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Poszenanymo ocob6ausocmi 3acmocyean-
Ha mexnonoeiii NLP, Information Retrieval,
SEO ma Web-mining oas eusnauenns cmii-
KUX CILOBOCNONYHeHb NpU i0enmudixauii xro-
yoeux caie 6 onpauyrosanni Web-pecypcise.
Jinzeocmamucmuvnuil ananiz npupooomos-
HO20 meKcmy BUKOPUCMOBYE nepesazu KO-
meHm-MoHIimopiney Ha ocHosi memodie NLP
ons idenmucpixauii cmivixux ca060cnoay1es.
Keanmumamuenuii ananiz cmitikux cio80cno-
JYueHb 6UKOPUCMAHO 0151 6U3HAMEHHS Cmene-
HS NPUHATEHCHOCTT MHONCUHT KJIIOUOBUX CJlI6.
3anpononosano memoo 6UIHAMEHHA CMIUKUX
CJ108OCROIYMeHb npu i0enmudixauii Kao4o-
BUX CJI6 YKPATHOMOBHO20 KOHMEHMY

Kntouosi croea: cmiiixe c1080cnonyuenns,
NLP, Information Retrieval, SEQ, Web-mining,
cmamucmuuHull JIin26iCMuUMHULL anauis, Kean-
mumamuena aineeicmuxa, pyépurauis

[, u|

Paccmompenvt ocobennocmu npumene-
nus mexnonoeuii NLP, Information Retrieval,
SEO u Web-mining 0ns onpedenenus ycmou-
YUBLIX CJI060COUEMAHUU npU udenmudurxayuu
KJI10uesbix €06 6 paspabomxe Web-pecypcos.
Junegocmamucmuueckuii ananu3 ecmecmeen-
HOA3bIK0B020 MEKCMA UCHOTb3Yem Npeumy-
wecmea KoHMeHm-MOHUMOPUH2A HA OCHOGE
Memodoe NLP ons udenmupuxauuu ycmoii-
uugvlx caogocouemanuii. Keanmumamuenouii
ananu3 YcmouvusviX CJa080COUEMAHUL UC-
nob308aH 011 OnpeodesieHust CmeneHu npu-
HAONeHCHOCMU MHONHCECMBY KIAIOUEBbIX CJI06.
IIpeonoscen memoo onpeodenenus ycmouuueoLx
ca080coMemanuil npu udeHmuurkayuu Karove-
8bLX CJ106 YKPAUHOA3LIUHOZ0 KOHMEHMA

Knmoueevie caosa: ycmoiiuusoe cno80co-
yemanue, NLP, Information Retrieval, SEO,
Web-mining, cmamucmuueckuii aunzeucmuye-
CKUll ananui, KeaHmumamueHas JTUH26UCHU-
Ka, pyopuxauus

u] =,

1. Introduction

In modern intellectual systems of linguistic nature, it
is important to determine effectively stable word combi-
nations for identifying a set of keywords while processing
Web resources [1]. An optimally appropriate set of stable
word combinations is used for information retrieval (IR),
SEO and Web-mining technologies, natural language pro-
cessing (NLP) and automatic machine translation. It is also
essential to identify the content by using specific natural
language texts and rubrics as well as reflexive and automatic
analysis of comments on published products. A new direction
is the automatic processing of texts while integrating data
from various sources of different fields, including Internet
tourism [2]. Stable word combinations are used in algo-
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rithms for correct tokenization, compiling dictionaries (lexi-
cography), automatic translation, learning foreign languages
(MinHuUi yaii — strong tea <> minHuii con — fast sleep), and
distinguishing terminology [3].

Analysis of stable word combinations is used for identi-
fying relevant content, indexing in IR, tokenization, content
categorization, creating a search image of some content, and
constructing thematic ontologies [4]. Usually, this work
is the prerogative of the person who is the moderator of
Web-resources [5]. Automating the process of extracting
data or knowledge of natural language content using NLP
methods greatly reduces the time and the amount of Web
resources to obtain the desired result [6]. The use of meth-
ods of artificial intelligence (AT) in linguistic processing of
natural language texts is usually effective after qualitative




morphological and syntactic parsing of these texts [7]. If
for English texts these questions are easily solved by a sim-
ple parser and using the Porter algorithm, then for Slavic
languages, including Ukrainian texts, it is not so easy
[8]. Therefore, there appears the problem of choosing an
optimal statistical method for determining stable word
combinations for identifying keywords in the development

of Ukrainian-language Web resources [9].

The use of knowledge engineering for effective NLP
improves the quality of the results of research on texts
[10]. This entails developing new NLP approaches and
techniques, including the automatic determination of stable
word combinations for identifying keywords when process-
ing Web resources [11]. With the proliferation of Internet
services and their introduction into everyday life of every
ordinary person, there appears redundancy of information
as an IR result. The so-called informational noise negatively
affects both the Internet business and the irritability of a
regular user of these services. The daily IR results are the
following: Google>8 billion pages, Yandex>600 million
pages, and 2.5 million sites [12]. Therefore, the qualitative
and optimal definition of stable word combinations as a set of
keywords in Ukrainian and English texts will significantly
reduce the time for receiving relevant content search results
in response to user queries.

2. Literature review and problem statement

Modern NLP methods are increasingly used not only in
AT and computer linguistics, but in Internet environments,
especially in the IR direction (Fig.1). Today in IR, it
implies not only representation, storage, organization and
access to information elements. It also focuses on the needs
of regular and potential users in on-line information and
the emphasis on finding important relevant content (and

not data, Fig. 2) [13].
Computer
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Fig. 1. The topicality and perspective of automatic
processing of texts
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Fig. 2. The process of information search according to
Baeza-Yates & Ribeiro-Neto (1999)

The main models and methods of IR are indexing, the
Boolean model, the vector model and the evaluation of the
search quality [14]. The average complexities of a direct
search (Brute Force, O(n+m)) and a complex search (Dboy-
er-Moore, O(n/m)) [14] were experimentally tested long
ago. The effectiveness of the indexing method is directly
proportional to the effectiveness of the process of creating a

document or content search image (logical representation).
This, in turn, affects the efficiency of presenting relevant
information on the Internet [14].

Content =2-54—-58—-16—32—64—128,
2152535558213 21,

Web mining =13 —16.

Postings

The effectiveness of any NLP method depends directly on
the quality of the prior processing of the text content. This, in
turn, depends on extracting and/or receiving text (HTML,
PDF...) [15]; coding and language [16]; breakdown into words
and sentences (tokenization); elimination of stop words [17];
and stemming as determining the word form [18]. Tokeniza-
tion is a process of demarcating and classifying sections of a
series of input characters for the desired content:

— dates, numbers (13/03/2014, 1415);

—adverbs (Ukr. wapemi, 3a3Buyaii, BigTomi, mortim,
HANPUKJIAN);

— introductory words (iHmumu caoBaMu, B MiJCyMOK
CKa’keMo, MiK iHIITUM);

— prepositions (HanepenonHi, He3BaKAOUN HA);

— particles (Bce % Taxu, HeMoB 61, HEMOB $IK, IO TOIO
K, HIOU TO SIK);

— verbose tokens (collocations, Ynau-Yae, Hoio-Hopk,
IBan IBanoBnu);

— boundaries of sentences (“I. 1. IBanoB mpuixas B M.
JIbBiB MuHYI0I 3UMU.”).

The resulting tokens are then subjected to a different
form of processing. The process is considered as a subtask for
analysing input data [19].

Stop-words (or noise words) are words that do not car-
ry a meaningful load, so their usefulness and role during
searching are not significant. A text, in its turn, is an un-
structured set of meaningful words (“bag of words”), where
stop-words belong to the functional parts of speech, that
is, they are prepositions, conjunctions, particles (a, ra, aii,
ay, ax, 6a, 6es, m06ausy, 6pp, 3ach, Hibu, 6, 6yTHu, B, BH,
Balil, 1106113y, BIKG, 10 TOTO K, Y3JI0BXK, ajlKe, 3aMiCTh,
3aMiCTh, 1033, yCePEeIWHi, K, O1Jis1, HABKOJIO, TeTh,...) [20].

