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This article explores the possibilities and prospects of using semantic neural networks
(SNNs) for analyzing the quality of virtual learning environments (VLEs), which has
become increasingly relevant in the context of education digitalization. Semantic neural
models such as BERT, RoBERTa, and GPT provide deep comprehension of educational
content, enable the interpretation of logical-semantic relationships in texts, and uncover
hidden patterns of perception and emotional tone in learning materials. The study defines
key parameters that characterize VLE quality, including lexical richness, coherence,
emotional polarity, and content relevance.

Special attention is given to applied analysis of student feedback, forums, and test
materials, which are automatically processed by SNNs to assess teaching quality, course
structure, and the level of interactivity. The author proposes a basic methodology for
semantic analysis tailored to educational platforms, outlines the architecture of the mo-
del, and describes its training process based on specialized educational corpora.

The article examines both the advantages and limitations of integrating such models
into higher education and the potential for embedding them into LMS systems and
feedback support services. The practical value of the study lies in providing a scalable,
objective, and efficient toolkit for assessing the quality of VLEs in order to improve the
learning process.
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Statement of the problem. In today’s environment of rapid development of distance
learning and digitization of educational processes, there is an urgent need to develop
new tools for assessing the quality of virtual learning environments (VLEs). Traditional
analysis methods, which rely mainly on expert assessments, performance statistics, and
questionnaires, do not provide sufficient depth, objectivity, and scalability of analysis,
especially in conditions of large numbers of students, asynchronous interaction, and
heterogeneity of educational content.

One promising area for improving VLE monitoring is the use of semantic neural
networks (SNNs), which not only classify textual information but also identify meaningful
relationships between content and user behavior. At the same time, the implementation
of SNNs is accompanied by a number of challenges, particularly regarding the choice
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of architecture, data processing, quality assessment, and integration of results into the
educational analytics system.

Currently, there is insufficient research on the practical implementation of SNN
models for analyzing the quality of virtual learning environments, taking into account
the specifics of educational content, the characteristics of online courses, and the need
for feedback. The lack of a systematic approach complicates the creation of flexible, ac-
curate, and understandable models. Thus, the problem arises of developing conceptual
and applied foundations for building an SNN model for qualitative analysis of VLEs,
which will contribute to the development of automated monitoring, course adaptation,
and decision support on digital educational platforms.

Analysis of recent studies and publications. An analysis of recent studies and
publications on the subject helps to outline the scientific context in which the research
is developing. Many authors emphasize that semantic approaches are increasingly used
not only in classical NLP tasks, but also in educational systems for monitoring, content
analysis, and user interaction. Work [1] presents a virtual dataset, including automatic
annotations (semantic augmentation) and a comparison of methods with a semantic
component in VLEs. The authors directly link semantic analysis to virtual educational
environments and show that adding semantics improves the quality of analysis. In studies
[2], a neural network with attention mechanisms is used to predict student outcomes
based on various factors of learning experience. The paper emphasizes the role of
contextualization (through attention) in modeling the learning process, which brings us
closer to the idea of SNN, which works with semantic connections between content and
interaction. Article [3] discusses semantic network, clustering, and ANNs technologies
for personalized learning, providing a historical basis for the application of semantic
approaches in e-learning, which creates the prerequisites for modern SNNs.

Most studies focus either on big data analytics or content semantics, but do not
combine both within a model integrated into VLE. There are few studies devoted spe-
cifically to semantic neural networks (SNNs) in the context of virtual learning envi-
ronments. Also, many neural networks analyze but do not explain what semantic con-
nections have been identified. Publications also lack standardized approaches to content
quality metrics in VLEs with a semantic component.

As shown above, the scientific community has already accumulated considerable
experience in the application of neural networks and semantic technologies in education.
However, a systematic approach that comprehensively combines semantic content ana-
lysis, user behavior, and the quality of the learning environment in the form of an SNN
model architecture for VLESs is rarely found. Our article aims to fill this gap by proposing
methodological principles, model architecture, and evaluation methods that take into
account the semantics of educational content and user interaction—that is, an integrated
approach that is still underrepresented in the literature.

