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Abstract

Objectives. The work considers whether a semantic-ontological model for scientific text analysis can support
practical tools for establishing information morphism. Using VAK' specialty passports as the textual ontological
basis, we propose a graph-based model that reconstructs a proximity profile to specialty codes from an article
or dissertation abstract to map the document space to the passport space.

Methods. Processing the passports as a single corpus, a shared unigram and bigram vocabulary is constructed
from their chunks. Term frequency is computed in the form of inverse document frequency (TF-IDF) representations
to construct local semantic graphs on the basis of incremental construction of an associative network (ICAN). For
each document passport pair, similarity measures are merged into a hybrid metric by aggregation within lexical
and semantic layers. Scores are converted into a probability distribution via codes based on temperature softmax
functions. The model is evaluated on a corpus of dissertation abstracts and a corpus of articles of VAK list journals?,
and the results are compared with large language models.

Results. The hybrid scheme, which achieves average top 1 accuracy of about 0.69 and top 3 of about 0.90 on
abstracts, reaches 0.91 and 0.93 on articles to outperform lexical-only and semantic-only variants. Considered
relative to large language models, the hybrid scheme achieves superior top 1 accuracy for articles and comparable
accuracy in top 3, while remaining interpretable through n grams and contextual passport graphs.

Conclusions. The proposed model, which uses VAK passports to provide a practical ontological foundation,
represents an interpretable and computationally efficient alternative for code selection and thematic profiling that
accounts for interdisciplinarity.

Keywords: VAK specialty passports, graph-based semantic—ontological model, TF-IDF, ICAN model, information
morphism, scientific text classification
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Peslome

Uenun. Viccnenyetcsd BOSMOXHOCTb UCMOJIb30BaHUSA CEMAHTUKO-OHTOJIOMMYECKOM MOLENN aHann3a TEKCTOBbIX 40~
KYMEHTOB A5 pa3paboTku NpukiaaHbiX MIHCTPYMEHTOB YCTaHOBNEHUS MHDOPMaLMOHHOro Mopduama. B kavectse
TEKCTOBOIO OHTOJIOMMYECKOro OCHOBAHWA AJ15 KOJIMYECTBEHHOM O aHam3a Hay4HbIX TEKCTOB paccMaTpumBaloTCA na-
cnopTa Hay4HbIx cneumansHocTelt BAKS. Llens paboTbl cocToUT B pa3paboTke rpadoBOi CeMaHTUKO-OHTONOM-
yeckol Moaenn, koTopasi Mo TEKCTY CTaTby U aBTopedepara BOCCTaHaBNMBaeT Npodusb 61M30CTU K Wndpam
cneupnanbHOCTEN 1 TeM caMbiM 3aaeT 0TOOpaxeHMe OT NPOCTPAHCTBA AOKYMEHTOB K MPOCTPAHCTBY NacrnopToB.
MerTogpabl. [acnopTa Hay4HbIX CreLmanbHOCTe 06pabaTbiBaloTCs Kak eaMHbI Kopryc. Mo YaHkam CTPOUTCS CroBapb
yHUrpamMm u 6urpamm, paccuutbisaiotcst TF-IDF4 npeactasneqns n nokansHeie rpadsl ICAN®. [na nap «aoKyMeHT
1 NacrnopT» BbIMUCNAOTCS MepPbl CXOACTBA, KOTOPbIE B JIEKCMYECKOM 1 CEMaHTMYECKOM CJI05IX CBOPA4MBaIOTCH B OLLEH-
KN 1 06bEONHSAOTCS B rTMOPUAHYIO METPUKY. Pe3ynbTat nepeBoanTCst B BEPOSITHOCTHOE pacnpeneneHne no wmndpam
yepes TemnepaTypHbIii softmaxf. KauecTeo Mogenu oueHmBaeTcs Ha kopnyce asTopedepaToB 1 CTaTeli U3 XypHaIoB
Mepeuns BAK PO7, 0onofHUTENBHO NPOBOAMTCS CPABHEHNE C KPYMHLIMU A3bIKOBBIMU MOASSMU.

S BbiClUaa aTTecTauyoHHas KOMUCCUS Npu MUHUCTEPCTBE Hayku M BbICLIEro obpasosaHus Poccuiickoit depepaumn.
https://vak.gisnauka.ru/. Oata obpaweHuna 04.04.2026. [Higher Attestation Commission under the Ministry of Science and
Higher Education of the Russian Federation. https://vak.gisnauka.ru/. Accessed April 04, 2026. (In Russ.).]

4 Term frequency — inverse document frequency — cTaTUCTUYECKasa MEPa, YHUTLIBAIOLIASA HaCTOTY TePMUHA B AOKYMEHTE
1 obpaTtHyio HacToTy AokymeHTa. [Term frequency — inverse document frequency (TF-IDF) is a statistical measure that takes into
account the term frequency in a document and the inverse document frequency.]

5 Incremental construction of an associative network — BelMMCAUTENbHAS MOAENb MHKPEMEHTaIbHOr0 NOCTPOEHUS acCo-
LIMaTMBHOW CeTU Ha OCHOBe Koprnyca TekcToB. [Incremental construction of an associative network (ICAN) is a computational
model for incremental construction of an associative network based on a text corpus.]

6 TemnepaTypHbIit softmax — pyHKLMA HOPMaNM3aUmm, NepeBoaaLLIas OrnThl Z;B pacnpefesneHne BepoAaTHOCTEN, rae na-
pameTp TemnepaTypbl T > 0 perynnpyeT «pe3koCTb» 3TOro pacnpeneneHums.

7 MNepeyeHb PeLeH3NPYEMbIX HAydHbIX W34aHWIA, B KOTOPbLIX OOMKHbI ObiTb ONYBAMKOBAHLI OCHOBHbLIE Hay4Hble pe-
3ynbTaTbl AMCCEPTaAUMIA HAa COMCKAHWE YYEHOW CTemneHu KaHamaaTa Hayk, Ha COMCKaHWE Y4EeHOW CTemneHun AOKTopa Hayk.
https://vak.gisnauka.ru/documents/editions. [aTta obpawieHns 04.04.2026. [List of peer-reviewed scientific publications
in which the main scientific results of dissertations for the degree of candidate of sciences and for the degree of doctor
of sciences should be published. https://vak.gisnauka.ru/documents/editions. Accessed April 04, 2026. (In Russ.).]
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PesynbTathbl. [Mb6pnaHas cxema gaet To4HocTb top 1 okosno 0.69 v top 3 okono 0.90 Ha aBTopedepaTax, a Ha cTa-
Thsax pgocturaet 0.91 n 0.93. 370 BbIlWE, YEM Y IEKCUYECKUX N CEMAHTUYECKUX BapuaHTOB. MeTon BbIMrpbiBAET
no top 1 onga craten 1 0CTaeTcsa CoNnocTaBUMbIM MO top 3, coxpaHas MHTEPNPETUPYEMOCTb YEPES N-rPaMMbl U KOH-

TEKCTHbIe rpadsbl.

BeiBoabl. Macnopta BAK MoryT 6bITb NpPakTUYHbIM OHTOJIOMMYECKMM OCHOBAHMEM [J1s1 aHANM3a Hay4YHbIX TEKCTOB,

a nNpeanoXeHHas Moaesb ABNAETCS UHTEPNPETUPYEMORN U BbIYUCINTENbHO SKOHOMUYHOM anbTepHaTMBOM ANS Bbl-
6opa Lwmndpa 1 NOCTPOEHUA TEMATUYECKUX NPODUNIEN C YHETOM MEXANCLMMIMHAPHOCTY.

