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Abstract. This study investigated the method of multi-purpose term search in a terminological knowledge base, which
is based on semantic analysis and the use of modern natural language processing methods. The study considered the
key factors affecting the search efficiency, including the structure of data organisation, data format and parameters, and
sample size. Particular focus was placed on the semantic similarity between terms, which allows increasing the search
accuracy by using vector representations and the Louvain algorithm. The study also described the use of cosine similarity
to quantify the similarity between terms. Furthermore, the search process was optimised by filtering relevant databases
and dynamically identifying relevant terms using the modularity metric. A comparative analysis of existing methods
for searching for terms by the identified factors was conducted. The study noted the advantages and disadvantages of
using the Louvain algorithm in comparison with the search algorithms in graph data structures. A series of experiments
were conducted on data samples, including dictionary, graph, and network data structures. The study analysed the use
of logistic constraints for searching in network data structures and noted the possibility of optimisation due to uniform
and dynamic data distribution. Experimental results showed the effectiveness of using a combination of the Louvain
algorithm and network data structures in terminological knowledge bases. Examples of the scope of application of this
method in information technologies for searching and processing text data were given. A software architecture scheme
with the use of a software interface and the possibility of integration for web applications in the form of a package or
library was developed. The proposed approach demonstrates effectiveness in the context of intelligent decision support
systems and automated chatbots, which makes it particularly useful for industries where access to accurate professional
terms is critical. A basic version of the software interface for using this method in information technologies for searching
and analysing data for use in search engines was developed

Keywords: terminological knowledge base; semantic similarity; Louvain algorithm; vector representations; natural
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Introduction

In the modern world, the amount of information is con-
stantly growing and the need for efficient data search and
analysis is becoming increasingly more relevant. This is
particularly true for terminology knowledge bases (TKBs),
which are key tools for storing and processing specialised
terms in various subject areas. Considering this, finding
the right terms to process user queries, especially when
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working with large amounts of data, requires the intro-
duction of new, more efficient methods. One of these ap-
proaches is the method of multi-purpose term search,
which allows searching by several criteria simultaneously,
considering the complex structure of the TKBs and seman-
tic relationships between terms. The principal task of this
method is to identify the terms that best match the user’s
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query. For this, several key factors must be considered:
the structure of the data in the TKB, the format and pa-
rameters of this data, its volume, as well as the number
and size of the sample. Moreover, the semantic similarity
between terms plays a significant role, as it is based on
the analysis of the relationships between terms and their
degree of relevance to the subject area. The relevance of
the subject under study is conditioned by the rapid devel-
opment of data processing technologies and the growing
popularity of artificial intelligence (AI) in various fields of
activity. The format of textual data stays unchanged, but
its variability and the number of subject areas are con-
stantly growing exponentially, which creates a demand for
efficient data storage, processing, and use. In this context,
terminological knowledge bases play a significant role, as
they allow structuring and systematising specialised terms
in various subject areas.

In scientific sources, term knowledge bases are consid-
ered the basis for storing and managing specialised terms
in various fields of knowledge. TKBs perform an essential
function in information systems, especially in the context
of automated processing of user queries. Existing methods
of searching in terminological knowledge bases include
a series of approaches, such as keyword search, semantic
classification, and machine learning approaches. For in-
stance, keyword-based methods often face relevance issues
because they ignore semantic relationships between terms
(Abdykerimova et al., 2024). In contrast, semantic classi-
fication allows considering the meaning of terms, which
reduces the risk of misinterpreting queries.

Current research in this area focused on the develop-
ment of methods that account for semantic similarity, data
structure, and a multi-criteria approach to improve the
accuracy and relevance of results (Bourgaux et al., 2024).
The early development of search methods in TKBs was
based on keyword search and keyword-based approaches
used in many classical systems. According to D. Simian &
M.-E. Serban (2024), this approach workes well for data-
bases with clear categories and meanings, but often does
not consider complex relationships between terms, which
limits its use in large and multi-component TKBs. Some
researchers point out the problems of keyword searching
due to the need to account for ambiguities in the meaning
of words and polysemy (Wu et al., 2023). To overcome these
limitations, it became necessary to develop methods based
on semantic analysis.

