DOI 10.31489/2022Ec4/15-25
JEL C55, E24
UDC 004:331.5

A.K. Atabayeva*

Karaganda University ofthe name ofacademician E.A. Buketov, Kazakhstan
atabaeva@Jist.ru
https://orcid.org/0000-0002-4644-1843

Scopus Author ID: 1617942538468
Researcher ID: AAR-3212-2021

Application of text mining technology for comparative analysis of trends in the labor market

Abstract

Object: The main purpose of the article is to analyze the employment of the population in the post-Sovietspace in
the context of world events to identify positive and negative trends in employment, as well as characteristic trajectories
of development directions.

Methods: Modern methods of word processing, in particular text mining, word cloud wefe used.

Findings: The rapid development of modern technologies, Internet applications is ageompanied by the generation
of large amounts of data, the timely processing of which is today one of the main probléms in vasi@us spheres of life -
social, economic, political, and others. In solving this global problem, modern metheds, ofprocessing text information,
the so-called text mining technologies, come to the rescue. These tools allow to inerease the efficiency of solving prob-
lems of different levels. The algorithms embedded in the text mining technolagy ‘reveal the basic concepts of the text,
the content and the relationship between them.

The integration of modern text mining systems and the R-Studio"progfamming language makes it possible to con-
duct research in the field of text analysis and processing. These systems, Using statistical methods, process the rating of
news documents, materials of scientific documents, blogs, tweetsgemails,“advertisements and other information. The
main task of text analysis is to get a clear idea about the topies ofdnterest;ite extract important information. The analysis
of text documents by text mining methods is carried out in severalistages: information search, text preprocessing, ex-
traction of the required information, application of text methods;janalysis and interpretation of the obtained results. For
the analysis of texts, articles in Russian in PDF format'Were selected, including information on trends in the labor mar-
ket and employment for 1995-2020.

Conclusions: over the past 20 years there have been significant changes in the labor market and employment. Text
analysis technologies made it possible to reveal that during the study period, the labor market issues of unemployment,
employment, employment transformation, the%mergence of new forms of employment, social and gender problems,
and others raised.

Keywords: text mining, woréhcloud, TF-IDF, LDA, employment, labor market.

Introduction

The labor-intensive process’of the manual method of text analysis remains far in the past. Huge arrays
of text data today can no longer be explored without the use of software. Modern information technologies
allow researchers'to,use computer processing methods and text mining. The rapid development of the Inter-
net makes it possible‘to extraet information resources for data processing from scientific articles, online dis-
cussions, websites;ighatspuser reviews, newspapers, social networks, and other open sources. Therefore, text
mining methods are the most relevant and in demand at the present time in various fields of business, poli-
tics, gducation, etegffirst of all, for visualizing the content of information taken from the texts of reports,
speechesq@and reviews. For example, in the US Department of Health, word clouds have been used to analyze
the content ofdocuments to determine if sufficient attention is being paid to the core activities of the organi-
zation (Atenstaedt, 2017).

There are many online tools that generate word clouds. One of the first is Wordle.net. These tools visu-
ally display frequently occurring words in the text and serve as a quick way to get a general idea of the in-
formation being studied (article text, speaker’s speech, blog or database posts, respondents’ online responses,
comments, and others). In some cases, word clouds can reveal specific features in the data that prompt fur-
ther, deeper exploration. It should also be noted that text analysis has some disadvantages, which are the rea-
son for the rare use ofthis method in the analysis of scientific articles.
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Literature review

Recently, most research has been carried out using new technologies in the field of artificial intelli-
gence, machine learning, etc. Of particular interest are the so-called text analysis technologies, since the
analysis of patterns and trends is a huge task. Therefore, text mining is widely researched today. Text Mining
extracts relevant knowledge from text documents. Various text mining methods convert unstructured data
into structured data. Text classification, one ofthe basic principles of text analysis, requires a number of text
processing techniques, the most important of which is natural language processing (NLP) (Udgave, Kulkarni,
2020).

Numerous research papers are published online. The growth in the development of computer and in-
formation technology makes it difficult for users to find and classify interesting scientific articles on a specif-
ic subject (Cai, Luo, Wang, Yang, 2018). Therefore, it is desirable that there be a mechanism by which sci-
entific papers are systematically classified according to similar topics. This will allow users to quickly and
easily find research papers of interest to them. As a rule, searching for research papers ontspecifigytopics or
subjects takes a long time. For example, researchers usually spend a lot oftime on the Internetio find articles
of interest to them. The required information is not retrieved effectively due to the fact that thedarticles are
not grouped by topic or there is no access to the necessary information (Bolshakov et@l., 2017):

Today, owing to big data technologies, this problem is completely solved. Moedera“possibilities of anal-
ysis, classification and processing of a huge number of research papers make thiSiwork éfficient, manageable
and accessible. The use of automated processing methods every year an ingreasinginumber of scientific pa-
pers come to the aid of researchers. They allow to describe the essence ofthefarticle, catch the direction of
the research and a summary before reading the content in the main bady“of the article. In this regard, the
keywords of scientific papers should be written concisely and informatively (Kalabin, Korneeva, 2020).

