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Abstract

The peculiarities of the method of syntactic analysis of Ukrainian-language text content aimed at
automatic detection of significant keywords of input texts are considered. The role and formal
features of the parser in the process of identifying keywords of the content topic are defined, and the
procedures of the proposed method are decomposed into 4 stages. Compared to well-known parsers,
the proposed method provides self-improvement and self-learning of the automated keyword
identification system due to the mechanism of identification of significant statistical parameters
within the limits defined by the moderator. The experimental study confirmed the reliability of the
method - for various methods of processing the primary text, the average coincidence of the lists of
identified keywords with the authors varies in the range of 52.6-68.5%. The accuracy of matching
keywords with the author's keywords ranges from 43.6 to 62.9%. The average match of meaningful
keywords compared to all found by the system ranges from 38.9 to 75.8% according to the stages of
article text analysis. The accuracy of matching keywords compared to all found by the system varies
between 34.3-71.9% according to the stages of analysis of the texts of the articles.

The reliability of scientific and practical results is confirmed by relevant materials on the
implementation of dissertation research, as well as by comparing the obtained practical results on
different samples of reliable input data. CLS was developed on the information resource
http://victana.lviv.ua using CMS Joomla! (for developing the e-framework of articles), PHP (for
implementing text content processing methods), HTML (for implementing page markup), CSS (for
describing page styles), and MySQL (for storing data and dictionaries). The experimental study
confirmed the reliability of the method of determining keywords - for different algorithms for
processing the primary text, the average coincidence of the lists of identified keywords with the
authors varies in the range of 52.6-68.5%. The accuracy of matching keywords with the author's
keywords ranges from 43.6 to 62.9%. The average match of meaningful keywords compared to all
found by the system ranges from 38.9-75.8%, depending on the stages of analysis of article texts. The
accuracy of matching keywords compared to all found by the system varies between 34.3-71.9%,
depending on the stages of analysis of the text of the articles.
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1. Introduction

The identification of keywords of the text content ¢ (C,U,R,D,T) — C' is a mapping of the
input text content C into the new state C’, which, unlike the previous one, is supplemented with
a set of keywords as the main markers of the text content. For this purpose, the multi-level linear
(sequences) [1-3]. And, if necessary, hierarchical/network (interconnections) structure of the
text is linguistically investigated as symbols, N-grams, morphological features, weights of words
and phrases, features of sentences and interconnected units (Fig. 1) [4-9].
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Figure 1: Keyword identification use case diagram

2. Models and methods

2.1. Peculiarities of defining keywords of the Ukrainian-language text

Web Mining technology is based on the use of methods of intellectual analysis of the flow of

information content to identify patterns in the Internet or Web-site [10-12]. The main

technology of Web Mining is Text Mining, which is used to extract structured/unstructured data

from Web-pages, Web-sites, link structures, etc. [13-15].

Algorithm 1. Content keyword identification based on Web Mining

Stage 1. Integration/downloading of textual content for further analysis.

Stage 2. Grapheme analysis of textual content C.

Step 1. Formatting of incoming text content, for example, the same apostrophes for Ukrainian text.

Step 2 Removal of the service part of the C content, such as tags.

Step 3. Removal of the non-character part of C content, such as dates, numbers, financial symbols,
mathematical formulas, images, etc. Removal of special characters that are not included in the
alphabet, except for service ones such as space, and apostrophe.

Step 4. Analysis of abbreviations and abbreviations of content C. If < n used in the text and not in the
dictionary D, then step 5, otherwise step 6.

Step 5. If necessary, edit the thematic dictionary D, for example, add new abbreviations or abbreviations.




Step 6. Segmentation of the input array of text C into sentences and paragraphs with appropriate marking
of the corresponding boundaries.

Step 7. Segmentation of the sequence of symbols of sentences of content C into tokens.

Stage 3. Morphological analysis of the Ukrainian-language text C.

Step 1. Selection of bases (word forms without inflexions).

Step 2. Analysis of the resulting inflexion to determine the part of speech.

Step 3. Marking the word with the appropriate part of speech.

Step 4. Word forms are marked by a collection of morphological features: case, gender, declension,
singular/plural, person, etc.).

Step 5. If the part of speech word is a noun, mark it as a potential keyword. If the part of speech of the
word is an adjective, mark it and the next word (if it is a noun) as a phrase that could potentially
be a keyword.

Step 6. Formation of a linear chain of labelled structures.

Stage 4. Lexical analysis of the Ukrainian text C.

Step 1. Search for the base in the base dictionary for further normalization taking into account the part of
the language used in a specific place of the text C.

Step 2. Normalization of marked morphological structures.

Step 3. Segmentation and analysis of a chain of normalized tokens of content C into tokens and word
types taking into account marked sentence boundaries.

Step 4. Formation of collections of tokens (sequences of symbols according to appropriate templates) as
lexemes with further identification of their types, taking into account their interrelationships in
the textual content C.

Step 5. If the dimensionality of the text content is < N3, then step 9, otherwise step 5.

Stage 5. Syntactic analysis of textual content C.

Step 1. Selection of tokens U; € U for text content C.

Step 2. Identification of a sequence of tokens as an expression or sentence.

Step 3. Identification of the nominal group of the expression based on the dictionary of word bases D.

Step 4. Definition of the verb group of the sentence based on the dictionary of word bases D.

Step 5. Formation of a left-to-right parsing tree of linguistic variables.

Step 6. Analysis of noun phrase group for textual content C.

Step 7. Analysis of the verb group of the sentence for textual content C.

Step 8. Study of syntactic categories by word forms.

Step 9. If not the end of content C, then go to step 2, otherwise go to step 9.

Stage 6. Semantic analysis of the Ukrainian text C.