Semantic data processing methods have been consid-
erably developed through vector representations of terms,
which have become possible with the development of ma-
chine learning. S. Rathje et al. (2024) noted that modern
methods based on semantic similarity enable a more accu-
rate assessment of the relationships between terms using
metrics such as cosine similarity, which is often used to
compare values in multidimensional spaces. This approach
considers not only the surface meaning of terms, but also
their location in the semantic space, which allows auto-
mating the search process and increasing its accuracy.

However, according to S. Roy et al. (2024) and M. Bien-
venu et al. (2024), most conventional methods cannot si-
multaneously process a considerable number of links in the
TKBs, which limits their effectiveness. C. Kaya et al. (2024)
and E. Mohabir & Y. Yoshi (2024) noted that the increasing
complexity and volume of knowledge bases requires inno-
vative approaches to their processing, with the researchers
focusing on the search for a conceptually new method of
multi-objective search.

The purpose of the present study was to develop a
multi-purpose search method in terminological knowledge
bases, considering the dynamic data structure, data format,
and sample size, for further use in information technolo-
gies for text data processing. The key features of this study
included the use of algorithmisation of intermediate search
results processing and the use of machine learning algo-
rithms to identify semantic chains. The key objectives of
this study were to identify search characteristics, describe
them, and determine the functional features of search us-
ing artificial intelligence and iterative search technologies
in dynamic data structures.

Materials and Methods

The research methodology involved the development of
a software solution for searching for analogous terms in
terminological knowledge bases (TKB). The key element
of this solution was the introduction of a similarity coeffi-
cient between terms, which allows assessing their seman-
tic proximity. The formula for calculating the coefficient
considers the number of terms in the semantic chain and
the weights of the links between them, factors in the func-
tion of determining the semantic value, and the similarity
coefficient is defined as the ratio of the number of possi-
ble links and the value of the semantic significance to the
number of terms connecting a pair of terms:

N-11y,.
minlength(T,, T,) = min (%) (1)

where minlength(T,, T,) is the function that determines the
semantic value of terms T, to T,, T, and T, are the terms
belonging to the same TKBs, between which it is necessary
to establish the similarity, W, € {0,1] is the weight of the
semantic relationship between neighbouring terms that
are part of a chain between terms T, T,, N is the number of
terms in the chain between the terms T, T,.

__ Nyxminlength(T,,T,)

Sy, = RemEOR ), )
where N is the number of possible semantic chains be-
tween terms T, and T, N, is the number of terms in the
chain between the terms T, T,.

To determine the set of terms that best reflect the
context of the user’s input query, the study analysed
vector representations of the terms, which allows com-
paring them based on semantic relatedness. The vector
representation of the data was evaluated using a matrix
that reflects the relationships between the terms. This
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approach helped to find the most relevant terms and as-
sess their significance in the overall context. To improve
the search efficiency, the coefficient of terms belonging to
the TKB, namely to the group of root terms that form the
kernel of the TKB, was used, which factors in the number
and weight of links between terms, as well as their dis-
tance to the root term in the chain.

v max(f,f\’:_l1 Sr 'Ti)
F(Tkernen, T1) = ]1%

,i # main, 3)
where F(T,,T,)is the function that determines the seman-
tic value of a term T, to a group of terms T, ,; T, are terms
that have the greatest similarity in the TKB and form the
TKB kernel; N is the number of terms in the chain between
the terms T;, T;; ] is the minimum number of terms that
form the root of the TKB. This parameter can be changed
according to the requirements of the method. This ensures
that the search is limited to relevant knowledge bases, re-
ducing data processing time and increasing the accuracy
of the results by improving the filtering of similar terms.

To optimise the multi-target search, the study em-
ployed the Louvain algorithm, which ensures the dynamic
formation of term clusters. It factors in the modularity of
the graph, which allows filtering relevant terms, reducing
the amount of data processed, and improving the accura-
cy of the answer. The algorithm works in two stages: local
modularity optimisation and agglomeration. Modularity
measures the density of connections within graph commu-
nities compared to a random distribution.