Kniouesble cnosa: nacnoprta cneumansHocten BAK, rpadoBas ceMaHTUKO-OHTONOrn4yeckaad monenb, TF-IDF,
moaenb ICAN, MHPOPMALIMOHHBI MOPPU3M, KTACCUDUKALMA HAYHHbIX TEKCTOB

Ang umtupoBanusa: Kypatokos H.C., KanmHund B.H., Kyopx C.A., Xykos [.0. Pa3zpaboTka npuknagHbiX MIHCTPYMEHTOB
YCTaHOBNEHUS MHPOPMALIMOHHOIO MopdU3mMa Npu aHann3e TeKCTOBbIX AOKYMEHTOB HA OCHOBE CEMaHTUKO-OHTOJO-
ruyeckon n rpadosoint mogenein. Russian Technological Journal. 2026;14(3):24-42. https://doi.org/10.32362/2500-

316X-2026-14-3-24-42, https://www.elibrary.ru/BMHCUK

Mpo3pavyHocTb hMHAHCOBOW AEATENIbHOCTU: ABTOPbI HE UMEIOT GUHAHCOBOM 3aUHTEPECOBAHHOCTU B NPeACTaB/EH-

HbIX MaTepunanax nin metTogax.

ABTOpPbI 3a9BNSIOT 06 OTCYTCTBUMN KOHDNNKTA MHTEPECOB.

INTRODUCTION

While classical text classification methods
based on the bag-of-words model and simple vector
representations provide quite acceptable results under
conditions of strict terminological standardization, such
methods weakly take into account synonymy, variability
of wording, and contextual relationships between terms.
Modern neural network and graph-based text processing
models partially eliminate these limitations; however,
such models are typically trained on general corpora and
are thus weakly tied to specific normative ontologies,
which reduces the interpretability of the result. As will
be discussed later in the article, this limitation presents
particular challenges when addressing problems related
to the processing of official documents based on
standardization.

For example, systems for assessing scientific
personnel and reviewing publications rely on
regulations for the subject-specific classification of
works into scientific specialties. In the Russian context,
this role is fulfilled by the specialty passports of the
Higher Attestation Commission (VAK in Russian
transliteration),® which describe research objects,
typical tasks, and methods to define the normative
subject space. Due to the rapid growth in the volume
of digital scientific texts, a need arises for automated
methods used to compare articles and dissertations
with these normative descriptions. Such methods are
necessary for assigning specialty codes to dissertations
and journal articles, analyzing the subject profile of

8 Higher Attestation Commission under the Ministry
of Science and Higher Education of the Russian Federation.
https://vak.gisnauka.ru/. Accessed April 04, 2026. (In Russ.).]

dissertation councils and journals, and monitoring the
overall structure of scientific activity.

One of the potential solutions to these problems
consistsinthe development of precise, yettechnologically
advanced and rapid tools based on the use of ontological
methods and approaches that have already become
classical.

In this article, we implement an ontological
approach to solving practical text analysis problems
on the example of VAK specialty passports. Providing
an ontological foundation for creating the necessary
analysis tools, these passports form a unified feature
space that describes both the passports themselves
and scientific texts. The proposed graph semantic-
ontological feature model created on their basis
combines a term frequency—inverse document
frequency (TF-IDF)? lexical layer with a semantic
layer based on local context graphs of incremental
construction of an associative network (ICAN).!? For
each document and passport, local and global proximity
metrics are determined and combined into a hybrid scalar
score. The translation of this score into a probabilistic
profile based on codes is interpreted as an information
morphism: a structure-preserving mapping that transfers
the document representation from the feature space to the
ontological space of passports in such a way that lexical
and context-semantic relationships are consistently
represented in terms of the normative concepts of the
specialties.

9 Term frequency — inverse document frequency (TF-IDF) is
a statistical measure that takes into account the term frequency in
a document and the inverse document frequency.

10 Incremental construction of an associative network (ICAN)
is a computational model for incremental construction of an
associative network based on a text corpus.
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This design approach solves two problems
simultaneously. On the one hand, it maintains strict
adherence to the standard language of the passports to
ensure transparent interpretation of the contribution of
individual terms and contextual relationships. On the
other hand, the use of a graph semantic layer and hybrid
aggregation allows variability in wording, abbreviations,
and interdisciplinary connections to be taken into
account. This enables not only targeted code selection,
but also the analysis of the distribution of a document’s
thematic contribution across several related specialties,
and the construction of aggregated profiles of scientific
actors.

The purpose of the present work is to develop
and experimentally evaluate a graph-based semantic-
ontological model for analyzing Russian-language
scientific texts based on the VAK specialty classifications.
The model is then compared with large language models
for the purposes of specialty code identification and
subject-matter analysis. After compiling a corpus
of classifications and accompanying texts, a unified
normalization pipeline is developed, lexical and
semantic feature layers are defined to produce an
integrated information morphism metric, and validation
is carried out using abstracts of applicants and articles
from journals on the VAK List.!!

The work is organized as follows. The first
section provides an overview of works on semantic
text classification, ontology-oriented models, and
graph representations. The second section describes
the ontological foundation of the study and the data
corpus. The third section introduces a graph semantic-
ontological feature model based on TF-IDF and ICAN.
The fourth section formalizes information morphism
metrics and a probabilistic interpretation of the results.
The fifth section presents the results of validation on
abstracts and scientific articles and a comparison with
large language models. The sixth section discusses the
obtained results, formulates conclusions, and formulates
directions for further research.

1. LITERATURE REVIEW

The review paper [1] systematizes approaches to
semantic text classification and compares them with
traditional methods based on the bag-of-words (BoW)
method. Demonstrating the limitations of BoW vector
representation (high dimensionality, sparsity, ignoring
synonymy and polysemy), the authors identify five

1T List of peer-reviewed scientific publications in which the
main scientific results of dissertations for the degree of candidate
of sciences and for the degree of doctor of sciences should be
published. https://vak.gisnauka.ru/documents/editions. Accessed
April 04, 2026. (In Russ.).

main semantic methods: ontology-based, corpus-based,
deep learning models, word/symbol sequence-based,
and linguistically enriched approaches. The review
summarizes the results of numerous experiments and
demonstrates the advantage of semantic models in
classification accuracy.

The paper [2] analyzes knowledge extraction
methods in the context of the Semantic Web, with an
emphasis on ontology-based feature selection. The
use of ontologies to represent and select features in
classification problems reduces dimensionality and
increases the interpretability of models. However, the
quality of the approach depends significantly on the
completeness and consistency of the ontologies.

In [3-5], ontologies and semantic technologies are
considered as a key tool for structuring engineering
and scientific knowledge. In [3], an ontology-oriented
approach to the automatic classification of engineering
standards is proposed, using domain ontologies to map
document fragments to business units.

In [4], a two-stage method for describing predefined
information flows in standards and directives is
developed, including a generalized data model and
a machine-readable representation, which increases the
accessibility and reusability of information in digital
product models. The work [5] contains a bibliometric
and semantic analysis of research on ontologies and
the Semantic Web, highlighting the main areas related
to dynamic updating of ontologies and scalability in the
context of the Big Data.

The paper [6] presents a review of ontology-
oriented methods for text classification, in which
ontologies are considered as a formal basis for enriching
vector representations and deep learning architectures
through explicit modeling of domain concepts and their
relationships. Thestudy[ 7] proposesanontology-oriented
approach to extracting contextualized information from
scientific publications. Based on transformer models,
a two-stage pipeline is implemented, including sentence
classification and entity recognition (research activities
and methods). Relationships between activities and
methods are then extracted via integration of the obtained
data and publication metadata in the form of a resource
description framework (RDF) graph.

A number of works [8—10] demonstrate the potential
of lexical-semantic representations of text for solving
various analysis problems. In [8], special lexical-
semantic parameters for determining sentiment are
introduced. These are obtained through the semantic
expansion of sentiment lexicons and distributed
representations, which unifies data dimensionality to
improve classification quality.

The authors of the work [9] propose a model of
lexical-semantic connections between documents
and a statistical clustering algorithm based on cosine
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proximity in the lexical-semantic space, comparable in
quality to the Affinity Propagation method'?.

The work [10] uses a set of lexical-semantic
patterns and procedures for matching textual mentions
with domain ontology objects for their semi-automatic
replenishment. Taken together, these approaches confirm
the effectiveness of lexical-semantic features.