Step 1. Expression tokens are compared with the semantic classes of the dictionary D.

Step 2. Definition of morpho-semantic analogues for a specific sentence.

Step 3. Combining tokens into a common structure.

Step 4. Generating a tuple of superpositions of lexical functions and semantic classes.

Stage 7. Referential analysis for determining interphase unities of the text C.

Step 1. Contextual analysis of C content for identification of local references (which, this, his) and
selection of utterances - kernels of unity.

Step 2. Thematic analysis to highlight the thematic structure.

Step 3. Identification of the identity of references; synonymizing, duplication and re-nomination of
tokens; implications based on situational connections.

Stage 8. Structural analysis of textual content C.

Step 1. Identification of the basic tuple of rhetorical connections between entities.



Step 2. Construction of a nonlinear network of units.

Stage 9. Identifying a set of content keywords ¢ (C,U,R,D,T) - C'.

Step 1. Formation of an alphabetic-frequency dictionary Vocab = v(C, D, R).

Step 2. |dentification of terms (Noun € U;)N(Noun € Vocab) as nouns, noun phrases, an adjective with
a nhoun, or abbreviations.

Step 3. Formation of a shortened list of words whose frequencies correspond to the conditions of
formation of potential keywords — FiltercVocab.

Step 4. Determination of the level of uniqueness ¥Noun Unicity(Noun), Noun € Filter.

Step 5. Nmbg,,;, calculation (number of characters without spaces) for Noun € Filter at Unicity = 80.

Step 6. Calculation of Usg, (keyword usage frequency). For terms with Nmbg,,, < 2000 frequency
Usp, € (6;8]%, 3 2000 > Nmbs,,;,, < 3000 frequency Usg, € [4; 6]%, with Nmbg,,;, = 3000
frequency Uspg, € [2;4)%.

Step 7. Calculation of the probability of using the keywords Bsp, (at the beginning of the text), Isg, (in
the middle of the text content) and Esg,. (at the end of the text content).

Step 8. Comparison of Bsg,., Isg, Ta Esg, values for keyword prioritization under the condition Bsg, >
ISp, > ESpy.

Step 9. Sorting keywords according to defined priorities.

Step 10. Comparison of FiltercVocab content with the Thematic € D list.

Step 11. Formation of a new list of Resvoc = FilternThematic tokens.

Step 12. Formation of the collection of keywords C’ with KeyWords € Resvoc, KeyWords = {Noun,
Unicity = 80, Nmbg,,p,, USgyr,BSpr, ISpr, ESEy }.

2.2. Method of identifying keywords of Ukrainian-language content

The analysis of the text flow of C content for the identification of keywords is usually
implemented on Zipf's law and reduced to the selection of words with an average frequency of
occurrence [16-18]. This is easy to implement for English-language texts. It will not work for
Ukrainian-language texts. It is necessary to adapt the parser and stemming algorithms to the
Ukrainian language based on thematic frequency dictionaries of the basics [19-27].
Algorithm 2. Adaptation of parser/stemming algorithms of Ukrainian texts.
Stage 1. Based on the parser, a set of words with a frequency of occurrence within a certain limit is
identified, for example, 4-6% with < 2000 characters without spaces;
Stage 2. Based on the parser and stemming, a subset of frequently used semantically loaded words is

generated by extracting/marking words from the blocked dictionary, for example, such as
prepositions, conjunctions, pronouns, verbs, particles, etc.;

Stage 3. If the keyword is an adjective (inflexion of the normalized word wi1 [yy]), then all bases to the
right of it are found in the text and a frequency dictionary is built for them. Those phrases that
are used more than the corresponding threshold value (but less than this adjective) are
keywords. The threshold value is determined by the moderator. Repeat multiple keywords

Stage 4. If the keyword is a noun (the inflexion of the word is not ui [yy]), then all bases and their
inflexions on both sides of it are examined.

Step 1. All words to the left of the noun are analysed for the presence of inflexions ui [yy] and compared
with the frequency dictionary. A set of words that are used most often above the threshold value
is identified - these are new keywords.



Step 2. All bases and their inflexions on the right are analysed - without inflexion mit [yy] and inflexions of
other parts of speech, except nouns, are compared with the frequency dictionary, which
determines the set of keywords.

Stage 5. The new subset is compared with the thematic dictionary of the basics of Ukrainian words to
form a set of keywords;

Stage 6. If there is no analogue of the word, add it to the thematic dictionary of word bases through the
buffer dictionary (edited by the moderator) to accumulate statistics for various stylistic text
content.

3. Experiments, results and discussion

3.1. Content keyword identification based on Web Mining technology

100 scientific articles of the "Lviv Polytechnic" NU Bulletin of the "Information Systems and
Networks" series (http://science.lp.edu.ua/sisn), two numbers 783
(http://science.lp.edu.ua/SISN/SISN-2014) and 805 (http://science.lp.edu.ua/sisn/vol-cur-805-
2014-2) were chosen as the experimental base for the relevant research. To achieve the goal of
the research, IS was developed (Fig. 2), placed on the Victana resource
(http://victana.lviv.ua/index.php/kliuchovi-slova) using the following tools: CMS Joomla! for IS
e-framework, PHP for algorithm implementation, MySQL for data storage and dictionaries,
HTML for implementation of Web-pages markup and CSS for description of Web-page styles.
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Figure 2: IS dialogue box for identifying keywords in text content

The developed IS has the following main components.
1. A user-friendly dialogue web interface on the web page of the Karouosi cnosa [Klyuchovi
slova] (Keywords) menu with the following sections (Fig. 2):

e  Bubpamu mosy koHmeHmy [Vybraty movu kontentu] (Select the content language) —
one/several languages of the analyzed text.

e  MiH. 8aza cnosa, % [Min. vaha slova, %] (Min. word weight, %) — the percentage of the
weight of the keyword to the total number of words of the text, after which the
keywords will be selected; format - XX.XX, within [00.01 - 99.99]; mandatory field.

e Help —short instructions in Ukrainian on a separate web page.
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KonmeHm [Kontent] (Content) — field for analysed text content.