Purpose of the article. The purpose of the article is to study the possibility of
using semantic neural networks in the tasks of comprehensive analysis of the quality of
a virtual learning environment, with an emphasis on semantic processing of educational
texts, communicative messages, and student feedback.
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Presentation of the main research material. Over the past decade, there has
been rapid development in distance learning. Educational institutions around the world
have been forced or have strategically switched to using virtual learning environments
(VLEs) [4], e-learning platforms, learning management systems (LMS) [5], massive
open online courses (MOOCs) [6], and hybrid forms of teaching. On the one hand, this
has significantly expanded access to education, but on the other hand, it has posed new
challenges, particularly in terms of ensuring the quality of the educational process in a
digital format.

In such conditions, traditional methods of assessing learning effectiveness based
on statistical surveys, expert analyses, or manual content review are insufficient for
scalable digital environments that generate large amounts of text data every day, from
lecture materials to student comments in forums. As a result, there is an urgent need to
implement the latest methods of intelligent data analysis, which allow not only quick
but also in-depth interpretation of the informational context, emotional background,
coherence of knowledge, and user feedback.

One of the promising technologies in this area is semantic neural networks—
deep learning architectures capable of modeling and interpreting text content based on
context, logic, and intonation. They are used in areas ranging from automated chatbots
to public opinion analytics, and are now becoming increasingly important in the field of
educational technology, where the quality of educational content and interaction with it
is coming to the fore.

Despite the availability of numerous digital platforms and training courses, the
question remains: how can the quality of the learning environment be assessed objec-
tively, scalably, and flexibly without involving experts manually? Is it possible to create
a tool that will automatically record not only technical indicators (attendance, test
completion), but also the semantic quality of content, logical structure, coherence of
knowledge, as well as the mood and needs of the user?

Traditional analytical tools are limited to lexical analysis or superficial assessment
of emotional tone. At the same time, new-generation semantic models—such as
BERT, RoBERTa, GPT, etc. — allow for the construction of more accurate predictive
and analytical algorithms, the identification of hidden patterns in communications, the
tracking of cognitive load, the identification of information gaps in courses, and the
study of interactive communication between students, teachers, and the platform.

The object of the study is the virtual learning environment as a system of user
interaction with digital educational content.

The subject of the study is the semantic analysis of text elements of the VLE using
neural networks.

The following methods were used for the research: computational linguistics,
machine learning methods, analysis of educational corpora, comparative evaluation of
models, content analysis, and elemental analysis of feedback.

The scientific novelty of the research lies in the attempt to apply deep semantic
models of neural networks specifically in the context of evaluating educational content,
which goes beyond purely technical or lexical analytics. The paper proposes a proprietary
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methodology for evaluating the quality of VNS, which takes into account not only
objective content parameters, but also the subjective experience of the user, expressed
through emotional-semantic analysis.

The diagram in Fig. 1 illustrates the role of a semantic neural network (SNN) in the
architecture of digital education. It demonstrates how SNN analyzes educational content
and user behavior and generates feedback to improve the learning environment.
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Fig. 1. The role of semantic neural networks (SNN) in the architecture of digital education

Semantic analysis in the context of digital education is considered a method of
intellectual processing of textual, graphic, or audiovisual information that enables the
recognition of meanings, the identification of hidden connections between concepts, and
the structuring of knowledge. Its theoretical basis is semantic ontology, a formalized
model that describes a subject area using concepts, attributes, and relationships between
them.

In the field of virtual learning environments (VLEs), such technologies allow for a
deeper analysis of the content of educational materials and the identification of semantic
correspondence between the course objectives, user requests, and student activity.
Among the key tools are semantic neural networks (SNNs), which mimic the human
brain’s ability to interpret meanings depending on context [§].

A semantic neural network is a type of artificial neural network designed to work with
semantic information, not just structured data. It is capable of interpreting the meaning
of words in context, performing thematic grouping, content filtering, and classifying
educational resources according to semantic parameters.