An effective IR model is highly dependent on the quality
and method: presentation of text files and content [21]; set-
ting informational needs (queries) of users; estimation of the
proximity between the query and the document [22].

The Boolean model of IR considers content as a plu-
rality of words (terms) and a query as a Boolean expres-
sion: “(kimka OR mec) AND kopm”; “nraxa ANDNOT
BilichkoBuit” [14]. Processing a query in this model is the
operation on sets that correspond to words (terms) (Table 1).

Table 1
An example of the Boolean model
(keywords in articles found as to [23])

BM/Article | [24] | [25] | [26] | [27] | [28] | [29]
Content 1 1 0 0 0 1
NLP 1 1 0 1 0 0
Web-mining 1 1 0 1 1 1
IR 0 1 0 0 0 0
SEO 1 0 0 0 0 0
Web resources 1 0 1 1 1 1
Keywords 1 0 1 1 1 0




The advantages of the Boolean model are simplicity
and convenience for those who are familiar with logical
operators. The disadvantage is that this model is too “con-
trast-based” (in terms of both content submission and its
relevance).

The Vector model presents IR content and query as
vectors in the space of words (terms), where the vector com-
ponent is the meaning of a word for the document (query).
The model uses a measure of proximity (ranking). This is the
cosine of the angle between the vectors (Fig. 3):

sim(d,q)= z,di’;qi,
]

where d; is the weight of a term in the content (frequency of

use in the content/collection); ¢; is the weight of the term i

in the query. A well-known example of the vector model is

the approach TFXIDF (TF is term frequency, IDF is inverse

document frequency). The basic version of TFXIDF [14] is
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A modified version of TFXIDF [14] is

TFIDF,(I)=B+(1-B)-t/p(1)-idf (1),
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where avg_dl is the average length of a document, and ¢ is
the size of the collection B=0...1.
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Fig. 3. The vector pattern of IR

The advantage of a vector model is the effectiveness of
processing primary static collections. It also involves partial
coincidence. The disadvantage of the model is that it is easily
attacked (spammed) and does not work well on short texts.
However, the Web is an uncontrolled collection (Fig. 4),
large volumes of content, its various formats, variety (lan-
guage, themes, etc.), high competition (spam), present clicks
and links (PageRank). Therefore, the two previous IR mod-
els do not resolve the problem of the quality of searching for
relevant content. The basis of the quality assessment of IR
is the notion of relevance (compliance with the information
needs) of the content sought. It necessarily contains the fol-
lowing signs (features): precision (p=a /b),recall (r=a /¢),
and F-measures (F=(p+7r)/2pr), where a represents the

relevant signs in the answer, b denotes all the signs in the
answer, and c is all relevant signs (Fig. 5).
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Fig. 5. The 11-point graph of P /R information retrieval
results

The main initiators of the IR evaluation methods are
(Fig. 4, 5) the following: TREC (Text Retrieval Evalua-
tion Conference, trec.nist.gov) and CLEF (Cross-Language
Evaluation Forum, www.clef-campaign.org).

3. The aim and objectives of the study

The aim of the work is to analyse statistical methods for
developing an optimal approach to determining stable word
combinations in identifying keywords when developing and
processing Ukrainian-language Web-resources based on the
technology of computational linguistics.

To achieve this aim, the following tasks are set and done:

— to develop a method for determining stable word com-
binations while identifying keywords in Ukrainian-language
texts based on the analysis of lexical speech coefficients in
standard content fragmentation;

—to devise a formal approach to designing content
monitoring software to determine stable word combinations
when identifying keywords in Ukrainian texts based on Web
Mining and NLP;

—to obtain and analyse the results of experimental
testing of the proposed content-monitoring method for de-
termining stable word combinations in identifying keywords
in Ukrainian-language scientific texts on technical matter.

4. The method for determining stable word combinations
when identifying keywords for text content

The method for determining stable word combinations
consists of the following phases: morphological analysis
(MA), syntactic analysis (SA), keyword selection, and sta-
bility analysis of word combinations from a multitude of
keywords.



Fig. 6 lists the main steps in determining stable word
combinations when identifying keywords for text content.
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Fig. 6. A flowchart of linguistic analysis of Ukrainian-
language texts to identify stable word combinations as
keywords

Stage 1. The aim of the MA is to define the keyword
equivalence classes in IR [30]. MA methods for identifying
keywords are procedural, tabular, and statistical stemming
or their various combinations. One of the well-known MA
algorithms is the Porter stemmer [31], which is the stemming
algorithm published by Martin Porter in 1980. The original
version of the Stemmer is for English and written in
BCPL. Stemming is the process of reducing the word
to the stem by rejecting it auxiliary parts, such as an
inflexion or suffix. For Ukrainian texts in MA, it is
best to use combinations of approaches such as pro-
cedural, tabular and statistical stemming [32]. In the
procedural approach of MA, the emphasis is placed on
analysing words of the dictionaries of stems and full
forms dictionaries (FFDs). Then the MA algorithm
consists of three main stages: the search in the FFD,
the selection of the stem and the search for the stem in
the dictionary. Examples of the tabular approach are
so6Kka — 606k (masc., animate, sg., [gen.jmean.]); ne —
ne (particle); zodyit — z00yeamu (imperf., imperat.,
sg.); 6 = 6 (preposition). An example of the model for
a Ukrainian word change is ze¢ masc. 1*b (animal);
ne¢ masc. 1*a (currency); cmpuoce imperf. 8*b (-r-);
zocmwvosa femin. 4a (). The basis of most of machine
MA of the Ukrainian language is a tree or a finite state
automaton (Fig. 7) [33].

The statistical stemmer is based on the probabil-
ity of determining the stem of the word, for example:
CIOBHUKAMU —> CJIOBHUK —> CJIOBHUK-aMU —> HUK-
aMU; COKMPAMK —> COKUPA —> COKUP-aMU —> UP-aMU;
JITAI0YOTO — JIHTATH —> JIiT-al040ro — iT-aiouoro;
JITAl0Y0TO —> JiTalouuil — JiTamoy-oro — 104-0ro.
The main rule is one vowel in the stem of the word.
The types of words are determined by the forms of
their inflexions (Fig. 8).

Features of the algorithm. The algorithm works
with separate words, so the context in which the

word is used is unknown. Other unavailable categories of
linguistics are the word structure (root, suffix, etc.) and the
part of speech (noun, adjective, etc.). We currently have the
following techniques for analysing words:

—the ending in removed from the word, for example,
the ending ysamu transfers the word xpumuxysamu into
KPUMuUK;

— the word has a stable ending: the words with this end-
ing are left unchanged, for example, cx and the invariable
words 6auck, muck, obenick, etc.;

— the word changes the ending, but this rule applies to
words in which certain letters drop out (2dpo and sdep,
where the ending ep changes to p) or change (vorosix and
wonosive, where x changes into u);

—the word corresponds to a stable expression: this is
an attempt to combine several rules into one complex, for
example, in the code there are expressions similar to (oB)*y
Ba(B[Buu|Bucs|nalao|lnuuualuuilnnsam/nno|rulsealses|n
ucklaucsaltucs|rucs);

—the word does not change during its stemming, but
there is an exception to the rules: it is necessary to maintain
a dictionary of exception words, for example, giue, naue;

— the word changes with stemming, but it is also an ex-
ception: it is necessary to keep in the dictionary at once two
forms of the word (original and schematised), for example,
the word 6idep should change to 6idp, although other words
ending in ep are not stemmed so (asiaducnemuep, éimep,
zpasep, etc.);

—the short words remain unchanged: the functional
parts of speech (prepositions, conjunctions, particles) are
usually very short words and ignored by the algorithm
(words up to 2 letters inclusive).