Knrouoei cnosa [Klyuchovi slova] (Keywords) — field for displaying IS of keywords set.
lenepysamu [Heneruvaty] (Generate) — start the keyword identification process.
Oyucmumu [Ochystyty] (Clear) — clearing the input field KonmeHm [Kontent] (Content).
MosmoprosaHicme cnis, pa3 [Povtoryuvanist’ sliv, raz] (Repetition of words, times) — the
number of repetitions of the keyword in the text.

PexomeHndosaHi pybpuku [Rekomendovani rubryky] (Recommended headings) — a list of
thematic headings according to keywords.

2. The main relations of DB: the bases of words; prohibited words; rubrics; and rules of
bringing to the base of the word.
3. PHP functions for processing text content:

get_keywords() — creating a list of keywords.

get_word() — a record of the rules for bringing the word to the base.
explode_str_on_words() — clears the received content from blocked words, special
characters, etc.

blocked_words() — forms a list of blocked words depending on the selected language of
the context.

count_words() — calculation of key word frequencies.

set_keywords() — writing keywords to the DB if they are not available.
recommend_rubric() — creation of a list of recommended rubrics.

function error() — processing errors, sending a letter to the IS administrator.

The study of the dynamics of the module for determining the collection of keywords from
100 scientific and technical articles was carried out in two stages with analysis:

content of the thematic dictionary and a set of blocked words.

refined based on the ML content of the thematic dictionary and set of blocked words,
since with each subsequent verification of the text through the corresponding module,
an additional collection of unknown words is potentially generated (absent in the list of
blocked and in the thematic dictionary).
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Figure 3: Results for keywords generation (http://victana.lviv.ua/index.php/kliuchovi-slova)
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At each stage, the module implements the verification of the text of articles in two steps:
analysis of the entire article (Fig. 3a) and without meta-data (information about authors, title,
author keywords and annotations in several languages, references list, etc.) (Fig. 3b) to analyse
the accuracy error of generating a collection of keywords in the presence of information noise.

3.2. An experimental study results of the Ukrainian-language content keywords
identification

The statistical analysis was carried out based on a comparison of sets of keywords defined by
the authors of the article and defined by the module at two different stages with different word
weights within [1,5] (in the option *MiH.eaza cnosa, % [*Min.vaha slova, %] (*Min. word weight,
%)) with full and abbreviated texts of works (Table 1) with an average arithmetic value of the
author's keywords of 4.77, which approximately consist of 9-10 words. Table 2 contains the
following notations: A (total identified keywords at a given word weight), B (formed significant
words without pronouns and verbs), C (coincidence of words with the author's list), D (accuracy
of the coincidence of identified keywords with the author's list), E (additional keywords defined,
but not defined by the author of the publication). Known IS of keywords identification are within
[100 <+ 1000] words [28-32].

Table 1
Statistical data of volumes of analyzed texts of scientific and technical publications
Title of the Step 1 Step 2
article volume In total Arithmetic average In total Arithmetic average
Pages 956 9.56 828 8.28

Paragraphs 16497 164.97 15263 152.63
Rows 42553 425.53 36965 369.65
Words 345580 3455.8 291247 2912.47

Signs 2327209 23272.09 1974773 19747.73

Spaces and signs 2674889 26748.89 2265917 22659.17

# Extracted term Score

KMO40BMX 43 0.008 1 TEKCTOBOro KOHTEHTY 65%

KOWTEHTY 40 0.008 2 KOUoBMX CliB 65%

AHAN 40 0.008 3 KOMEDLIIAHOrO KOHTEHTY 62%

Chomsky 7 0.007 4 05pab0TKM TEKCTOBOrO KOHTEHTa 62%

wen 22 0008 ; E:SEUMEEHHQ TEKCTOBOr0 KOHTEHTY Zi:jn

o *® poos ] ACTOTA NoREN KNKDHOBMX CriE 60%

o 17 0003 T oo

oy 15 0.003 ol o83 56%

Komepy, 15 0003 10 crcTen 55%

eran 13 0.003 11 npu 55%

Kniowon 12 0.002 12 inenHol rpvnm 55%

fiNoro 12 0.002 picy CHMHTIKCMYHOTO aHanizy 53%

e " poez Bl asronaTuueckoro 06DABOTKM TEKCTOBOrD KOHTEHTE 53%

noABH 10 0.002 Gz MDUKMETHMKA 3 iMEHHMKOM cepen 53%

oe2 9 0002 B8 inesHvkon cepen MHOXMHM ciB 53%

noen 9 0002 19 IVlIe 0fHOTO CUMBONY OTPUMANN 53%

a ) Systems ] 0002 b) 20 200 NDUKMETHIKE 3 IMEHHIKOM 53%

Figure 4: The result of the analysis of the article on a) [31] and b) [32]

Table 2
Statistical data of the researched content of the texts of scientific and technical publications
Name  The weight Stage 1 Stage 2
of words A B C D E A B C D E

Step 1 >1 546 392 251 208 174 7.43 7.03 3.27 3 4.18




22 1.08 088 063 059 026 267 264 165 154 112

>3 041 038 022 021 016 121 12 085 0.79 041
24 0.15 0.13 0.09 0.09 004 046 045 033 031 0.15
25 0 0 0 0 0 0 0 0 0 0
Step 2 21 6.51 502 268 223 237 835 778 325 291 499
22 134 111 074 072 039 312 307 181 167 143
23 051 045 029 027 017 142 14 093 0385 0.54
>4 0.19 0.17 012 012 005 073 072 045 042 031
>5 0.11 0.1 0.06 006 004 033 032 025 023 0.1

