction allowed to
eliminate this discrepancy by clarifying the sectoral affiliation of the term.

Another example is the term ‘rotor’, which in energy texts refers to the
rotating part of a generator, whereas in mechanical engineering it refers to the
mechanical unit of a turbine. The automated processing was unable to distinguish
between these meanings, resulting in the need for additional interpretation by
experts.

The greatest difficulty was caused by polysemic terms, e.g. magnetic
flux’, which depending on the context could refer to both electromagnetism and
material physics. In addition, the term ‘discharge’ was erroneously extracted in
the context of ‘electrical discharge’ and ‘pressure discharge’ in hydraulic systems,
which required manual correction. ‘c. Without additional semantic markup, such
cases prove difficult to machine analyses, highlighting the importance of expert
involvement in the processing of technical vocabulary.

Detailed results of additional parameters such as performance and accuracy
of different methods are presented in Table 3.

Table 3. Evaluation of the effectiveness of data processing and translation
methods within the framework of the research project

Research stage Parameters Results
Software Performance | Development environment: | Processing speed increased
Analysis Python, NLP libraries by 25%. Memory capacity
decreased by 30%.
Data quality Corpus: 20 million words, Accuracy increased by 5%
assessment variety of topics with increasing data volume.

Additional filtering of noise
data is required.

Comparative analysis | Methods: Neural networks, Neural networks - 92%
of methods using decision trees accuracy but require significant
machine learning resources. Decision trees -
85% accuracy, but with less
resources.
Evaluation of Translation methods: Machine translation - 88%
translation accuracy | Machine translation, expert accuracy, but errors in
translation specialized terms. Expert
translation - 98% accuracy.
Evaluation of Project: Translation of | Reduction of translation errors
application in real technical documentation by 15% with the combined
conditions method, reduction of time for

corrections by 20%.
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Research Results Analysis
100

80

a0

a0

Percentage / Improvement

20

Research Stages

Software Performance
Data Quality

ML Methods
Translation Accuracy
Real Application

Figure 3 — Comparison of the accuracy of machine learning methods

The data presented in the tables demonstrates the differences in the
capabilities and limitations of the tools used. IATE has demonstrated a high level
of data completeness and standardization of terminology, making it indispensable
for projects requiring comprehensive coverage. However, due to delays in
updating data, it is no longer relevant for rapidly evolving industries such as
information technology and energy [9].

Termium Plus has a high ease of use and intuitive interface, making it a
popular choice among professionals, but its limited language coverage can make
it difficult to work with multilingual projects [4].

Sketch Engine provides users with a wide range of tools for flexible corpus
analysis and automatic term extraction. Despite its significant functionality, the
complexity of the interface and the requirement for specific skills make it difficult
to use under time constraints [10].

Comparison of manual and automated methods

Manual term extraction showed high accuracy (95%), due to the deep
involvement of the expert and detailed context analysis. However, processing
a corpus of 10 million words took 120 hours, indicating a significant time
investment.

Automated term extraction using Sketch Engine significantly accelerated
the processing time - 10 hours for the same amount of data. However, the
accuracy of the results was 85%, which is due to the difficulties of interpreting
polysemantic terms and polysemy.

Interviews with experts confirmed the need to implement combined data
processing methods. Experts emphasized the importance of using contextual
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analysis to improve the accuracy of automated tools and suggested actively using
machine learning methods to work with highly specialized terminology.

Practical application in a real project

The combined approach implemented in the energy project demonstrated
significant improvements in several key areas. It reduced development time,
increased the accuracy of results, and significantly increased the efficiency of data
processing. The introduction of automated methods in combination with expert
verification ensured significant process optimization and had a positive effect on
key indicators. The results of the practical testing of the proposed approach and
its impact on efficiency metrics are presented in Table 4.

Table 4. Evaluation of the effectiveness of the combined approach in
terminographic activities

Category Parameter Result
Pracflcal Df:velopment 40% reduction
testing timeframes
Achieving 92% through the combination of
Accuracy - .
automated data extraction and expert review.
Performz.mce Automated methods: 85%; manual methods:
Evaluation Accuracy .
Metrics 95%; combined approach: 92%.

Processing Automated methods provide a 12-fold reduction
speed in time compared to manual methods.
Reducing the labor costs of experts makes
the combined approach the most profitable in
conditions of limited resources.