3
i L0 y
Hd H"I HI/I I/I @

. TH I/l l/l
O OO0,
50RO

Fig. 7. Methods for storing MA results: ais a tree and b is the Finite
State Automata, FSA



var SADJECTIVE =
'/(umu|iii|uit|ae|oBaloBeliB|e|iii|ee|ee|s|im|em|um|imM|ux |ix|oro|[fiMu|imuly [fo oro|omy|oD)S/';
//http://uk. wikipedia.org/wiki/IIpuxmernux + http://wapedia.mobi/uk/IIpukmeTHHK
var SPARTICIPLE = '/(uii|orolomyum|im|aifi[y|oro|ii]i|ux|fiMu[ux)$/";
//http://uk.wikipedia.org/wiki//lienpuxkMeTHHK

var SVERB = '/(cb|csijuB|ath|aTh|y[fo|aB|amu|yun|suu|Bru|mu|e[MmelaTu|sTu|e)$/";
//http://uk.wikipedia.org/wiki//liecioBo

var SNOUN =
'/(a|eB|oB|e|sivu|amu|en|u|ei| o[ ui |i|usiv |stv e M| em| am|oM|o|y|aX x| X b1k U0 [BEO[FO|

Table 3

A static tree of endings the total
proportion of which is less than 1 %

P (2,709)

4 (959)

r (636)

1 (341)

m (110)

1 (2,531)

¢ (914)

3 (581)

6 (281)

1 (34)

1(1,038)

1 (754)

K (353)

¢ (214)

r4)

w|bsali|oBililero|ero|orole|eBi|em|em|iB[iB|\'t0)$/";
//http://uk. wikipedia.org/wiki/IMmeHHUK

Stage 2. Syntax represents the rules
of combining words in correct expres-

Fig. 8. Definition of the word type by the inflexion form

All these techniques are used for groups that generate
and illustrate the rules of stemming. However, this greatly
complicates the search algorithm for keywords. First, it is
necessary to take into account the widespread endings (not
the traditional inflexions, as part of the word), that is, the
sequence of letters in which a word ends. Tables 2, 3 contain
endings of words from 1 to 4 letters in length. Five or more
letters are not given, as there are few such words (for 5 max-
imum #mecw (6,837), for 6 (4,656), etc.). This is a peculiar
map for the stemming project. For the effectiveness of the
search algorithm, it is necessary to construct a static tree
of endings and to cover all branches of the tree [34]. The
level of the tree detail varies within 500—
600 words with a common ending.

sions such as word combinations and sen-
tences [35]. The task of a SA (syntactic
analyser, parser) is to construct the syn-
tactic structure of an input sentence [36]. The aspects of im-
plementing the SA are dictionaries (data on individual units
of language); formal rules and interaction with adjacent
levels of processing (MA, semantic analysis). Often, the SA
uses the Context-free grammar (CFG) rules: <N, T, X, R>,
where N is the set of nonterminal characters, T is the set of
terminal characters (N NT =), X is the axiom (XeN), R
is the set of rules of transformation (substitutions) of type
Y - o, where YeN, o isalist of terminal and non-termi-
nal characters. An example of the CFG:

N={S,NP,PP,V,N,A},

T={cucmema, PpYOpuKysamu, ykpainomMosHuil, Konmenm, 3d, Kouoeul, Cﬂoeo},S .

Table 2
A static table of common endings in the Ukrainian language
a THCS MOCh amm HOMY 0Bi a nx
(164,062) (10,379) (20,536) (10,666) (19,112) (17,191) (68,134) (31,127)
cs smest J10Ch HUMHA o cTi Ha ax
(148,160) (10,338) (10,231) (19,089) (90,454) (8,731) (21,328) (20,023)
HS Tecst TUCH M MO ocTi Ja SIX
(9,765) (19,103) (10,366) (119,779) (33,568) (7,636) (17,945) (9,855)
ocs Jacst JIICh T (2,980) ro 10 Ka HUX
(30,769) (10,230) (10,337) ’ (31,445) (80,877) (11,029) (19,092)
bCsT b Tech iM 710 oo icTio i (34,702)
(25,211) (151,355) (19,105) (31,343) (17,238) (39,616) (7,598) ’
ucs Cb J1ach UM MO HIO it oi
(21,940) (111,459) (10,229) (31,166) (11,229) (10,075) (77,109) (31,421)
ecst Tb icTh aMm €Mo HOIO i HOI
(19,105) (33,055) (7,606) (20,154) (11,136) (20,280) (33,241) (19,098)
Ics ochb u oM oro KOTO nit B
(11,775) (30,788) (123,402) (17,018) (31,389) (7,497) (31,136) (32,681)
acst uch MU AM ajo HHIO ana iB
(10,235) (22,656) (62,080) (15,717) (10,465) (9,054) (10,610) (15,898)
BCA ecb ™ HIM HOTO CTIO e aB
(10,076) (19,114) (20,025) (19,333) (19,090) (7,648) (66,988) (10,547)
1ocs ach m HUM i (90,275) y Te I
(8,044) (10,239) (17,711) (19,093) ’ (94,504) (32,651) (19,163)
HHS BCb nMI HAM Hi My He €11
(9,001) (10,016) (31,121) (9,434) (31,679) (35,023) (20,257) (11,138)
MOCsI CTb amu HHAM Bi HY iiTe €
(20,532) (7,688) (20,106) (8,975) (22,543) (23,125) (11,230) (11,466)
Jocs 10Ch AMU Ky Ti Hil €re x (7,299)
(10,233) (8,047) (9,844) (11,624) (12,596) (19,549) (11,137) ’
ThCS 10T aru oMy HHI HUT X
(25,036) (11,222) (10,819) (31,585) (9,909) (19,042) (61,506)




R={S - NPVP,S - NPVPPP,NP — AN,PP — PNP,VP -V NP,
NP — cucrema,V — pyOpuKkyBaTi, A — yKpaiHOMOBHMUH,

A — xumiouoBuit, N — xourent, N — cyioBo, P — 3a}.

The disadvantage of using the CFG is the periodic ap-
pearance of ambiguity in the SA, for example, “Cucrema
PyOpHUKYE YKPAiHOMOBHHMI KOHTEHT 3a KJIIOUOBUMU CJIO-
Bamu / The system categorizes Ukrainian-language content
by keywords” (Fig. 9).

S
—
NP VP PP
Cucrema V NP P NP

pyOpukye A N 3a A N
| | | |

YKpalHOMOBHHUI KOHTEHT  KJIIOUOBHUMHM CJIOBaMHU

a

S
VAN
NP VP

| /\
Cucrema V NP

| /\
A N PP
I

pyOpuKye |

YKpaiHOMOBHHI ~KOHTEHT P NP
3a A N
[ [

KIIFOYOBHMHU CJIOBAMU
b
Fig. 9. The CFG ambiguity: a — example 1; b — example 2

The examples of known SA systems for English lan-
guage tests are “Machinese Word combination Tagger”
[37] and VISL [38]. There is no available online informa-
tion resource for the SA of Ukrainian-language texts. We
will analyse the results of the SA of an English text through
these resources through the example of such a sentence set:
“The train went up the track out of sight, around one of the
hills of burnt timber. Nick sat down on the bundle of canvas
and the baggage that I had got out of the door of the bag-
gage car.” “Machinese Word combination Tagger” is a text
analyser that processes base forms and component struc-
tures. It also recognizes the “part of speech” classes (noun,
adjective, verb, pronoun, etc.) and generates a micro-indic-
ative syntax of a word combination, marks fragments or
brackets noun word combinations (Fig. 10).

The Connexor Machinese Tokenizer is a set of compo-
nents of the program that performs the basic tasks of text
analysis at a very high speed and provides relevant word
information for bulk programs. The Machinese Tokenizer
splits the text into clear words and provides possible forms
and classes for the words (Fig. 11). The first column dis-
plays the position of a token in the text (the calculation in
characters); in the following column, there is information
on the length of the token; the third column is for the text
form, and the other columns contain the main form(s) and
the tag denoting the part of speech (PRON=pronoun,

V=verb, DET=determinant, or N=noun). If a word
has several meanings, the analysis also includes sev-
eral columns of the main parts of speech.