Unlike traditional machine learning algorithms, SNN operates not only with sta-
tistical relationships between words or phrases, but also with a system of concepts—for-
mally represented meanings and logical relationships between them. This allows it, for
example, to assess the relevance of user queries to lecture content, recognize ambiguities
in terms, filter out duplicates, and evaluate the completeness and relevance of content.

A virtual educational environment is a set of platforms, resources, and tools that
enable interaction between teachers, students, and educational content. Semantic analysis
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of such an environment involves processing the following components: educational
materials (lectures, presentations, videos, textbooks); user behavior patterns (number of
transitions, reading time, scrolling depth, communicative activity); platform structure
(sequence of modules, links between topics); feedback (forms, tests, surveys). [9]

Semantic neural networks in this context can act as an analytical module (Fig. 2)
that automatically evaluates: the relevance of educational content to learning objectives;
the dynamics of student understanding of terms and concepts; weaknesses in the course
structure; the risk of cognitive overload or loss of interest [10].

SNN FOR :
D CONTENT ANALYSIS \\O
fIn J CONTENT
CONTENT
i INSIGHTS
«—J SNN FOR L
CONTENT
USER ANALYSIS RECOMMENDATIONS
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Fig. 2. Connections between components of the semantic neural network (SNN)
system integrated into the distance learning platform

The following semantic analysis methods are used in digital education research:
Latent Semantic Analysis (LSA)—amethod that allows finding latent (hidden) connections
between concepts in educational content; Word2Vec / FastText — vectorization models
that construct a semantic space of concepts, allowing their proximity to be measured;
BERT and GPT-like models — transformers that provide context-dependent analysis
of the meaning of concepts in texts[13]; Knowledge Graphs + NLP — semantic graphs
that structure knowledge in the form of nodes and relationships, integrated with natural
language processing. Thus, these methods are used both for analyzing the qualitative
parameters of content and for evaluating student interaction with the virtual environment,
in particular: behavioral trajectories, semantic enrichment of the learning experience,
and the level of individualization of learning.

Table 1 below presents a brief comparative description of the most common ap-
proaches to semantic analysis used to study the quality of virtual educational environ-
ments [12].

In summary, it can be argued that the use of semantic technologies, in particular
semantic neural networks, in the field of virtual learning opens up wide opportunities
for in-depth analysis of the quality of the educational process, identification of semantic
gaps in content, and the formation of personalized learning trajectories. This allows us
to move from traditional forms of assessment to intelligent adaptive analytics, where the
result not only records the student’s activity but also explains the reasons for success or
failure based on the semantic context of their actions.
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in virtual learning environments
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o, | DS e | 20 e v
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. cational content autoencoders | ping mate- ret; sensitivity
Clustering .
rials to parameters
Graph Neural | Analysis of student | GNN + Models user .
. . . . Requires struc-
4 | Networks actions in LMS, semantic behavior tured loe data
(GNN) logs, interactions layer well &
Rec.ommen- Generation Of. Seq2Seq, Personaliza- | The need for
dation SNN recommendations, .
5 . RecSys tion, seman- | large amounts
(Seq2Seq / construction of . .
. . . Transformers | tic relevance | of training data
Transformer) | learning trajectories

Considering the practical aspects of building an SNN model for analyzing a virtual
learning environment, we will describe the model architecture, select data for training,
and methods for its evaluation.

The semantic neural network model, focused on analyzing educational content
in VNS, is usually based on modern transformer architectures. Structurally, the SNN
model consists of several functional modules, including: the Text Preprocessing Layer
performs tokenization, cleaning, and normalization of educational text (e.g., lectures,
assignments, forums); Embedding Layer, which uses contextual vector representations
(e.g., BERT, RoBERTa, DistilBERT) that take into account the semantics of educational
content; The Semantic Core Layer is a multi-level transformer structure for identifying
connections between educational elements: topics, complexity categories, cognitive
levels (according to Bloom’s taxonomy), linguistic patterns, etc. Interpretation Block
determines quality indicators: coherence, completeness, compliance with standards, rea-
dability, etc.; and finally, the Decision Layer module classifies or evaluates content on
a quality scale, taking into account the context of user interaction (number of scrolls,
reading time, participation in forums, etc.) [10, 13].