Economic
efficiency

Performance Evaluation Metrics
92

Values

Categories

Practical testing - Development timeframes
Practical testing - Accuracy

Performance Evaluation - Accuracy
Performance Evaluation - Processing speed
Performance Evaluation - Economic efficiency

Figure 4 — Performance evaluation metrics
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Discussion

As a result of the comparative analysis of three specialized databases for
processing terminological units — IATE, Termium Plus, and Sketch Engine —
significant differences in their functionality and efficiency of application were
revealed. The IATE database demonstrated a high degree of data completeness,
which is especially important for projects requiring comprehensive coverage of
terminological units. However, a significant limitation of this database is the delay
in updating the data, which may reduce the relevance of information for rapidly
developing industries. The Sketch Engine database, due to its high flexibility
in setting up parameters for processing the corpus, places high demands on the
user’s competencies due to the complexity of the interface, which may limit its
use in time-sensitive conditions. Termium Plus, on the other hand, has an intuitive
interface and is easy to use, which makes it convenient for rapid implementation
in projects [11]. However, limited language coverage reduces the versatility of
this tool, especially in multilingual projects.

An analysis of the use of manual data processing methods showed that their
high accuracy (95%) is due to the deep involvement of the expert in the analysis
process, as well as considering the contextual features of the terminology.
However, significant time and resource costs, such as the duration of processing
(120 hours) when analyzing a corpus of 10 million words, demonstrate the
limitations of this approach, especially when it is necessary to work with large
volumes of data. This also indicates the advisability of using the manual approach
only as an additional stage within the framework of a combined methodology,
where it can be used to verify and clarify the results of automated analysis.

The use of automated processing methods implemented using Sketch Engine
allowed us to significantly reduce the analysis time (12 times compared to the
manual method), which emphasizes their effectiveness for data pre-processing.
However, the accuracy of the results (85%) indicates problems with interpreting
the contextual meanings of terms, including polysemy and homonymy. These
errors confirm the need for further improvement of natural language processing
algorithms aimed at eliminating this type of inaccuracy.

The results of interviews with experts confirmed the need to develop new
approaches to processing terminological data. These approaches should include
contextual analysis mechanisms aimed at increasing the accuracy of working
with polysemantic terms. Particular attention during the discussions was paid
to the use of machine learning technologies, which, if appropriately configured,
can increase the efficiency of working with terminology in specialized areas.
However, the experts also emphasized that there are no universal solutions in this
area, and each algorithm requires adaptation to a specific task.

The implementation of a combined approach combining automated
methods and expert verification demonstrated a significant reduction in the
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terminology base development time by 40%. This was made possible using
automated tools for preliminary analysis, which reduced the amount of work
requiring manual verification. Achieving 92% accuracy and reducing the cost
of subsequent adjustments emphasize that the combined approach is the most
promising direction for processing terminology data in scientific and technical
projects.

A study of the performance of software implemented using Python and
specialized libraries for natural language processing showed that optimization
of algorithms and the introduction of multitasking allowed to increase the
speed of data processing by 25%. A 30% reduction in the amount of RAM used
opens opportunities for using these methods in conditions of limited computing
resources. However, further work on the optimization of software solutions is
required to ensure scalability in larger projects.

Expanding the corpus from 10 to 20 million words resulted in a 5% increase
in processing accuracy, which confirms the importance of increasing the volume
and diversity of source data to achieve better results. However, increasing the
corpus size also resulted in noise in the data, which requires additional cleaning
and filtering procedures. Thus, improving preprocessing methods remains
a pressing task to ensure the high-quality performance of natural language
processing algorithms.

Besides, the polysemy of terms remains a key problem. For example, the
term ‘resonance’ can mean both electrical and mechanical resonance, while the
term ‘matrix’ is found in linear algebra and programming. It is important to bear
in mind that automated systems without additional customisation are unable to
distinguish between contexts, leading to errors in data processing.

There are also cases where terms in different disciplines have similar but
not identical meanings. For example, pressure’ in physics is a force per unit area,
while in chemistry it is a measure of the state of a gas. Such subtleties require the
involvement of an expert to analyse correctly.

Abbreviations are an example of another complex category of terms. For
example, GPS’ can stand for both ‘hydraulic speed transmission’ in mechanical
engineering and ‘global positioning system’ in navigation. Without further
information, the system misclassified the term. The results demonstrate the need
to implement hybrid techniques for processing terminological units, combining
automated algorithms with expert verification. Polysemy and contextual
variation remain the main obstacles in machine processing of texts, as evidenced
by examples of incorrect extraction of terms such as ‘discharge’ (electrical vs.
hydraulic), circuit’ (energy vs. radio engineering), and ‘pressure’ (physical vs.
chemical).

