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Annotation. Information is one of the most important resources of today's business environment. It is difficult for any company
to succeed without having sufficient information about its customers, employees and other key stakeholders. Every day, companies
receive unstructured and structured text from a variety of sources, such as survey results, tweets, call center notes, phone emails,
online customer reviews, recorded interactions, emails and other documents. These sources provide raw text that is difficult to
understand without using the right text analysis tool. You can do text analytics manually, but the manual process is inefficient.
Traditional systems use keywords and cannot read and understand language in emails, tweets, web pages, and text documents. For
this reason, companies use text analysis software to analyze large amounts of text data. The software helps users retrieve textual
information to act accordingly The most common manual annotation is currently the most common, which can be attributed to the
high quality of annotation and its “meaningfulness”. Typical disadvantages of manual annotation systems, textual information
analysis systems are the high material costs and the inherent low speed of work. Therefore, the topic of this article is to explore the
methods by which you can effectively annotate reviews of various products from the largest marketplace in Ukraine. The following
tasks should be solved: to analyze modern approaches to data analysis and processing; to study basic algorithms for data analysis
and processing; build a program that will collect data, design the program architecture for more efficient use, based on the use of
the latest technologies; clear data using minimize information loss techniques; analyze the data collected, using data analysis and
processing approaches; to draw conclusions from the results of all the above works. There are quite a number of varieties of the
listed tasks, as well as methods of solving them. This again confirms the importance and relevance of the topic we choose. The
purpose of the study is the methods and means by which information losses can be minimized when analyzing and processing textual
data. The object of the study is the process of minimizing information losses in the analysis and processing of textual data. In the
course of the study, recent research on the analysis and processing of textual information was analyzed; methods of textual
information processing and Data Mining algorithms are analyzed.
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Introduction. The relevance of text mining translation of small text fragments (several

today is determined by the need to process large
amounts of textual information accumulated by
mankind in the global information space. Plain text
written by a human being in natural language is poorly
structured information, so processing it is not an easy
task beyond the traditional algorithmic processing of
structured data. In order to receive the target
information from the texts, it is necessary to structure
them, arrange them, organize them, to provide search
of texts at the user's request. We live in a time when the
volume of human information produced is greater than
ever and the amount of textual data is increasing day
by day. However, significant benefit from this
information can only be obtained by properly
processing and analyzing this data.

Tasks of word processing — unstructured
documentation, medical records, patents and
dissertations, etc. — can be divided into two
conditional categories.

The first is the tasks that every user faces every
day: spell check, spam filtering, automatic
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sentences). From the point of view of automatic
word processing (AWP) researchers, all these tasks
are almost solved, and today more relevant tasks in
the second category, which require processing large
text arrays: finding relevant answers to the questions
(question-answer), full-fledged machine translation
of complete texts, analysis of responses,
construction of recommendation systems that work
with large arrays of unstructured data. A distinctive
feature of such tasks is their complexity and lack of
formalization, which leads to the fact that they do
not yet have a complete set of solutions, and are
used auxiliary methods of highlighting keywords
and phrases, summarization (automatic abstracting)
of texts and classification of texts [1].

Analysis of the structured information stored in
databases requires preliminary processing: database
design, input of information on the selected rules,
placement of it in special structures (eg relational
tables), etc. Thus, additional effort is needed to analyze
this information and gain new knowledge directly.
However, they are not always related to the analysis
and do not necessarily lead to the desired result.
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Because of this, the Structural Information Efficiency
(SEF) is reduced. In addition, not all types of data can
be structured without losing useful information.

Analysis methods in unstructured texts lie at the
intersection of several areas: Data Mining, Natural
Language  Processing, Information  Search,
Information Retrieval and Knowledge Management.

Every day, companies receive unstructured and
different-quality structured text from a variety of
sources, such as survey results, tweets, call center
notes, telephone emails, online customer reviews,
recorded interactions, emails and other documents.
These sources provide raw text that is difficult to
understand without using the right text analysis tool.
But traditional manual text analysis methods to
identify major topics and trends in large amounts of
data are ineffective today.