To classify a huge number of articles into articles of similar SubjectSyscientists Kim S. and Gil J. (2019)
propose to use an article classification system based on termsfrequency - inverse document frequency (TF-
IDF) schemes and Latent Dirichlet Allocation (LDA)_schemes. The proposed system firstly creates a repre-
sentative keyword dictionary with the keywords that the user enters and with the topics extracted by the
LDA. Second, it uses the TF-IDF schema to extract topiciwords from article abstracts based on a keyword
dictionary.

Experimental results show that the proposed systemg€an well classify entire articles with similar topics
by keyword ratio. The classification system hased on the TF-IDF and LDA schemes is widely used, as it is
quite effective (Nguyen, 2019).

Word cloud technologies are also_in highydemand. Word clouds are an image made up of words that to-
gether resemble a cloud shape. The size ofia word shows how important it is, e.g., how often it appears in the
text - its frequency. People typieadly\use ward clouds to easily create summaries of large documents (reports,
speeches), create art on a topic (gifts, exhibitions), or visualize data (tables, surveys) (Turner, 2017).

Modernization of modérn‘methads of data processing requires the search for effective ways to enhance
the process of using this tQolg#/Aténstaedt (2012) in his research reveals the features and applications of the
clouds, which contribute to aimoere in-depth study of these technologies.

Word cloud is“a, reseutce that allows you to create a visual image of keywords, text in an attractive
form. There are special‘programs that generate a cloud by displaying the most frequently used words in large
print, for this4it is enough to enter text or URL (website address) in a special field. Techniques for working
with the"werd cloudare unusual and useful for those who perceive most of the information with the help of
vision. On‘thejene hand, this is just an opportunity to create a beautiful picture for a report or presentation.
On thetgther hand, it is a useful tool with many interesting applications (Ramsden & Bate, 2008).

Methads
In the process of research, modern methods of text processing were used - text mining, word cloud.

Results

To determine the main trends in the labor market and employment problems, a literature review in Rus-
sian was conducted for the period from 1990 to 2020 in the R-Studio program. This program allows using
special built-in commands to analyze texts, which help to identify relevant thematic issues (Verzani, 2017).

R-Studio is a program that is both a programming language and an environment for statistical compu-
ting and graphing (Mark, 2012).

Text mining (TM) is an innovative method of structural text analysis, which represents a broad perspec-
tive of theoretical approaches for processing input textual information. This method is an interdisciplinary
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field of scientific activity at the intersection of data mining, automatic text processing, descriptive statistics
and informatics.

To analyze text information in the R program, the “tm” (text mining) package is used, which is installed
using the install.packages(“tm”) command. First of all, the so-called “Corpus” is created. A corpus is an ob-
jectthat includes all analyzed texts. A variety of operations can be performed with a text corpus, such as rep-
resenting all words in capital letters (tolower), removing punctuation marks (removePunctuation), removing
extra spaces, and others (Kabakof, 2015).

The general stages oftext data processing are: data cleaning; lemmatization; stemming.

Data cleaning includes removing numeric data, spaces, replacing uppercase letters with lowercase ones.
Also, stage 1removes “stop words” or they are also called “noise words”. That is, words that on their own do
not carry any semantic load (too frequent, too rare, too short, non-nouns, proper names). These include prep-
ositions, suffixes, participles, interjections, numbers, particles, conjunctions. For example, “not™) “also”,
“these”, “either”, “among”, “always” and others.

Stemming is the process of finding a word stem for a given source word (cutting ‘@ wordyto a stem). In
the process of stemming, endings are discarded from words. Stemming is based on the “rules“af’language
morphology. Thus, stemming cuts endings and suffixes from the word so that the remaining part is the same
for all grammatical forms of the word.

Lemmatization is the process of defining the lemma of a word. Lemma is the\origifalf"basic form of the
word. For nouns and adjectives, it is the singular form of the nominative casemand<for verbs, it is the infini-
tive.

To analyze the texts, articles in PDF format were selected, including mformation on trends in the labor
market and employment for 1995, 2000, 2005, 2010, 2015 and 2020. The analysis includes the following
commands:

1) Creation of a database that includes the analyzed PDEyfilesy To perform the analytical part of our
task, the first thing to do is to create a PDF database or corpus. The, corpus is a database of words. Six PDF-
format documents are loaded into the corpus. Therefore, wejcreate a database consisting of documents in
PDF format. We upload all PDF files and perform a documentupload pre-check to make sure that all re-
quired documents are uploaded to the database.

