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Abstract—An overview of approaches to automatic extraction of taxonomic relationships (is_a relation-
ships) from texts, including classical methods based on lexico-semantic patterns and vector representa-
tions of words and their modern development, is provided. It also describes new approaches that are
based on language models like BERT and use new options for working with lexico-semantic patterns, in
which the model must fill the desired position in the pattern. Various ways to test the quality of
extraction of taxonomic relationships and the results of these tests are presented. According to the results
currently achieved, it can be concluded that, despite the progress in the development of methods for
extracting taxonomic relationships, the quality of extraction is insufficient for fully automatic construc-
tion or enrichment of taxonomies.
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INTRODUCTION

Texts in natural language contain large amounts of
knowledge about the world, about various subject areas,
and about the use of various words and expressions in
the language, which enables automatic or automated
construction of ontologies from texts [1, 16].

Taxonomic relationships are the most well-known
type of relationships that are in demand in the descrip-
tion of many subject areas. These relationships can
have different names in different fields of knowledge,
such as class–subclass relationships (ontology devel-
opment), subsumption relationships (information
retrieval thesauri), hyponym–hypernym relationships
(lexical semantics, WordNet thesaurus [26]), and is_a
relationships (artificial intelligence).

Taxonomic relationships form the structural core
of the description of a subject area. Therefore, an
important task is to automate the construction of tax-
onomies, as well as make it possible to assign this rela-
tionship automatically to new entities that appear in
the texts of the subject area and to perform the so-
called enrichment of taxonomies (ontologies) based
on the texts of the subject area.

This review will consider approaches to the
extraction of taxonomic relationships from texts,
existing datasets, and the approaches to assessing the
quality of relationship extraction, as well as the results
achieved thus far.
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1. METHODS USED TO EXTRACT 
TAXONOMIC RELATIONSHIPS FROM TEXTS

The automatic construction of taxonomies from
texts has attracted close attention from researchers for
almost 30 years [18]. When constructing semantic
relationships based on text corpora, two main
approaches are distinguished: a linguistic approach
based on lexico-semantic patterns and an approach
based on distributive semantics. Currently, the com-
bined approaches have also received great develop-
ment. In addition, in connection with the advent of
BERT-type neural network models [13] pre-trained
on large corpora, approaches based on automatic fill-
ing of patterns of the desired type are being developed.
Further in the text, we will use the term hypernym to
designate a word with a broad meaning, and the term
hyponym for a subordinate word with a narrower
meaning.

1.1. Methods Based on Linguistic Approaches

The linguistic approach is the extraction of rela-
tionships between words based on their joint occur-
rences in a certain set of patterns. Methods that use
patterns are based on the fact that if some given con-
text is found between entities X and Y, then there is a
given relationship between these entities. For a taxo-
nomic relationship, this context may be the context
“X is a type of Y.” This approach is highly accurate and
simple and can be applied to various types of relation-
406. © Pleiades Publishing, Ltd., 2023.



AUTOMATIC METHODS FOR EXTRACTING TAXONOMIC RELATIONSHIPS 399
ships. Work on extracting taxonomic relationships by
patterns began with the study [18], where several of the
most frequent patterns were proposed.

The use of patterns for extracting relationships is
usually highly accurate, but also involves several prob-
lems that reduce the completeness of extracting rela-
tionships. First, there may not be a single explicit
mention of the contexts of the required type in the text
collection used, despite the fact that X and Y are in the
required relationship to each other. Because of this,
the approach has a very low recall. Second, to achieve
a high-quality extraction of relationships, a large num-
ber of patterns must be specified. To increase the com-
pleteness of lexico-semantic patterns, several methods
have been proposed. A number of works have pro-
posed to use an extended set of lexical-semantic pat-
terns. For example, the authors of article [37] use a set
of 59 patterns collected from different works.

In order to improve the quality of prediction for
low-frequency words, study [31] creates a matrix of
mutual occurrence of words in given lexico-semantic
patterns, which is estimated using the mutual infor-
mation formula. The resulting matrix is then subjected
to SVD decomposition and dimensionality reduction,
the so-called method of latent semantic analysis [12].
As a result, the same hypernyms are predicted for
words that appear in similar patterns with a similar set
of words, which leads to improvement in the quality of
hypernym prediction for low-frequency words or
words rarely mentioned in the patterns used.

