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Abstract— The study aims to evaluate educational material
using modern text processing and analysis methods. The work
helps determine how easily students understand the text, its
structure, the use of difficult-to-understand terms, and more.
Analyzing the educational material facilitates decisions on the
feasibility of publishing new student textbooks.
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. INTRODUCTION

Digital transformation is gradually permeating virtually
every aspect of our lives. Significant changes leading to the
transition from third-generation industry to Industry 4.0
involve the use of advanced technologies such as the Internet
of Things, artificial intelligence, big data, automation, and the
digitalization of various processes.

Il. MODERN CONDTIONS IN EDUCATION DEVELOPMENT

A. New Challenges in Education

Industry 4.0 and the digitalization of higher education
offer numerous opportunities for the development and
improvement of educational processes [1 - 4]. They stimulate
changes in approaches to teaching, opening up new formats
and resources for student learning. However, the key is the
ability to adapt to a rapidly changing world and utilize
advanced technologies to achieve better results. To harness
this potential, universities are shifting their focus to student
participation and independent research. These processes are
constantly interacting with each other and with the
environment. It creates new challenges, such as the
development of relevant curricula that meet student needs and
the demands of the modern labour market [5 - 9]. The
digitalization of education also raises issues of data security
and privacy, the need to develop information literacy, and
copyright compliance.

In these conditions a huge amount of new methodological
material in various formats is emerging. The problem of
assessing the quality of methodological materials has long
been relevant. There are well-known methods for determining
the quality of such materials. These are primarily expert
assessments that take into account the inclusion of topics in
methodological materials that meet the requirements of the
Federal State Educational Standard (FSES) and educational
programs. Educational and methodological literature is
created by people, and their views may be biased, perhaps
focusing on only one scientific school, or may become
outdated, etc.

Currently, there is no clear concept for determining the
impact of the quality of methodological materials on the

development of competencies and, consequently, on the
quality of education especially in Russia.

So, education quality assessment also requires revision
and a new approach, taking these challenges into account.

B. New Concept of Education

One of the main challenges in assessing the quality of
higher education is the changing concept of education itself.
Today, education is no longer limited to simply imparting
knowledge and skills. It must shape individuals' personalities,
develop critical thinking, and foster social and communication
skills.

Tools such as cloud services, video conferencing, and
digital libraries have become available, enabling remote
learning and work, reducing the need for students and faculty
to be present in a single physical location. Furthermore, digital
technologies offer new learning formats based on
interactivity, individualized approaches, and autonomy
student work.

There are various concepts for assessing the quality of
education, but there is currently no review of the relevant
approaches that address the impact of the quality of
methodological materials on the development of
competencies and, accordingly, on the quality of education in
the context of digital transformation.

I11. NATURAL LANGUAGE PROCESSING

Analysing educational material requires the use of modern
models and technologies. This study requires processing and
analysing large volumes of text data, which requires the use of
NLP. Numerous text generation tools, such as OpenAl's
ChatGPT, rely on NLP. Natural language processing models
consist of two components: training data and specialized
algorithms [10, 11]. The process of analyzing teaching
materials involves several stages:

A. The first stage

First, the data must be cleaned of unnecessary or duplicate
information [12, 13, 14]. The more contaminated the data, the
more difficult it will be for the model to understand what is
important and what is not. Therefore, it is necessary to remove
duplicates, convert strings to the same case, and remove
unnecessary characters.

B. Tokenization

Next is a tokenization step. To enable the model to process
text at the semantic level, the cleaned data was broken down
into individual units—tokens [12, 13, 14]. In this study, tokens
are represented by words. In the future, we plan to use other
token types: symbols, phrases, and other elements, depending
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on the task and context. An example of tokenization is
dividing text into individual words:

“Education is important” — [Education, is, important]

Tokenization allows to transform text into a structured
representation used for further analysis or processing. Russian
and many other languages have suffixes that change the form
of a word but not its meaning. To avoid confusing the
program, words had to be converted to their dictionary form—
a lemma—>by performing lemmatization.

Stemming is also a similar process where the root of a
word is extracted. Lemmatization and stemming improve the
efficiency of text processing by reducing the number of unique
tokens. The model will run faster, and less memory will be
required to store words.