The Ontology Matcher Demo uses metadata to
identify ontology objects in the text (Fig.12). The
program corresponds to the concepts in the Finnish
general ontology with approximately 28,000 notions
in each language. The found notions of ontology are
given in the text below as a reference. With the cursor
over a word, there appears the notion to which the
word refers.

Text Phrase syntax and part-of-speech

The the premaodifier, determiner

train train nominal head, noun, single-word noun phrase
went go main verb, indicative past

on on adverbial head, adverb

up up preposed marker, preposition

the the premaodifier, determiner

track track nominal head, noun, single-word noun phrase
out out adverbial head, adverb

of of preposed marker, preposition

sight sight nominal head, noun, single-word noun phrase
around around preposed marker, preposition

one one nominal head, pro-nominal

of of postmaodifier, preposition

Fig. 10. English Machinese Word combination Tagger 4.9.1
analysis

This this PRON

5 2 is be V

8 1 a a DET

10 4 test test N test V

Fig. 11. The Machinese Tokenizer

The train went on up the track out of sight, around one of the hills of burnt
timber. Nick sat down on the bundle of canvas and bedding the baggage man had
pitched out of the door of the baggage car.

Fig. 12. The Ontology Matcher

Fig. 13, 14 show the result of SA through the VISL in-
formation resource

For SA of Ukrainian-language texts, such information
resources do not exist [39—-42]. Moreover, the SA process
itself is rather cumbersome for Ukrainian-language content
[43—46]. Let us consider the example of the input sentence:
“Bin 3po0uB 11€ TaK HE3PYUYHO, 0 3a4elB 06PA30K MOTO
aHTesa, SKUI BUCIB Ha yOOBiil CTMHIT JTiKKa, i 1110 BOUTa
MyXxa Bliaja MeHi nmpsamo Ha rosoBy” (“He made it so un-
comfortable that he touched the image of my angel that
hung on the oak-bed backboard, and that the killed fly fell
to my head”).

Its SA example with using pre-syntax is shown in
Fig. 15.

Parsing by chunks is a breakdown of sentences into
non-intersecting word combinations [47—51], i. e. (flat struc-
ture)zcomplete parsing, for example, (the boy (with the
hat)) «— (the boy) with (the hat)).



Tree structure

Enter English text to parse:

The train went on up the track out of sight, arcund one of the IPEFSE and SI"IOWI
hills of burnt timber.

| Export and Download |
Reset |
Visualization: | Vertical r | Motational convention | default
A1t ERgt;
&lt;sigt;

SOURCE: Running text

1. The train went on up the track out of sight, arcund one of the hills of burnt timber.
Al

STA:cl{fcl}

|-5:g(np)
| |-D:art{"the' 5/P) The
| |-H:n{'train' 5 HM) train
|-P:gi{vp}
| |-H:iw('go" IHPF} went
| |-D:adw{on') on
|-A:glpp)
| [-H:pre{iup') up
| [-D:g{np)
| |-Diart{ 'the” 5/P) the
| |-Hin{"track" 5 HOM} track
|-A:g(pp}
| -H:prp{out_of") out_of
|-D:n("sight' 5 HOM) s=sight
[-D:g(pp)
|-H:prp{ around®) araund
[-D:g(np}
| -Hinum{ ‘one” &lt;cardigt; =) one
|-D:g{pp)
|-H:prp({'of") of
|-D:g{np)

Fig. 13. The structure of a tree on the VISL information resource

<>

The [the| <*> <def> ART S/P (@=>N #1->2

train [train] <Vground=> <def> <nhead> N S NOM @SUBJ=> #2->3
went [go] <move> <mv> V IMPF @FS-STA #3-=0

on [on] ADV @MV= #4-=3

up [up] PRP (@<SA #5-=3

the [the] <def> ART S/P @=N #6->7

track [track] <Lpath> <sem-1> <def> <nhead> N S NOM @P< #7->5
out of [out=of] <complex> PRP @<ADVL #8->3

sight [sight] <percep-w> <Labs> <idf> <nhead> N S NOM @P= #9->8
,[.] PU @PU #10->0

around [around] <insertion> PRP @>A #11->0

one [one] <fr:78> <f:3664212> <card> NUM S @P= #12->11

of [of] <np-close> PRP (@N= #13->12

the [the] <def> ART S/P @>N #14->=15

hills [hill] <Lmountain> <def> <nhead> N P NOM (@P< #15->13

of [of] <np-close> PRP @N= #16->15

burnt [burnt] <SYN:cooked> <SYN:destroyed> <jppl> <tempered-2>
<8YN:treated> ADJ POS @>N #17->18

timber [timber] <mat> <idf> <nhead> N S NOM @P= #18->16
.[] PU @PU #19->0

</B=

Fig. 14. The result of SA through the VISL information resource



YacTrHa pedeHHd: (¥BiH 3p0oOHE IIe TaK He3py4IHO,*)

--- Bif[ 1](miecnoro)3pobue[2|(xkoro)ue[3]

3poOHB[2] (AK) Tak [4]

3poOHB[2](IpeaHKaTHB) He3pydHO[ 5]

3poduB[2] (%K) He3pyuHO[5]

YacTuHA pedeHHd: (*mo 3auenue 00pa3oK MOTo aHrena,*)

--- 00pa3ok[9] (aiecnoBo) 3adenus[ 8 ](koro)mo[7]
00pazok[9](axmit) Mmoro[10]

{i[20]} amrena[ll](akoro) moro[10]

YacTHHA pedeHHA: (*AKHH BHCIB Ha CIIHHII IDKKa,¥)

{o6pazox[9]} (axmit)axuii] 13] (ziecmoro) pucie[ 14 ](mpritvennuk)Ha[ 15](2oMy)
crHHLI| 1 7](akil 1y©oBii[16] ceHLi| 1 7](goro) nixkal 18]
YacTHHA pedeHHA: (*i%)

{o6pazok[9]}i[20]
YacTrHa pedeHH: (¥ mo BOHTa MyXa BIIaja MeHI IPAMO Ha TOJIO0BY.*)
--- Myxa[23] (miectoBo) Bmana[24](komy) MeHi[25] (upmHitMeHHHK)Ha[27](koro0)
romoBy|28] Ha[27](xoro) ronoBy[28]
Bnanal 24 ](mpuiiMeHHHK )Ha[ 27 |
Boana[ 24 ](sax)paMo[26]

Mmyxa[23] (s1xa) BOHTA[22]

{i[20]} mo[21]
--- MeHi[25] (npHuiiMeHHHK)Ha[27 ]
He3BAzH: BiH[ 1], Myxa[23],
==B pedeHH] CIiBE Bchoro: 25, cmiB He3p’s3HO: 2, i3 HHUX mpuiiMeHHHKIB:0, dac
ompamroBansg: 0.050c.
Bin[1] 3poome[2] me[3] Tax[4] He3pyueO[5] .[6] mo[7] 3auemme[8] odpazok[9]
moro[10] amrema[ll] .[12] axmii[13] Bmcie[14] Ha[15] nyOoeii[l6] counmi[17]
nbkka[18] .[19] 1[20] mo[21] e6mura[22] myxa[23] Bmnana[24] meHi[25] npaMo[26]

1. The FREQ method is a direct calcu-
lation of the frequency of using pairs (tri-
ples) of words. For example, FREQ for the
sentence “B aimepamypi onucano dexiivka
nidxodie 00 asmomamuunozo 6uUdileHHs
CMIUKUX CA0BOCNONYYUeHL.” — 6 aimepa-
mypi; rimepamypi onucano; onucamno oe-
Kinvka; Odexiavka nioxodis; nioxodie 00;
00  asmMoMamuyuHozo; aA8MOMAMUUHOZO
BUOINCHHS;, GUOINEHHS CMIUKUX, CTILUKUX
crnosocnoayuens. Unfortunately, as a result
of applying this method to large volumes of
text, we receive information noise due to
the high frequency of function words. The
method also requires taking into account
the frequency of use and the patterns of
word combinations. An example of mor-
phology rules in FREQ is as follows:

A N: mypeyvruii zam6im (Turkish gam-
bit), nepuwa noxiona (first derivative), ingpop-
mayitnui pecypc (information resource);

N Ng: xonwmenm ananis (content anal-
ysis), 6anranc inmepecie (balance of inter-
ests), konmenm-komepuyisi (content com-
merce), konmenm monimopune (content

Ha[27] ronoBy[28] .[29]

monitoring);

Fig. 15. The result of the SA of the Ukrainian-language sentence

5. Results of studying the definition of stable word
combinations when identifying keywords for text content

To isolate stable word combinations in the analysed texts
and to conduct a comparative analysis, we will use 4 differ-
ent methods: FREQ (frequency+morphological patterns,
that is, direct counting of the number of words) [52]; t-test
[53]; statistics x” [54]; LR as a likelihood ration [55]. A col-
location is a word combination that has features of a syntac-
tically and semantically integral unit [56]. In it, the choice
of one component is based on the context, and the choice of
another depends on the choice of the first element [57]. For
example, cmasumu ymoeu (to set conditions): the choice of
the verb cmasumu (to set) is determined by tradition and
depends on the noun ymosu; with the noun nponosuwyiio
(suggestion, proposal), there will be another verb — érnocumu
(to make). This concerns a limited (selective) combining of
words: word combinationologisms, idioms, proper names,
and brandnames. A collocation also usually includes compo-
nents of toponyms, anthroponyms, and other frequently used
naming conventions (for example, cynepmaprem «Mempo»
(Metro supermarket), 3aso0 «Enexmpons (Electron factory))
[58]. Other names for the same phenomenon are stable (set)
or word combinationological units and N-grams. Examples
of collocations are the following:

— Zpamu posb, Mamu 3LAUEHH L, 6NAUBAU, CNPACLAMU
epadceniLs,

— 3ac06U MACOBOI..., 30POSL MACOBOL...., BUWUTL HABUAILL-
HUU...;

— 21UO0KULL cMapelb <> N0BEePXHeBULL/ MIAKULL HeGe -
KUl 10HAK;

— MIYHUT Yall <> CULOHUT Yall;

— koxa-xona, Microsoft Windows;

— Toxa Ilpucmanwv, Borodumup Boruncvkuil, Hvio Flopx,
Cmis /Tocobc.

N Pr N: mpasa y dsopi (grass in the
yard), dposa na mpasi (firewood on the
grass).

2. The t-test method consists in checking statistical hy-
potheses and using the statistical model of MA:

— Hy: words found accidentally;

- P(w'w?)=P(w")P(w);

— taking into account not only pairs but also the frequen-
cy of using separate words (those that make up a pair);

x_
LTy
S2

N

where X is the empirical average, p is the theoretical av-
erage, s is the empirical variance, and N is the size of the
empirical sample.

The method is not quite correct for the language, but it
helps get results in practice — for example, the frequency of
the occurrence of the stable word combination xonmenm
ananiz (content analysis) in [14] with P(kxonrent)=28/1368
and P(ananiz)=38/1368 is

H,:p=P(xonrent ananis)=P(xonrenr)P(ananiz)=
=0.20468-0.27778 =5.69-107".

In the Bernoulli scheme

s‘=p(l-p)=p
with
¥=18/1368

and

> _ . —4
P p:0.013158 5.69-10 ~19.52816.

\/? 5.69-10°
N 1,368



3. The Pearson ’ method is applied to tables of 2x2
(Table 4). In the calculations, normality is not expected.

Table 4

An example of using the Pearson % method

_ p"lz ,(1_p)f1*512 . pCz*L]z (1_ p)N*CFfzﬂ]z
P (1= p )t p,ae '(1_172)1\1_01_02+E'Z

For example, with ¢, =28, ¢, =18 and ¢, =38,

logk:L(H%(H )=

w; W{=KOHTEHT W{#KOHTEHT
R, 18 (content 20
2 analysis) (e. g., statistical analysis)
.| 10 (including con- . .1320 .
wyFaHanis oo (including statistical 1
tent monitoring) o
monitoring) =

18
28

(

For example,

~4.53
Xz — N(@0,,0,, - 012021)2 _
(011 +0,,)(0;; +0,)(0,+ 0y, )(0,, + 0,y )
- . 2
1368(18-1320-20-10) — 400.44106.

(18+20)(18+10)(20+1,320)(10+1,320)

4. The LR method is used to calculate the hypotheses
(P >>p,)

H,:P(w@’|w') = p=P(x*|—w"),

H,:P(w*|w")=p,# p,=P(w*|-w),

where
P G, _ S,
y 1= ’
N C,
n,= Cy—Cpy
, =—=—12,
N —¢

Then, using a binomial distribution
b(m,n,p)=C'p"(1-p)"™",

we obtain the relation of likelihood LR:
L(H,)=b(c,y,¢,, p)b(c, — 1y, N —c;, ),
L(H,)=b(c,c,, p)b(c,— ¢y, N —c,, p,),

_L(H,)
togh =" Ly

where —2logA in the asymptotics is distributed as %7, i.e.,

38 18 1 38 28-18 38 38-18 1 38 1,368-28-38+18

,368) ( _1,368) '(1,368) ( _1,368) ~
18 1 18 28-18 38 _ 18 38-18 1 38 _ 18 1,368-28-38+18

) ( _%) '(1,368—28) ( _1,368—28)

355107

In order to choose the optimal statistical method for de-
termining stable word combinations, it is necessary to anal-
yse a Ukrainian language text based on the stems of words
without taking into account their inflexions. It will greatly
improve the accuracy of the result.

6. Discussion of the research results on identifying stable
word combinations for keyword identification

An experiment of distinguishing terms was carried out
on 3 technical articles [1-3] written in two languages —
Ukrainian and English. The template for the experiment con-
tained the following: [Adj+N], [ Diyeprykm.+N], [N+N, Gen.],
[N+N, Abl], [N+—+N]. The experiment included 6 methods
for determining the keywords: manually by authors (A); via
the system Victana.lviv.ua [23], according to Zipf’s law (B); by
FREQ (C); by t-test (D); by LR (F); by %> (G). The analysis
of the 3 articles [1-3] was conducted in Ukrainian and the re-
sults were translated into English (Tables 5, 6). The keywords
in bold are those that occurred in the results of applying all
the methods, the italicized keywords are only those obtained
through the B—G methods, and the underlined keywords are
those in the methods A and C—G. While conducting linguistic
analysis for compiling alphanumeric dictionaries of two words,
the following features and algorithms were used:

— bigrams were formed within the punctuation marks (if
there was at least one punctuation mark between the words,
these words were not considered as a bigram);

—an alphanumeric dictionary of two-word combina-
tions was formed on the basis of stems, that is, the bigrams
konmenuii ananisz and xonmenmmuozo anarizy were consid-
ered as one and the same bigram;

—in the analysis of the inflexions of the analysed
words, verbs were not taken into account when forming
the alphanumeric dictionary of bigrams (verbs were
considered as punctuation marks);

— before the linguistic analysis of the texts, all stop
words (particles, adverbs, conjunctions) and pronouns

L(H1) — C:n . pctz ,(1_p)01’012 C;\;::Z pCQ*Qz ,(1_p)N’F|’02+C12 —
! . oo N-c¢)!
- ' 1 ‘,p12,(1_p)1 12, '( 1) 'X
(e —cpp)! (¢, =) (N —¢; = (¢, —¢py))!

N—c;—cy+cyy
’

xp*™-(1=p)

L(H,)= Cri“ ' p1(12 (- 2 ) 'C;{:Q ’ ngrm (- b, )N%FCZH12 =

c,! (N-=c)!

(they were also considered as punctuation marks) were
excluded.

The statistical methods make it possible to take
into account the use of separate words. The peculiari-
ties that are associated with using the methods for dif-
ferent volumes of data and probability ranges (better

— p Ci (1_p )51*512 .
k(e —¢;p)! ' '

Xp,* (1= p,)

N—c;—cy+cpy
b

Then

(¢, = ¢ )N =—¢; = (¢, —¢))! .

than the t-test for larger p, where normality is violated;
the likelihood ratio is better approximated with >
than tables 2x2 for small volumes). They are often used
not for the acceptance/rejection of hypotheses but for
the ranking of candidate word combinations.