2) Cleaning the case from the so-called noise (tm 0mmand). A number of transformations are per-
formed: we change all text to lower case, remove numbers, stop words, all punctuation marks, and spaces.
These operations really tidy up and structurecour documents so that text can be parsed; in other words,
changing text from unstructured formatto struetured format.

3) In our case, we do not want the program to abbreviate words, so we set stemming to FALSE.

4) Checking frequently oceusring words in all documents and determining their number (Fig. 1).

> inspect(opinionsgtdm{lk10,])#Examine 10 words at a time in across documents
« T ernmocunmentMdtri X' (terms: 10, documents: 6)»
Non-/sparse entries: 60/0

Sparsity. - 0%

Maximal term | length: 11

Weighting : term frequency (tf)

Sample

DOCS

15 1335. pdf 2000. pdf 2005. pdf 2010. pdf 2015, pdf 2020. pdf
begpaboTnia 40 103 44 23 5 8
br3Hec 1 1 6 15 1 6
Lox0Ab 2 5¢c 13 3 3 5
3aAHATOCTb 60 119 S3 112 103 45
3aHATbIX 1 16 33 4 1 2
N3MeHeHus 1 9 14 4 2 3
noaei 1 4 1 10 1 1
MecTa 5 5 2 4 2 5
HOeb € 2 6 1 1 1 5
I-OBb X 2 3 2 6 5 9

Figure 1 Determination of the number of repetitions of the first 10 frequently occurring words
Note - compiled by the author based on the R program (articles in Russian were usedfor the analysis)

For text analysis, a command is installed that checks for the presence ofthe first 10 words that appear in
all documents and determines the total amount of repetitions of these words in each document. For example,
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the word “income” appears twice in the first document, 58 times in the second, 13 times in the third, 9 in the
fourth, 3 in the fifth, and 5 times in the sixth. As can be seen from Figure 1, the main topic of the study is
employment issues, the frequency of which is the highest in all the studied files. The second largest is the
problem of unemployment. “Unemployment” was the most frequently discussed in 2000, and in subsequent
periods this problem was raised less and less. This fact confirms the situation on the labor market during the
study period. According to Kazakh official statistics, the highest unemployment rate was 10.4% in 2000.
This is followed by a gradual decline to 4.9% in 2020 (BNSASPR, 2020). The data in Figure 1 confirm this
fact: the largest mention of the word “Unemployment” is observed in 2000 - 103 times, the smallest in 2015
(5 times) and in 2020 (8 times).

Also common to all documents is the word “change”, which implies transformational processes in the
labor market. In the documents of 2000 and 2005, it occurs the most times, 9 and 14, respectively. It was
during these periods that mass computerization took place, informatization of all spheres of activityy which
significantly affected the employment of the population. The emergence of new industries (kIp; Serwices), the
digitalization of society led to the emergence of new forms of employment, which is reflécted in Figure L
the word “new” is most common and discussed in 2000 and 2020 (9 and 14, respectively).

If we consider the next 10 most popular words, we note that some of the mgst commen words are:

“problems”, “work”, and “market” (Fig. 2).

> inspect(opinions.tdm[11:20 ,] )#Examire 10 words at a tim@ inp»acress documents
«TermDocumentMatrix (terms: 10, documents 6}»
Non-/sparse entries 60/0

sparsity %

Maximal term length 10

Wei ghti 'g tern frequency (tf)

Sanple

DOCS

ern = 1995.pdf 2000.pdf 2005.pdf42010.pdf 2015.pdf 2020.pdf
rejexoA 3 2 2 2 2 1
rpo6nema 2 2 5 4 2 4
rpo6nemb 5 3l 64 23 11 15
pa6oTa ~9 29 3 "3 13 16
paboumnx 4 41 34 22 13 13
pocT 1 8 5 5 2 4
PbIHOK 36 49 42 25 30 26
CEA3N 3 ! 5 6 2 1
coynanbHbIX 3 26 2 2 1 3
cche 3e 1 9 3 4 3 11

Figure2¥Second 10 frequently occurring words
Note - compiled by the author baseden,the Rprogram (articles in Russian were usedfor the analysis)

The word “problems ™ was mentioned 91 times in 2000, which indicates the most difficult period for the
labor market (in terms/of empleyment, advanced training, social protection, etc.). This period is character-
ized by acute social preblemsy(the word “social” occurs 26 times).

Consider terminology that appears at least 20 times in all 6 documents. That is, if we previously ana-
lyzed the.frequency ofse of terms for each individual document, now we will analyze all 6 documents as a
wholef(Fig: 3).