Thus, automated systems, while having a high speed of data processing,
are not always able to adequately interpret terminological units in complex
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professional contexts, which makes it necessary to involve experts in the process
of standardisation of terminological resources.

A comparative analysis of machine learning methods showed that neural
networks have high accuracy (92%), but their use is limited by high requirements
for computing resources, which makes them less suitable for projects with limited
capacity. At the same time, decision tree-based methods showed lower accuracy
(85%), but their low requirements for resources and processing speed make them
a preferred choice for tasks where efficiency and availability are critical.

A comparison of translation methods revealed that machine translation,
despite its high speed, demonstrates significant shortcomings when working with
specialized terminology, achieving only 88% accuracy. In turn, expert translation
provided accuracy at the level 0of 98%, but it is associated with significantly greater
time and financial costs. This highlights the need to develop hybrid methods that
can combine the benefits of automation with expert verification to achieve an
optimal balance between speed and quality.

The use of a combined approach in a technical documentation translation
project resulted in a 15% reduction in translation errors and a 20% reduction
in correction time. These results highlight that the integration of manual and
automated methods significantly increases the efficiency of text processing.
Further development of contextual analysis algorithms and improvement of
automated tools can facilitate a deeper implementation of combined approaches
in various industries that require processing large volumes of text information.

Recommendations

1. Integration of combined methods for processing terminological
data. It is recommended to implement approaches that combine manual and
automated analysis methods to achieve an optimal balance between the accuracy
and efficiency of terminology processing. Particular attention should be paid to
the development of strategies to minimize time costs while maintaining a high
level of reliability of the extracted data.

2. Active use of specialized lexicographic platforms. To increase the
efficiency of terminographic activities, it is recommended to actively use the
functionality of such databases as IATE, Termium Plus, and Sketch Engine. It is
important to conduct a comparative analysis of the capabilities of these tools to
select the most suitable ones depending on the specifics of the professional field.

3. Development of algorithms for deep contextual analysis. It is
necessary to develop algorithms that consider syntactic and semantic features
of language units to improve the accuracy of automatic identification and
classification of terms. These algorithms should consider polysemy and contextual
dependencies.

4. Using machine learning methods considering the specifics of the
subject area. It is necessary to adapt machine learning methods for processing
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specialized text corpora, which will improve the quality of automated processing
and speed up the process of creating terminological bases.

5. Systematization and unification of terminological standards.
In the context of the globalization of scientific and technical communication,
it is recommended to develop unified standards for processing and presenting
terminological data, which will ensure the harmonization of data formats and
structures.

6. Institutionalization of programs for training and advanced training
of specialists. For the effective implementation of innovative approaches in
terminographic activities, it is necessary to create educational programs aimed
at training specialists who will be able to work with modern lexicographic
technologies.

7. Optimization of data preprocessing processes. It is important to
improve text preprocessing methods, including cleaning data from noise elements
and their linguistic normalization. This will increase the accuracy of subsequent
stages of analysis.

8. Practical testing of developed methods and technologies. The
proposed approaches should be comprehensively tested in real professional
conditions to assess their effectiveness and identify areas for further optimization.

9. Development of mechanisms for monitoring changes in terminology.
To ensure that terminology resources are up to date, it is necessary to implement
monitoring systems that will allow databases to be promptly updated in response
to changes in terminology, especially in rapidly developing industries.

10. Interdisciplinary cooperation in terminological research. It is
necessary to strengthen cooperation between specialists in the field of linguistics,
and information technology, and professionals from different industries to
develop integrated approaches to solving problems related to the development
and updating of terminological data.

Conclusion

The results of the conducted study confirm the high significance of the
integration of manual and automated methods of processing terminological
data as the main approach for the effective solution of problems related to the
creation and systematization of technical lexicographic resources. A comparative
analysis of the functional capabilities of such specialized databases as IATE,
Termium Plus, and Sketch Engine revealed both their significant advantages and
limitations. This made it possible to clearly demonstrate their applicability in
various professional contexts, taking into account the diversity of complexity
levels of terminological work.