The disadvantage of these IS is the inaccuracy and incorrect processing of Ukrainian-language
texts in the absence of competently constructed morphological dictionaries, dictionaries of
bases and blocked words. Also, the main drawback of most such IS is the limited processing of
volumes of text content [100 =+ 1000] (Fig. 4). The best IS for processing Ukrainian-language
textual contentis [33] (Fig. 5), but it does not identify the set of keywords, but only the frequency
of use of words, phrases and parts of words. Doesn't work with word bases at all (ks7r04yosux
[klyuchovykh] (keywords) and kawouosi [klyuchovi] (keywords) are different). The developed
resource works with the basics of the word and is focused on Ukrainian/English texts (Fig. 1).
For [20] in Ukrainian, the frequency of using keywords on Victana: cs080 [slovo] (word) — 120;
kmoyosuli [klyuchovyy] (key) — 49; konmenm [kontent] (content) — 46; aHani3 [analiz] (analysis)
—39; Chomsky — 37; cucmema [systema] (system) — 37. The authors identified keywords: mexkcm
[tekst] (text), ykpaiHomosHuli [ukrayinomovnyy] (Ukrainian), anzopumm [alhorytm] (algorithm),
cUHmMakcu4Huli aHaniz [syntaksychnyy analiz] (syntactic analysis), nopodxcyeansHi epamamuru
[porodzhuval’'ni hramatyky] (generative grammars), siHegicmuyHuli aHaniz [linhvistychnyy
analiz] (linguistic analysis), koHmeHm-moHimopiHe [kontent-monitorinh] (content monitoring),
Kmouosi cnoea [klyuchovi slova] (keywords), iHgpopmauilina niHesicmuyHa cucmema
[informatsiyna linhvistychna systema] (informational linguistic system), cmpykmypHa cxema
peuyeHHs [strukturna skhema rechennya] (sentence structure scheme). Authors usually define
keywords more than Zipf-law patterns of word frequency distribution.

cnie 66 1.52; (B 85 1.95

Konm4ecrso cumMBonos 35927 HOHTaHY a4 124, B s8 1:56

KAOHOBIX 45 1.03 of 60 1.38
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KOoAu4ecreo yHHKaNbHbIX Choe 1589 cHcrema 29 0.67 Ha 45 1.03
KONH4ECTBO 3HA4YMMbIX CNOB 2873 TeKCTOBOM 24 0.55 cnoeo 40 0.92
KOnH4ecTso cTon-cnos 1013 rPamaThka 22 0.51 the S5 J:90
Boaa 34.0 % ananiay 21 0.48 Ana E 0.71
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KONMHECTBO rpaMmaTHHecKux ownbok 460 T 18 ol i 29 0.67
Knaco4eckas TOWHOTA AOKYMEHTa 8.12 chomsky 16 0.37 and 27 0.62
AKaaeMH4ecKan TOWHOTA AOKYMeHTa 4.9 % vyacrora 16 0.37 ¥ 26 0.60

Figure 5: The result of the analysis of this article on [1044]

The author of the article almost always forms at his discretion the number and content of a
set of keywords in the range of 2 to 10 word combinations (usually 3-5). The developed module
defines a different number of words, depending on the writing style of the corresponding
author, the volume of the article, the genre, the topic, and the frequency of use of the
corresponding words (from 0 to several dozen). The coincidence of the sets of found keywords
with the author's without taking into account the extra words defined by the authors (repetition
> 30 for a text volume of more than 4800 words) is, respectively, for [33] - 83%; [32] - 57%; [31]



- 35%; %; http://victana.lviv.ua/kliuchovi-slova - 90% (Fig. 6). Fig. 7 demonstrates the features
of generating a set of probable keywords compared to an author set. The author of the article
often defines a larger number of words (4,) and a smaller number of keywords (A;) than are
present in the text. Fig. 7b shows the distribution of text density in articles, where the number
of 1 — pages, 2 — paragraphs, 3 — lines, 4 — words, 5 — characters, 6 — spaces and characters, 7 —
words per page, 8 — characters per page, 9 — spaces and characters on the page.

20

Figure 6: The results of the analysis of the set of 100 articles (blue — authors keywords, orange
— stage 1, grey — stage 2)

Figure 7: Analysis of verification of 100 articles (explanation in Table 3-4): a) blue - author's
keywords, orange - quantity, grey - stage 1 of step 1, yellow - stage 1 of step 2, light blue - stage
2 of step 1, green - stage 2 of step 2; b) blue step - less than the average value, orange - more
than the average value

Weight=1 Weight=2 Weight=3 Weight =4 b) Weight = 1 Weight =2 Weight =3 Weight =4 Weight =5

Weight =1 Weight =2 Weight =3 Weight =4 d) Weight =1 Weight =2 Weight =3 Weight =4 Weight =5

a) 0

Figure 8: Obtaining meaningful words during text processing at a) stage 1, step 1, b) stage 1,
step 2, c) stage 2, step 1 and d) stage 2, step 2, where blue - all words, orange - meaningful
words, grey - match with author's, yellow - accuracy of the match, light blue - additional words
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Table 3
Statistical data as an explanation for Fig. 7

Marking  Chart column name Arithmetic average number of keywords

Explanation Value
Ay Author's keywords defined by the author 4.77
A, Number of words contain author's 9.82
As Stage 1, Step 1 5.46
A, Stage 1, Step 2 probable keywords 6.51
Ag Stage 2, Step 1 found by the module 7.43
Ag Stage 2, Step 2 at stage X and step Y (Fig. 8-Fig.9)  8.35