Another approach to increase the completeness of
pattern coverage is the so-called bootstrapping (partial
supervised learning), i.e., several patterns for extract-
ing a given relationship are specified manually, and
relationship examples extracted based on these pat-
terns are used to collect new types of patterns [41].
However, as the number of patterns increases, the
accuracy of relationship extraction usually decreases. 

When creating patterns, one may note that some of
them have a similar look. In particular, the Patty sys-
tem [27] increases the completeness of extracting rela-
tionships by patterns by generalizing the patterns. For
example, the patterns “X inc. is a Y,” “X group is a Y,”
“X organization is a Y” can be generalized to “X * is a
Y,” which, however, may lead to some decrease in the
accuracy of extracting the relationship.

Finally, excessive words can be inserted into lexico-
semantic patterns; therefore, a number of works pro-
pose to use syntactic sentence structures to extract
patterns and write the pattern itself in the language of
syntactic relationships [2, 39], which can also connect
remotely located words of a syntactic pattern. For the
Russian language, lexico-semantic patterns for
extracting subsumption relationships and hyponym–
hypernym relationships are considered in [8, 20]. The
authors of [33] used lexico-semantic patterns to
extract hypernyms of words from their interpretations
in explanatory dictionaries.
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1.2. Methods Based on Vector Representations of Words

The second main direction of extraction of taxo-
nomic relationships is based on the methods of dis-
tributive semantics and on the so-called distributive
hypothesis, which consists in the fact that the seman-
tic similarity between words (or other linguistic units)
can be modeled on the basis of comparison (similar-
ity) of the contexts of these words [17, 22]; i.e., it is
assumed that the similarity of word contexts correlates
with the semantic similarity of words.

The classic approach of distributive semantics cal-
culates a matrix for each target word w, where each row
corresponds to the target word and each column rep-
resents the words that occurred in the context of the
source word. Thus, each word is represented by a vec-
tor of words that occur in its context; i.e., a word is rep-
resented geometrically by a point in an n-dimensional
space, the dimension of which is equal to the number
of different words found in the text collection [14, 43].

The task of finding similarities between words is
reduced in this case to determining the proximity of
the corresponding points. The proximity of the points
can be calculated based on the calculation of the
Euclidean distance between the points. However, in
this case, the distance will depend strongly on the fre-
quency of the word in the corpus. Therefore, it is
assumed that a small angle between vectors emanating
from the origin is more important than proximity in
the Euclidean distance. To calculate proximity by an
angle, one can consider a cosine measure of proximity,
in which it is assumed that the smaller the angle, the
closer to zero the cosine of this angle. In this case, the
similarity between words can be sought using the sca-
lar product between context vectors [14, 43]. The
closer the scalar product to 1, the higher the semantic
similarity between words.

At present, the approach to constructing vector
representations of words based on neural networks has
become very popular. It is believed that in many tasks
neural network approaches are superior to traditional
distributive semantics approaches; in addition, more
efficient tools for calculating these representations
have been created. In 2013, study [25] proposed an
efficient implementation of a method for creating vec-
tor representations of words with a relatively small
number of dimensions (usually from 100 to 1000)
based on neural networks—the word2vec package.
The main idea of this approach is to train such vector
representations (called word embeddings) on a text
corpus in the process of word prediction in context for
one or more words. At present, already counted vector
representations on large corpora that allow using them
in various tasks of automatic text processing without
additional computational costs have been published
[5, 21].
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When extracting taxonomic relationships based on
vector representations, it is assumed that hyponyms
and hypernyms are used in similar contexts as words
that are close in meaning, which must lead to the for-
mation of similar vector representations. However, it
should be noted that vector representations of words
themselves do not allow one to determine the type of
relationship that connects two words. Both synonyms,
hyponyms or hypernyms of a target word and ant-
onyms (expensive–cheap) as well as thematically
related words (for example, dog–collar), etc., can turn
out to be close in vector representations to the original
word. Therefore, the original vector representations of
words are used as the basis to apply the two basic
approaches for extracting hypernyms further: the
unsupervised approach and the supervised approach.