Despite the obvious advantages of manual methods, which consist of
ensuring high accuracy of term extraction, their use is associated with significant
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time and resource costs, which, in turn, limits the scalability of processing large
volumes of data. In contrast, automated data processing methods are characterized
by high speed and adaptability under large information loads. However, their
effectiveness is limited by the problems of interpreting polysemantic and context-
dependent terms, which emphasizes the need for expert adjustment and further
improvement of algorithms to increase the accuracy of their work.

The results of interviews with experts in the field of technical lexicography
confirmed the existing need for the development and implementation of
algorithms that would ensure the integration of contextual analysis and processing
of polysemantic lexical units. This need is becoming especially relevant in
the context of rapidly changing requirements for the quality of processing
terminological information, which poses the task of creating flexible and highly
effective solutions for researchers. In this regard, machine learning technologies
are becoming increasingly important, which, with appropriate configuration
and adaptation, can significantly improve both the quality and speed of data
processing, which opens new prospects for the automation of lexicographic
processes.

Practical testing of the proposed combined approach within the framework
of an energy project demonstrated its high efficiency, expressed in a reduction
in the terminology base development time by 40% while achieving an accuracy
level 0f 92%. These results indicate significant potential for integrating automated
and manual methods of processing terminology data, especially in the context
of professional areas that require work with highly specialized and complex
vocabulary.

The analysis of technical terminology using different methods of
lexicographic processing has revealed the advantages and disadvantages of
automated approaches. Automated systems demonstrated high speed and ability
to process large arrays of textual information, but their accuracy proved to be
limited in conditions of multivalence and interdisciplinary variation of terms. In
this regard, it seems reasonable to further develop combined approaches, including
introduction of contextual analysis algorithms that allow considering semantic
ambiguity of terms; development of specialised neural network models adapted
to professional text corpora; creation of hybrid systems combining automatic
processing with expert correction, which will minimise errors in terminological
analysis.

The conclusions are based on the triangulated methodological framework
applied in the study, which included: (1) functional-system analysis of
lexicographic resources, (2) corpus-based examination of a 10-million-token
domain-specific corpus, (3) expert validation via structured interviews, and
(4) practical testing through a sectoral case study in the energy domain. These
complementary methods ensured the validity, reliability, and generalizability of
the findings.
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Promising directions for further research may include testing new semantic
markup algorithms, assessing the impact of text preprocessing on the quality
of terminological analysis, and developing standards for automated extraction
and interpretation of specialised vocabulary. Thus, this study emphasises the
importance of an integrated approach to the processing of technical terminology,
ensuring high accuracy of analysis in the context of interdisciplinary interaction
and dynamic development of professional communications.

The cultural and national specifics of technical language use should also
be considered in terminographic work. As emphasized by Omarbayeva (2022),
linguistic and cultural aspects significantly affect the interpretation of terminology,
which becomes especially relevant when developing resources for multilingual
and multicultural environments such as Kazakhstan [12].

Thus, the scientific and practical value of the conducted research lies not only
in deepening theoretical understanding of methods of processing terminological
data but also in forming a basis for further improvement of technologies aimed
at automation and standardization of processes of creation and updating of
lexicographic resources. Among the promising areas of further work, it is necessary
to highlight the development of improved machine translation algorithms,
improvement of data preprocessing methods to minimize noise and improve
the quality of the initial information, as well as the unification of terminological
standards within the framework of global scientific and technical communication,
which will ensure more effective interaction at the international level.

The proposals presented are justified by the empirical results obtained and
grounded in a clear methodological rationale. Each recommendation follows
directly from the identified strengths and weaknesses of current approaches and
reflects tested solutions with demonstrated effectiveness in practice.
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TEXHUKAJIBIK )KAFI[APII[A JEKCUKOI'PA®USJIBIK KOPJTAP
MEH 9AICTEPII CAJBICTBIPMAJIBI TAJIJIAY
[Mutupumona T.B.!, * Apabamku K./1.%, bornanosa A.A.%, Codppuna .14
L *234 «O0inkac CarbIHOB aThIHIaFbl KaparaHabl TEXHUKAJIBIK YHUBEPCUTETI»
KEAK, Kaparannbl, Kazakcran