The value of A; differs from the value of A; by 0.69 (by number, but not by content);
respectively, A, from A; by 1.74; A5 from A, by 2.66; A, from A, by 3.58. The value of A, differs
from the value of A5 by 4.36; respectively, A, from A4 by 3.31; A, from Az by 2.39; A, from Aq4
by 1.47. Adaptively changing the parameters/rules of the module almost doubles the collection
of identified keywords (for example, the value of A, is greater than A; by 1.144654; A, by
1.750524; A5 by 1.557652; A, by 1.36478). The total increase in the value obtained depending
on the moderation of dictionaries is, respectively, for A; 14.46541; A, —36.47799; A5 —55.7652;
Ag — 75.05241. When comparing A, more than Az + A4, we have a chain of such values as
1.7985; 1.5084; 1.3217; 1,176. For different stages and steps of the experiment of processing
the primary text, the average coincidence of the lists of identified keywords with the author's
keywords varies in the range of 52.6-68.5%. The accuracy of matching keywords with the
author's keywords ranges from 43.6 to 62.9%. The average match of meaningful keywords
compared to all found by the system varies between 38.9-75.8%, depending on the stages of
analysis of the text of the articles. The accuracy of matching keywords compared to all found by
the system ranges from 34.3-71.9%, depending on the stages of analysis of article texts.
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Figure 9: Arithmetic mean occurrence of significant words compared to the author's for a) stage
1, step 1, b) stage 1, step 2, c) stage 2, step 1 and d) stage 2, step 2, where blue - the author's
keywords, orange - the number of words, grey - defined by the system, yellow - meaningful
words, light blue - a match with the author's, green - the accuracy of the match, dark blue -
additional words

For A3, the module most often identified the number of keywords {5, 7, 3} (>10), although
the distribution of found keywords was within [1;18] words (except 17). For A4, IS identified the
number of keywords also {5, 7, 3} most often, although the distribution of found keywords is



within [1;18] (except 17), the number of identified words increased and the highest reliability
index was achieved. For As, the module most often identified the number of keywords {7, 6, 5,
10, 8}, although the distribution of found keywords was within [2;14] (the range narrowed
significantly). For A4, the module most often identified the number of keywords {8, 5, 7, 10}, the
distribution of identified keywords within [3;16] (accuracy improved). The accuracy of the
definition of keywords increases in the process of the moderation of dictionaries and the ML-
module. The difference between the number of keywords defined by the author and identified
by the module at A5 is 44.39919% (difference in %).

Table 4
Descriptive statistical data of keyword identification in experiments
Name Ay As A, Ag Ag
Average 4.808081 5515152 6.565657 7.505051 8.434343
Standard error 0.180859 0.310393  0.39035  0.301297 0.324611
Median/ Mode 4/4 5/5 6/5 7/7 8/8

Standard deviation 1.799528 3.088371 3.883932 2.997869 3.229841
Sampling variance 3.238301 9.538033 15.08493 8.987219 10.43187

Excess 0.652815 1.705273 0.748643  -0.45645 -0.50438
Asymmetry 0.947939 1.125305 1.065716 0.537598 0.517047
Interval 8 16 17 12 13
Minimum/ Maximum 2/10 1/17 1/18 2/14 3/16
Sum 476 546 650 743 835
Score 99 99 99 99 99
Biggest(1)/ Smallest(1) 10/2 17/1 18/1 14/2 16/3

Reliability level (95.0%)  0.35891  0.615965 0.774637 0.597914  0.64418

Table 5
Statistical data of histogram construction for A3 and A3;+Ag (Fig. 10)
N n % N n % n % N n % n % N n %
A A A,

1 0 0.00 4 27 27.27 2 2.02 5 20 20.20 2 2.02 5 20 20.20
2 4 4.04 5 21 48.48 10 12.12 7 16 36.36 10 12.12 7 16 36.36
3 20 24.24 3 20 68.69 12 24.24 3 12 48.48 12 24.24 3 12 48.48
4 27 51.52 6 11 79.80 4 28.28 2 10 58.59 4 28.28 2 10 58.59
5 21 72.73 8 8 87.88 20 48.48 6 9 67.68 20 48.48 6 9 67.68
6 11 83.84 7 5 92.93 9 57.58 4 71.72 9 57.58 4 4 71.72
7 5 88.89 2 4 96.97 16 73.74 8 4 75.76 16 73.74 8 4 75.76
8 8 96.97 10 3 100.00 4 77.78 10 4 79.80 4 77.78 10 4 79.80
9 0 96.97 1 0 100.00 2 79.80 11 3 82.83 2 79.80 11 3 82.83
10 3 100.00 9 0 100.00 4 83.84 12 3 85.86 4 83.84 12 3 85.86
11 0 100.00 11 0 100.00 3 86.87 14 3 88.89 3 86.87 14 3 88.89
12 0 100.00 12 0 100.00 3 89.90 1 2 90.91 3 89.90 1 2 90.91
13 0 100.00 13 0 100.00 2 91.92 9 2 92.93 2 91.92 9 2 92.93
14 0 100.00 14 0 100.00 3 94.95 13 2 94.95 3 94.95 13 2 94.95
15 0 100.00 15 0 100.00 1 95.96 16 2 96.97 1 95.96 16 2 96,.97
16 0 100.00 16 0 100.00 2 97.98 18 2 98.99 2 97.98 18 2 98.99
17 0 100.00 17 0 100.00 0 97.98 15 1 100.00 0 97.98 15 1 100.00
18 0 100.00 18 0 100.00 2 100.00 17 0 100.00 2 100.00 17 0 100.00