Literature review. Traditional text mining
systems use keywords and cannot read and
understand the language in emails, tweets, web
pages, and text documents. For these reasons,
companies use text analysis software to analyze
large amounts of textual data. Let's take a brief look

at existing software that helps users retrieve
information from text data.
Most software products process textual

information on user requests using commercial
database management systems. The incorporation of
analytical capabilities into commercial DBMSs is a
natural trend and has great potential. Today, data
analysis  functionality is more  productively
implemented in the following commercial databases:
Oracle, Microsoft SQL Server, and IBM DB2. Each
of the given DBMS allows to solve the main
problems related to data analysis. However, only
Oracle can be considered a truly analytical platform.
In addition to implementing data mining, the platform
has powerful tools for analyzing unstructured text
information — Oracle Text. The platform allows you
to use the SQL language for querying. This approach
is used in the latest version of Oracle 11g.

“Oracle Text” provides the following tasks:
search for documents by their content; classification
and clustering of documents; removal of key
concepts; automatic annotation; search associative
link documents and more.

The main tasks that Oracle Text tools aim at are
the task of finding documents by their content - by
vocabulary or phrase, which are combined with
Boolean operations if necessary. Search results
begin by relevance, taking into account the
frequency of occurrence of search words in the
documents found. To improve search quality, Oracle
Text provides several tools that extend search engine
capabilities:

1. Expansion of the query words of all
morphological forms realized by the attraction to the
knowledge of morphology.

2. Expansion of query words related to the
content of the word by connecting a thesaurus — a
semantic dictionary.

3. Expanding the search for words close to the
words and sounds — fuzzy search and search for
consonant words. Fuzzy Search is intended for use
when searching for misspelled words, as well as
when there are doubts about the correct spelling of
the name, organization name, etc.

All of the tools described can be used together,
which supports language query in traditional SQL and
PL / SQL syntax for document search. Oracle Text
system provides the opportunity to work with modern
advanced tools in the context of complex multiple
search and analysis of text data [6].

The ability to process textual information in
Russian in Oracle Text is quite limited. A Russian
Contextual Optimizer (RCO) module designed to
share InterMedia (or Oracle Text) text was used to
solve this problem. In addition to Russian language
support, RCO includes tools for fuzzy search, case
analysis, and document abstracting [17].

IBM Tool — Intelligent Miner for Text. IBM
Intelligent Miner for Text is a product of more than
100 individual utilities running from the console or
from scripts independently. The system contains the
following basic utilities for solving textual
information analysis tasks: Language ldentification
Tool — an automatic definition of the language in
which the document is compiled; classification
utility ~ (Categorization tool) —  automatic
classification of text into a certain category (input
information about the work of clustering of the tool);
Clusterisation Tool — splitting a large number of
documents into groups with similar style, forms,
different frequency characteristics, which are
expressed by keywords; Feature Extraction Tool -
detection in keywords documents (proper names,
names, abbreviations) based on the analysis of a
given word; Annotation Tool — Annotations to the
original texts.

IBM Intelligent Miner for Text combines
powerful resource support for tools that use basic
information  retrieval  (retrieval) tools. Text
development: Search engine — information retrieval
system; Web crawler — Web space scanning utility;
Net Question Solution — a solution for searching on
a local website or on several intranets / Internet
servers; Java Sample GUI — A set of Java Beans
interfaces to administer and organize text search
engine searches.
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IBM Intelligent Miner for text product Included
in the Content Information Integrator for DB2 DBMS
as a means of analyzing information [7].

Software application from SAS Institute — Text
Miner. The American company SAS Institute has
released this system for comparing certain
grammatical and verbal lines in writing. Text Miner
is a versatile system because it can handle various
text documents in databases, file systems and even
the Web [3].

The author [18] shows that an example of
successful use of the Text Miner capabilities is the
activity of Compag Computer Corp., which is
currently testing Text Miner, analyzing over 2.5 GB
of text documents received by e-mail and collected
by company representatives. It was practically
impossible to process such data before.

Text Miner software allows you to determine
how true a text document is [2]. Detecting “lies” in
documents is done by analyzing text and finding out
changes in message style that may be displayed
when requesting or viewing information. At the
same time, Text Miner includes a large set of
documents that differ from the true ones, the
structure of which is used as templates. A document
that is being “examined” for accuracy is compared
to these samples. After the analysis, the software
application assigns the document a certain index of
correctness. The Text Miner system can be
especially useful for organizations that handle large
volumes of electronic correspondence or for law
enforcement agencies, in the case of analyzing text
documents based on observation of a person's
emotional state [2].