Anjaarna.byn 3eprreyne TEeXHUKAIBIK cajiajia KYMBIC ICTEUTIH Kasipri
JEeKCUKOrpaUsIblK pecypcTapFa TEpeH CajbICThIpMallbl Tajljay >Kacalblll,
MaMaH/IaH IbIPbUTFaH JIEKCUKAHBIH dJIEM/TIK KOC10M KOMMYHHKAITUS TPOIIECTEPIHE
MHTErpalMsUIaHyblH KaMTaMachl3 €TeTIH TEPMHHOJIOTHSUIBIK — MOJIMETTEp
KOPBIH KYPYZbIH, OacKapyAblH »oHE OHTAaWIaHABIPYAbIH JSCTYpJl >KOHE
aBTOMATTaH/BIPBUIFAH OMICTEpl apachlHJaFrbl ©3apa OallaHbICThl aHBIKTAyFa
Oaca Hazap aymapeuiaabl. IATE, Termium Plus >xone Sketch Engine cuskThi
KypaJgapJslH (YHKIMOHAIBIK OJIEYyeTiH OJIap/blH IOHAPaJblK KOHTEKCTE
KOJIJJaHy MpU3Machl KOHE TEXHUKAJIBIK TEPMUHOJIOTUSHBIH JAMHAMUKAJIBIK
©3repEeTIH TajanTapbiHa OeHIMIETy AOpeKeci apKblIbl CHIHU Oarajiayra epeKiie
Hazap ayAaapblUiajbl.

Makcarbl TEpPMUHOJOTUSUIIBIK OHJIEY/IIH KOJIAHBICTAFbl TICLIAEPIHIH
OMICTEMENIK AapTHIKIIBUIBIKTAPhl MEH IIEKTEYJIEepIH AaHBIKTAy >KOHE OJIap/bl
OHJICYIH THIMJIUIII MEH JOJITIH TEHECTIPETIH TEXHOJOTHSUIBIK IICIIIMAEPre
CUHEpPreTUKAJIBIK MHTErpalysiay KaKETTUITH Herizaey. 3epTTeyAlH FbUIbIMU
YKOHE IPAKTUKAJIBIK MaHbI3bl TEPMUHOTPAPUSIIBIK MPOLIECTEP/L KAKCAPTY JKIHE
Kypayigap/sl TUPPIbIK A9yipJeri TEXHUKAJIbIK KOMMYHHUKAIUSHBIH J1aMBbIIT KeJie
YKaTKaH CTaHIapTTapbiHa OCHIMACYIIH 9IICTEMENIIK HET13[IepiH 931pieyie KaThIp.
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3epTTeydiH OIICHAMalbIK HEri3l KapacTbIpbUIaThIH  peCcypcTapliblH
(YHKIMOHAABIK CHUIMAaTTaMaJIapblH JKYHMeNiK TajljayFa, TEPMHHOJIOTHSUIBIK
OHJICY/IIH KOJIMEH OHE aBTOMATTaHIBIPbUIFAH OMICTEPIHIH THIMAUIIIIH Kol
KpUTEpUAJAbl CaNBICTBIPYFa, COHJAAW-aK MaMaHJIaH/AbIPbUIFAH JIEKCHUKaHbI
OHJICYIH THOPUATIMOACIIb APl IEHOEPIH e 0Iap bl O1pIKTIPITKOIIaHy OOMBIHIIIA
KELIeH/I1 YCBIHBICTap/bl KaJbINTACTBIPyFa HETI3JENreH. 3eprrey ojicTeMect
coHbIMeH Katap 10 MwIIMOH TaHOanayblITaH TYPAaThIH MaMaHJaHAbIPbUIFAH
KOPITYCTBIH KOPITYCTBIK TaJIJayblH, TEPMHHOJIOTHS KOHE TEXHUKAJBIK ayJapMa
MaMaHJAapbIMEH KYpPbUIBIMIBIK cyXOarTapra HETI3[eNreH capanTamalibIK
Oaranayabl >KOHE HSHEpreTHKa CEKTOPbl KOHTEKCTIHAE >KYPri3UIreH KehcTepil
KaMTU1bl. MYHBIH 091 HOTHKeJIEP/11H CEHIMIUTIT1H, OKIJAITH )KOHE IPAKTUKAJIBIK
MaHBI3/IbUIBIFBIH KAMTAMAChI3 €Te/l. AJIbIHFaH HOTIIKEJIEep aKnaparThl ©HIEY
KBUIIAM/JIBIFbI MEH KoJieMi OOMbIHIIIa aBTOMATTAH IbIPBLIFaH TEXHOJIOTUsIap/IbIH
eneyial apThIKIIBUIBIKTaphlHA KapaMacTaH, TEPMHHOJIOTHSUIBIK OlpiiKTep/al,
ocipece KOoFaphl MaMaHAAHABIPBIIFAH KOCIMTIK cajajap/ia KOHTEKCTIK IIapTThI
MarblHAIBIK TYCIHAIPYIAIH Kypaenulirine OaiyaHbICThl oJapAbl MaijanaHy
MIHJIETTI CapanilibUIbIK apajiacy/ibl KaXKeT €TETIHIH KOpCeTe 1.