Figure 3. Terms appearing in all documents at least 20 times
Note - compiled by the author based on the R program (articles in Russian were usedfor the analysis)

One can also consider the total amount of frequently occurring words in documents (Fig. 4).
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Figure 4. Sum of frequently occurring words in documents
Note - compiled by the author based on the R program (articles in Russian were usedfor the analysis)

As Figure 4 shows, the maximum number of words “employment” - 507, “labor” - 303, “unemploy-
ment” - 223, and others, reflects the general focus of the subject under study. Based on the analysis carried
out, it is possible to note transformational processes in the labor market, as well as to identify the following
pronounced problems: incomes of the population, social protection of the population, new warking\ condi-
tions, introduction of new forms of employment, and others.

Thematic modeling.

Let us apply one of the topic modeling methods based on a specific algorithm called @D A“(Latent Di-
richlet Allocation). It is a mathematical model of a language that captures topics (lists ofgsimilar words) and
how they cover various texts. By scanning and understanding the importance of words“in the text, this algo-
rithm can evaluate what is contained in the text (review), what the reviewer thinks,on various topics that are
weighted and interconnected. Also, the LDA function monitors which wos@s“a@ppear next to others in texts
and reviews. This information is captured using probability statistics, whichgis & deeply mathematical pro-
cess.

The application of this text mining method is that severalfdoctments, can be grouped by topic. That is,
documents similar to each other are grouped. The following libraties are®leaded for this task: tm, a tool for
working with PDF files, ggplot, and dplyr.

The next step is to create a document matrix. This i§'required for data modeling. Since all analyzed
texts must be presented in the form of a matrix of documenttekms. To make this transformation, the corpus
we have already created, which is a document, iSjtaken as‘the initial unit. We place it in the matrix function
ofthe documentterm “DocumentTermMatrix(document)” and save it as a DTM variable. Now we create our
actual model. The first step for topic modeling is to“create a model using the “lda” function, where Ida is
short for Latent Untargeted Allocation. So we\use the LDA function and pass in the name of our document
matrix (DTM), k equal to 6 says we haveg6 documents and we set the initial value so that every time we run
the function we get the same results.

When creating a model, there are spetific things that we are interested in. First of all, these are beta val-
ues, which are part of our modeld(Figy 5). Iherefore, we create a new variable, which we call “beta_topics”
and create a “tidy” function, to whigh we pass our model “LDA”.

> #shows the [profability of a word being associated to a topic
> beta_topdics<étidy(Model_Ilda, matrix = "beta")#create the beta model
> betaltopics#shows all the information in beta_topics
# A tibble: m54,594 x 3
to Sipc term beta
<int>j<chr> <db1>
1 JeyBOJIEHHbIE 1.14e- 3
2 CyBOJIEHHbIE 2.02e-67
5 cyBOJIE€HHbIE 4.9De-64
- CYBOJIEHHbIE 1.92e-58
5 cyBO/eHHble 6. "e-66
5 cyBO/eHHble 4.5"e-66
1 n6espabotmua 1.14e- 3
2 n6espabotuuya 3.26e- 4
3 n6es3paboTmnua 1.26e-62

‘6e3paboTtuuya 2.10e-57

Figure 5. Beta values
Note - compiled by the author based on the R program (articles in Russian were usedfor the analysis)

Figure 5 shows that the terms “laid off’and “unemployment” are most related to the topic under study.
In other words, they are part of all 6 documents, and the beta value shows a quantitative relationship with the
text. The highest beta in 2015 is 6.77 e-66. The lowest score was in 1990. This means that the higher the beta
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value, the stronger the connection of the term with the analyzed topic. Therefore, it can be argued that the
problems of layoffs were especially acute in 2015 and 2000 (beta coefficient = 4.9 e-64), and unemployment
problems in 1995 (beta coefficient = 3.26 e-4).

By examining the beta values to see which terms or words make up each topic, one can display this vis-
ually as a series of graphs (Fig. 6). To do this, one needs to make sure that all terms that are frequently re-
peated in documents are grouped based on beta values. The chart displays the groups of terms most frequent-
ly used in each document. It should be noted that practically in all documents the dominant words are em-
ployment, labor market, work, and unemployment.

Figure 6. Grouping terms based on beta values
Note -compiledby the author based on the R program (articles in Russian were usedfor the analysis)

In 1995, social problems were raised in the labor and employment market, the problems of layoffs of
workers, mobility, education, and employment. The year 2000 also focuses on the problems of employment,
to which the problems of income and the economy as a whole are added. In 2005, transformational processes
are observed in the employment market, as there is a prevailing use of such terms as non-standard forms of
employment. The next period (2010) is focused on gender issues of the labor market, the problems of wom-
en's employment and age restrictions are raised. As a solution, the introduction of part-time employment is
proposed. The year 2015 again raises the problems of unemployment, which intersect with the problems of
workers' wages. In the documents of 2020, much attention is paid to the impact of digital technologies, labor
platforms on employment. The consequence of this influence is the emergence of new forms of employment,
the words freelance and freelancer are especially often mentioned.
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Word cloud.