More 0 100.00 More 0 100.00 0 100.00 More 0 100.00 0 100.00 More 0 100.00

AS A6

1 0 0.00 7 15 15.15 0 0.00 8 14 14.14
2 1 1.01 6 14 29.29 0 0.00 5 12 26.26
3 5 6.06 5 13 42.42 1 1.01 7 11 37.37
4 9 15.15 10 12 54.55 9 10.10 10 11 48.48
5 13 28.28 8 11 65.66 12 22.22 4 9 57.58
6 14 42.42 4 9 74.75 9 31.31 6 9 66.67
7 15 57.58 12 6 80.81 11 42.42 9 9 75.76
8 11 68.69 3 5 85.86 14 56.57 11 5 80.81




9 4 72.73 14 5 90.91 9 65.66 14 5 85.86

10 12 84.85 9 4 94.95 11 76.77 12 4 89.90

11 1 85.86 13 3 97.98 5 81.82 13 4 93.94

12 6 91.92 2 1 98.99 4 85.86 15 3 96.97

13 3 94.95 11 1 100.00 4 89.90 16 2 98.99

14 5 100.00 1 0 100.00 5 94.95 3 1 100.00

15 0 100.00 15 0 100.00 3 97.98 1 0 100.00

16 0 100.00 16 0 100.00 2 100.00 2 0 100.00

17 0 100.00 17 0 100.00 0 100.00 17 0 100.00

18 0 100.00 18 0 100.00 0 100.00 18 0 100.00

More 0 100.00 More 0 100.00 0 100.00 More 0 100.00
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Figure 10: Histogram for sample a) A4, b) A3, c) A4, d) As and e) A

Accuracy improves with A, — 33.70672%, significantly improves with A5 — 24.33809%, and
with Ag is 14.96945% (Table 4). Table 5 shows data from research articles when generating sets
of keywords (Fig. 10). Analysis was performed for 100 filtered texts without metadata and

unfiltered texts. The obtained average values for 100 filtered texts Pery = 0,28 and unfiltered
Pery = 0,19 shows that such filtering of scientific articles improves the density of keywords by
1.48 times or by 47.83% (Fig. 11a). The obtained average values for 100 texts Perf" = 0,34 and

Pery = 0,25 taking into account the refinement of the thematic dictionary due to the addition
of blocked words show that filtering with simultaneous moderation of the thematic dictionary
improves keyword density by 1.35 times or by 35.44% (Fig. 11b).
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Figure 11: Percentage of keywords in the text as a result of checking articles without/with
specifying the thematic dictionary (blue - filtered text, orange - general text)



A comparison of the values in the original author's text Pery = 0,19 and W =0,25
without/with the refinement of the thematic dictionary, respectively, demonstrates the
effectiveness of moderation of the thematic dictionary in the initial text - the density of
keywords increases 1.34 times or by 34.33% (Fig. 12a). Values comparison in the filtered author's

text Pery = 0,28 and Per;’ = 0,34 without/with the refinement of the thematic dictionary,

respectively, demonstrates the effectiveness of the moderation of the thematic dictionary in the
filtered text - the density of keywords increases 1.23 times or by 23.14% (Fig. 12b).
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Figure 12: Percentage of keywords in the text as a result of checking primary articles with
different dictionaries: a) for the general text and b) for the filtered text, where blue is specified
by the dictionary and orange - without a specified dictionary

3.3. Analysis of methods for identifying stable phrases as keywords

The identification of stable phrases consists of the following stages: morphological analysis
(MA), SYA, selection of key words and analysis of key phrases for stability (Fig. 13) [34-37].
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Figure 13: Identification of persistent phrases in Ukrainian-language texts



For Ukrainian-language texts, it is best to use a combination of procedural, tabular, and
statistical stemming approaches. In the MA procedural approach, emphasis is placed on the use
of ready-made dictionaries of bases and dictionaries of ready-made forms (DRF) in the analysis
of words. Then the MA algorithm consists of the following steps: search in the SFG, base
selection, and base search in the dictionary. The basis of most MAs of the Ukrainian language is
a tree or Finite State Automata (FSA) (Fig. 14).

Figure 14: MA results from storage methods: a) tree and b) FSA

The type of word is determined by the form of inflexions (Fig. 13). The algorithm works with
individual words, so the content of the word is not taken into account. Parts of speech (adjective,
noun, etc.) and categories of morphology (stem, suffix, etc.) are also unavailable. Variants of the
rules for the stemming of Ukrainian words: short words remain unchanged, change during
stemming (is an exception), do not change during stemming (is an exception), correspond to a
regular expression, change the ending, has an unchanged ending, or the inflexion is cut off from
the word. All this significantly complicates the keyword identification algorithm. Therefore, first
of all, it is necessary to analyse widespread inflexions. Syntax - rules for combining words into
correct expressions - word combinations and sentences (compare: programming language
syntax). The task of the SYA (parser) is to construct the syntactic structure of the input sentence.
Aspects of SYA implementation are dictionaries (information about individual language units);
formal rules and interaction with neighbouring processing levels (morphological analysis,
semantic analysis). Context-free grammar (CFG) rules are most often used in SYA: <N, T, X, R>,
where N is a set of non-terminal symbols, T is a set of terminal symbols (N N T = @), X —axiom
(X € N), Ris a set of transformation (substitution) rules of type Y — a, whereY € N, a is a list
of terminal and non-terminal symbols. CFG example:

N ={S,NP,PP,V,N, A}, S, T ={cuctema, pybpuKyBaTH, yKpaiHOMOBHMI, KOHTEHT, 33,
KntoyoBui, cnoso} [T ={systema, rubrykuvaty, ukrayinomovnyy, kontent, za, klyuchovyy,
slovo}] (T ={system, categorize, Ukrainian-language, content, by, key, word}),
R={S—-> NPVP,S - NPVPPP,NP - AN,PP - PNP,VP - VNP,NP - cucmema,V
— pybpuxkysamu, A — ykpaiHomosHul, A — kawoyosuli, N - koHmeHm, N

— cnoso, P - 3a}.