The effectiveness of the proposed approach was tested
on three datasets. K-Means clustering, hierarchical clus-
tering, and DBSCAN (Density-Based Spatial Clustering of
Applications with Noise) algorithms were employed for
comparison (Sutramiani et al., 2024). In the case of TKBs,
the K-Means algorithm was used to cluster terms based
on their semantic similarity, where the distance between
terms is determined by a similarity metric such as cosine
similarity. Additionally, the similarity of vector representa-
tions of terms was evaluated using the formula of the av-
erage adjacency matrix of the vectors of the input query
terms and the TKB terms.

To test the effectiveness of this method based on the
combined clustering algorithm, a software implementa-
tion was developed considering the technical features of
the test data, namely their distribution and preparation for
use. The source of the sample data was data from the Kag-
gle platform (Gabriel, 2020). Each data sample was present-
ed in the form of a TKB implemented on the neo4j graph
database and containing over 10,000 terms each.

Results and Discussion

One of the key aspects of developing a software solution for
finding similar terms is to introduce a similarity coefficient
between two terms. This coefficient allows mathematically
estimating how close two terms are in their meaning within
the same TKB. The formula for calculating this coefficient
factors in the number of terms in the semantic chain and

the weights of the links between them. However, term simi-
larity is only one stage of the process. The ultimate purpose
is to identify the set of terms that best reflect the context of
the user’s input query. This is especially significant when
working with natural language when a user’s message may
contain more than one term. In this case, it is necessary to
analyse vector representations of term sets, which allows
comparing terms based on their semantic proximity. The
vector representation of data in this context can be evalu-
ated using a matrix that reflects the relationships between
terms. An example of such an analysis can be given to find
similarities between vector representations of terms from
a TKB. This approach allows not only finding the most rel-
evant terms but also assessing their semantic significance
in the overall context.

To improve the search efficiency, it is proposed to use
the coefficient of terms belonging to the TKB. This coef-
ficient factors in the number and weight of links between
terms, as well as the distance to the root term in the chain.
It allows limiting the search to only relevant knowledge
bases, which substantially reduces processing time and in-
creases the accuracy of the results. Additionally, the study
considered possible options for the data structure for the
search, since terms that are linked by semantic relation-
ships involve the use of network data structures. The study
also highlighted graphs and adjacency matrices, which act
as a mathematical representation of the similarity of terms
among themselves. The graph data structure is widely used
in graph databases, which is one of the best solutions in
the field of TKB data processing (Yuehgoh et al., 2024). For
effective search in graphs, breadth-first and depth-first al-
gorithms, clustering algorithms, and ranking algorithms
for web-based information systems are used.

A multi-purpose search method that factors in the
context of a term and its semantic group should not de-
pend on the subject matter of the information technology
in which it is expedient to use it, and therefore ranking al-
gorithms are not relevant. Depth search and breadth search
are more acceptable search algorithms, but have a series
of disadvantages, such as high dependence on the search
volume and organisation of data in the TKB.

Among the known algorithms, the most promising for
data retrieval in TKBs is the Louvain algorithm (Sattar &
Arifuzzaman, 2018). It is designed to find groups of nodes
(clusters or communities) that have more internal connec-
tions with each other than with the rest of the graph. The
main positive feature of this algorithm is its high efficiency
in working with large networks of TKB data due to its scala-
bility and speed of data search. The purpose of the algorithm
is to maximise a metric called modularity. Modularity meas-
ures the quality of graph partitioning into communities by
comparing the density of links within communities with a
random distribution coefficient of such links, and its imple-
mentation is divided into two stages: local modularity opti-
misation and agglomeration. In this algorithm, modularity
is a measure that determines how well a graph is divided
into communities. A high modularity means that there are
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considerably more connections within each community
than between communities. The modularity formula con-
siders not only the number of links, but also their expected
number in a random graph with the same vertex degrees,
which allows comparing the quality of clustering with a
random distribution of links. Despite a series of advan-
tages, the disadvantages include sensitivity to the initial
state, namely the initial organisation of data in the TKB,
and searching in local graph maxima, which may overlook
small groups of terms among large groups of terms.