XKypriziiren 3epTTeyiaepliH FbUIBIMH  MaHbBI3bUIBIFBl  TEXHHUKAJIBIK
cajasiarbl JIEKCUKOTpausUIbIK KbI3SMETTIH TEOPHUSUIBIK HEri3[epiH KeHEeHTyMeH
Karap, TEPMHHOJIOTHSUIBIK HETi3epll CTaHAapTTay MpOLIECTEPIHE COHFbI
TEXHOJOTUSIIBIK IICHIIMIEPAl €HTI3yAIH KOJAaHOalbl TETIKTEpPIH J3IpJeye,
Oyl e3 Ke3eriHae KociOW JIEKCHKAaHbl OHJACYIIH HMHTEUIEKTYalbl >KyhesnepiHn
KaJIBIITACTBIPY YIIIH alFbIIIapTTap/bl Kacayaa.

Tipek ce3mep: nexkcuxkorpadusi, TEPMUHOJOTUS, AaBTOMATTaHIBIPY,
JKacaH/Jbl HMHTEJUIEKT, CTaHIapTTay, TEXHHUKAJIBIK CO3MIKTEp, MOTIHJI OHJEY,
MOJIIMETTEP KOPbI

CPABHUTEJIbHBIN AHAJIN3 JTJEKCUKOI' PAOMYECKHX
PECYPCOB U METOJOB B TEXHUYECKOM KOHTEKCTE
[Mutupumosa T.B.!, *Apabamxu K./1.2, bornanosa A.A.°, Codpbuna 1N.1.*
I *¥234 HAO «KaparannHCKHii TEXHUYECKUH YHUBEPCUTET HMEHH
Aobikaca CarunoBay, Kaparanna, Kazaxcran

AnHOTanusi. B paHHOM WCClieIOBaHUM TIPEICTABICH YITyOJICHHBIN
CPaBHMUTEIbHBIA aHAJIU3 COBPEMEHHBIX JIEKCUKOIpaUUECKUX PpEecypcos,
paboTaroX B TEXHUYECKOH cdepe, ¢ aKIIEHTOM Ha BBISBICHUE KOPPENIALUN
MEXAy TpaJAULHUOHHBIMU M aBTOMAaTU3UPOBAHHBIMHU METOJAaMHU CO3/aHUS,
yIpaBICHUS M1 ONTUMHU3ALUU TEPMUHOJIOTHUECKUX 0a3 JTaHHBIX, 00€CTIEUMBAIOIINX
MHTETpaLyIo CIIeNUaIN3UPOBAHHOMN JEKCUKH B ITI00aIbHbIE TPOPECCUOHATIbHBIE
KOMMYHUKaTHBHbIE Mporecchl. Oco60e BHUMaHKE yAEICHO KPUTUYECKOH OLIeHKe
(YHKLIMOHATIBHOTO MOTEHIMANIA TAKUX HHCTPYMEHTOB, Kak IATE, Termium Plus
un Sketch Engine, uepe3 mpusmMy HUX HNPUMEHHMOCTH B MEXIUCUUIUIMHAPHOM
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KOHTEKCTE U CTETICHU aIalTHBHOCTH K TWHAMHYHO MEHSIOMIUMCS TPeOOBaHUSIM
TEXHUYECKOW TEPMUHOIIOTHH.

Lenb — BBIIBUTH METOJUYECKHUE IPEUMYIIECTBA M OTPAHUYCHUS
CYIIECTBYIOIIUX TOIXOM0B K TEPMHHOJOTHYECKON 00paboTKe M 0OOCHOBATH
HEOOXOUMOCTh HMX CHHEPreTHMYeCKOM MHTerpalud B TEXHOJIOTUYECKUE
pemienus, obecneunBarone 6ananc 3(p(HEeKTUBHOCTH U TOYHOCTH O0OPabOOTKH.
HaydHo-mipakTudeckasi 3HAaYMMOCTh MCCIICIOBAHUS 3aKIIFOYAETCs B pa3padOTKe
METOJMYECKUX OCHOB COBEPILIEHCTBOBAHUSA TEPMHUHOrpaPUUECKHX IMPOIIECCOB
U aJanTalud WHCTPYMEHTOB K MEHSIOIIMMCS CTaHJapTaM TEeXHUYECKOM
KOMMYHHUKAITUH B TU(PPOBYIO IIIOXY.