The list of frequency index for stable word combinations in articles [1—3]

Table 5

2

No. Author’s as to [23] FREQ, t-test LR X
1 2 3 4 5 6
Q B C,D G
In work [1] in Ukrainian
1 Crunb aBTOpa Croti-cJI0B0O Bignocna yactora Koedghiuienm xopensuii Koedpiuienm xopensiuii
2 CTaTuCTHIHIH aHami3 Mertoz BU3HAYEHHST Koegivienm xopensayii Bignocna gactora Bignocna wactorta
3 JlinrBicTuaHmii anami3 BusHauyeHHs CTUITIO Crunb aBTOpa Yacmoma nosieu Yacmoma nosisu
Ksanturatnsna .
4 A Cruib aBTOpa BusnaueHHs cTHiIO Cromose c10BO ABTOpCBKA aTpubyIIis
JIHTBiCTHKA
5 ABTopchbka arpubyItis Awnasiz ypuBky CroroBe ¢JI0BO YKpaiHOMOBHMIT TEKCT Crunb aBTOpa
6 BusnaueHss1 cTumo Yacmoma noseu YKpaiHOMOBHMIT TEKCT Cruib aBTOpa YKpaiHOMOBHMIT TEKCT
7 YKpPaiHOMOBHI TeKCTH Aemop mexcmy Yacmoma nossu ITosBa ciioBa Crormose cJ10BO
Texnoumoris : ;
8 . YpuBOK TeKkcTy ABTOpChbKa aTpubyiisa ABTOpCBKa aTpubyILis BusHaueHHs cTHIIIO
JliHrBOMETPii
9 | Texuomnoris crunemerpii | Koegiuyienm xopensyii [TosBa cooBa BusHauyeHHS CTUITIO [TosBa cioBa
10 Texnonoriz JTOCTiKEHHS TEKCT, Asmop mexcm, CJ10Ba yPUBK: CJioBa ypUBK
TJIOTTOXPOHOJIOTI] y P Yy ypHBKY ypuBKy
In work [2] in Ukrainian
1 ‘Web Mining Kmouose cioBo Kmouose cioBo Texcmosui konmenm Texcmosuit Konwmenm
2 Konrenr-monitopinr Konrenr-aunainis Texcmosui konmenm KmouoBe cioBo TemaTuynuii cTIOBHUK
3 Kmoyosi croBa Busnauena cuctemoio Web Mining TemaTraHMil CIOBHUK Kmouoge cioBo
4 Konrenr-anainis Dopmysanns cucmemoro | TemaTwuHmii CIOBHUK Cnoea xonmenmy Cnosa konmenmy
.. . Kimouose .
5 Cremmep Iloprepa Web Mining Busnauyenng ciB Mmnoocuna crie
CJIOBOCIIOJIYYCHHS
R . . Kirouose .
6 JlinricTranmii anasnis Crosa xonmenmy Busnauenus ciiB Dopmyesanns cucmemoro
CJIOBOCIIOJYYEHHST
Meton Bu3HAYCHHSA Texcmosuil konmenm Cnosa konmenmy Dopmysanis cucmemoio Web Mining
Busnavyenns ciB Amati3 CTaTUCTHKN Mmnoocuna crie Web Mining Busnavyenns ciB
CJ10B’STHCBKOMOBHI Kimouose
9 Dopmysanis cucmemoro Cnosa xonmenmy Crosa xonmenmy
TEKCTH CJIOBOCIIOJTYYCHHS
10 Texnomorist NLP Mmnoocuna crie Konrenr-anamnia Konrenr-moniTopinr KonTtenr-mMomiTopinr
In work [3] in Ukrainian
AV, . . . [lenxomoriuna Icnxomoriuna
1 Indopmartiitamii pecypc Konrenr-anani3 [Tcuxosoriunmii ctan . .
0cobuCTiCTD 0cobuCTiCTD
. IIcuxomnoriuna . . . .
2 Konrenr-anania Cron- ¢10B0 . [lenxonoriunnii cran Ilcuxomnoriunmii cran
ocobucticTs
3 JlinrBicTnannii aHasi3 TemaTmaHmit CIOBHUK Kourenr-anania DopmyBanns 3pizy Dopmysanns 3pizy
4 Mopdosoriunmii anasis IToctn xopucryBaua MapxkoBaHe c10BO Cman ocobucmocmi 3pi3 crany
. TloBimomenusa . .
5 ConiaspHa Mepeska [Icuxomoriunmii 3pi3 MapxoBarne c10B0 MapxkoBane cJI0BO
KOPHCTYBava
6 ®DopmyBaHHs 3pizy Kopucrysau Mepesxi Cman ocobucmocmi Ilcuxomnoriunuii 3pi3 Konrenr-anainia
7 3pi3 po3yMiHH: Cman ocobucmocmi DopmyBaHHs 3pi3y Konrenr-anania [Icuxomoriunmii 3pi3
. . AHasizoBaHa . . .
8 Posyminnst ocobucrocti . 3pi3 crany 3pi3 crany Cman ocobucmocmi
ocobucTicTh
. . . . . AnamizoBana .
9 YKpaiHOMOBHI TEKCTH ComianpHa Mepeska 3pi3 ocobucTocTi . ConiaipHa Mepeska
0co0uCTICTD
R . . . AHasizoBaHa
10 Big-Five Jlucnosutii ocobucTocTi CouianpHa Mepeska CoriaipHa Mepeska .
ocobucTicTs
In work [1] in English
1 Style of the author Reference fragment Reference fragment Words fragment Words fragment
2 Statistical analysis Author’s style Words fragment Reference fragment Reference fragment
3 Linguistic analysis Author’s text Syntactic words Stop words Recognition author
4 Quantitative linguistics Syntactic words Frequency fragment Swadesh list Stop words
5 Author’s attribution Stop words Swadesh list Recognition author Swadesh list
6 Recognition of style Formatted fragments Stop words Syntactic words Syntactic words
7 Ukrainian texts Anchor words Author style Frequency fragment Frequency fragment
8 | Linguometry technology Author’s language Recognition author Author’s text Author’s text