In [11], researchers address the problem of multi-
class classification of imbalanced text data using the
WordNet!? lexical ontology and the bidirectional
encoder representation from transformers (BERT)!4
model. The WordNet lexical ontology is used for
ontology-based feature dimensionality reduction,
followed by classification using traditional algorithms
and a pre-trained BERT model. Experiments on a seven-
class corpus show that a combination of WordNet and
BERT provides the highest accuracy (up to 93.77%)
as compared with variants without ontological feature
refinement.

A number of works [12-15] systematically
investigate graph representations of text and graph
neural network models for classification problems.
In [12], a large-scale comparison of various graph
construction schemes and graph neural network (GNN)
architectures with transformer models is conducted.
In [13], researchers analyze how the choice of a graph
text representation strategy affects the quality of
GNN models. Works [14] and [15] develop the use of
graph models in text content analysis architectures,
focusing on improving interpretability and classification
quality. In [14], a framework is proposed in which
the graph representation of text is supplemented with
symbolic feature selection, while in [15], a hierarchical
graph framework is developed that combines linguistic
features, domain ontology, multilayer GNN training,
attention mechanisms, and dynamic fusion with BERT.

The concept of information ontological modeling
proposed in [16] considers information retrieval
and clustering methods as stages of the formation
of ontological models and the extraction of implicit
knowledge.

In [17], the authors investigate the dependency of
the topological characteristics of a word graph on the
text genre. Texts of different genres are represented as
graphs, in which vertices correspond to words, while
edges correspond to their neighborhood in bigrams.

12 A clustering algorithm in machine learning based on the
concept of messaging between data points.

13 Linguistic ontology, an electronic thesaurus that represents
the system of meanings of words in the generally significant
English language in the form of a hierarchical structure.

14 Bidirectional encoder representation from transformers
(BERT) is a neural network designed to improve natural language
understanding. BERT’s key difference from previous models is its
bidirectional context understanding.

The parameters of such networks, which are shown
to systematically vary between genres, can be used
to characterize these genres as well as to identify
subgenres. In [18], the ICAN model is used to construct
semantic graphs at the level of individual documents,
thus allowing word order to be taken into account, which
is important for semantic analysis.

2. ONTOLOGICAL BASIS AND DATA CORPUS

2.1. Passports of VAK specialties

In the Russian Federation’s scientific personnel
certification system, the texts of the VAK scientific
specialty passports serve as normative descriptions of
subject areas. Each passport is assigned to a specific
specialty code to define a set of typical research
objects, problem classes, applied methods, and areas
of application of the results. These documents have
supradepartmental status and serve as the formal basis
for classifying dissertations, abstracts, and publications
within a specific scientific field.

In terms of content, passports have a stable internal
structure, in which, as a rule, the following blocks are
distinguished:

o list of main areas and objects of research;
e typical scientific tasks and methods;
o related areas of knowledge.

This structure enables the use of specialty passports
not only as regulatory documents but also as textual
representations of subject area ontologies. Here,
ontology is understood as an explicitly defined system of
concepts and relationships that delimits the permissible
subject space.

The set of specialty passports can be interpreted as
a finite set of ontological objects:

O={s), ..., 5y}, (1)

where each element s; corresponds to one scientific
specialty, and the text of the passport defines its
conceptual content.

The hierarchical structure of codes (aggregated
fields, groups, specific specialties) defines a partial
order on the set O to capture inclusion and proximity
relationships between fields. An ontological space of
scientific specialties is introduced in which the level of
aggregated fields corresponds to more general classes,
while individual codes are used to define specialized
subdomains.

Further, a key methodological assumption is
adopted. The passport text is viewed as a prototype of
the corresponding subject area. Lexemes and set phrases
are interpreted as superficial realizations of the concepts
and relations of this area, while the thematic coherence
of these elements is reflected in the structure of sections.
This enables the corpus of scientific specialty passports
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to be used to construct a supporting semantic-ontological
feature space that describes both the passports themselves
and the documents being analyzed.

At the same time, passports are not formal ontologies
in the strict logical sense and as such cannot be used to
define a system of axioms or strict constraints. However,
due to their official status, structural stability, and focus
on descriptions of objects, tasks, and methods, they can
be considered as a practically acceptable ontological
basis for the information analysis of scientific texts.

In what follows, this basis will be used to construct
a semantic-ontological model of features, as well
as to determine the information morphism between
documents and the space of scientific specialties.

2.2. Collection and storage of text data

The ontological foundation corpus is formed from
the scientific specialty passports approved by the VAK.
These specialty passports are collected using specialized
software parsers that automatically crawl linked web
pages of official resources, download data sheet files and
associated documents (in HTML and PDF formats), and
capture technical metadata.

For PDF documents, the presence of a text layer is
checked. If a text layer is present, extraction is performed
directly; otherwise, optical character recognition (OCR)
is used, followed by basic cleanup of the results.

At this stage, the text is not yet linguistically
normalized, but obvious artifacts (random binary
insertions, incorrect encodings) are removed to ensure
the correctness of further processing. A detailed
normalization algorithm is described below.

For each passport, the following fields are stored, in
particular:

e unique record identifier,
specialty code,
name,
uniform resource locator (URL) original source,
collection time,
file hash value,
extracted text after primary cleaning.
The primary passport corpus is generated as
JSONL'? files (one object per line), which can be
conveniently used for archiving and data exchange.
For long-term storage and efficient access, the data is
transferred to the PostgreSQL'® relational database
management system.

For specialty passports, a separate table is created
that includes the code and name of the specialty, source

15 JSON Lines is a text format in which each line contains
one valid JSON object (JavaScript object notation).
16 https://www.postgresql.org/. Accessed April 04, 2026.

metadata, file checksum, and normalized passport text
used in constructing features.

For input documents (scientific articles and
dissertation abstracts), a corresponding table is created
in which, in addition to the text content and document
type, the source code of the specialty (for dissertation
abstracts), if available, is recorded, since it is used as
an expert assessment when assessing the quality of the
model.

2.3. Text normalization

Text normalization plays a key role in the proposed
model, since it is at this stage that a single feature space
is defined, in which scientific texts will subsequently be
compared with the passports of scientific specialties.

The processing of text content is deliberately
organized as common to all categories of documents
in such a way that differences in features reflect the
substantive features of the texts, rather than artifacts of
format, layout, or source.

The first stage involves technical cleaning of
the extracted text. After extracting content from
HTML pages or PDF files (using OCR if there is no text
layer), incorrect encodings, binary inserts, and fragments
of service markup are removed. Line breaks are then
converted to regular spaces. For PDF documents,
duplicate headers and footers are automatically detected
and removed.

Next, service blocks are filtered. Clearly editorial and
publishing fragments (References, Keywords, Publisher
Information, Author Contact Information, Author
Information, etc.) are removed from the texts, as well as
technical elements such as URLSs, e-mail addresses, and
numeric identifiers (ORCID!7, Scopus ID'8, etc.).

The next step is text conversion. All text is
converted to lowercase, the “€” character is replaced
with “e”, hyphens are eliminated, and extra spaces are
removed. Punctuation and all special characters are
removed. Particular attention is paid to hyphenated
terms, as a splicing dictionary is used to maintain
terminological integrity. According to this dictionary,
compound words like object-oriented are converted to
underscored (object_oriented) forms. This enables stable
compound terms to be considered as single lexical units
in subsequent analysis.

Next, numeric expressions are processed. If a token
consists solely of digits, it is converted to its Russian
verbal form (for example, “2025” is converted to “two
thousand twenty-five”), which prevents the dictionary
from growing too large due to the large number of unique

17 Open researcher and contributor identifier.
18 Unique author identifier in the Scopus database.
https://www.scopus.com/. Accessed April 04, 2026.
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numbers while preserving the semantic information
about quantitative characteristics. However, technical
standards, indices, and designations (e.g., “5g”, “3d”,
“h264”, “ipv6”) are stored as separate tokens and
normalized to lowercase, as they are important domain
markers.