In the first group of unsupervised methods, it is
assumed that there is some transformation of the orig-
inal word vectors that better matches the hyponym–
hypernym relationship. In particular, it can be
assumed that the contexts of the hypernym word
include the contexts of the hyponym word—the so-
called Distribution Inclusion Hypothesis [32].

The second group of methods (supervised) uses the
original vector representations as features for the sub-
sequent application of specialized classifiers trained
on hyponym–hypernym datasets [4]. The first super-
vised approaches used arithmetic operations on word
vectors (addition, subtraction, concatenation), to
which a classifier (logistic regression, support vector
machine, etc.) was then applied to predict a hypernym
for a word [4, 32, 34].

As part of the further development of the super-
vised methods based on the vector space of embed-
dings, it was supposed that one can try to find a linear
transformation that converts a hyponym into a hyper-
nym; this approach is called projection learning [15].
However, further experiments showed that it was
impossible to find a single transformation of a hypo-
nym into a hypernym, since the optimal transforma-
tion varies for different semantic classes of words.
Therefore, methods were proposed for the simultane-
ous semantic clustering of words and the search for a
suitable hyponym–hypernym transformation corre-
sponding to each semantic class [6, 44, 47].

An important role for the above operations in the
vector space of words is played by the original corpus,
in particular its size and genre of texts (Internet pages,
Wikipedia, domain texts, etc.). To improve the quality
of vector representations, it was proposed to use an
approach based on the so-called meta-embeddings,
i.e., unions of various vector representations obtained
based on different text corpora [7, 42]. Combinations
of vectors such as concatenation or averaging can act
as meta-embeddings. A more f lexible method is the
approach based on the so-called auto-encoders, the
task of which, starting from several different vector
representations, is to find the best combined represen-
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tation (meta-embedding), from which the original
representations can be best restored and also to
achieve the best correspondence of meta-embeddings
to some additional criterion. In the task of predicting
hypernyms, such a criterion can be the use of the so-
called triplet loss—meta-embedding must be similar
to vectors of words that are close in meaning and not
similar to vectors of random words [42].

1.3. Combined Methods
for Extracting Taxonomic Relationships

Linguistic methods for extracting relationships can
use lexico-semantic patterns or syntactic relationships
of words [40], the joint occurrence of words in a sen-
tence [48], etc. Methods for extracting relationships
based on distributive approaches are based on extract-
ing the contexts of words usage and calculating their
similarity as vectors; i.e., these approaches allow one
to extract relationships that are not explicitly indicated
in the texts.

The advantages of both methods combine the
methods of incremental enrichment of taxonomy [40,
47], in which all of the above characteristics (occur-
rence in patterns, the presence of similarity in different
contexts (linear and syntactic, local and global), joint
occurrence) serve as signs, on the basis of which a
decision is made to add each next word to the created
taxonomy. In making decisions about joining a taxon-
omy, study [40] uses the principle of maximizing the
conditional probability of a relationship based on the
available features, and the study [48] uses the principle
of optimizing the taxonomic structure and modeling
the level of abstractness of a word in the taxonomic
structure.

The HypeNET [35] model uses three vectors to
represent a sentence: two source word vectors and a
third vector that is a vector representation for a syntax
path (=path in the syntax tree) between two words.
The LSTM recurrent neural network is used to create
a syntactic path vector. The results of this work signifi-
cantly surpassed previous results in the task of extract-
ing hypernyms as a classification task in comparison
with linguistic and distributive approaches, since the
model is also trained to encode syntactic paths
between words optimally instead of following pre-
defined lexico-semantic patterns.

1.4. Prediction of Hypernyms 
by Generating Answers to a Question

In connection with the advent of large pretrained
BERT neural network models [13], there has been an
improvement in solving many problems of automatic
text processing. In this model, it was proposed to use a
transformer architecture neural network with a self-
attention mechanism [45] for pretraining based on
large volumes of unlabeled text data to solve two prob-
lems: (1) predicting a masked word in context, (2) pre-
ION AND IMAGE ANALYSIS  Vol. 33  No. 3  2023
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dicting whether the second sentence follows from the
first one. As a result, the BERT model creates contex-
tualized (context-aware) representations of words that
allow better understanding of the context and solving
many problems of automatic text processing.