The word cloud tool (function) shows a random display of all words in the text source, where the size of
each word is proportional to the number of repetitions in the text.

A word cloud is a set of frequently occurring words depicted in the same picture in different sizes. The
more often a word occurs in the text, the larger it is in the picture. A word cloud is one ofthe powerful ways
to visualize text, which determines the direction of the analyzed information and indicates the main, real
trends on the topic under study.

In total, 160 scientific articles by Kazakh authors and authors from the CIS countries were loaded into
the program, the key content of which was the topic of employment. To trace the evolution of forms of em-
ployment, the list of references was divided into three periods: 1990-2000, 2001-2010, 2011-2020 (Fig. 7).

1990-2000 2001-2010
50, 20U BNLHOTO ey
e3paboTuLa a mpowsBoeneHooy
11l 6e3pa6OTHbIX F"”f_ﬁ B PNC
a'S 6e3paboTHbIe sapaBorhoi 4
Ui MOGWILHOCTY 22 "o R
m3lse o 6e3pa60TV|u,b| i o
bl OTbI ypcy"pg"gm 50 cripoca P sanroro
1S % 0e3paboTtibl
yAa ToVAR - L
It M Pal RF @V e
PbIHKE ~ 4 BT " yo Ram™
COL||V|af| bHOW oY1 us eckoro Ty
cnpoca pa ~ —_— yeTyr cunbl P0073 V3MeHeHUs
perox pasora pa6o rpynmnsi npepanoxeHus KWi>™
nasibH oo ezl Qg6 el MAAHA" e
. nocTomguzs COU' aJ-IHOBOOVI Ho'ﬁééﬂpeMeH pasKxXr" npo6nmy nﬁgaﬁ'ﬁm
npocheccun
craryc RPRRRIRAH
2012-2020
sans undpoBble
cbepbl r/1aTchopMb| ppunanc
3 Honuie 3NEKTPOHHbII
g cnoBa pasBuTne rm6puabl
mr eséle paboTHUKOB
‘[0 MHoOpMaLnNOHHO
TpH OTHOWeHNnA
N3IMeHeHnA
1 3KOHC
T H eyCTO n TV,
dhopmbl -
o o Hble
eCtey o A Ka e|/| PbIHOK
oupditn  * t pa6o amnm
a2/ O ungpoeBas
thopmax Cl o 3KOHOMUKe
TOCTH Q TEXHO/I0T U
. nepexon CKpbITas
UM pPOBbIX TOKOBbI€E

Figure 7. Word cloud for the periods 1990-2000, 2001-2010, 2011-2020
Note - “cempiled by the author based on the R program (articles in Russian were usedfor the analysis)

The“results of the word cloud analysis showed that the following terminology was most often men-
tioned in the articles:

- in the period 1990-2000 - unemployment, dismissal of workers, shortage ofjobs, layoffs, socially new
status of an employee, personnel, changes, forced, self-employment, mobility. The transition from a planned
economy to a market economy brought with it great changes in the world of work. The closure of many en-
terprises and factories was accompanied by mass layoffs. In such conditions, people were forced to agree to
any work - partial or temporary. To adapt to new working conditions, workers became mobile;

- in the period 2001-2010 - social problems, labor demand, problems of wages and incomes, unem-
ployment, temporary employment, part-time employment, informal employment, labor migration. Despite
the stabilization of the economy, there were still unresolved social and income issues. Crisis of 2008-2009
raised the issue of unemployment. This period is characterized by the spread of temporary, part-time, infor-
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mal employment;

- in the period 2011-2020 - digital economy, human capital, Internet, new forms of employment, in-
formation technology, remote employment, robotization, remote work, education, capital, outsourcing, free-
lancing. The development of the Internet and information and communication technologies contributes to the
emergence of new forms of employment. Scientists are concerned about the consequences of robotization
and its impact on the labor market. The problems of the level of education and human capital are being
raised, as the requirements for workers in the digital society are increasing.

In Table, we consider the correlation of frequently occurring words with the word “Employment”, in
order to determine the main trends and directions in the labor market.

Table. Correlation of frequently occurring words with the word “Employment”

Period Changes Social Status Problems Place (work)
1990-2000 rr. 0,99 0.87 0.84 0.81 0.72
2001-2010 rr. 0.66 0.97 0.68 0.74 0zl
2011-2020 rr 0.76 0.89 0.61 0.62 0.84

Note - compiled by the author based on the R program

Analyzing the data in Table, we can conclude that the employment sector has undergone a significant
transformation in the first study period (1990-2000). This fact is confirmedéby the high values ofthe correla-
tion coefficients (“Changes” in the field of employment - 0.99). The sogial sphere (0.87), the status of work-
ers (0.84), jobs (0.72) also underwent strong changes. The transition to aimarket’economy was accompanied
by a difficult process of adaptation to new conditions. It took time, to"build hew market labor relations.