An analysis of existing text data analysis
systems has led to the following conclusions: the
potential for the development of such systems is still
present, but most of them have certain disadvantages
associated with information losses. Therefore, it is
important to solve the problem of optimizing the
analysis of text information and minimizing
information loss by the following criteria:

— Increasing adaptability of analysis from
various sources: emails, news and other multimedia
sources.

— Reduction of time and memory used to code

— increase the level of text structure.

The purpose of the article is to investigate the
methods by which the information losses in the
analysis and processing of textual data can be
minimized in order to find the most efficient
algorithm of analysis. Object — The process of
minimizing information loss when analyzing and
processing text data. The subject of the study is

methods, algorithms and tools for analyzing and
processing textual data.

Main part. Machine learning was first named
“an area of learning that enables computers to learn
without explicit programming” by Arthur Samuel in
1959. A more formal definition is given by T.
Mitchell: “A computer program is said to be
learning from the experience of E with respect to
some class of problems T and the productivity index
P, if its performance at tasks in T as measured by P
improves with the experience of E” [9].

Regardless of the platform used, machine
learning is implemented by a relatively simple
mechanism (Fig. 1).
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Fig. 1. The mechanism of artificial intelligence for
Text Mining [8]

Natural-language processing (NLP) — a general
algorithm of artificial intelligence and mathematical
linguistics, designed for word processing and so-
called natural language and studies the problems of
computer analysis and synthesis of natural language.

Currently, many applications are addressed in
the literature, which are solved by analyzing text
documents. These are the classic Data Mining tasks:
classification, clustering, and specific only to text
documents of the task: automatic annotation,
removal of key concepts and more. The primary
purpose of feature extraction is to identify facts and
relationships in the text. In most cases, such terms
are nouns and generic names: names of people,
names of organizations, and so on. Concept retrieval
algorithms can use dictionaries to identify some
terms and linguistic patterns to define others.

Text-base navigation allows users to navigate
through topic documents and meaningful terms. This
is done by identifying key concepts and some
relationships between them.

Trend analysis allows you to identify trends in
document sets over a period of time. The trend can
be used, for example, to identify changes in the
interests of a company from one market segment to
another.

Searching for associations is also one of the
main tasks of Data Mining. To solve it in a given set
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of documents, associative relations between key
concepts are identified.

Summarization allows you to reduce text while
maintaining its meaning [8]. The solution to this task
is usually governed by the user by determining the
number of proposals extracted or the percentage of
text extracted relative to the entire text. The result
includes the most significant sentences in the text.
According to Article [29], the annotation process
consists of three steps:

1. Analysis of the source text.

2. Determination of its characteristic fragments.

3. Formation of appropriate conclusion.

There are two main approaches to the automatic
annotation of text documents: extraction - involves
the selection of the most important fragments (often
sentences) from the source text and merging them
into annotation; generalization - involves the use of
previously developed natural language grammars,
thesauri, ontological reference books, etc. On the
basis of which the reformulation of the source text
and its generalization is performed [4].

In a template-based approach to extracting
fragments, the most lexically and statistically
significant parts are distinguished. As a result, the
annotation in this case is created by simply
connecting the selected fragments.

But when using large text datasets, using simple
statistics is not effective. With 30 or 40 million
detailed shopping records, it's not enough to know
that two million of them are made in the same place.
To better meet the needs of buyers, you need to
understand whether these two millions belong to a
certain age group or know the average salary of
buyers.

The complexity of business requirements has
led to the fact that classical statistical analysis is not
sufficient to handle such arrays of information. To
solve these problems, you need to use text-based
data mining tools that will not only create a model
for describing information, but also produce a
resulting report. (Fig. 2). We can use thematic
modeling tools to do this.

011101
100110
110001

Fig. 2. Text Mining Stages (Dirichlet Scheme) [5]

Thematic modeling is a way of constructing a
text document collection model that defines which
topics each document belongs to. Moving from a
space of terms to a space of found topics helps you
to solve tasks such as thematic search,
classification, summarization and annotation of
document collections and news feeds more
effectively. To use thematic modeling methods,
you need to create a custom pipeline that will
extrapolate topics from unstructured text data and
develop an algorithm to save the best model so that
it can then be used to analyze new data [11].