C. . Data labeling and creating a dataset

The next step is data labelling. Each document, text
fragment, or word—that is, each token—must be assigned a
label that describes the object in question [12, 13, 14]. The
format and content of the label depend on the task at hand.

Another step is creating a dataset. Before training the
model, the labelled data must be transformed into a dataset—
that is, structured. The dataset is a table of tokens with their
relevant features and labels. For text data in this study, it is
stored in CSV format.

Word embedding is also possible for data presentation.

4 Fruits

e ...

e O Carrot

Vegetables

Peach

/

Fig. 1. Example of word embadding

A J

D. Data Vectorization

Machine learning models can't handle text data; they only
understand numbers. Therefore, data scientists need to
translate tokens into a set of numerical values.

There are different approaches to this.

1. Count the 2. Count the
svyllables.

number of words

s
4. Determine the 3. Count the
average number sentences.

of syllables in
one word.

Fig. 2. Algorithm

The two most popular are bag-of-words and N-grams.

Bag-of-words simply encodes tokens into numbers,
accounting for their quantity but ignoring context and specific
order.

When using N-grams, words are encoded not one at a time,
but two or three at a time. This preserves the structure of
sentences and their context.

Notes.

Individual words, words with an apostrophe,
abbreviations, numbers, symbols, and combinations of
symbols are counted as units.

Count syllables in words, and count abbreviations,
numbers, symbols and their combinations as monosyllabic
words.

Each complete speech phrase separated by a period, colon,
semicolon, question mark, exclamation mark, or dash is
considered one sentence.

I\VV. WEB SERVICE DEVELOPMENT

A web service based on large-scale language models
(LLM) was developed for the automatic analysis of
educational publications using artificial intelligence. The
system executes comprehensive processing of text materials,
including content complexity assessment, structural analysis,
logical consistency checking, and identification of semantic
relationships between thematic blocks.

The service allows to download educational materials in
PDF format and receive a detailed content analysis.

A. Technologies:
e Backend: Quart (asynchronous version of Flask).

e Interface: HTML/CSS.
e ML methods: textstat, TF-IDF, BART, BERT.

B. Requirements:
e OS: Windows 10/11 (64-bit).

e RAM: 8 GB (16 GB recommended for large texts).
e Python: not less than 3.9.

e Video card: NVIDIA
acceleration).

(preferred for BERT

e Analysis file format: PDF.
e Maximum file size: up to 10 MB.

e Processing time for one file: approximately 1.5 - 2
minutes.

C. Web Service Exploitation
The web service exploitation is simple:

Download the PDF file of the textbook using the download
button on the main page, = Click the "Check" button. - Wait
1.5 to 2 minutes for the service to process the file. > Once the
analysis is complete, we will receive a report with the results.

The page with results is presented on Fig. 3.
The first block is readability in percentage.
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Fig. 3. The page with results

The second is coherence (from the Latin cohaerens -
"being in connection™) — in linguistics, “the integrity of a text,
consisting of the logical-semantic, grammatical and stylistic
correlation and interdependence of its constituent elements
(words, sentences, etc.)”’; one of the defining characteristics of
a text/discourse and one of the necessary conditions of
textuality.

The third one checks whether the text structure complies
with standards.

The fourth block allows to determine a text style.

There are the details of the text analysis in fifth block:
Flash index, number of sentences, number of words, number
of syllables and text complexity.

The service selects keywords automatically (sixth block).

After the analysis, a set of recommendations (seventh
block) for improving the text of the educational material is
formed.

CONCLUSION

With the growing volume of educational literature from
Russian authors, the developed software reduces the workload
of staff involved in selecting materials for students. This web
service helps automate the process of analysing educational
materials at the university. While existing text analysis tools
exist in European languages, the development takes into
account such specific features as working with Russian-
language text, which differs in structure and word formation.
This service is also integrated into the university's system for
accepting educational materials for publication, making the
web service relevant and in demand. Future plans include
expanding the service's functionality, refining its algorithms,
and incorporating fuzzy models to improve analysis.
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