The core value of Louvain’s algorithm lies in providing
optimisation for multi-purpose term search by dynamically
forming clusters of terms in the TKB. Consideration of se-
mantic similarity and modularity allows filtering relevant
terms for search, reducing the amount of data processed
and improving the accuracy of the answer. This increases
the efficiency of the multi-target search algorithm, ensur-
ing accurate and fast detection of terms that match the us-
er’s query in large amounts of information.

The multi-target search method uses the Louvain al-
gorithm with the use of not only the modularity metric, but
also the metric of similarity of terms among themselves
and the metric of similarity with the TKB. Thus, the mul-
ti-purpose term search method provides a comprehensive
approach to query processing in terminological knowledge
bases. It combines the analysis of semantic relationships
between terms, evaluation of vector representations, and
selection of relevant TKBs, as well as the modularity of term

groups, which allows working efficiently with large amounts
of data and ensuring high accuracy of results when search-
ing in several TKBs. To perform a search for similar terms, it
is necessary to enter the similarity coefficient between two
terms, which is determined by formulas (1) and (2).

The factual finding of the similarity of terms is only
part of the overall solution, as it involves only the prepa-
ration of the TKB data. The factual search is performed by
identifying a fixed set of terms that best reflect the context
of the user’s input, namely the terms with the highest sim-
ilarity coefficient. It should also be understood that most of
the TKB data contains terms that include not only words,
but also sentences containing more than one term, and
therefore it is necessary to determine the similarity of vec-
tor representations of the term sets, which is represented
in the form of a matrix. The similarity of vector representa-
tions is defined as the arithmetic mean of the adjacency
matrix of the vector of terms of the input message and the
vectors of terms of the data from the TKB, which is pre-
sented in the following formula:

S=—— %N, T, Ay )

For instance, let us determine the similarity of vector
representations for the vector of terms of the incoming
message (T, T,, T,) and the vector representation of terms
from the TKB (T,, T,, T, T,,, T,). The calculation results are
presented in Table 1.

Table 1. Example of searching for similar terms

TA TB TC TD TE
T, 0.912 0.823 0.754 0.843 0.761
T, 0.856 0.904 0.783 0.735 0.819
T, 0.759 0.831 0.905 0.861 0.913

Source: developed by the authors

S = % %(0.912+0.823+0.754+0.843+0.761+0.856+0.90 +
0.783+0.735+0.819+0.759+0.831 +0.905+0.861 +0.913)

S= % ¥12.458=0.831.

Considering the Louvain algorithm in terms of its
application within a search within a single TKB, the first
stage is local modularity optimisation. At this stage, the
algorithm analyses each node and tries to move it to a
neighbouring community if this leads to an improvement
in modularity. The process consists of the following steps:

1. For each node, the algorithm calculates the change
in modularity that will occur when this node is moved
from its current community to one of the neighbouring
communities.

2. If moving a node to a neighbouring community pro-
duces an increase in modularity, the node is moved to that
community.

3. This process is repeated for all nodes in the graph
until the condition of local modularity maximisation is
met, i.e., when no more moves can improve modularity.

Notably, at each step, modularity is calculated using
the formula 5 (Sattar & Arifuzzaman, 2018):