The word2vec algorithm was considered, the
output of which generates vector representations of
words. Word vectors underlie many natural language
processing (NLP) systems. Vector views are used by
Amazon, Google translate and others [6].

Word vectors are numerical representations of
words that retain a semantic link between them. For
example, for the vector “cat” one of the closest will
be the word “dog”. However, the vector
representation of the word “pencil” will be quite
different from the vector “cat”. This similarity is
caused by the frequency of occurrence of incorrect
translation of two words (ie [cat, dog] or [cat,
pencil]) in the same context (Fig. 3).

cat

. dog

love to feed my

pencil

Fig. 3. Vector representation of words

Word2vec algorithms use context to form
numerical representations of words, so words used
in the same context have similar vectors.

To implement the algorithm, the authors
propose to use neural network technologies.
Preparation of data for training.

We construct the training data set for the
word2vec neural network as follows [3]:

1. Clear the input text T from unnecessary
characters (punctuation marks, etc.).

2. From the purified text T collect the
dictionary W.

For each word we 7 we construct a context, that
is, a set of words C; € 7, that are distant from w; o
more than s positions in the sequence of words T.

Ciz{Wj€T.' (I'—S)} <j< (i + S),j?fl,
in other words — C; is the word wj ¢ T from the s-
neighborhood of the word wje T

1) Perform unitary encoding [5] (one-hot
encoding) of the dictionary W, that is, to match each
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word w; e W put to the vector u; € U of zeros and one
unit, the length of the vector u; is equal to the size of
the dictionary W, the position of the unit in the vector
u; corresponds the word number in the W.

2) Replace the words in the T text and C contexts
with the corresponding P and Q codes from U.

Thus, obtain two sets — coded text P and sets of
coded words of context Q (Fig. 4).

I XE
00100
Q::
01000
0000l
00010
10000
00010

Fig. 4. Code examples (word and context)

The result of Word2Vec is a set of vectors
(matrix) — word codes that are formed by training a
particular neural network on some text (an ordered
set of words). For the research and training of the
network we used a set of reviews on the product area
prom.ua for the period 2015-2020.

The practical implementation of the algorithm
is performed using the Pandas library of the Python
language. The library considers the values of None
and NaN as interchangeable means of indicating
missing or empty values.

The several methods to identify and clear data
from gaps (Fig. 5) were used:

Dropping the NaN / none values from the dataset

df = df.reset_index|drcp=2ruc)
df . head

Raview Nare Date  Aating
0 DO ANAC, LIBADKA ADCTRENY) s 20160406  Xopoes
] Kypnoanind Lyek Jponcoie. ek speopel Bek rp pon 20150820 Qs

2 Howw arncraess Gymoeas rpsain SosOemasd M rmcefo e 2018 Dramess

3 A 3EORMSAND Y CEITE. S0 OKIIAN0GS YTO Qs o 2015 Xopow

4 Palorasar wa 1009 ¥ A00TELNET. SONAM CGarTel pu Hamans 201542491 Omwee

Fig. 5. The result of the performed
functions

The reviews under review are very diverse.
First of all, you need to clear the data of various
characters, extra spaces, and emoji. Let's create a
function that will receive the input in the original
form, and the output to generate a response, cleared
of unnecessary characters and stops.

Stopwords are words that are manually
excluded from the text because they are often found
in corpus documents (Fig. 6).

We use the CountVectorizer module in the
sklearn library, which allows you to convert typing
to a token matrix.

That is, let's create a Bag-of-Words or “bag” of
words — a matrix that will be fed to the entrance to
the LDA. For convenience, we will use the built-in
library of Russian scikit-learn stop words using
stop_words = StopWords.

Set the maximum document frequency for
words by 10 % (max_df = .1) to exclude words that
are commonly found in documents.

The following code example demonstrates how
to adjust the LatentDirichletAllocation estimator to
the Bag-of-Words word matrix and remove 10
different topics from the documents (Fig. 6).

from sklearn.decomposition import LatentDirichletAllocation

lda = LatentDirichletAllocation(n_topics=10,
random_state=123,
learning method='batch')
X _topics = lda.fit_transform(X)

Fig. 6. Using the LatentDirichletAllocation module

By setting learning_method = 'batch’, we
allow the LDA assessment to perform an assessment
based on all available learning data (Bag-of-Words
matrix) for one iteration, which is slower than the
alternative online learning method. But the results
will be more accurate.