In the second decade (2001-2010) there is a slight easing of'problematic issues in the field of employ-
ment. But the global crisis in the second half of the 2000s4caused unemployment and precarious employ-
ment, which again exacerbated social tension in the laber nmarket (Sogial problems - 0.97).

The third decade under study is characterized by changestgaused by digitalization processes. The emer-
gence of new remote forms of employment raiseSigoncerns ‘about future employment (0.84), social protection
of workers (0.89), and the development of human capital.

Discussions

With the rapid development of modern technology, new computer and Internet applications are generat-
ing large amounts of data at an unprecedentédyrate, such as video, photo, text, voice, and social media data.
This data often has high dimensiondl characteristics, which poses a major challenge for data analysis and
decision making. The right choice of methods shows its effectiveness in processing multidimensional data
and increasing the efficiency ofthe,analytical component (Mezentseva, Kolomiiets, 2020).

The choice of features@ndmetheds plays an important role in compressing the scale of data processing
when redundant and irrelevant'fedtures are removed. The feature selection technique can pre-process analy-
sis algorithms, asgwell"as simplify and improve the accuracy of results using the R program (Mastitskii,
Shitikov, 2014).

Over the paStydecade, many companies have been developing special software for processing text in-
formation. We, note“the following of them: Google, IBM, SAS, Angoss Software Corporation, and others.
Accordingito Kavtun'D.B., the R program is the most accessible to use, since other programs have a number
of shortcomings intheir work. For example, Google’s programs contain restrictions on the analysis of un-
structured data, and Google’s software is not freely available (Kovtun, 2021).

Topigymodeling refers to a wide class of application of machine learning algorithms to text data trans-
formed into a document-term matrix. Topic models are “statistical algorithms aimed at identifying and
measuring latent topics within a corpus of text documents”. Thematic models are divided into two groups.
The first includes documents supposedly having only one theme (single-membership models). Secondly,
documents containing several topics (mixed-membership models). Models that assume that each document
can have only one topic are implemented, for example, using cluster analysis (k-means, k-medians, etc.).
However, models that assume that each document can have many topics have become popular. Currently,
there are many such topic models: classical latent Dirichlet placement (LDA), correlated topic models, dy-
namic topic models, hierarchical topic models and structural topic models (Shipunov et al., 2014).
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Conclusions

The intellectual analysis of texts made it possible to identify the main trends in the labor market over
the past 20 years. Articles of post-Soviet scientists written in Russian were used as sources of analysis.

The main topic of the study is the employment of the population, the frequency of which is the highest
in all the studied files. In this regard, some of the most common words in all documents are “problems”,
“work”, “employment”, “labor” and “market”. The second largest problem is unemployment. This is con-
firmed by the high beta coefficient in 1995, equal to 3.26 e-4.

Also common and common to all documents is the word “change”, which implies transformational pro-
cesses in the labor market. In the documents of 2000 and 2005, it occurs the most times. It was during these
periods that mass computerization took place, informatization of all spheres of activity, which significantly
affected the employment of the population. The emergence of new industries (IT, services), the digitalization
of society have led to the emergence of new forms of employment, since the word “new” is most aften en-
countered and discussed in 2000 and 2020.

One of the most difficult periods for the labor market was the year 2000, as the word “problems” ap-
pears more than 90 times and issues of employment, advanced training, social protection, etey aretraised. This
period is characterized by acute social problems.

Based on the analysis carried out, it is possible to note transformational proeesses in the labor market,
as well as to identify the following pronounced problems: incomes of the populatien, social protection of the
population, new working conditions, introduction of new forms of employmentgandiethers.
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A.K. ATabaeBa

Eubek HapblFbiHgaFbl TeHAeHUMANAPAbl canbiCThipMansl Tangay YLWiH
M3IMULL euiey TEXHONOTUACBIH KONAAHY

AugaTna:

MaucaTbl: MakanaHblH HEN3M MaKcaTbl Xa/lbIKTbl X *MbICMEH KamTyfblH OH >X3He Tepto TeHAeHUMANapblH, COH-
Jain-ak gamy barbirrapbiHa T3H TPaeKTopuANapabl aHbLTay MakcaTblHAa 3NeMAiK OK1ranap KOHTEKCIHAE MOCTKEHECTXX
KEHICTIKTEri Xa/IbIKTbIH XXYMbICMEH KamTblybIH Tasijay.

ddici: 3epTTey 6apbiCbiHAa M3TIHAI EHAEYALL 3amaHaym 3ficTepi, atan aliTkaHga Text mining, Word cloud kon-
JaHblngbl.