A specific approach to training the BERT model
has given additional opportunities for solving prob-
lems of automatic text processing based on a specially
asked question (prompt) [34]. This approach has also
been used in the problem of predicting hypernyms
[46]. In particular, the TaxoPrompt [46] method uses
the following pattern as a prompt: “What is parent-of
[X]? It is [MASK].”

A new word, for which a hypernym needs to be
defined, is inserted into slot X. Further, this pattern is
fed into the input of the BERT language model, the
learning feature of which is that the model is trained to
predict the word hidden by the mask [13]. The follow-
ing can also be used as alternative prompts: (1) [X],
[MASK]; (2) [X] is a [MASK]; (3) [MASK], such
as [X].

To give additional context, the described lexical-
semantic pattern is fed to the input of the language
model together with the second sentence separated by
a service token [SEP]. The second sentence could be
the interpretation of the target word from a dictionary
or the paths of their underlying ontology written as text
sequences. To train the model, a training collection
with correct and incorrect answers from some taxon-
omy is built. Thus, in predicting a hypernym, the
model uses a huge amount of data on which pretrain-
ing took place, interpretations from a dictionary, and a
vector representation of a taxonomy.

2. TESTING METHODS FOR EXTRACTING 
TAXONOMIC RELATIONSHIPS

The quality of extracting taxonomic relationships is
assessed using various approaches, which can be
divided into four main groups.

(I) Prediction of the relationship of hypernymy as a
classification problem on a given dataset. With this for-
mulation, testing of approaches is carried out on the
basis of a special dataset. The set contains positive
examples between which there is a desired relationship
and negative examples between which there is no rela-
tionship. Positive examples are usually taken from
some well-known ontological resources, and negative
examples are generated as a result of some procedure.
Thus, the task of testing is posed as the task of classify-
ing a pair of words from a dataset into two classes:
whether there is a necessary relationship between
words or not. Quality assessment in this task is per-
formed by traditional measures for classification:
accuracy, recall, F-measure.

Study [36] presents an overview of various opera-
tions on word vectors that were used in hypernym
identification problems and testing of hypernym pre-
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diction based on several datasets in unsupervised and
supervised learning modes. It is shown that unsuper-
vised methods for predicting hypernyms based on sev-
eral datasets exceed the quality of 0.85, and supervised
methods based on some data get ideally correct
answers.

Based on the results from such testing, it can be
assumed that the problem of determining a hypernym
for a word has been solved. However, it has been
“solved” only within the framework of the created
datasets. The problem with this approach to testing
hypernym extraction is that this setting is not practical.
In such datasets, the number of positive and negative
examples is usually comparable to each other, but in
practice the number of taxonomic relationships
between words is orders of magnitude smaller than the
potential relationships between different pairs of
words in a text corpus. For example, one of the well-
known and large sets used to test the extraction of hyp-
onym–hypernym relationships is the BLESS dataset
[4]. BLESS contains hypernyms for 200 specific,
mostly single-valued nouns. Negative pairs contain
co-hyponyms, meronyms (words that are in a part–
whole relationship), and random pairs of words; as a
result, the dataset contains a total of 14542 pairs of
words with 1337 positive examples. Hence, there are
only ten times fewer positive pairs than negative ones,
which does not correspond to the situation with
extraction from real text collections.

In addition, a number of studies have shown that
commonly used relationship classification methods
are not trained to classify a pair of words, but rather to
remember the typical role of a word as a hyponym or
hypernym. For example, there are words such as ani-
mal, plant, or building, which are typical hypernyms
and can be used repeatedly as such in datasets [23, 35].
Thus, the results of the methods can be overesti-
mated—this is the so-called problem of lexical memo-
rization [23].