The disadvantage of using CFG is the periodic appearance of ambiguity with SYA, for example,
"The system categorizes Ukrainian-language content by keywords" (Fig. 15). Examples of well-
known SYA systems for English tests are: "Machinese Phrase Tagger" (Fig. 16) and VISL. There is



no online available information resource for SYA Ukrainian texts. "Ontology Matcher Demo"
uses Machinese metadata to find ontology objects in the text (Fig. 17).
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YKpaiHOMOBHUI KOHTEHT  KIIOYOBHMH CJIOBaMU KIIOYOBUMH CIOBAMH
Figure 15: Examples of ambiguity in CFG
Text Phrase syntax and part-of-speech
The the premodifier, determiner
train train nominal head, noun, single-word noun phrase
went gqo main verb, indicative past
on on adverbial head, adverb
up up preposed marker, preposition
the the premodifier, determiner
track track nominal head. noun, single-word noun phrase
out out adverbial head, adverb
of of preposed marker. preposition
sight sight neminal head, noun, single-word noun phrase 0 4 This this PRON
5 2 is be V
around around preposed marker, preposition
8 1 a a DET
one one nominal head, pre-nominal
: : 10 4 test test N test V
a) of of postmedifier, preposition b)

Figure 16: a) Machinese Phrase Tagger 4.9.1 analysis; b) 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 eanvas and bedding the baggage man had

pitched out of the door of the baggage car.

Figure 17: Ontology Matcher

Fig. 18-19 show SYA results on VISL information resource. Such informational resources do
not exist for SYA Ukrainian-language texts. And the SYA process itself is quite cumbersome. For
the input sentence: BiH 3pobus ye mak He3py4yHo, Wo 3a4enus 06pasoK Mo2o aHeena, AKuli sucis
Ha 0yb6oeili cnuHyi nixcKa, i Wo sbuma myxa 8rnana meHi npamo Ha 2oaosy [Vin zrobyv tse tak
nezruchno, shcho zachepyv obrazok moho anhela, yakyy vysiv na duboviy spyntsi lizhka, i shcho
vbyta mukha vpala meni pryamo na holovu] (He did it so awkwardly that it caught the picture of
my angel that was hanging on the oak headboard and that the killed fly fell right on my head)
example of SYA using pre-syntax (or Parsing by chunks - breaking the sentence into phrases,
which do not intersect, (flat structure) # a complete analysis, for example, (the boy (with the



hat)) «— (the boy) with (the hat)) of Ukrainian-language texts for the identification of stable
word combinations when defining keywords is presented in Fig. 19.
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Figure 18: SYA Result on VISL

UacTHHa pedeHHA: (*BiH 3po0HE He Tak HespydHo,*)

--- BiH[1](ziecoro)2podHe[2 |(koro)me[3]

3poGHB[2] (IK) Tak [4]

3po0HE[2](MpeIHKaTHE) HespyIHO[S]

3po6HB[2] (AK) He3py1IHO[S]

UacTHHA pedeHHA: (*Io 3a9emHe ofpazok MOTo aHrena. *)

--- 06pazok[9] (aiecaoB0) 3azemHB[8](xoro)mo[7]
o6pasok[9](axuit) Moro[10]

{i[20]} amrera[l11](axoro) Moro[10]

UacTHHA peIeHHA: (*IKHi BHCIB Ha CIIHHII TixKKa,*)

{00pazox[9]} (axmin)axnii[13] (ziectoro) BHCiE[ 14](mpEfMerHHE)HA[ 15 |(HoMy)
crHEmi| 1 7](axif 1y 6oBii[16] cmHHI[17](q0r0) Tikka[18]
UactHHa pegeHni: (*i*) {oGpasok[2]}i[20]
UacTHHa pedeHHA: (* mo BGHTA MyXa BIIaTa MeHi IPAMO HA TOTOBY.*)
- Myxa[23] (aiecToBO) Brana[24 |(koMy) MeHi[25] (MpHEMeHHHK)Ha[27](KoT0)
ronoey[28] Ha[27](xoro) ronoey[28]
Briata[24 ](mpuitvMeHHHK)HA[27]
enata[24 |(ax)apamo[26]

Myxa[23] (axa) B6HTa[22]{i[20]} mo[21]
--- MeHi[25] (npHiMeHHHK)HA[2 7]
He3pm:H: BiH[1], Myxa[23],
==E pedeHHi CTiE BCBOTO: 25, CITiB He3R A3HO: 2, i3 HHX NMPHHMEHHHKIE:0, 3ac
onpargosadss: 0.050¢
Bin[1] 3potue[2] ne[3] Tax[4] HespyTHO[5] . [6] mo[7] 3aTemHE[8] 0Gpasox[9]
moro[10] anrena[11] ,[12] axuii[13] eacie[14] Ha[15] 1y Gopi#i[16] corami[17]
nixkal[18],[19] i[20] mo[21] BGHTA[22] Myxa[23] Bnata[24] Meri[25] npamo[26]
Ha[27] ronoey[28] .[29]

Figure 19: Result of SYA Ukrainian sentence



To select stable word combinations in the analysed texts and carry out their comparative
analysis, we will use 4 different methods: FREG (frequency + morphological patterns, i.e. direct
counting of the number of words); t-test; statistics y2; LR is the likelihood ratio.