The linguistic normalization stage involves
tokenization, lemmatization, and stopword filtering.
The text is broken down into tokens, taking into
account previously established rules for punctuation and
hyphenation replacement. A normal form (lemma) is
determined for each token. Where necessary, common
abbreviations and unit designations are standardized,
and domain-specific abbreviations are converted to
standard forms.

The final result of normalization is a stable text
representation as a sequence of lemmas separated by
spaces, excluding punctuation, numbers, and function
words. If necessary, a list of tokens with positional
ranges in the source text is additionally generated, thus
enabling the subsequent interpretation of the contribution
of individual fragments to the final proximity scores.
It is this normalized sequence of lemmas that is used
to construct features in the lexical (TF-IDF) and
semantic (ICAN) layers of the model.

3. GRAPH SEMANTIC-ONTOLOGICAL MODEL
OF FEATURES

3.1. Passport chunks and n-grams

The normalized texts of scientific specialty
passports (see 2.3) are further considered as sequences
of lemmas w:

d, =W, .y wr, ), 2)

where T, is the length of passport s in tokens after pre-
processing.

Since the specialty passports consist of heterogeneous
sections (description of objects, tasks, methods,
interdisciplinary connections), then representing the
entire text with one vector leads to the fact that weakly
related fragments are averaged, which reduces the
sensitivity of the model to thematic differences within
the passport.

To increase the model’s sensitivity to local areas
of semantic concentration, each passport is divided
into fragments of a fixed length of L token chunks. The
number of chunks for a passport s is defined as follows:

_| L
ns —IVT—‘ (3)

Each chunk c_; inherits the passport metadata (code
and name of the specialty), as well as storing the
positional range [a;, b;] in the source text. This enables

the subsequent interpretation of the contribution of
individual fragments to the final assessments.

The choice of length L is determined by a trade-
off between local sensitivity and stability of the
representation.

Chunks that are too short lead to excessive sparsity
in the vector space, which increases the impact of
markup artifacts and OCR errors on each individual
fragment. Chunks that are too long, on the other hand,
make local similarity metrics virtually equivalent to
their global equivalents, effectively negating the effect
of text chunking.

In the conducted experiments, the values
of L e {100, 200, 300} were analyzed; the
length L = 200, which demonstrates a balance between
the number of fragments per passport, noise resistance
and computational cost, is further used as the default
value (Figure).

0.9
, 08 mL=100
T 07 mL=200
2 0.6 mL=300
8 0.5
%5 0.4
2 03
&8
5 02
0.1 L
| I I
0
1 2 3 4 5 6 7

Number of chunks

Figure. Distribution of the number of chunks n,
by passports at L € {100, 200, 300}

Chunking achieves two goals. Firstly, it localizes
specialized vocabulary. Specifically, within a fragment
of hundreds of tokens, the share of terms characteristic
of a specific field increases, leading to sharper cosine
similarities when compared with documents. Secondly,
it increases resilience to structural and layout artifacts,
in which individual technical inserts or remnants of
headers and footers only affect their local vectors and
do not dominate the global assessment.

Therefore, the presence of at least two or three
fragments in a significant share of passports is
important for the local metric, since it increases
the probability that at least one fragment will be
close to the document in question, while making
the aggregate by top N more sensitive to thematic
matches.

Next, a lexical dictionary of n-grams is constructed
on the set of all passport chunks D = {c|, ..., cy}.
For each chunk ¢ € D, there is a sequence of lemmas
Wy ooy WT(C)).

Two levels are considered:

e set of unigrams U(c) = {wl.}l.T:(f),
o set of bigrams B(c) = {(w;, w, ()L,
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The use of bigrams is essential for capturing stable
terminological combinations (neural network, Internet
network, communication network, etc.), which clarify
the semantics of polysemous lemmas and serve as
more reliable markers of subject areas than individual
words.

For each term ¢ (both unigrams and bigrams), the
number of corpus chunks in which this term occurs at
least once is calculated:

dfi)=|{c €D: tE c}. 4)

Next, threshold restrictions are introduced for the
minimum and maximum number of occurrences:

dar @)

df (t) = dyyy» <dyaxo 5)
where d, ; sets the lower limit of the number of chunks
in which the term must occur, which allows for the
preservation of rare but substantively significant lexemes,
while d,; , x sets the upper limit of the relative prevalence
of the term in the corpus, excluding excessively frequent,
uninformative units from the dictionary.

The resulting dictionary V is defined as the set of
terms that satisfy the specified conditions:

Vz{teV':df(t)ZdMIN,%SdMAX}, (6)

where V' is the set of all unigrams and bigrams extracted
from the corpus of chunks.

Thus, in the semantic-ontological model of features
of the specialty passport, a basic space of n-grams V
is defined in which TF-IDF representations of both
the passports themselves (at the level of chunks
and centroids) and the input documents can then be
constructed.

The use of chunking and a combined dictionary
of unigrams and bigrams allows us to combine local
thematic sensitivity with noise resistance and ensure the
interpretability of the resulting feature vectors.

3.2. Lexical layer

At the lexical level, each chunk of a specialty
passport is considered as a document in a general
dictionary of n-grams V, constructed from the passport
corpus (see Section 3.1). For each term ¢ € V and
chunk ¢, the occurrence frequency tf(z, c) is calculated,
after which a weighted representation is formed using
the TF-IDF algorithm.

To account for repeated occurrences of
terms in a document, the sublogarithmic term
frequency (sublogarithmic TF) is used:

1+ In(tf(z,¢)), at tf(¢,c) >0,
tf(z,c) = (tF(2.¢) () (7)
0, at tf(¢,c) > 0.

The use of sublogarithmic TF allows the contribution
of frequently repeated terms within a single fragment to
be reduced: since each subsequent occurrence increases
their weight with decreasing increment, the influence
of local abnormally high frequencies is lowered along
with the dependence of the score on the length of the
text fragment.

The inverse frequency of the IDF is calculated using
the smoothed formula:

1+ N
—_
1+df (¢)

where N is the total number of chunks in the corpus of
passports, df(t) is the number of chunks in which the
term ¢ occurs at least once.

Adding one to the numerator and denominator
ensures numerical stability at extreme values of df(¢),
while a shift of one keeps the weights positive even for
terms that appear in all documents. Moreover, the idf(7)
function remains monotonically decreasing as df{¢)
increases, with rare terms receiving higher weights and
frequently occurring terms receiving lower weights.

The weight of a term ¢ in a chunk c is given by the
product:

idf (¢) = log 1, (8)

w (c) = tf(z, ¢) - idf(z). 9)

The vector w(c), the values of which are given by the
quantities w (c), is interpreted as an ontological vector,
where each coordinate corresponds to a lexeme or stable
phrase associated with an ontology element (a concept,
property, or typical relation in the subject area).

Thus, the lexical layer captures the contribution of
ontological markers that appear at the level of terms
and n-grams.

To ensure comparability of vectors, L, normalization
is performed:

__ W)
o,

where |[w(c)||, denotes the length of the vector.

Following L, normalization, the consideration of
the total length and volume of text when comparing
documents is significantly reduced; here, the direction
of the vector is determined by the relative distribution
of term weights.

Since the TF-IDF values are non-negative, the scalar
product of two L,-normalized vectors coincides with the
cosine similarity and lies in the range [0; 1], which is
convenient for subsequent interpretation of the results.

The normalized TF-IDF vectors of all passport
chunks form a sparse matrix

X € RM* V|,

(10)

(11)

where M = X n_ is the total number of chunks for all
specialties, |V| is the dictionary size.
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The matrix is stored in the compressed sparse
row (CSR) format, which stores the array of nonzero
weights, indices of the corresponding terms, and row
boundary pointers separately. Using CSR format ensures
compact storage, as well as enabling the vIX product
to be calculated in time proportional to the number
of nonzero components of the vector v and nonzero
elements of the matrix X.