(II) Extracting hypernyms from a given corpus. With
such a formulation of testing, the systems must cor-
rectly extract hypernyms from the corpus for a given
set of words; i.e., the systems must find suitable candi-
dates for hypernyms themselves. In the SemEval-2018
testing [11], this task is posed as a ranking task; i.e., the
automatic system must create an ordered list of candi-
dates for hypernyms for the target words. Moreover,
the correct candidates must be at the top of the list.
The quality of approaches in this problem is assessed
using measures such as MRR, the mean reciprocal of
the first correct answer, as well as MAP (the mean
average precision), which is a combined measure of
accuracy and recall and is calculated as the sum of the
accuracies at the time of entering the correct answer
list, which is averaged over the number of correct
answers.
ol. 33  No. 3  2023
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Hypernym prediction methods based on distribu-
tive representations were used as the basic methods for
comparison in SemEval-2018 testing; when tested on
limited datasets, they demonstrated an accuracy above
0.7. In this formulation of the problem, these methods
produced the first correct hypernym of a word at an
average of 30 positions (MRR 0.03). This is due to the
fact that the words that are most similar to the target
word according to the vector model often turn out to
be not hypernyms, but so-called co-hyponyms (i.e.,
hyponyms of the same hypernym).

The best result in SemEval-2018 testing was
achieved by the CRIM system [6], which used a com-
bined approach that included lexico-semantic pat-
terns for determining hypernyms and co-hyponyms, a
projection-learning method with training to transform
space from a hyponym to a hypernym with simultane-
ous training of semantic clusters. This system has
achieved a quality of 0.33 MRR, which means that the
correct hypernym is predicted at an average of three
positions.

In a later approach [3], it is proposed to use not one
transition in the hyponym–hypernym matrix trans-
formation as in the original projection learning
approach, but also to use such a transformation several
times in order to reveal higher hypernyms as in the
chain: Bill Clinton–politician–person. This approach
achieves MRR-0.39 based on the SemEval-2018 data.

(III) Automatic taxonomy generation. The third
way of testing is the task of automatically generating
a taxonomy based on a text corpus and comparing the
generated taxonomy with the existing one. Such a
task was posed at the seminars SemEval-2015 and
SemEval-2016 [9, 10]. Thus, it is necessary not only to
extract the hypernymy relationships for a certain set of
target words, but also to build the correct structure of
the acyclic graph from them. Existing taxonomies
from different areas were used as test data: chemicals,
equipment, food, or sciences, ranging from 450 verti-
ces (sciences) to 17000 vertices (chemicals). The verti-
ces themselves are given; it is necessary to determine
taxonomic relationships for them. Words can have
more than one hypernym, so a taxonomy can be a
poly-hierarchy.

This evaluation was conducted as a standard classi-
fication task using measures of precision, recall, and
F-measure compared to reference resources. Struc-
tural quality assessments of the resulting taxonomy
(e.g., the absence of cycles) were also conducted.
Most participants used Wikipedia as a corpus and
applied combined methods, including lexico-seman-
tic patterns and distributive similarity of terms across
the corpus. The maximum result of the best system
reached an F-measure of 0.39 (an accuracy of 0.36).
PATTERN RECOGNIT
Manually checking the accuracy of a taxonomy frag-
ment gave the best result around 0.6.

(IV) Automatic enrichment of taxonomy. With this
formulation, it is assumed that there is some general
taxonomy and that it needs to be completed in a cer-
tain subject area or based on new data. For the first
time, a solution to such a problem was proposed
and tested on the basis of the completion of WordNet
in [40].

In addition, for example, such a task was posed in
testing SemEval-2016 task 14 [19]. Test participants
had to find the place of a new word in the WordNet
hierarchy [26] as a synonym or hyponym for an exist-
ing concept. The peculiarity of the task was to com-
plete the WordNet taxonomy at the expense of existing
dictionaries, so new words were provided with inter-
pretations from these dictionaries. Quality was mea-
sured by two measures: Accuracy, the accuracy of
establishing a relationship, taking into account the
distance (in the number of relationships) from the cor-
rect answer, and Recall, the proportion of words for
which the system offered a solution. The results of the
best system were slightly better than the results of the
basic solution, which chose as the hypernym of the
new word the most frequent meaning of the first word
of the same part of speech as the new word in the inter-
pretation. Meanwhile, the accuracy of the basic
method was a little more than 0.5; answers were given
for all words, which led to the value of the F-measure
of 0.68.