Q= ﬁzu [Aii - %] 8(ci, ¢, ©)

where Q is the modularity, m is the number of edges in the
graph, k;, k; are the degrees of nodes i and j, 4; is the ele-
ment of the graph adjacency matrix, J(c;,¢) is a function
equal to 1 if nodes i,j belong to the same group and 0 if they
belong to different groups. The purpose of the algorithm is
to maximise the value of Q, which means that the graph is
divided into communities in such a way that there are more
links within each community than between different com-
munities. This enables better cohesion of terms within a
community and makes it easier to find relevant terms. Lou-
vain’s algorithm is an effective tool for working with large
TKBs, as it can handle large networks of terms with numer-
ous relationships. The main advantage of the algorithm is
its scalability and speed. After forming clusters based on
the modularity metric, the algorithm provides an oppor-
tunity to optimise the search by using semantic similarity
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within each community. This allows the search to focus on
relevant terms within each cluster, considerably reducing
the amount of data to process. Louvain’s algorithm has its
drawbacks: it can be sensitive to the initial state and easi-
ly gets caught in local modularity maxima, which can lead
to the formation of too large or small clusters, especially
when working with large graphs. However, the use of ad-
ditional metrics, such as cosine similarity, can reduce the
effects of these limitations and improve the accuracy of re-
sults in multicomponent TKBs.

By using the Louvain algorithm and applying metrics
to determine the similarity of terms among themselves, it
is possible to achieve faster search results by reducing the
number of search iterations within the graph data structure.
After the software implementation, it is worth testing with
the analogue methods used to search for terms in the TKB.

The main advantage of the K-Means algorithm is its
speed and ability to process large amounts of data in a rel-
atively small number of iterations. However, the algorithm
has a series of limitations in the context of TKBs:

1. Sensitivity to the initial choice of K: The algorithm
requires a predefined number of clusters (K), which can be
difficult to predict in the context of dynamic TKB data.

2. Ignoring connectivity: K-Means does not consider
the existence of relationships between terms and works
solely based on distance to the centroid. This leads to the
loss of information about the internal relationships be-
tween terms that are important in TKBs, which contradicts
the purpose of the study, namely, multi-target search.

3. The presence of local minima: there is a possibility
of a closed loop in the local minima, which will lead to the
absence of an optimised solution, especially when there are
many terms and complex semantic relationships.

Considering these limitations, the K-Means algorithm
in TKB should be supplemented with the Louvain algo-
rithm, which better accounts for the connectivity of terms
and can determine the number of clusters dynamically. For
clustering terms in a TKB, the Louvain algorithm has major
advantages over K-Means because it uses a graph structure
to distribute terms based on internal connectivity. The
purpose of the Louvain algorithm is to maximise modu-
larity, which considers the density of internal connections
between terms. This provides a more natural distribution
of data, especially in large graph structures where terms
have a complex network of connections. At the same time,
in tasks where clustering is based on semantic distance

without complex relationships, K-Means can show high per-
formance and be useful for the initial distribution of terms.

Hierarchical clustering and DBSCAN are also worth
considering. Hierarchical clustering is based on the crea-
tion of a cluster tree structure. This approach allows ana-
lysing terms at multiple levels and identifying subclasses
within large clusters, which can be useful for complex mul-
tilevel TKBs. DBSCAN creates clusters based on the density
of points in space, which makes it useful for finding closely
related groups of terms and isolating “noise” or terms that
do not belong to any cluster. However, among the disad-
vantages of hierarchical clustering is its high computa-
tional complexity, which requires extensive computing
resources, especially for large data sets, which are usually
TKBs. This can create problems for scalability, as time and
computational costs increase substantially with the num-
ber of terms. Another disadvantage is the lack of the ability
to re-form clusters, namely, to change the structure after
it has been built, which does not allow changing clusters
when new data becomes available. This limits its use in dy-
namic TKBs where the database is constantly updated with
new terms. Additionally, there is a disadvantage associated
with low noise immunity, which can lead to the emergence
of unwanted clusters, which is levelled by adding term fil-
tering. Among the disadvantages of DBSCAN are the dif-
ficulty of working with multidimensional data, namely in
graph data structures, where the dimensionality is deter-
mined by the number of edges, and the disregard for weak
relationships between terms within even one TKB.