Subsequently, input documents (scientific articles,
dissertation abstracts) are represented in the same
dictionary V and with the same idf(¢) values. Their
normalized TF-IDF vectors are compared with chunk
vectors and aggregated passport representations, with
cosine similarities serving as the basic information-
ontological metrics in the proposed model.

3.3. Semantic layer

While the lexical layer captures the coincidences of
terms and set phrases, it remains sensitive to variability
in wording, synonymy, and abbreviations. To account
for contextual relationships between lemmas, a semantic
layer is introduced based on the ICAN graph model,
in which each text is described as a local term co-
occurrence graph [19].

Let the normalized text of a document (a chunk of
a passport, article, or abstract) be given by a sequence
of lemmas d = (¢, ..., t;), and the set of unique lemmas
of this text be designated as W ={u;,...,u,, }. Then,
a directed weighted graph G, is constructed for the
text on the vertices W, whose structure is given
by an adjacency matrix M e[0;1]"¢" ™4, initialized
to zeros.

The graph is formed by traversing the text with
a sliding window of fixed width W (by default,
W = 11 tokens). At each position in the window, the
central token x is selected, while all other tokens in the
window are considered as its contextual neighbors y.
The matrix M is updated in three stages.

In the first stage, direct connections between the
central token and its context (contextual neighbors to
the left and right of the central token x) are strengthened.

If the connection M, = 0, then the connection is
initialized with a base weight of 0.5, and upon repeated
occurrences in the same context relationship, the weight
smoothly increases according to formula (12) to ensure
monotonous growth at the same time as limiting the
value of the weight.

1

M, =M, +5(1—Mxy).

(12)

In the second stage, second-order indirect
connections are taken into account. If token y is already
connected to the token £ (i.e., Myk > (), then a weakened
contribution is added to the pair (x, k):

M,; =M, +A(1 = MM, M (13)

xy k>
where 4 < 1 is the scaling factor.

As a result, the resulting graph reflects not only the
co-occurrence of terms in a single sliding window, but
also connections through common contextual neighbors,
which enables the capture of broader contextual
associations.

In the third stage, a damping and thresholding
operation is applied to the matrix M. All weights are
multiplied by a coefficient y € (0, 1), and elements with
a value below the threshold 6 are set to zero:

M, =M, (14)

where M, = 0 for M, <0, vy = 0.9 is the attenuation
coefficient, © = 0.4 1s the threshold coefficient for
removing the connection.

This procedure suppresses random weak connections
to form a more stable graph structure that reflects stable
contextual connections.

Ultimately, the semantic representation of the text in
the ICAN space is defined by a vector of vertex degrees.
For each lemma u, € W, its degree (the sum of the weights
of its outgoing and incoming edges) is calculated):

ki =Z M, + 1M, (15)

Vector k(d) = (k, ..., kmd) reflects the relative
importance of lemmas in the contextual structure of the
text in which high values correspond to terms that play
the role of “nodal points” of the semantic graph.

To integrate with the lexical layer and ontological
foundation, the vector k(d) is projected onto the common
basis of the dictionary V constructed from the passport
corpus. If V.= {v, ..., V\VI}’ then the semantic vector
s(d) € RVl is determined by the formula:

k;, if lemma u; coincides with v i
S (d)= (16)
Next, L, normalization is performed:
. d
sy =D _ (17
lIs(d) Il

which makes semantic vectors comparable in scale and
enables the use of cosine similarity.

4. METRICS OF INFORMATION MORPHISM

Along with the lexical (TF-IDF) layer (previously
defined in Section 3.2), the semantic (ICAN)
layer (previously defined in Section 3.3), defines two
consistent feature spaces, in each of which a document
can be compared with scientific specialty datasets. In
both cases, two groups of metrics are used:

e local, measuring the proximity of the document to
individual fragments of the passport;
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e global, characterizing the proximity of the document
to the centroid of the passport, obtained by averaging
over all its fragments.

These metrics are introduced in a standardized form
and then applied separately in each layer.

Let a normalized feature vector v(d) be constructed
for the input document d, and let a normalized vector u

s,0°
where i = 1, ..., n, be constructed for each chunk c_;
of the passport s. All vectors are normalized and non-
negative.

Then the local metric is defined as the cosine
similarity of the document with a separate passport
chunk vector according to the formula:

CosSimilarity(d, cs,i) = <v(d), u > € [0; 1]. (18)

For each passport s, this defines a set of local
assessments  CosSimilarity(d, c ; ?il, which reflect
how closely the document is comparable in content to
individual fragments of the passport text.

Based on these estimates, an aggregated local
metric MaxSim,, is introduced, taking into account only
a few of the largest matches

r, ;= CosSimilarity(d, cs’l.), i=1,...,n, (19)

and by r,,;=2..2r,, are the values ordered in
. ’ ) . . .
descending order. Then the local estimate for s is given as:

k, = min(k,n,). (20)

ENE

k&'
MaxSim (d, s) =kiz
s j=1

Thus, MaxSim, reflects the presence of multiple
fragments in a passport that are as close as possible to
the document’s content. The choice of the parameter k&
provides a compromise between sensitivity to
narrow matches and robustness to noise, while in the
experimental section, a value of three (k= 3) is used.

The global metric is formed using the passport
centroid in the layer under consideration. For passport s,
the average vector is determined by the formula:

2

After this, normalization is performed; here, the
global measure of closeness of document d to the
passport s is given by the cosine similarity with the
centroid according to the formula:

Centroid Cos(d, s) = (V(d),u, ) =

N

3 <V(d),us>
== ef01]. @)

i=1 H

As a result, in each layer, documents and specialty
passports are linked by a pair of complementary metrics:
MaxSim,(d, s) is a local metric sensitive to the most
relevant fragments of the passport; CentroidCos(d, s) is
a global metric reflecting compliance with the general
topic.

4.1. Hybrid model and integral metric

Local and global metrics defined for the lexical
and semantic layers provide consistent estimates of the
closeness of a document d to a passport s.

These metrics are then combined into a single scalar
value within the corresponding layer, after which the
results of the lexical and semantic layers are aggregated
into a final hybrid metric.

Within each layer, the local and global metrics are
combined using the formula:

S(d, s) = (1 — a)CentroidCos(d, s) + aMaxSim(d, s), (23)

where coefficient o sets the balance between
CentroidCos(d, s), indicating the proximity to the
passport as a whole, and MaxSim(d, s), which highlights
the closest fragments of the passport.

In the TF-IDF lexical layer, increasing o enhances
the contribution of exact terminological matches. This
is due to the fact that, at o > 0.5, the influence of local
maxima of MaxSim, which arise in those passports that
contain fragments with a high concentration of matching
n-grams, increases. The value of a = 0.6 was chosen
empirically based on the validation results as providing
the best quality of classification and recommendation
ranking.

The resulting S(d, s) values for TF-IDF and ICAN
are interpreted as two independent but consistent
assessments of document compliance with the passport.
The first interpretation consists in terms of precise
lexical markers, while the second is considered in terms
of contextual associations. A hybrid metric is introduced
to form the final scalar score:

S(d, 5) = (1 = M)Sp(d; 8) T AS;cpn(@ $), LE[0; 1], (24)

where the parameter A regulates the contribution of the
semantic layer relative to the lexical layer.

At A approaches 1, ICAN graph representations
dominate, increasing robustness to paraphrases and
abbreviations. In the experiments conducted, the values
of app = 0.6, ayan = 0.5, & = 0.5 were empirically
selected to provide a balance between accuracy and
robustness on abstract and article corpora.

From a computational point of view, all components
of the metric S(d, s) are obtained from two vector-matrix
operations of the form r = X x v(d), where X is a matrix
of chunk vectors, while r is a vector of cosine similarities
with all chunks of all passports.

Russian Technological Journal. 2026;14(3):24-42

33



Development of applied tools for establishing information morphism
in the analysis of text documents based on semantic-ontological and graph models

Nikita S. Kurdyukov,
etal.