To train SNN models in the context of educational platforms, it is important to
ensure the availability of a representative corpus of text and behavioral data. Such
data includes: lecture materials (structured and unstructured PDF, HTML, DOCX);
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descriptive elements of tests, assignments, courses; forums and chats in VLEs (Moodle,
Canvas, Google Classroom, etc.); user activity log files; expert annotations that indicate
deficiencies in content (manual labeling) [10]; quality indicators: readability, Flesch
Index, thematic completeness, compliance with the course program. Data augmentation
may include translation, synonym replacement, structure distortion (e.g., paragraph
rearrangement) to increase the diversity of input examples.

The SNN model is trained in supervised or semi-supervised learning mode, depen-
ding on the amount of labeled data, in particular: loss function: categorical cross-entropy
loss (Categorical Cross-Entropy); optimizers: Adam, AdamW; regularization methods:
Dropout, Weight Decay; reinforcement learning: can be used to optimize the system’s
responses to user feedback.

To evaluate the quality of the semantic analysis model in the VNS, both classical
classification metrics and interpretative indicators were used (Table 2).

Table 2
Metrics Purpose
Accuracy / Precision / Recall Classification standards
Fl-score Balance between precision and recall
ROUGE / BLEU Semantic correspondence of the conclusion
Semantic Coherence Index Assessment of the logical coherence of the text
Readability Index (Flesch) Calculating text complexity
Coverage Ratio Covering topics or learning outcomes
User Feedback Score Indirect quality assessment based on reviews

Analyzing the possibilities of implementing the model, it can be argued that it can
be implemented in PyTorch, TensorFlow, or HuggingFace Transformers environments
using the following infrastructure: GPU/TPU computing; integration into LMS via
REST API, JSON interfaces; quality monitoring using the TensorBoard or Weights &
Biases platform [12].

The diagram of the architecture of the semantic neural network (SNN) model
integrated into the distance learning platform reflects the sequence of data processing—
from the collection of educational information to the analysis of the quality of user
interaction (Fig. 3).

Figure 4 shows a diagram comparing educational environment analysis models —
SNN, LSA, LDA, and BERT.

Analyzing the research results, we can conclude that SNN is the most comprehensive
and context-sensitive approach, particularly effective in personalized learning and
monitoring student interaction with VNS. LSA and LDA are statistical methods suitable
for high-level thematic analysis, but they do not capture deep semantic relationships.
BERT provides high quality thanks to powerful language representations, but without
semantic structure (as in SNN), it may miss deep cognitive connections between elements
of educational content.
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Fig. 3. Diagram of the architecture of the semantic neural network (SNN)
model integrated into the distance learning platform
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Fig. 4. Diagram comparing models for analyzing educational environments —
SNN, LSA, LDA, BERT
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Conclusion. Methods based on semantic neural networks demonstrate high effi-
ciency in tasks related to in-depth content analysis, assessment of learning trajectories,
development of recommendations, and monitoring of learning quality. At the same
time, they require a well-thought-out data architecture, preliminary preparation of
training corpora, and significant computing resources. The optimal approach is to
combine several methods depending on the specifics of the data and the goals of the
analysis.

The practical significance of the work lies in the applicability of the developed
approach: for automated monitoring of the quality of online courses; support for adaptive
learning; improvement of LMS with intelligent feedback; for analyzing the motivational,
cognitive, and social aspects of interaction with the learning environment.
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BUKOPUCTAHHA CEMAHTUYHOI HEMPOHHOI MEPEXI B 3AJTAYAX
AHAJII3Y AKOCTI BIPTYAJIBHOI'O HABYAJIBHOTI'O CEPEJJOBHIIIA

P. A. Cenbmencekutii , B. 3. Maik

Hayionanonuu ynieepcumem «Jlveiecvka nonimexmnixay,
gyn. 11io Tonockom, 19, Jlveis, 79020, Ykpaina
ruslan.a.selmenskyi@lpnu.ua