Considering the advantages and disadvantages of each
method, a combined approach to clustering terms in TKBs
was chosen, where K-Means is used for pre-clustering large
amounts of data, while the Louvain algorithm is applied
at the second stage to optimise internal links within each
cluster. This strikes a balance between processing speed and
clustering accuracy, ensuring that terms within each cluster
are relevant. Firstly, K-Means is used to create initial clus-
ters based on the semantic distance between terms, which
reduces the amount of computation. Then, within each of
these clusters, the Louvain algorithm is applied to refine
the groups based on the relationships between the terms
and improve the quality of the clustering. A diagram of the
combined algorithm is presented in Figure 1. This approach
not only improves the clustering accuracy but also enables
efficient data processing in large TKBs, where the number
of terms and their relationships can vary considerably.

K-Means clustering —>

Louvain algorithm

Filtering of terms from each
of the TKBs

Figure 1. Combined clustering algorithm

Source: developed by the authors

A detailed description of the experimental results
is presented in Table 2, where the developed method is
called MultiSearch. The point of this experiment is to

determine the optimised data distribution and the ef-
fectiveness of using iterations to find the correspond-
ing clusters. Moreover, the cluster formation is based
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on the fulfilment of the term relatedness condition and
the determination of modularity by the Louvain algo-
rithm. The hardware specifications for all methods are
the same, and the software implementation was creat-
ed using the Python 3.10 programming language and the

TensorFlow package. The samples consist of prepared da-
tasets formed in the form of graph databases. To reduce
the impact of hardware and technical errors, a series of
experiments was conducted 100 times. The data in the
table are averages of all experiments.

Table 2. Experimental results

Sample 1, s Sample 2, s Sample 3, s Clusters Iterations
DBSCAN 1.504 1.624 1.977 78 194/362/499
Hierarchical clustering 1.417 1.829 1.863 77 271/357/432
K-Means 1.105 1.272 1.715 84 175/282/335
MultiSearch 0.961 1.138 1.469 89 174/197/234

Source: developed by the authors

The experiments confirmed the effectiveness of the
developed method when working with different datasets
represented in graph databases. The findings demonstrat-
ed that the proposed multi-objective search method out-
performs other clustering-based search methods, provid-
ing an average of 11.78-16.75% more efficient search while
maintaining high quality cluster formation. The developed
method proved its effectiveness in multiple tests, demon-
strating stable results due to optimisation based on modu-
larity and term affinity. The proposed combined clustering
approach using K-Means and Louvain algorithms provided
an effective balance between processing speed and cluster-
ing accuracy, especially for large graph databases.

One of the key stages in the formation of TKBs is
the use of graph data structures and clustering. C. Li et
al. (2022) described the use of intelligent search engines
based on knowledge of graph structures, where each term
is represented as a node in a graph, while the links between
them are represented as edges. This allows building net-
works of links between terms, specifically for large data-
bases where the number of links considerably exceeds the
number of terms. The findings of the present study proved
the effectiveness of using graph data structures for mul-
ti-criteria search, which was a convincing argument for us-
ing graph data structures in TKBs.

The use of graph structures greatly improves perfor-
mance in multi-component systems, which is confirmed by
the findings of S. George et al. (2019), where the graph struc-
ture showed high efficiency in processing large amounts
of data due to its scalability. During the review of modern
solutions in the field of term clustering, attention was fo-
cused on finding an efficient algorithm with scaling stabil-
ity. Thus, S. Sattar & S. Arifuzzaman (2018) characterised
the Louvain algorithm, designed to identify communities
in large graphs, as one of the most effective clustering tools
for term knowledge bases. This algorithm allows dividing
a graph into a set of subgraphs, each of which is charac-
terised by a high density of internal connections (modu-
larity). Thus, Louvain’s method provides efficient clus-
tering that increases the relevance of searching in TKBs,
since each cluster can be considered as a group of terms
with strong semantic relationships. The disadvantages of

the algorithm are its dependence on the initial state of the
data in the graph and the difficulty in recognising smaller
groups among large communities, which was emphasised
by Y. Zhang et al. (2024). Considering the shortcomings of
its application, in this study, their influence was not criti-
cal, since effective filtering of terms by the affinity criteri-
on levelled the main drawback, namely, sensitivity to small
groups in term clustering.