Continuation of Table 5

1 2 3 4 5 6
9 Stylemetry technology Method of anchor Author’s text Anchor words Author style
10 Glottoch;gil) (g;gy . Frequency dictionary Anchor words Author style Anchor words
In work [2] in English
1 Web Mining Text content Text content Web mining Web mining
2 Content monitoring Content analysis Web mining Text content Text content
3 Content analysis Analysis of statistics Keywords text Keywords content Keywords content
4 Porter stemmer Defined systematically Keywords defined Keywords text Analysis text
5 Linguistic analysis Stop word Analysis text Keywords defined Keywords text
6 gﬁ?ﬁgﬁ?ﬁ Potential keywords Keywords content Stop word Keywords defined
7 Slavic language Content monitoring Content monitoring Analysis text Stop word
8 Slavic texts Author’s keywords Content analysis Author’s keywords Content monitoring
9 | Method for determining Keywords content Stop word Content monitoring Content analysis
10 Web technology Direct word Author’s keywords Content analysis Author’s keywords
In work [3] in English
1 Information resource Content analysis Content analysis P;zl(fsh;igﬁi;al Content analysis
2 Content analysis Psychological state szss}iﬂ;gii;al Psychological state P;Z:s}iﬂ(a)lgiic;al
3 Linguistic analysis Personality analysis Psychological state Content analysis Psychological state
4 Morphological analysis | Personality disposition Social networks Based analysis Based analysis
5 Social network Psychological analysis Marked words State personality Psychological base
6 Status of personality Personality model State personality Psychological base State personality
7 ufggﬁs; ?ll(litl}lllg Stop words Based analysis Social networks Social networks
8 Formation of the status Pz}ifsclilci)slﬁig(i)gal Psychological base Marked words Psychological base
9 Stop words Content monitoring State based State based Marked words
10 Method of formation Social network Based content Psychological base State based
Table 6
Differences of the methods according to the rating list of 100 stable word combinations
ofalwofcfofrfcfalslcfopfrfcf]alslc|p|rfsc
For the Ukrainian articles [1-3]
A 1 0.23 | 0.47 | 0.35 | 0.27 | 0.21 1 027 | 0.51 | 0.39 | 0.31 | 0.25 1 0.25 | 0.49 | 0.36 | 0.29 | 0.23
B 0.23 1 0.63 | 0.61 | 0.52 | 043 | 0.27 1 0.65 | 0.63 | 0.57 | 0.47 § 0.25 1 0.64 | 0.62 | 0.55 | 0.45
C 0.47 | 0.63 1 093 | 017 | 0.71 § 0.51 | 0.65 1 094 | 025 | 0.73 | 049 | 0.64 1 093 | 0.21 | 0.72
D 0.35 | 0.61 | 0.93 1 019 | 0.75 § 0.39 | 0.63 | 0.94 1 0.26 | 0.77 § 0.36 | 0.62 | 0.93 1 0.22 | 0.76
F 0.27 | 0.52 | 0.17 | 0.19 1 0.26 § 0.31 | 0.57 | 0.25 | 0.26 1 039 § 029 | 0.55 | 0.21 | 0.22 1 0.33
G 021 | 0.43 | 0.71 | 0.75 | 0.26 1 0.25 | 0.47 | 0.73 | 0.77 | 0.39 1 0.23 | 0.45 | 0.72 | 0.76 | 0.33 1
For the English articles [1-3]
A 1 0.27 | 0.51 | 0.47 | 0.31 | 0.27 1 031 | 055 | 0.51 | 0.35 | 0.31 1 029 | 0.53 | 0.49 | 0.33 | 0.29
B 0.27 1 0.66 | 0.64 | 0.55 | 0.47 | 0.31 1 0.69 | 0.67 | 0.59 | 0.49 § 0.29 1 0.68 | 0.65 | 0.57 | 0.48
C | 051 | 0.66 1 0.95 | 0.23 | 0.76 | 0.55 | 0.69 1 0.96 | 0.27 | 0.77 § 0.53 | 0.68 1 0.95 | 0.24 | 0.75
D | 047 | 0.64 | 0.95 1 0.21 | 0.79 | 0.51 | 0.67 | 0.96 1 0.29 | 0.81 | 049 | 0.65 | 0.95 1 0.25 | 0.78
F J031]055|023] 021 1 0.31 § 035 | 0.539 | 0.27 | 0.29 1 041 § 033 | 0.57 | 024 | 0.25 1 0.37
G | 027|047 | 076 | 0.79 | 0.31 1 0.31 | 049 | 0.77 | 0.81 | 0.41 1 0.29 | 0.48 | 0.75 | 0.78 | 0.37 1

To compare the results, we used the Google-based li-
brary word2vec, which has proven itself as an alternative of
TFXIDF (A in Table 7 according to the template [‘bigram’,
number of uses]). We also used the built-in methods to
search for word combinations in Python. However, for these

datasets, it did not work effectively, because for high-quality
work, it needs a huge corpus [58]. The most interesting thing
is that the system allows doing it after transferring each
word from the corpus to a space whose dimension is specified
by the user, for example, [‘king’ + ‘woman’ — ‘man’ = ‘queen’].



Differences of other methods by ranking the frequency of occurrence of stable word combinations is articles [1—3]

Table 7

Article [1]

Article [2]
4

Article [3]
5

3

KOHTEHT Mouitopinry’, 13)

(‘TemMatmunoro_cioBauka’, 11)
(‘caioB_smcproMoBHEX , 10)

(‘ncuxonorivaoro_cramny’, 16)

(‘bopmyBannsg_3pisy’, 12)
(‘sfx_a’, 12)
(‘cTpyxTypny_cxemy’, 7)
(‘BimkpuTicTh_n0CBiny’, 6)
(‘3pi3y_mcuxomoriqnoro’, 2)

(‘swadesh_list’, 18)
(‘based_on’, 15)

(‘based_on’, 20)
(‘slavic_language’, 15)
(‘author_s’, 13)

(‘based_on’, 35)
(‘psychological state’, 26)
(‘social_networks’, 22)
(‘his_her’, 11)
(‘following_structural’, 8)
(‘big_five’, 7)
(‘let_us’, 7)
(‘structural _scheme’, 4)

((‘Busnauenns’, ‘BusHauenns’), 23)

((‘cysx6oBux’, ‘cnin’), 32)
((‘cronosux’, ‘cniv’), 24)

((‘crumo’, ‘ctnmo’), 22)
((‘cniB’, ‘cmiv’), 22)
((‘crcky’, ‘cBoztena’), 20)
(v, 'ypusiy’), 19)
((‘onopnux’, ‘cnin’), 18)
((‘ctumo’, ‘aBropa’), 17)
((‘aBTOpa’, ‘aBropa’), 17)

((‘kmovyoBux’, ‘crip’), 72)
((‘rexctoBoro’, ‘Koutenty’), 21)
((‘ma’, ‘erami’), 17)
((‘BusHauenHs’, ‘KI040BUX ), 16)
((‘xpox’, ‘17), 16)
((‘kpox’, 2%), 16)
((‘web’, ‘mining’), 15)
((‘cniv’, ‘BY), 14)
((‘remaTnunoro’, ‘ciopuuka’), 11)
((Cans’, ‘Busnavenss’), 10)

((‘ncuxonoriunoro’, ‘crany’), 18)

((‘ma’, ‘ocnosi’), 21)

((‘xonTenT’, ‘anamisy’), 16)
((‘maprosanux’, ‘ciis’), 15)
((‘3pi3y’, ‘meuxomorivnoro’), 14)
((‘crany’, ‘ocobucrocti’), 14)
((‘bopmysanns’, ‘3pisy’), 12)
((‘ocobucrocri’, ‘Ha’), 12)
((‘stx’, ‘@), 12)

((‘ocnosl’, ‘Konrent’), 11)

((‘of, ‘the’), 107)
((‘author’, ‘s), 52)
(Cof, @), 51)

((in’, ‘the’), 46)
((‘the’, ‘author”), 45)
((‘reference’, ‘fragment’), 31)
((‘analysis’, ‘of"), 24)
((‘words’, in’), 22)
((‘to), ‘the’), 21)
((‘the’, ‘method”), 21)

((of, ‘the’), 134)
((in’, ‘the’), 61)
((‘by’, ‘the’), 45)
((‘analysis’, ‘of’), 39)
((‘of’, @"), 31)
((‘the’, ‘text’), 30)
((‘the’, ‘system”), 30)
((‘to’, ‘the’), 29)
((‘of’, ‘keywords”), 28)
((‘text’, ‘content’), 27)

((of, ‘the’), 134)
((is', ‘the’), 117)
((‘the’, ‘content’), 45)
((‘of, @"), 43)
((‘analysis’, ‘of"), 37)
((‘based’, ‘on’), 35)
(Con, ‘the’), 34)
((‘in’, ‘the’), 33)
((‘content’, ‘analysis), 30)
((‘the’, ‘process’), 27)

((‘caiB’, ‘cmiB’), 88)
((‘ctuimo’, ‘aBropa’), 68)
((‘cysx6oBux’, ‘c1in’), 63)
((‘Busnauenns’, ‘cruio’), 61)

((‘crimcky’, ‘cBozema’), 56)
((‘cromoBux’, ‘ciB’), 48)
((‘BusHavyenns’, ‘aBropa’), 45)
((‘aBTOpCHKOTO’, ‘MOBIIEHHST ), 33)
((‘onopnux’, ‘cmin’), 31)
((‘crumo’, ‘ctnimo’), 30)