Results were visualized using the pyLDAvis
library. This library is designed to help users
interpret topics in a thematic model that matches the
text data corpus.

The algorithm was adapted to highlight five
different thematic contexts (DocumentTermMatrix).
The number of thematic contexts can be varied
depending on the level of granularity that is required
in the simulation. The results are shown in Fig. 7.
Topics 3 and 4 appear to be closely related, topic 5
is partially related to the general context, and topics
1 and 2 are not related to each other. Topics 1 and 5
cover relatively different topics in the review.

The algorithm developed allows you to analyze
what words are used to write reviews and see the
overall emotional picture.
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Annotation (summarization) is based on the
ranking of each individual sentence using a variation
of the TextRank algorithm.

2 ' TextRank is a general automatic annotation
algorithm that performs chart-based ranking for
natural language processing.

Graph-based ranking algorithms are a means of
determining the importance of a vertex within a
graph, and works well with responses that contain
more than 10 lines of text (Fig. 9). If the reviews are
less than ten lines long, then using the library is not
effective.

The next step is to examine the semantic
. . similarities between words in reviews. Let's find out
Fig. 7. A map of topics from a sample of words the next words to the left “thank you™ and “in

time”(Fig. 10).

Fig. 8 shows the plurality of terms a cloud is
formed of the most common words / phrases used in
reviews.
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Fig. 8. Visualization of the words used in the second topic
(using wordcloud library)

Fig. 9. Results of the TextRank algorithm Fig. 10. Visualize word vectors from reviews
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The last step is to create a direct propagation
neural network using Skip-gram or CBOW models.

Using the CBOW model, the neural network
learns to predict which word fits into the word
sequence, and in which case the word is
deliberately deleted. For example, given the
sequence “Good quality goods, very fast”
the network will predict that the word “delivered”
is missing. However, a neural network can only
work with one word.

Therefore, it is necessary to turn the sentence
into several training (input, target) pairs: (goods,
delivered), (quality, delivered), (very, delivered)
and (quickly, delivered).

The Skip-gram model is the complete
opposite of the CBOW model. Given the input
word, it is a neural network that predicts what
words surround it [10]. For example, the word
“delivered” would imply the words “Good, very,
very fast.” As with CBOW, it is necessary to
present the phrase in the form of several pairs
(delivered, goods), (delivered, quality), (delivered,
very), (delivered, quickly)

In addition to Word2Vec, there are other word
embedding models. It is worth noting the model
proposed by Stanford University's GloVe
Computational Linguistics Laboratory, which

combines the features of SVD decomposition and
Word2Vec. This algorithm is a machine learning
algorithm without a teacher. Learning is done by
creating a co-occurrence matrix (words X context)
that basically calculates how often a word appears
in a particular context [15]. That is, we have
performed all the preparation steps to implement
the Word2Vec algorithm, similar to the GloVe

algorithm.
But the results of both algorithms are different.
Practice shows that the best results are

demonstrated by the GloVe algorithm (Fig. 11). At
the fundamental level, the two classes of methods
are not different, but the efficiency with which
counting methods capture global statistics may
differ [33]. GloVe achieves better results faster and
also has the best results regardless of speed
compared to the Word2Vec algorithm (Fig. 11)

Data preprocessing and refinement
significantly improves results, making more
efficient use of the data set for machine learning.
Using raw data may result in poor results or may
not produce the expected results at all.

Through experimental studies, LDA, TF-IDF,
and GloVe were found to be more effective
methods for summarizing responses (Fig. 11).

The task of word similarity is king-

man + woman = queen

Training Time (hrs)
2 3 4

1 5 6
72
70 —_gf— -
v = //' -
= e A GloVe
o } e CBOW
> B6 1/ A
- J v \
< . T N\
64 [ v
[ 4 “1;”
| ~—
82 { By

(a) GloVe vs CBOW

two model options

Training Time (hrs)
3 8 8 12 15 18 21 24

86¢ |

Accuracy [9%)]

L ——GloVe |
r e SKip-Gram ‘

62} |

60

Wegauve oamyj

(b) GloVe vs Skip-Gram

word2vec

Fig. 11. Comparison of two algorithms of models of processing of responses
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Conclusions. The main problems that exist in
the field of analysis and processing of large
unstructured arrays of text data are investigated. The
main software products used for analyzing text
information are examined and their effectiveness
and capabilities remain rather limited. The role of
machine learning and artificial intelligence in natural
language processing has been determined. It is to
accelerate and automate the basic functions of
textual information processing, to transform huge
arrays of unstructured data into new knowledge
without loss of information. The methods and
algorithms of data mining that have been applied to
acquire new knowledge from raw arrays are
considered. A software application was developed to
automate the process of collecting and storing the
information received in the database. The software
application is implemented in Python programming
language.