The multi-purpose search approach, which com-
bines clustering and semantic similarity methods, is a
modern trend that is gaining popularity due to its ability
to simultaneously process several criteria. According to
Y. Zhao & T. Wang (2021), this approach allows not only
to account for the structured nature of the data, but also
semantic relevance, which increases the search accuracy
in dynamic knowledge bases. The main advantage is the
ability to process queries considering many factors, such
as data format, structure, and sample size, which makes it
effective for various fields, including medicine and techni-
cal support. The use of artificial intelligence, specifically
deep learning, greatly improves the accuracy of searching
in TKBs, enabling the analysis and classification of large
amounts of data automatically. H. Bagal & M. Sidiq (2024)
noted that modern AI models can not only find relevant
terms, but also learn based on previous queries, improv-
ing performance with each use. This is particularly relevant
for chatbot applications, where systems can automatically
update the knowledge base with new data and improve the
accuracy of responses to users. Incorporating artificial in-
telligence into the term search process in a TKB provides
systems with the ability to be adaptive, which is crucial in
dynamic environments.

AT has made it possible to considerably improve the
accuracy and speed of finding relevant data, which was
best described by N.F. Lindemann (2024). The use of ma-
chine learning and deep learning techniques allows build-
ing complex models of semantic similarity between terms,
which improves the quality of search results. Al algorithms
can analyse large amounts of data, identify hidden rela-
tionships between terms and determine their relevance
to a concrete user query. At the same time, multi-target-
ed search is becoming increasingly important, allowing
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several factors to be factored in simultaneously when
searching for information, such as semantic relationships
between terms, the context of a user’s query, and whether
the terms belong to a particular subject area. This is crucial
to ensure accurate and fast access to data in the face of the
diversity of information stored in TKBs.

Intelligent systems capable of recognising, classifying,
and interpreting data are becoming a prominent part of the
modern information infrastructure. A. Yarovyi & D. Kudri-
avtsev (2021) focused on the use of neural networks and
machine learning technologies for text processing tasks,
namely classification and context detection. Additionally,
the researchers proposed to combine the use of optimised
semantic text analysis and recurrent neural network meth-
ods as one of the examples of effective data analysis and
context detection. The relevance of such a method was con-
firmed in the context of developing chatbots specialising in
the search for relevant information, as described by A. Mo-
rayo et al. (2024). Another striking example of intelligent
systems is decision support systems, which also require fast
and accurate term search in a large amount of information
(Gupta & Singh, 2024). The method of multi-purpose term
search in TKBs can be widely used in the development of
intelligent information systems, as discussed by D. Beer-
am (2024), which help users quickly find the information
they need and make informed decisions in various fields of
activity. The multi-objective search method proposed in
this study allows combining the strengths of various meth-
ods, ensuring high relevance and accuracy of the results.