The current best results in testing SemEval-2016
task 14 were obtained by the TaxoExpan system [38],
which achieved an accuracy of 0.566 and an F-mea-
sure of 0.723. The system represents the new word and
candidate words in WordNet as fastText embeddings,
the interpretation is represented as an average vector of
embeddings of the mentioned words. The representa-
tion of a candidate word as the average of the token
and interpretation vectors is fed into a suitable hyper-
nym selection system based on the representation of
concepts in the WordNet taxonomy using graph neu-
ral networks (GNNs).

In 2020, as part of the Dialogue conference, open
testing was organized to enrich the RUSSE-2020 tax-
onomy for the Russian language [28]. Testing used two
versions of the Russian version of WordNet—
RuWordNet [24]. The dataset for enrichment con-
sisted of words from an unpublished new version of
RuWordNet (RuWordNet 2.0), and the participating
systems had to choose a suitable hypernym (more pre-
cisely, a synset, a concept in RuWordNet) in the pub-
lished version of RuWordNet. Both the hypernyms
specified in RuWordNet 2.0 and their hypernyms that
were higher by one step (second-order hypernyms)
were counted as correct answers, thus modeling the
work of the “intelligent” expert assistant, within which
an approximate place in the semantic network must be
found to bind a new word. The prediction quality was
ION AND IMAGE ANALYSIS  Vol. 33  No. 3  2023
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assessed using measures of the average accuracy
and MRR.

The basic component used in the work of most par-
ticipants was the extraction of the most similar words
from RuWordNet for the target word based on vector
representations; synsets, hypernyms, and second-
order hypernyms were used to form candidate synsets
as hypernyms for the target word. The same approach
was used to create the basic solution provided by the
organizers. Many participants noted that the most
similar words for fairly specific words that were
included in the dataset for testing were not synonyms
or hypernyms, but co-hyponyms, i.e., hyponyms of
the same hypernym.

Fasttext embeddings [5], which were calculated on
the Internet corpus of Common Crawl and Wikipe-
dia,1 turned out to be the best vector representation for
predicting hypernyms. The best method in this testing
was the method that uses a variety of features, includ-
ing candidates based on embeddings, dictionary inter-
pretations of Wiktionary, and analysis of search results
in the Yandex and Google search engines. This
approach achieved a result of 0.55 MRR for noun
hypernym prediction, which, on average, corresponds
to finding the first correct answer in the second place
of search results.

Continuing this testing and following its main idea
(testing taxonomy enrichment based on different ver-
sions of the same resource), a specialized dataset was
created in 2021 using three consecutive versions of the
English WordNet and two versions of RuWordNet—
the dataset was called Diachronic wordnets [29]. The
datasets include new words from later versions that
need to predict the synset–hypernym using an older
version of the resources. Thus, based on this dataset, it
is possible to test different approaches to enriching
WordNet resources in parallel in two languages.

Using the created datasets, the best results were
obtained based on meta-embeddings that combine
different vector representations, including word
embeddings obtained by different methods based
on different corpora, vector representations of verti-
ces of enriched resources, and information from
Wiktionary interpretations. In particular, the best
result on the RUSSE-2020 dataset was increased to
0.6 MRR without any use of the results of Internet
search engines [29].

CONCLUSIONS

The taxonomic relationship that links an entity to
its class is a central relationship in the representation
of knowledge in many subject areas. Therefore, great
attention is paid to automatic methods for identifying
taxonomic relationships from texts.

1 https://fasttext.cc/docs/en/crawl-vectors.html.
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In this article, we have presented an overview of
approaches to automatic extraction of taxonomic rela-
tionships between words, starting from the most clas-
sic ones, such as lexico-semantic patterns. Currently,
the basis for the extraction of taxonomic relationships
are vector representations of words, which reflect the
similarity of the contexts of mentioning a hyponym
and its hypernym. This article also presents new
approaches that are based on BERT language models
and use new options for working with lexico-semantic
patterns, in which the model fills the position of a
hypernym.

This article also describes various methods for test-
ing the quality of extracting taxonomic relationships
and presents the results of these tests, from which it
follows that, despite the progress in the development
of methods for extracting taxonomic relationships, the
quality of extraction is insufficient for fully automatic
construction or completion of taxonomies.
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