MeTonoNnoruueckyto  OCHOBY — HCCJEIOBaHHS  COCTaBJISIOT  CHCTEM-
HBI  aHamu3  (YHKUUMOHAIBHBIX  XapaKTEPUCTHUK  PacCMaTPHUBAEMBIX
pecypcoB, MHOTOKpUTEpUAJIbHOE CpaBHEHUE A(PPEKTUBHOCTH  PYUHBIX
W aBTOMaTH3UPOBAHHBIX  METOJOB  TEPMHUHOJIOTHYECKOH  0OpaboTKH,
a Takke  (QOpPMHUPOBAHME  KOMIUIEKCHBIX  pPEKOMEHJAlMid 1O X
COBMECTHOMY MHCIIOJIb30BAHUIO B paMKax THOpPHIHBIX Mozeneil oOpaboTku
CHEIMAIN3UPOBAHHON JIEKCUKH. METOI0IOTHS UCCIIEIOBAHNS TAaK)Ke BKIIIOUAET
KOPIYCHBI aHaNu3 CIHEeUMaIM3UPOBAHHOIO KopImyca, cocTosimero u3 10
MWIJTHOHOB TOKEHOB, SKCIEPTHYIO OIICHKY Ha OCHOBE CTPYKTYPHPOBAaHHBIX
HMHTEPBBIO CO CHEIHAIUCTAMU B OOJACTH TEPMUHOJOTUU U TEXHUYECKOTO
NepeBoja, a TaKkke TEMaTH4ecKOoe HCCIEe0BaHUE, MPOBEAEHHOE B KOHTEKCTE
HHEPreTUYECKOro cekropa. Bc€ 93T0 B COBOKYNHOCTH  0O0€CIIEYHBACT
JIOCTOBEPHOCTh,  PENPE3eHTATUBHOCTb W MPAKTHYECKYI0  3HAYMMOCTH
pesynbraroB. [lomyueHHbIE pe3yabTaThl AEMOHCTPHPYIOT, YTO, HECMOTpS Ha
CYIIECTBEHHBIC MPEHMYIIIECTBA AaBTOMATU3UPOBAHHBIX TEXHOJIOTHUH 110 CKOPOCTH
1 00beMy 00paboTKK MH(OPMAIIUH, UX UCIIOJIB30BaHUE TPEOyeT 00sA3aTeILHOTO
HKCTIIEPTHOTO BMEIATEIHCTBA BBUAY CIOXKHOCTH KOHTEKCTHO-00YCIIOBICHHOM
CEMAaHTHUYECKOW HWHTEPIpETAllMd TEPMHHOJIOTUYECKHX EIUHHII, OCOOCHHO B
y3KOCTeIIMATN3UPOBAHHBIX MPO(EeCCHOHATBHBIX 00IACTSIX.

Haydnasi 3HaYMMOCTbH MPOBEIEHHOTO HCCIEAOBAHMS 3aKIIOYaeTCsl HE
TOJIBKO B PACITUPEHUH TEOPETUIECKOM 0a3bl TIEKCUKOTPahUICCKOM IS TETHbHOCTH
B TEXHUUYECKOU cdepe, HO U B pa3paboTKe MPUKIIATHBIX MEXaHU3MOB UHTErPalluu
HOBEWIIMX TEXHOJIOTMYECKUX PEIICHWH B MPOLECChl  CTaHIAPTU3ALUH
TEPMUHOJIOTUYECKUX 0a3, 4TO, B CBOIO OUYEpPEedb, CO3MACT MPEANOCHUIKA IS
(hopMUpOBaHUS HHTEIEKTYyallbHBIX CHUCTEM 0O0paboTKu mpodeccruoHanbHON
JEKCUKH.

KuloueBble ciaoBa: mexcukorpadusi, TEPMHUHOJIOTHS, aBTOMAaTH3AIUs,
WCKYCCTBEHHBIN MHTEIUIEKT, CTaHAapTU3allMs, TEXHUYECKHE CIIOBapu, 00padboTka
TEKCTOB, 0a3bl JaHHBIX
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