KppbITbTabl: 3amMaHayun TEXHONOTUANaPAbIH, UHTEPHET-KOChIMLUANapAblH KapKbIHAbI 4aMybl AepeKTepaiH Y/IKeH
KeNeMiH reHepaumanaymMeH Kartap XXYpeai, onapapbl yakTbinbl eHgey 6YTiHri TaHAa emipgiH apTYpni cananapsibaa, Arau
3M1eYMETTIK, 3KOHOMUKa/IbIK, Casich X3He T.6. Hen3n npobnemanapipiH 6ipi 601bIN Tabblnagbl. Ocbl xaKaHablK Mace-
NeHi Wellyae MITIHAIK aknapaTThbl eHAeyAiH 3aMaHayy agactep™ MaTiHAepAI UHTeNNeKTyanabl Tafgay TEXHeI0r iana-
Pbl KeMeKKe kenefi. Bn k¥pangap apTYpni geHreigeri ecenTepAi WewyaiH TMIMAINITIH apTTeipyra MYMKIHAIK Bepeai.
Text Mining TEXHOMOMMACLIHA EHTI3INreH anropuTMAEP M3TIHHIH HEeri3ri ~rbIMgapbiH, Ma3MyHbIH YKaHe ‘omdpabiH apa-
CblHAArbl 6aiiNaHbICTbl aHbIKTaAbI.

Kaipn maTiH-MaiiHuHT Xyliea MeH R-Studio 6argapnamanay TiniH 6ipikTipy MaTiHZI Taagay daHe eHpey cana-
CbiHAa 3epTTeynep XYprisyre MYMKIHAIK 6epeay BAn xyilenep ctaTucTKa/biK 3gicTepAl nanganaHa oTbIpbIin, XaHa-
NbIKTap K¥KATTapblHbIH, biAbIMA K¥KATTapAblH MaTepuanapbiHbiH, 610rTapablH, TBUTTERAIH, 3MeKTPOHAbLIK nowTa-
NapfblH, XXapHamanapipblH XaHe 6acka aknapaTtTapfblH PeMTUHIIH eHAeiai. MagiHAL FanfayabliH Herisri MiHaeTi —
KbI3bIKTbIPATbIH TaKbIPbINTAP Typasbl HaKTbl TYCIHIK ay, MaHbI3Abl aknapaTThl LUbLEAPLIT any. MaTiHAIK K¥kaTTapapl
Text Mining sgicTepimMeH Tangay OipHelle Ke3eHAepae OpblHAaNadbl: aknaparTblisaey, MITiHAEPAI eHAeY, KaKEeTTi
aknapatTbl any, TextMining agtoTepLu KomgaHy, anbiHraH HaTVKenepai Tagday %aHe vHTepnpeTauumanay. MaTiHgepre
Tangay Xypnay YuwiH 1995-2020 xbingapaarsl eH6eK XaHe X MblcrneH)KaMTY HapbIrbIHAArbl YPAKOTED Typasnbl akna-
paTTbl KAMTUTBLIH pdf. hopMaTbIHAArbl Makananap TaHaanipl.

Ty>KblpbiMaama: CoHrbl 20 Xblnga eH6eK HapbIrbiHAa X3HE XaABIKTbY XX MbICMEH KaMTyJa efieyni esreprotep
6ongbl. MaTiHAi Tangay TexHONOrusnapbl 3epTTey KeselHAG\EHOEK HapbIFbIHAA XXYMbICChI3AbIK, YXYMbICKA OpHanacy,
XYMbICMEH KamTybl TpaHchopmaumanay, X MbICNeH KamTyfAbiH XaHa HblCaHAapblHbIH naiga 6onybl, 31eyMeTTiK
XK3He reHgepnik npobnemanap XaHe 1.6. Macenenep KeTepLUreHL aHbIKTayra MyMLUHLK 6epai.

KblT cB3gep: maTiHgi eHaey, Word cloud, TF-IDF, ERA@KyMbICMEH KaMTy, eHOEK HapbIrbl.

A.K. ATabaeBa

MpuMeHeHWe TexHEMORKUM TeXt Mining 4na cpaBHUTENIBHOTO aHann3a
TeH@eHUUI Ha pbIHKe TpyAa

AHHOTauusa

Llenb: OCHOBHO LieNblo ETamibi ABAAETCH aHa/IM3 3aHATOCTU HAaCeNeHNs Ha MOCTCOBETCKOM MPOCTPAHCTBE B KOH-
TEKCTe MMPOBbIX COOLITUI AAA WAEHIN(DMKALMMA MO3UTUBHBIX U HEFraTUBHbLIX TEHAEHUMIA B cepe 3aHATOCTH, a Takke
XapaKTepHbIX TPaeKTopuidlHaRpaBneHnii passuTus.