((‘xmovyoBux’, ‘cinis’), 74)
((‘civ’, ‘B), 24)
((‘web’, ‘mining’), 22)
((‘rexcroBoro’, ‘Koutenty’), 21)
((‘ma’, 2%), 20)
((‘BusHauenHs’, ‘KII040BUX ), 19)
((‘xmouoBnx’, ‘"), 19)
((‘Busnauenns’, ‘cain’), 18)
((‘cniv’, ‘nna’), 18)
((‘na’, ‘kpox’), 18)

((‘ma’, ‘ocnosi’), 21)
((‘ncuxonoriunoro’, ‘crany’), 18)
((‘mcuxosoriyHOTO’,
‘ocobucrocrti’), 17)
((‘xonrent’, ‘anamisy’), 16)
((‘crany’, ‘ocobucrocti’), 15)
((‘mapkoBanux’, ‘ciiB’), 15)
((‘3pi3y’, ‘mcuxomoriunoro’), 14)

((‘3pisy’, ‘crany’), 14)
((‘3pisy’, ‘ocobucrocri’), 14)
((‘ocobucrocri’, ‘Ha’), 14)
((‘the’, ‘of"), 304)

(Cof, ‘the’), 186)
((‘the’, ‘of’), 169)
((of, ‘of’), 152)
((‘of’, ‘@), 81)
((‘the’, ‘the’), 75)
((‘the’, ‘author”), 66)
((‘and’, ‘of’), 63)
((‘in’, ‘the’), 57)
((‘of’, ‘author’), 57)
((‘of’, ‘words”), 55)

((‘of, ‘the’), 258)
((‘the’, ‘of’), 235)
(o, ‘of'), 137)
((the’, ‘the’), 122)
((‘of’, ‘keywords”), 72)
((im, ‘the’), 71)
((‘a, ‘of’), 70)
((‘and’, ‘of’), 69)
((by’, ‘the’), 64)
((‘of’, ‘content’), 63)

((of, ‘the’), 243)
((the’, ‘the’), 168)
(Cof, “of ), 162)
(Cis, ‘the’), 154)
(Cof, “a’), 91)
((the’, “is"), 76)
((‘the’, ‘content’), 71)
(s, ‘of), 61)
((‘and’, ‘the"), 57)

Method | Language
1 2
UA ¢
Ay
ENG
UA
Ay
ENG
UA
As
ENG
Ay

((‘caiB’, ‘cmiB’), 88)

((‘ctumo’, ‘aBTopa’), 68)
((‘cysx6oBux’, ‘c1iB’), 63)
((‘Busnauennd’, ‘cruimo’), 61)
((‘cmimcky’, ‘cBozema’), 56)
((‘cromoBux’, ‘ciB’), 48)
((‘BusHavyenns’, ‘aBropa’), 45)
((‘aBTOpCBKOTO’, ‘MOBIIEHHS ), 33)
((‘onopnux’, ‘cin’), 31)

((‘text’, ‘content’), 30)
((‘web’, ‘mining’), 24)
((‘keywords’, ‘text’), 23)
((‘keywords’, ‘defined’), 22)
((‘stage’, ‘17), 20)
((‘analysis’, ‘text’), 18)
((step’, 2), 18)
((‘keywords’, ‘content’), 17)
((‘content’, ‘monitoring’), 17)

((‘ma’, ‘ocnosi’), 21)
((‘mcuxosoriunoro’, ‘ctany’), 18)
((‘nemxomoriunoro’, ‘ocobucrocti’), 17)
((‘ronTent’, ‘anamnisy’), 16)
((‘crany’, ‘ocobucrocti’), 15)
((‘mapkoBanux’, ‘cziis’), 15)
((‘3pi3y’, ‘meuxomorivnoro’), 14)
((‘3pisy’, ‘crany’), 14)
((‘3pisy’, ‘ocobucrocrti’), 14)
((‘ocobucrocti’, ‘ma’), 14)

(C‘ctumo’, ‘crmimo’), 30)

((‘step’, ‘1), 17)




Continuation of Table 7

3

4

5

((‘fragment’, ‘fragment’), 37)
((‘reference’, ‘fragment’), 35)
((‘words’, ‘fragment’), 25)
((‘syntactic’, ‘words”), 21)
((‘frequency’, ‘fragment’), 19)
((‘swadesh’, list”), 19)
((‘stop’, ‘words’), 18)

((‘xmoyoBux’, ‘ciip’), 74)
((‘criv’, ‘B’), 24)

((‘web’, ‘mining’), 22)
((‘rexcroBoro’, ‘kontenry’), 21)
((‘ma’, 27), 20)
((‘Busnauenns’, ‘kaouosux’), 19)
((‘xmovoBux’, ‘"), 19)

((‘content’, ‘analysis’), 40)
((‘psychological’, ‘personality”), 27)
((‘psychological’, ‘state’), 26)
((‘social’, ‘networks”), 22)
((‘marked’, ‘words"), 21)
((‘state’, ‘personality’), 20)
((‘based’, ‘analysis”), 19)

((‘author’, ‘style’), 17)
((‘fragment’, ‘3"), 17)
((‘recognition’, ‘author’), 16)

((‘Busnauenns’, ‘cain’), 18)

((‘psychological’, ‘based’), 18)
((‘state’, ‘based”), 18)
((‘based’, ‘content”), 18)

((‘cmiv’, ‘mr’), 18)
((‘ma’, ‘xpox’), 18)

After the transference into a space of some dimension,
each word becomes a vector, so words can form basic rela-
tional operations of addition, subtraction, multiplication, etc.
Besides, let us consider the analysis through the bigrams (A,
in Table 7) and the skipgrams (A3 in Table 7). The results are
better than those obtained through word2vec, which means
that it is the best way to analyse skipgrams with a value of
3 and also to eliminate stop words in English (A4 in Table 7).
However, these results are far enough from the ones listed in
Table 5. The outcome is worse due to the failure to identify
punctuation marks and the use of stop words in linguistic
analysis as content units of speech.

7. Conclusions

1. The study has developed a method for determining
stable word combinations while identifying keywords of text
content in standard passages of an author’s text. For this
purpose, the well-known statistical methods for determining
stable word combinations when identifying keywords of text
content were analysed. The factors influencing the quality
of identifying stable word combinations were determined
during the pre-linguistic elaboration of these texts. A com-
parative analysis of the corresponding methods was carried
out on the basis of the obtained results. The developed meth-
od consists in using Zipf’s law in the formation of stable word
combinations as keywords, taking into account the following
rules of a preliminary linguistic processing of the text:

—removing all word stops; bigrams are formed only
within the limits of punctuation marks; the verb and the
pronoun are to be considered punctuation marks;

— verbs are determined by their inflexions; bigrams are
formed on the basis of stems without taking into account
inflexions;

— adjectives are identified by their inflexions, and it is
assumed that adjectives should occupy only the first place in
the bigrams of Ukrainian texts.

This allowed taking into account the peculiarities of
constructing keywords in the Ukrainian language, regard-
less of the inflexions within the word combinations. Also,
the results obtained were closer to the number of keywords
identified by the authors. This increases 1.4 times the degree
of relevancy of the analysed content.

2. A program set has been developed to identify sta-
ble word combinations as keywords. An approach has
been suggested for devising linguistic content analysis
software to determine stable word combinations while
identifying keywords of Ukrainian and English text-
based contents. The peculiarity of the approach is that the
linguistic statistical analysis of lexical units is adapted to
the peculiarities of Ukrainian-language and English-lan-
guage words/texts.

The developed information system, which is based on
identified stable word combinations, helps convey more ac-
curately the analysed content in accordance with the author’
idea about it. This can produce a more accurate search result
for the user and can better render the opinion of the author
about the content under analysis.

3. The results of the experimental testing of the proposed
method of content analysis of English and Ukrainian texts
for determining stable word combinations when identifying
the keywords of technical texts have been verified.

The developed method conveys the content of the ana-
lysed text by the identified keywords in the form of stable
word combinations more accurately than other known re-
sources. Further experimental research requires approbation
of the proposed method for determining stable word combi-
nations in other categories of texts — scientific, humanitari-
an, belletristic, journalistic, etc.
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