Formally, from a conceptual point of view, the
value of S(d, s) can be interpreted as the intensity of
information morphism from document d to ontological
entity s: the higher the S(d, s), the more consistently
the content of the text reproduces the lexical-semantic
profile of the corresponding specialty.

4.2. Evaluation of probabilistic morphisms

The integral metric S(d, s) defines a scalar conformity
score for each document d and specialty passport s € O.
In order to transition from a set of such scores to a formal
information morphism, it is necessary to construct
a probability distribution over the ontological set of
passports O.

Let the values S(d, s), ¢ be calculated for a fixed
document d. Then a probability distribution is
introduced based on them using the softmax scheme
with temperature t > 0:

o(S(d.s)-M)/t

Z e(S(d,s)—M)/t ’
g0

P(s|d,1)= (25)

used for numerical

where M =maxS(d,q) is

q<0
stabilization (log-sum-exp normalization). Subtracting M
does not affect the relative probabilities, but
prevents overflow when carrying out exponential
transformations.
Parameter 1 determines the degree of concentration
of the probability distribution:

e whent <« 1, distribution becomes more concentrated,
since even small differences in the values of S(d, s)
lead to a pronounced dominance of one or more
passports;

e when 1~ 1, standard temperature scaling is applied,
in which softmax preserves the typical normalization
behavior of estimates;

e when t > 1, the distribution becomes smoother;
this is convenient when analyzing interdisciplinary
and borderline texts, which are characterized by
the presence of several estimates comparable in

magnitude.
The resulting distribution P(s|d,t) defines
a mapping:
u: D — AO), w(d) = P(s | d, 1), (26)

where D is a set of documents, and A(O) is a simplex of
probability measures on a set of specialty passports.

Here p is interpreted as an information morphism
from the text space to the ontological space O, where
each document is matched with the distribution of
its thematic contribution across normatively defined
areas.

The point solution of the classification problem
corresponds to the passport with the highest probability:

$;(d) =argmax P(s | d,T). 27
NS

5. EXPERIMENTAL EVALUATION

5.1. Results of model validation
based on applicants’ abstracts

The model was validated using a corpus of
124 abstracts submitted by applicants. The corpus covers
sixteen dissertation councils from five organizations:
MIREA - Russian Technological University (RTU MIREA)!,
VF. Utkin Ryazan State Radio Engineering University,
Federal Research Center for Informatics and Management
of the Russian Academy of Sciences?!, V.A. Trapeznikov
Institute of Control Sciences of the Russian Academy of
Sciences??, and Patrice Lumumba Peoples’ Friendship
University of Russia (RUDN)?3.

For each council, abstracts on codes falling within its
area of competence were taken into account, for example,
2.3.2,2.3.5, 2.3.8 for council D24.2.326.09. The official
code of the specialty specified in the dissertation council
data was taken as the reference mark for each document.

For three configurations of the lexical TF-IDF,
semantic ICAN, and hybrid models, two metrics
were evaluated. The first metric is top 1 accuracy, i.e.,
the share of abstracts for which the passport with the
maximum value S(d, s) coincides with the reference
code. The second metric is top 3 accuracy, i.e., the share
of abstracts for which the reference code is among the top
three passports with the highest S(d, s) values.

The aggregation of values across the entire corpus
demonstrates the consistent advantage of the hybrid
model. The average top 1 accuracy across all councils
and documents is approximately 0.58 for TF-IDF,
approximately 0.57 for ICAN, and approximately 0.69 for
the hybrid configuration. For top 3 accuracy, the picture
is even more pronounced. The TF-IDF model gives an
average of about 0.74, while ICAN gives around 0.81,
and the hybrid model reaches about 0.90. That is to say,
in nine out of ten cases, the correct passport is among the
top three closest in value to S(d, s).

A review of the results for individual organizations
shows a similar picture. In the RTU MIREA
samples (Table 1), where councils D24.2.326.09,
D24.2.326.03, D24.2.326.08, and D24.2.326.10 were
analyzed, the average top 1 accuracy for abstracts is

19 https://www.mirea.ru/. Accessed April 04, 2026. (In Russ.).
20 https://rsreu.ru/. Accessed April 04, 2026. (In Russ.).

21 hitps://www.frecsc.ru/. Accessed April 04, 2026. (In Russ.).
22 https://www.ipu.ru/. Accessed April 04, 2026. (In Russ.).
23 https://www.rudn.ru/. Accessed April 04, 2026. (In Russ.).
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approximately 0.54 for TF-IDF and about 0.63 for [CAN.
The hybrid model increases this indicator to 0.75.

According to the top 3 metric, the hybrid configuration
reaches about 0.96, i.e., in almost all cases, the correct
specialty code is among the three most probable.

At VE. Utkin Ryazan State Radio Engineering University
(Table 2), the lexical model for councils D24.2.375.01,
D24.2.375.02, D24.2.375.03, and D99.2.113.02 demonstrates
an average top 1 accuracy of 0.68, while the corresponding
value for ICAN is about 0.61.

At the same time, the semantic layer provides higher
accuracy in the top 3, i.e., approximately 0.89 compared
to 0.78 for TF-IDF.

The hybrid model combines the advantages of both
configurations to achieve an average top 1 accuracy of
around 0.75 and top 3 accuracy of around 0.93.

At the Federal Research Center for Informatics
and Management of the Russian Academy of
Sciences (Table 3), the average top 1 accuracy for councils
D24.1.224.04, D24.1.224.03, and D24.1.224.02 is
about 0.60 for TF-IDF and about 0.50 for ICAN. The
hybrid model increases this indicator to 0.70.

At the same time, according to the top 3 TF-IDF
and ICAN metrics, similar values of around 0.83 are
achieved, while the hybrid configuration reaches a level
of around 0.90.

Table 1. Results of the model for authors’ abstracts at RTU MIREA

Council D24.2.326.09

Council D24.2.326.03

Scientific specialties 2.3.2,2.3.5,2.3.8

Scientific specialties 1.4.7, 1.4.10

Method Accurztig}t/(:::iording Accuril(():}tlozgzgording Method Accur?;:}tloa;clording Accur?(():}tfoegzgording
TF-IDF 0.6 0.7 TF-IDF 0.5 0.63

ICAN 0.7 0.7 ICAN 0.5 0.75

Hybrid 0.8 1 Hybrid 0.63 0.88

Council D24.2.326.08 Council D24.2.326.10
Scientific specialties 1.2.2,2.3.1 Scientific specialty 5.2.3

Method Accuri():}tfoa:ciording Accurilg}tfozg:;ording Method Accurilg}tloa;:(iording Accuris}tfoz:;:(;ording
TF-IDF 0.33 0.67 TF-IDF 0.67 0.67

ICAN 0.67 0.67 ICAN 0.67 1

Hybrid 0.67 1 Hybrid 1 1

Table 2. Results of the model for authors’ abstracts in V.F. Utkin Ryazan State Radio Engineering University

Council D24.2.375.01

Council D24.2.375.02

Scientific specialties 2.3.1, 2.3.5

Scientific specialties 1.3.2, 1.3.11, 2.2.1

Method Accurilg};oz;ciording Accuretlgytfoa;:c;ording Method Accurztig}tlozg:(iording Accurztig}tlof;cgording
TF-IDF 0.67 0.67 TF-IDF 0.67 0.83

ICAN 0.67 1 ICAN 0.5 0.83

Hybrid 0.67 0.67 Hybrid 0.5 0.83

Council D24.2.375.03 Council D99.2.113.02
Scientific specialties 2.2.11, 2.2.12, 2.2.13 Scientific specialty 2.3.8

Method Accurztigytloa;cclording Accurii(c):)tloe;cc;ording Method Accurztig)tfoa;cclording Accurzs:):;t/oa;cgording
TF-IDF 0.69 0.81 TF-IDF 0.67 0.67

ICAN 0.63 0.94 ICAN 0.67 0.67

Hybrid 0.81 1 Hybrid 1 1
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Table 3. Results of the model for authors’ abstracts at the Federal Research Center for Informatics and Management
of the Russian Academy of Sciences

Council D24.1.224.04 Council D24.1.224.03 Council D24.1.224.02
Scientific specialties 2.3.2, 2.3.5,2.3.6 Scientific specialties 1.2.1, 1.2.3,2.3.8 Scientific specialties 1.1.2, 1.1.6, 1.1.9
Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
Method according according Method according according Method according according
to top 1 to top 3 to top 1 to top 3 to top 1 to top 3

TF-IDF 0.67 1 TF-IDF 0.56 0.78 TF-IDF 0.67 0.89

ICAN 0.67 1 ICAN 0.39 0.83 ICAN 0.67 0.78

Hybrid 1 1 Hybrid 0.61 0.89 Hybrid 0.78 0.89

At the V.A. Trapeznikov Institute of Control
Sciences of the Russian Academy of Sciences (Table 4),
where the corpus includes five abstracts from council
D24.1.107.02, the results should be interpreted with
caution due to the small sample size. In this group, the
ICAN semantic model gives the best top 1 accuracy of
about 0.60 compared to 0.40 for TF-IDF.