MeTogbl: B rpoeuecce nCCAEA0BaHWA UCMONb30BANNCH COBPEMEHHbIE METOZbl 00PabOTKM TEKCTOB, B YACTHOCTW,
Text mining, Word cloud:

PesynbTaTbl: “GIpEMUTENbHOE Pa3BUTME COBPEMEHHBIX TEXHOMOMWIA, UHTEPHET-MPUIOXKEHUI CONPOBOXAAETCA
reHepauyeli 60AbLLINX QBbEMOB AaHHbIX, CBOEBPEMEHHAA 06paboTKa KOTOPbIX ABASETCA HA CErOAHALLIHWA feHb OfHOM
13 rNaBHbIX\MPOBAEMPa3NNUHBIX CHEP XKU3HU — COLMIbHBIX, 3KOHOMUYECKUX, MOAUTUYECKMX U Ap. B pelueHun
faHAol rnebansHoi Npo6aembl Ha NOMOLLL MPUXOAAT COBPEMEHHbIE METO/bI 06PabOTKM TEKCTOBON MH(OpMaLmu, TakK
Ha3bIBAGMbIe TEXHONOTNW VHTEINEKTYAIbHOMO aHan3a TeKCTOB. [laHHbIe MHCTPYMEHTbI MO3BOAIOT NOBLICUTL 3(deK-
TUBHOCTL PELUEHNS Pa3HOr0 YPOBHSA 3afad. ANropUTMbI, 3a/10KeHHbIE B TexHonoruy Text Mining, BbISB/IAIOT OCHOBHbIE
MOHATUA TEKCTa, COLepPXKaHNe 1 B3aUMOCBA3N MEXIY HVMMN.

WHTerpaums coBpeMeHHbIX CUCTEM TEKCT-MaliHWMHIa U A3blka MporpaMmupoBaHns R-Studio faeT BO3MOXHOCTb
MPOBOAUTL WUCCNEA0BaHNSA B 0611aCTW aHasm3a 1 nepepaboTKu TekcTa. [aHHble CUCTeMbl C MOMOLLBIO CTATUCTUYECKUX
MeTOL0B 06pabaTbIBAtOT PEATUHI HOBOCTHbLIX JOKYMEHTOB, MaTepuaibl HayYHbIX OKYMEHTOB, 6/10roB, TBUTOB, 3/ieK-
TPOHHbIX NMUCEM, pPeKnambl 1 APYryto nHgpopMaumo. OCHOBHOW 3afjayeil aHann3a TeKCcTa SABASETCS NOMyYeHWe YETKOro
NPeACTaBNeHNs 06 UHTEPECYIOLLMX TemMaX, U3B/MEYEHNE BAXKHON NHADOpMaLUK. AHanM3 TEKCTOBbIX JOKYMEHTOB METO-
fJaMun Text Mining BbINOSHAETCA B HECKO/IbKO 3Tarnos: NMOMCK MHopMaLuW, npefobpaboTka TEKCTOB, U3BNeYeHMe Tpe-
6yemoii MHhopMaumMW, nNpuMeHeHre mMeTogos Text Mining, aHaM3 1 MHTepnpeTauus NoayYeHHbIX pesynbTatos. s
MpoBefeHUs aHaM3a TEKCTOB 0TobpaHbl cTaTbk B dopmate pdf, BKIHOYatoLLmMe NHPOPMaLMIO 0 TEHAEHUMAX Ha PbIHKe
TpyZa v 3aHaTocTy 3a 1995-2020 rogpl.

BbiBogp!: 3a nocnefHvie 20 NeT NPOM3OLLIN 3HAUUTENbHbIE M3MEHEHUS Ha PbIHKE TPyAa U 3aHATOCTU. TexHono-
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Application of text mining technology.

TV aHaNM3a TEKCTOB MO3BOJIAN BbISBUTb, UTO HA MPOTSHKEHMM UCCMELYEMOTO MEpPMOAa Ha PbiHKe TPyZa NOAHUMANNCH
BOMPOCHI 6e3paboTuLbl, TPYAOYCTPOICTBA, TPaHC(HOPMALIMK 3aHATOCTH, MOSIBIEHME HOBbIX (JOPM 3aHATOCTM, COLMab-
Hble, reHepHble NPo6IeMbI 1 ap.

Kntouesble cnosa: aHanu3 Tekctos, Word cloud, TF-IDF, LDA, 3aHATOCTb, pbIHOK Tpyaa, Text M 1T”, HOBble
(hOpPMbI 3aHATOCTW.
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