Y cmammi O0ocnidoiceno moxicau8ocmi GUKOPUCIAHHS CEMAHMUYHUX HEUPOHHUX
mepedic 0I5t OYiHKU AKOCI 8ipmyanvHoeo Haguanwbioeo cepedosuuja (BHC). Poszenaoa-
I0MbCA MEOPEMUUHI 3Acaol CEMAHMUYHO20 AHANI3ZY, aPXIMEKmypa HeupOHHUX Mepedic,
cneyucghixa napamempusayii oceimuix danux. Ilpoananizoeano npuxiaou 3acmocyea-
Hsl Hetipomepedic OJis GUABTIEHHS 3MICTNOGUX MA eMOYIUHUX XAPAKMEPUCTIUK OC8IMHBO2O
Konmenny. OOIPYHMOBAHO NePCNEKMUBY iHme2payii WmyuHoeo iHmenexkmy 6 agmoma-
MU308AHY OYIHKY OCBIMHBO2O Cepedosulyda.

Y pobomi apeymenmosano moxcausocmi ma nepcnekmuby 6UKOPUCMAaHHA CeMaH-
muunux Hetponnux mepedc (CHM) ons ananizy akocmi ipmyansHO20 HAGYATILHOZO Ce-
peoosuua (BHC), wo cmae éce Oinbur akmyansHum y KOHmekcmi yughposizayii oceimu.
Cemanmuuni netipomepedxnci, sokpema modeni muny BERT, RoBERTa ma GPT, 3a6esne-
YYIOMy 2UOOKE POIVYMIHHS 3MICTIY HABUATLHO20 KOHMEHMY, 003601510Mb iHmepnpemy-
8aMu J102IKO-CMUCTOBI 36 'A3KU 6 MEKCIAX, 8UAGNAMU NPUXOBAHT NAMEPHU CRPULHAINMSL
ma emMoyitiHo2o 3a0apénents 0C8Imuix mamepiania. Y cmammi GUSHAYEHO KIIOYO8I Na-
pamempu, wo xapaxmepusyroms axicmo BHC: nekcuuna nacuuenicms, Ko2epeHmHicmo,
eMOYiliHa NOAPHICIb MA peneeaHmHicms 3MIicmy.

Ocobnuea ysaea npudinena NPUKIAOHOMY AHANIZY CMYOEHMCbKUX 6i02YKi6, (o-
Ppymis i mecmogux mamepianis, wo agmomamuuno onpayvogyiomsca CHM ons oyinku
AKOCMI BUKAAOAHHSA, CMPYKIMYPU HABUATLHO20 KYPCY Ma IHMEpaKmugHoCmi 63aeMo0ii.
Aemopom 3anponoHogano 6a308y MemoOUKy CeMAHMUYHO20 AHANIZY Ol OCEIMHIX
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naamgopm, OnUCAHO apxXimexkmypy Mooeii ma 102Ky il HABUAHHA HA CReylani308aHUX
Kopnycax mekcmis.

Posenanymo nepesacu ma oomedcenHss 6npo6adINCeHHs MAKUX Mooenel y GUufy
oceimy, a maxoxc nomenyian inmezpayii 6 cucmemu LMS ma cepgicu niompumxu 360-
pomuoeo 38 ’a3ky. [Ipakmuuna yiHHicms 00CII0NCEHHS NOISA2AE Y (DOPMYBAHHT THCMPY-
MeHmapio 015 weuokoi, 06’ exkmusnoi ma macwmabosanoi oyinku sskocmi BHC 3 me-
MOI0 600CKOHANEHHS HABUATLHO20 NPOYECY.

Knrouosi cnosa: cemanmuyna neiponna mepedica; ananiz AKOCMIi, 8ipmyaivHe Ha6-
yanvbHe cepedosuuye, OC8IMH AHATIMUKA, eTUOUHHE HABYAHHS, 0OPOOKA NPUPOOHOI MO-
68U, KOCHIMUBHI MEXHONO02IL, OUCMAanyiliie HAGUAHHS.
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