While the hybrid configuration maintains
a top 1 level of around 0.60, it does not surpass the
semantic branch in terms of top 3.

At RUDN (Table 5), the average top 1 TF-IDF
and ICAN accuracy for four councils PDS 0300.004,
PDS 2028.001, PDS 0900.006, and PDS 0200.002 is
close, amounting to approximately 0.54.

The hybrid model increases this indicator to 0.62.
For the top 3 lexical and semantic configurations, the
values are around 0.70 and 0.78, while the hybrid model
reaches about 0.89. Significant gains are observed on
individual councils.

Table 4. Results of the model for authors’ abstracts
at the V.A. Trapeznikov Institute of Control Sciences
of the Russian Academy of Sciences

Council D24.1.107.02

Scientific specialties 2.3.1, 2.3.4

Method Accuracy according | Accuracy according
to top 1 to top 3

TF-IDF 0.4 0.6

ICAN 0.6 0.8

Hybrid 0.6 0.6

For PDS 2028.001, the hybrid model improves the
top 3 accuracy from 0.56 for TF-IDF and 0.78 for ICAN
to unity. For PDS 0200.002, the hybrid configuration also
increases the top 3 accuracy to unity while maintaining
high top 1 accuracy.

Table 5. Results of the model for authors’ abstracts at RUDN University

Council PDS 0300.004 Council PDS 2028.001
Scientific specialties 3.1.18, 3.1.20, 3.3.6 Scientific specialties 5.8.1, 5.8.7
Method Accuril;:}t/;::iording Accurztig};oeg:(gording Method Accuril;:}tloeg:iording Accurztig};ozii:gording
TF-IDF 0.56 0.75 TF-IDF 0.44 0.56
ICAN 0.44 0.81 ICAN 0.44 0.78
Hybrid 0.56 0.81 Hybrid 0.56 1
Council PDS 0900.006 Council PDS 0200.002
Scientific specialty 5.1.4 Scientific specialties 1.4.1, 1.4.3, 1.4.4
Method Accurilg}tloz;;:iording Accuratlg};oa;:gording Method Accurzc):};oaifciording Accurig};oz;;:;ording
TF-IDF 0.4 0.6 TF-IDF 0.71 0.86
ICAN 0.8 0.8 ICAN 0.71 0.71
Hybrid 0.8 0.8 Hybrid 0.71 1
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Table 6. Results of the evaluation of scientific articles by broad scientific fields

Accuracy for each broad scientific field
Method 1. Natural 2. Engineering 3. Medical 4. Agricultural 5. Social sciences
sciences sciences sciences sciences and humanities
TF-IDF 0.85 0.87 0.85 0.86 0.83
ICAN 0.79 0.72 0.74 0.9 0.91
Hybrid 0.9 0.88 0.93 0.92 0.94

Thus, validation on the corpus of applicants’
abstracts demonstrates the stable and interpretable
quality of specialty code recovery using the proposed
semantic-ontological model in a hybrid configuration.

In most cases, the correct passport ends up in
a narrow set of the most likely candidates, making
the model suitable both for automated support in
selecting a specialty code and for analyzing alternative
thematically related areas.

5.2. Results of model validation in scientific
articles published in the VAK list

The model was validated using scientific articles
from a corpus of publications from journals included in
the current VAK list. Since these journals are known to
represent broad scientific fields and groups of scientific
specialties, it was possible to conduct an assessment
both at the aggregate level of fields and at the level of
passport groups.

The first experiment analyzed the accuracy of
assigning an article to a broad field of science. After
determining the reference field based on the journal’s
profile in the VAK list, the predicted field was calculated
based on the passport with the maximum value of S(d, s).
The results show differences in the behavior of lexical,
semantic, and hybrid configurations (Table 6).

The TF-IDF method demonstrates the greatest
stability in natural and engineering sciences, where the
top 1 accuracy is 0.85 and 0.87, respectively. In medical
and agricultural sciences, the accuracy of TF-IDF
is 0.85 and 0.86, respectively, while in social sciences
and humanities, it is 0.83. This is consistent with the fact
that in natural sciences and technical fields, terminology
is more standardized and closer to the wording of
passports.

The ICAN semantic model performs significantly
better in cases where the language of publications is
more variable. In the social sciences and humanities, its
accuracy reaches 0.91, compared to 0.83 for TF-IDF.
In agricultural sciences, ICAN scores 0.90 compared
to 0.86 for TF-IDF. The slight inferiority of ICAN to

the lexical model in natural, engineering, and medical
sciences reflects the dependence of the purely semantic
layer on the quality of local graphs in terminology-rich
but well-standardized fields.

The hybrid configuration combines the strengths
of both approaches. Across all five broad areas, it
yields the highest top 1 accuracy values. For natural
sciences, the accuracy is 0.90; for engineering, 0.88;
for medicine, 0.93; for agriculture, 0.92; and for social
sciences and humanities, 0.94. Thus, when moving
to a higher level of aggregation, the hybrid model
almost always corrects the errors of each of the single
configurations to ensure the most stable behavior.

The second experiment evaluated the accuracy of
restoring groups of scientific specialties. For each article,
a vector S(d, s) was formed for all passports, after which
the predicted group was determined by the passport
with the maximum value of S(d, s). The reference
group was set according to the declared specialization
of the journal. Here, the top 1 and top 3 metrics were
analyzed (Table 7).

Table 7. Results of the evaluation of scientific articles
by groups of scientific specialties

Method ACCUI?S};OeLC(iOrding Accuratlg};oe;:gording
TF-IDF 0.9 0.94

ICAN 0.87 0.97

Hybrid 0.91 0.96

Atthe specialty group level, the TF-IDF lexical model
achieves a top 1 accuracy of 0.90 and a top 3 accuracy
of 0.94. The ICAN semantic model gives a slightly
lower top 1 accuracy of 0.87, but a higher top 3 accuracy
0f 0.97. This means that ICAN is slightly more likely to
make a mistake in selecting the single closest passport,
but almost always includes the correct group among the
three most likely options.
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The hybrid model retains the best top 1 value
of 0.91, while providing high top 3 accuracy of 0.96.
While not outperforming ICAN in terms of top 3, it
provides a more balanced ratio between the accuracy
of the first choice and the completeness of the top three
groups. In the context of recommendation ranking
tasks based on codes, this configuration is the most
practical, since the main code can be reliably suggested
to simultaneously form a content-relevant list of
alternative specialties.

Overall, the results for articles from journals
included in the VAK list confirm the conclusions made
based on the abstracts. The lexical model works best
in areas with a rigidly defined nomenclature, while the
semantic model is particularly useful in the humanities
and related fields, and the hybrid configuration provides
the most stable quality at all levels of aggregation to
provide interpretable probability profiles by scientific
specialty group.