The main areas of natural language analysis
were discussed, as well as modern tools and methods
used to process textual data. This made it possible to
choose the most convenient algorithm for their
analysis.

Methods and algorithms implemented using
Python programming language and libraries. Since
the feedback is short from the start, the minimum
response length is 5 words. Short word processing is
not a trivial task; it is difficult to make annotation
shorter. Therefore, the software implementation of
the TextRank algorithm in the gensim library for
word processing did not produce significant results.

Through experimental studies, it has been found
that more effective methods for summarizing
responses are LDA, TF-IDF, GloVe.

The GloVe algorithm performed better than the
Word2Vec algorithm. With each iteration of the
GloVe algorithm, the accuracy (results) of the
obtained results increases by an average of 3-5 %.

The proposed algorithm can be used to annotate
reviews in any industry. For example, when a user
needs to quickly and accurately identify and remove
major ideas or events from emails, news, and other
multimedia sources.
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ONTUMIBALIA AHAJII3Y TA MIHIMIBAIIS IHOOPMAIIMHAX BTPAT
Y TEXT MINING

Anomauin. Cmamms npuceésuena GUPIUEHHIO MAKUX 3a60AHb. NPOSECMU AHANI3 CYHACHUX NIOX00i8 00 aHAnizy ma oOpoOKu
OaHUX; UBHUMU OCHOGHI aneopummuy 0N aHAnizy ma 06poOKu OAHUX, HA OCHOGI 3ACTNOCYBAMMA HOBIMHIX MEXHONO02I CMEopumu
npoepamy, axka 6yode 30upamu OaHi, CHPOEKMY8amu apximexkmypy npozpamu 0 6iibul eheKmMuUeHO20 BUKOPUCTNAHHS, OUUCMUmMU OaHi,
3aCMOCo8yIouU Memoou MiHIMI3ayii iHpopmayiinux empam, Npoananizyeamu OMpPUMAHL OYUWEHI OAHI 3ACMOCO8YIOHU NIOX00U 00
ananizy ma o6pobKu mMekcmosux OaHux, 3poOumu 6UCHOBKU 3 pe3VIbmamamu yCix euujeseaoanux pobim. Icnye documv eenuka
KIbKICMb PIBHOBUOIE NEePepaxo8anux 3a60anb, d MAakodic mMemoodis ix eupiwenns [Hpopmayis € 0OHUM 3 HAUBANCTUSTUIUX peCypCis
cyuachozo 6isHec-cepedosuwya. s 6y0b-sKoi KOMRAHIL 6ad4CKO O0csiemu YCnixy, He Maiouu 0ocmamuvoi iHgopmayii npo ceoix