Conclusions

The present study developed a method for multi-purpose
term retrieval in terminological knowledge bases, which
combines the analysis of semantic relations between terms
and vector representations of terms. The proposed meth-
od allows accounting for various factors during the search,
including the structure of the TKB, semantic similarity of
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AHoTauig. V cTaTTi HOCTIIKYBaBCST MeTOf, 6araToliibOBOrO IMOIIYKY TEPMiB y TepMiHOMOTiUHIi 6a3i 3HaHb, KM
6a3yeThbCsSl HA CEMAaHTMYHOMY aHali3i Ta BUKOPUCTAHHI Cy4acHMX MeETO[iB 0O6pOOKM MPUPOZHOI MOBU. PO3IMSIHYTO
KII0OUOBi (akTopy, 1[0 BIUIMBAIOTh HAa e(eKTMBHICTH MOIIYKY, 30KpeMa CTPYKTypy opraHiszamii maHmx, dopmart i
rapaMeTpu JaHUX, a TAKOX obcsar Bubipku. OcobnuBa yBara O6ysa npuiiieHa ceMaHTMUYHI MOAi6GHOCTI MK TepMamu,
10 /03BOJISIE MiJABUUIUTY TOYHICTh MOIIYKY 3a PaXyHOK BEKTOPHMX IpeJCTaB/ieHb Ta aaroputmy JlyBeHa. Y cTaTTi
TaKOX OIMMCAHO 3aCTOCYBAaHHSI KOCMHYCHOI MOMi6HOCTI AJIs1 KiJIbKicHOI oIiHKM moai6HocTi mMik Tepmamu. Kpim Toro,
OTITMMi30BaHO MPOILIeC MOIIYKY HUIIXOM (dinbTpallii pesieBaHTHUX 6a3 JAaHUX i IMHAMIYHOTO BU3HAUEHHS pelleBaHTHUX
TepMiB 3a JONIOMOIOI0 METPUKM MOAYIbHOCTI. BUKOHaHO MOpPIiBHSUIbHMII aHasi3 HasgsBHUX METO[iB MOLIYKY TePMiB
3a BM3HAUeHMMM ¢dakTopamu. Bim3HaueHO mepeBaru Ta HeLOMiIKM BUKOPUCTAHHS ajroputmy JIyBeHa Y MOPiBHSIHHI
3 aJrOpUTMaMM TOIIYKY B rpadoBUX CTPYKTypax NaHUX. BMKOHAHO psif eKCIlepMMEHTIB Ha BMOIpKax IaHMUX,
BKJ/IIOYAIOUM CJIOBHMKOBY CTPYKTYPY JaHUX, padoBy Ta MepeskeBY CTPYKTYpY HaHux. [IpoaHasi30BaHO BUKOPUCTAHHS
JIOTICTUYHUX OOMeKeHb /ISl TIOIIYKY B MepeskeBMX CTPYKTypax HaHMX Ta Bif3HAueHO MOXIMBICTH omTuMizarii 3a
paxyHOK DiBHOMIpHOTO Ta OMHAMIYHOTO PO3MOLINYy HaHUX. Pe3ynbTaTu eKCIepuMMeHTIB IMokaszaiu e(eKTUBHICTh
3aCTOCYBaHHS KOMOiHalii anroputmy JIyBeHa Ta MepeskeBUX CTPYKTYP JaHUX B TePMiHOIOTiUHMX 6a3ax 3HaHb. [TonaHo
npukaagu chepy 3acTOCYBaHHSI TaHOTO MeTOAY B iHGOPMALifHMX TEXHOJOTISIX TOLIYKYy Ta OOPOOKM TEKCTOBUX
naHux. Po3pobiaeHo cxemMy apxiTeKTypy IIPOrpaMHOTo 3a6e3IeueHHs i3 BUKOPUCTAHHSIM MIPOTpaMHOro intepdeiicy Ta
MOX/IMBOCTI iHTerpaiiii ajis Be6-3aCTOCYHKIB y BUIISIAI TakeTy uu 6i6mioTekn. [IpornoHoBaHuMi mifgXiJ IpogeMOHCTPYBaB
e(eKTMBHICTh Yy KOHTEKCTi iHTEeIeKTyaIbHUX CUCTEM MiJTPMUMKM pillleHb i aBTOMaTU30BaHMUX YaT-O60TiB, 110 POOUTD
710T0 0CO6MMBO KOPUCHUM AJISI Tany3eil, Ae KPUTUIHO BasKJIMBUI JOCTYN JO TOUHUX (paxoBux TepmiB. Po3pobieHo
6a30By Bepciio mporpaMHOro inTepdericy ajisi BUKOPUCTAHHS JAHOTO MeTOAY B iHbOPMAaIiiiHMX TeXHOIOTiSIX MOUIYKY
Ta aHaji3y JaHMUX [JI1 BUKOPUCTAHHS B IIOIIYKOBMUX CUCTEMAX

KniouoBi cnoBa: repminosoriuna 6asa 3HaHb; CeMaHTUYHA MOAI6HICTh; anropuTm JIyBeHa; BEKTOPHI IIpeaCTaB/IeHHs;
06po6Ka MPUPOTHOT MOBMU
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