5.3. Comparison of a graph-based
semantic-ontological model with large
language models

To evaluate the proposed model, we compared it
with a number of large language models applied in

classification mode without retraining. In all cases,
the same task was established: to restore the specialty
code or the closest passport based on the text of the
document. Top 1 accuracy and top 3 accuracy were
calculated on corpora of abstracts and scientific
articles (Table 8).

According to the abstracts, the hybrid graph
semantic-ontological model gives a top 1 accuracy
of 0.69 and a top 3 accuracy of 0.90. The lexical
TF-IDF model and semantic ICAN are inferior to it
in both metrics (0.58 for TF-IDF and 0.74 for ICAN,
0.57 and 0.81, respectively). Among large language
models, the ChatGPT 5.2 Thinking?* configuration
achieves the best values, with a top 1 accuracy
of 0.79 and a top 3 accuracy of 0.84. The ChatGPT 402
model performs at 0.71 and 0.73, DeepSeek?®
at 0.61 and 0.70, LLaMA?27 at 0.57 and 0.63, while
Alice Al (YandexGPT)?® lags significantly behind all
options, scoring 0.46 and 0.52. Thus, while the large
language model ChatGPT 5.2 Thinking outperforms
the hybrid scheme in terms of first choice accuracy
according to the abstracts, the graph semantic-
ontological model provides higher completeness
for the three closest specialties to form a fuzzy but
substantively stable profile of similarities based
on passports.

Table 8. Results of comparing a graph-based semantic ontology model with large language models

Authors’ abstracts Articles

Method accofdcifll;rétlg}t’op 1 accoidci:;r?g}t’op 3 Method accolr\dcifl;ratlg}‘:op 1 accolr\dci(lzl;ratlg}‘:op 3
TF-IDF 0.58 0.74 TF-IDF 0.85 0.86
ICAN 0.57 0.81 ICAN 0.81 0.84
Hybrid 0.69 0.9 Hybrid 0.91 0.93
ChatGPT 40 0.71 0.73 ChatGPT 4o 0.8 0.82
ChatGPT 5.2 Thinking 0.79 0.84 ChatGPT 5.2 Thinking 0.82 0.97
Alice Al (YandexGPT) 0.46 0.52 Alice Al (YandexGPT) 0.56 0.69
LLaMA 0.57 0.63 LLaMA 0.62 0.67
DeepSeek 0.61 0.7 DeepSeek 0.79 0.84

24 https://openai.com/ru-RU/index/introducing-gpt-5-2/. Accessed April 04, 2026. (In Russ.).
25 https://openai.com/ru-RU/index/hello-gpt-40/. Accessed April 04, 2026. (In Russ.).

26 https://www.deepseek.com/. Accessed April 04, 2026.
27 https://www.llama.com/. Accessed April 04, 2026.
28 https://alice.yandex.ru/. Accessed April 04, 2026. (In Russ.).
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According to scientific articles from journals listed
in the VAK catalog, the picture is different. The hybrid
model achieves a top 1 accuracy of 0.91 and
a top 3 accuracy of 0.93. The lexical TF-IDF
model gives an accuracy of 0.85 and 0.86, while
the corresponding ICAN scores are 0.81 and 0.84,
respectively. Among large language models,
ChatGPT 40 shows an accuracy of 0.80 and 0.82, while
ChatGPT 5.2 Thinking gives 0.82 and 0.97, DeepSeek
shows 0.79 and 0.84, LLaMA shows 0.62 and 0.67,
and Alice Al shows 0.56 and 0.69. According to
the top 1 metric, the hybrid model outperforms all
language models by nine to fifteen percentage points.
According to the top 3 metric, ChatGPT 5.2 Thinking
shows the best result (0.97), while the hybrid model
gives a slightly lower value of 0.93, but remaining
significantly higher than the other configurations. This
means that when classifying articles, the proposed
graph semantic-ontological scheme better captures
the main passport, while large language models more
often include the correct specialty code in a wide set
of closest candidates.

The differences in behavior are consistent with the
nature of the approaches being compared. The graph-
based semantic-ontological model, which is tightly
bound to the texts of specialty passports, uses them as
an ontological basis to factor solutions into interpretable
TF-IDF and ICAN components.

This effect is particularly noticeable in articles
from journals included in the VAK list, where the
wording is closer to the normative language of
passports. Large language models, which rely on
generalized representations of scientific disciplines,
often take into account context that is not reflected
in passport texts, Therefore, in abstracts that contain
detailed reviews, references to related fields, and
less formalized presentation, the best ChatGPT
configurations demonstrate higher accuracy in the
first choice, but lose some of their interpretability and
controllability.

The comparison shows that the proposed graph
semantic-ontological model is comparable to modern
language models in terms of classification quality,
surpassing them in a number of metrics in scenarios
where strict consistency with passport texts is
important, while remaining significantly cheaper
in terms of computational costs, as well as more
transparent in terms of the structure of the decisions
made.

Large language models should be viewed as an
additional tool that complements rather than replacing
ontology-oriented schemas. This is especially relevant
in expert support tasks that require both quantitative
scoring and explicit linking of results to normative
descriptions of scientific disciplines.

6. DISCUSSION OF RESULTS
AND CONCLUSION

The graph-based semantic-ontological model of
scientific text analysis presented in this work is based
on the VAK specialty passports, which are used both
as textual descriptions of subject areas and as a source
of ontological feature space. After forming a unified
dictionary of lemmas and stable phrases based on the
texts of the passports, the passports themselves, as well
as the dissertation abstracts and scientific articles, can be
described in this database.

The similarity ofa document to the code of a scientific
specialty is interpreted through the consistency of the
text content with the normative description of the field.

At the same time, the semantic-ontological space
has two coordinated layers. The lexical layer is built
on the basis of TF-IDF vectors, which record the use
of terms and terminological combinations selected from
the passport chunk corpus. The semantic layer, which
is based on the ICAN model, describes the text through
a graph of co-occurring lemmas and the degree of its
vertices. This supports paraphrasing, synonymy, the use
of abbreviations, and terms scattered throughout the text,
while maintaining a link to the same ontological basis.
Thus, the hybrid metric based on lexical and semantic
approaches combines local and global metrics in each
layer.

Experimental results on abstracts show that the
hybrid model systematically outperforms individual
lexical and semantic approaches in terms of accuracy.
The TF-IDF-based lexical model, which provides high
accuracy where terminology is standardized, closely
matches the wording of abstracts, while the semantic
model is particularly useful in fields involving a freer
scientific style, including active use of abbreviations and
variable descriptions of the research subject.

Aggregated indicators for broad areas of knowledge
confirm the observed pattern. For social sciences and
humanities, the semantic layer plays a critical role in
improving ranking quality, since thematic boundaries
are often expressed through complex formulations and
contextual markers. For a significant portion of technical
and natural science specialties, the lexical layer already
provides a high baseline level of quality, while the
semantic layer refines the document profile in cases of
similar codes and borderline topics. Thus, the model
demonstrates behavior that can be explained in terms
of content and is consistent with the peculiarities of the
terminological structure of different scientific fields.

Further development of the model can take several
directions. One of these involves the formation of lexemes
and terminological combinations of passports with
external ontologies, knowledge bases, and specialized
terminological resources. This will permit a movement
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from a textual ontological basis to a more formalized
multi-domain ontology. In addition, it is possible to add
contextual embeddings and neural network models as an
additional layer on top of the existing TF-IDF and ICAN
schemas while maintaining interpretability through
decomposition on an ontological basis.

A separate task is the optimization of parameters on
validation samples and analysis of their dependence on
the field of knowledge and document type.

In conclusion, it can be confirmed that the graph-
based semantic-ontological model based on the texts of
the VAK specialty passports demonstrates the possibility
of transforming the normative corpus into a working
ontological space for quantitative analysis of scientific
texts. The results obtained for abstracts and scientific
articles show that this approach can serve as a basis
both in the provision of automated support for expert
decision-making, as well as for monitoring the structure
of scientific knowledge within a given normative
ontology.
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