KIIEHMIG, CNIBPOOIMHUKIE MaA [HWUX KIIOYOBUX 3ayikagienux cmopin. LL[oons xomnawii ompumyiomv HecmpyKmypoeawuu i
CMPYKMYposanuii. mexcm 3 pisHux Odxcepei, Maxkux sAK pe3yibmamu ONumy8anHs, meimu, HOmamxu 00 KOII-yeHmpy, menegonHi
PO3CUTKU, OHNIAUH-8I02YKU KIIEHMIB, 3anuUcawi 83aemooii, nucmu ma inwi ookymenmu. Lfi Ooxcepena nadaroms neoOpodaeHull mexcm,
SAKUL Heneesko 3po3ymimu Oe3 8UKOPUCMAHHA NPAGUILHO2O THCMpYMeHmy ananizy mekcmy. Modicha 8UKoHy8amu aHamimuKy mekcmy
6pyuny, ane npoyec 8pyuHy neegpexmugnuiil. Tpaouyitini cucmemu 8UKOPUCMOBYIOMb KIIOYOGI CNIOBA | He MOJICYNb YUMAmu i po3ymimu
MOBY 6 eNIeKMPOHHUX TUCMAX, MBIMAX, 6e6-CIMOPIHKAX | MeKCMOogux 00KyMeHmax. 3 yux npuyun KOMRAaHii GUKOPUCMOBYIOMb NPOSPAMHE
3abesneuennss Onisi ananizy mekcmie O auanizy Genuxux obcseie mexcmogux oOanux. Ilpocpamme 3abesneuennsi Odonomazae
KOpUCMYy8auam ompumyeamu iHGOpMayilo 3 mexcmosux OaHux, wod Oisimu 6i0nogiono B Oanuil yac Haiibineus nowiupene pyune
anomyeanHs, 00 nepegaz K020 MOJICHA GIOHeCHU, 0e3yMOBHO, 8UCOKY AKICMb CKIA0aHHs anomayii ma ii «ocmucnenicmoy. Tunosi
HeOOJlIKU PYUHUX CUCTEM AHOMYBAHHS, CUCMeM AHANI3Y MEeKCMogol ingopmayii - ye 8UCOKI MamepianvHi eumpamu i npUMamanta iv
HU3bKa weuokicms pooomu. Tomy memamuxa yiei cmammi — ye OOCAIONCEHHA MemOOi8 3a OONOMO20I0 SKUX MONCHA epeKmugHo
anomyeamu i02yKu Npo PIHOMAHIMHI Moeapu 3 HAUbiILW020 Mmopeisenvno2o matidanyuxy Yxpainu. Lle we pas niomeepooicye
Hauywicme i akmyanvhicmes 06panoi Hamu memu. Memorto Oocniodicenns € Memoou ma 3acobu 3a 00NOMO20I0 SKUX MOJICHA
MiHIMizyeamu ingopmayitini empamu npu ananizi ma o6podyi mexcmosux Ooanux. O6’ckmom 00CHiOdCenHHs. € npoyec MiHiMizayii
iHgopmayitinux empam npu ananizi ma 0o6podyi mexcmosux 0anux. B xo0i 00Cniodicentss nposedeHo ananiz OCMAHHIX QOCIIONCEHb 3
auanizy ma o6podKu mexcmogoi ingopmayii; npoananizoearo memoou 06podku mexkcmosoi ingopmayii ma ancopummu Data Mining.
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OIITUMM3ALUA AHAJIN3A U MUHUMU3AIUA NHOOPMAIIMOHHBIX
IHOTEPH B TEXT MINING

Annomayua. Hngopmayus A671aemcsi 0OHUM U3 8ANCHEUUUX PeCypPCcO8 COBPEMEHH020 OusHec-cpeobl. [[na nobotl Komnanuu
MpPYOHO 000UMbCS ycnexa, He uMess OOCMAMOYHOU UHPOPpMAYUU O CE0UX KIUEHMAX, COMPYOHUKOS U Opyeux Kiioyesbix
3AUHMEPECOBAHHBIX CMOPOH. EdCeOHesH0 KOMNaHuU NOIYHarm HeCMPYKMyPUPOBAHHbIL U CIPYKMYPUPOSAHHYIT MEKCI U3 PA3IUYHbIX
UCIOYHUKOS, MAKUX KAK Pe3yIbmambl Onpocd, meumbl, 3aMemKu 6 KOI-YeHmp, meneghonnble pacchliKu, OHIAUH-0M3bI8bl KIUEHMNO8,
3anucanHble 83auUMOO0etiCmBUs, NUCbMa u Opyaue OOKyMeHmyl. Imu UCOYHUKY NPe0oCmAasaon HeoOpabomanHblii MeKcm, KOmopblil
Henezko NOHAMb be3 UCNONb306AHUSA NPABUTLHO20 UHCIPYMEHMA aHanu3a mekcma. ModtcHo 8bINOIHAMb AHATUMUKY MEKCMA 8PYYHYIO,
HO npoyecc epyunyio neaggexmusen. Tpaouyuontvle cucmemsl UCHOIL3YION KIIOUEEblE CLO6A U HE MO2YI YUMAMb U NOHUMANb A3bIK 6
INIEKMPOHHBIX NUCLMAX, MEUMAX, 8€6-CIMPAHUY U MEKCMOBbIX OOKYMeHmax. 110 smum npusuHam KOMRAHUU UCRONb3VION NPOSPAMMHOE
obecneuenue 051 aHANU3A MEKCMO8 O AHAIU3A OOTbUUX 00beM08 meKcmogvlx OanHwix. IIpospammmoe obecneuenue nomozaem
NOIL308AMENAM NOIYYAMb UHPOPMAYUID U3 MEKCMOBbIX OAHHBIX, YMOoObl Oelicmeosams & coomeemcmeuu B Hacmoswee épems
Hauboiee pacnpoCmpaneHo pyuHoe AHHOMUPOBAHUS, K NPEUMYWECMBAM KOMOPO2O MONCHO OMHECmU, O€3YCI068HO, 8bICOKOE KAYecmao
COOPKU aHHOMAYUY U €20 «OCMbICIEHHOCHbY. TunuyHble HeOOCMAMKU PYUHBIX CUCIEM AHHOMUPOBAHUS, CUCTEM AHAIU3A MEKCMOB0U
uH@OpMayuu - MO BbICOKUE MAMepUanbhvle 3ampamvl U NPUCYAs UM HU3KAs CKOpOCcmb pabombl. Tlosmomy memamuxa 3mou
cmambvi - 3Mo UCCIe008AHUE MEMOO08 C NOMOUbIO KOMOPLIX MOICHO IPPEKMUSHO AHHOMUPOBAMb OM3bIEbL O PANUYHBIX MOBADbL U3
KpynHetiuezo mopeogo2o niowaoke Yxpaunvl. M pewtenue ciedyiowux 3a0ay. npoeecmu aHam3 COBDEMEHHbIX N00X0008 K AHAIU3Y U
00pabomKy  OAHHBIX, UYUUMb OCHOGHLIE AN2OPUMMbBL Ol AHAAU3A U 00PAOOMKU OAHHBIX, HA OCHO8E NPUMEHEHUS HOBEUULUX
MEXHONO2ULl CO30amb npospammy, Komopas 6ydem codupamv OaHHble, CHPOEKMUPO8AMb apXUMeKmypy Hpocpammsl Oas 6oiee
I PexmusHO20 UCNONL306ANUS, OUUCUMb OAHHbIE, NPUMEHSA MEMOObl MUHUMUZAYUYU UHPOPMAYUOHHBIX NOMEPb; NPOAHATUIUPOBANTD
NOJIYUEeHHble OYUUYeHHble OaHHble NPUMEHAS NOOX0Obl K AHAU3Y U MEKCMOBbIX OAHHbIX, COeNamb 6bl800bl NO Pe3VIbMAmMdaM 6Cex
sbiueynomanymulx pabom. Cywecmeyem O0Cmamoyno OOnbluoe KOIUYeCMBO PASHOBUOHOCMEN NePeyUCIeHHbIX 3a0ad, a MaKtce
Memooos ux peuwienus. Smo euje paz noomeepiHcoaen 3HAYUMOCHb U AKMYAIbHOCHb 8blOpaHHoU Hamu membl. Llenv uccnedoganus
AGNAIOMCS. MEMOObl U CPeOCmea ¢ NOMOWBIO KOMOPLIX MONCHO MUHUMUSUPOSAMb UHGOPMAYUOHHbIE NOMepU Npu auaiuse u
obpabomxe mexcmosblx OannbiX. OOBLEKMOM UCCTIe008AHUA ABTAEMCA NPOYECC MUHUMUZAYUU UHPOPMAYUOHHBIX NOMEPL NPU AHATU3E U
0bpabomke mMexkcmogvix OaHHbIX. B Xxo0e uccrnedosanuss nposeden ananuz NOCIeOHUX UCCIEO08AHULL NO AHATUZY U 00pabomxu
MeKCMOoBOU UHDOPMAYUU; NPOAHATUIUPOBAHBL MEMOObI 0OPAOOMKU MEKCMOBot uHgopmayuu u arcopummel Data Mining.

Knrouesvte cnosa: ananuz mexcmosou UHGOpMayuu; aHHOMUPOBAHUS, UHMELTEKMYATbHbIN AHATU3 MEKCMO8; NPOSPAMMHYILL
nPOOYKM;, AN20PUMM; MEKCMOBble OUHHbLE; eCIMECHBEHHDLIL A3bIK
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