Collocations is a word combination as a semantically and syntactically linguistic unit, where
one part is chosen according to meaning, and the other depends on the first (for example,
cmasumu ymosu [stavyty umovy] (to set conditions) —the choice of the verb cmasumu [stavyty]
(to set) is determined by tradition and depends on the noun of ymosu [umovy] (the condition),
with the word npono3suyito [propozytsiyu] (offer) there will be another verb —sHocumu [vnosyty]
(to enter)). This is a limited (selective) combination of words: phraseological units, idioms,
proper names and trademarks. Collocations often include complex names (for example, kpelicep
mockKea [kreyser moskva] (moscow cruiser), pycoKkuii kKopabab [rus’kyy korabl’] (russian ship),
b6esninomHuKk balipakmap [bezpilotnyk Bayraktar] (Bayraktar drone), sid’emHuli Hacmyn
[vid"yemnyy nastup] (negative attack), Himeubki neonapou [nimets’ki leopardy] (German
leopards), »ecm 0obpoi soni [zhest dobroyi voli] (goodwill gesture), etc.). Another name for the
same phenomenon is stable phrases, N-grams. Examples of collocations —

e  [pamu pons [hraty rol] (to play a role), mamu 3HayeHHs [maty znachennya] (to have a meaning),
enausamu [vplyvaty] (to influence), cnpasnamu sepaxceHHs [spravlyaty vrazhennya] (to make an
impression);

e  3acobu macosoi... [zasoby masovoyi...] (means of mass...), 36poa macoeoi... [zbroya masovoyi...]
(weapons of mass...), suwuli Hag4anbHuli .... [vyshchyy navchal’nyy ....] (higher education);

e 2aubokuli cmapeus [hlybokyy starets’] (deep old man) <> nosepxHesuli/minkuli HesenuKul OHAK
[poverkhnevyy/milkyy nevelykyy yunak] (superficial/shallow little young man);

e MiyHul yali [mitsnyy chay] (strong tea) <> cusabHuli yali [syl'nyy chay] (strong tea);

e  Koka-kona [Koka-kola] (Coca-Cola), Microsoft Windows;

e [ona Mpucmans [Hola Prystan’] (Hola Prystan), Hosa Kaxoska [Nova Kakhovka] (Nova Kakhovka),
Bonooumup BonuHcokuli [Volodymyr Volyns’kyy] (Volodymyr Volynsky), Bosiodumup 3eneHcokuli
[Volodymyr Zelens'kyy] (Volodymyr Zelensky), Hoto Mopk [N'yu York] (New York), Cmus Axco6c
[Styv Dzhobs] (Steve Jobs).

1. The FREG method is a direct calculation of the frequency of use of pairs (threes). For
example, FREG for the sentence B simepamypi ornucaHo dekinbka nioxodie 00 agmMomamuyHo20
suolineHHs cmilikux cnoeocnonyyeHs [V literaturi opysano dekil’ka pidkhodiv do
avtomatychnoho vydilennya stiykykh slovospoluchen’] (In the literature, several approaches to
the automatic selection of stable word combinations are described) «.» — & aimepamypi
[dekil’ka pidkhodiv] (in the literature); simepamypi onucaxo [literaturi opysano] (described in
the literature); onucaHo dekinbka [opysano dekil’ka] (several are described); dekinbka nidxodis
[dekil'’ka pidkhodiv] (several approaches); nidxodie do [pidkhodiv do] (approaches to); 0o
aemomamuyHo2o [do avtomatychnoho] (to automatic); asmomamuuyHozo eudineHHs
[avtomatychnoho vydilennya] (automatic selection); eudineHHa cmilikux [avtomatychnoho
vydilennya] (allocation of persistent); cmilikux cnoeocnonyuyeHs [stiykykh slovospoluchen’]
(stable phrases). Unfortunately, as a result of using this method on large volumes of text, we get



the so-called "garbage" due to the high frequency of service words. The method also requires
consideration of the frequency of occurrence and patterns of word combinations.

2. The t-test method consists of statistical hypotheses testing and MA statistical model using
Ho: the words met by chance; P(wlw?) = P(w!)P(w?); taking into account not only pairs but

also the individual words use frequency (those that make up a pair); t = x;“, ae x is empirical

average, u is theoretical average, s? is empirical dispersion, N is empirical sample size. The
method is not completely correct for the language, but it allows to obtain results in practice, for
example, the frequency of appearance of the stable phrase koHmenm aHaniz [kontent analiz]
(content analysis) in [37] with P(koHmenm) = 85/4338 and P(aHani3z) = 53/4338 s
Hy: P(aHanis) = P(koHmerm)P(aHani3) ~ 2,39 - 10~*. In the Bernoulli scheme, s? = p(1 —
p) = p atvalues of x = 18/4338 and t = 3,997955.

3. Pearson's y? method is applied to 2x2 tables (Table 6). Normality is not expected in the

calculations. Example, y? = N(011022=012021)" ~ 286,0595
' ! (011+012)(011+021)(012+022)(021+022) ’ '

Table 6
An example of using Pearson's y? method
Wi W; = KOHTEHT W; # KOHTEHT
w, = aHaJi3 18 (KOHTEHT aHanis) 35 (e.g., CTaTUCTMYHUI aHani3)

w, # aHaziz 67 (including, KOHTEeHT MmoHiTOpuHr) 4218 (including, cTaTUCTUYHWIN MOHITOPUHT)

4. The LR method consists of the calculation of hypotheses (p; >> p3)
Hy:P(W?|wl) = p = P(W?|-wl) and H,: P(W?|w?) = p; # p, = P(W?|-w?)
51 C2—C12

where p = %; P = C—lz; P2 =" Then, using the binomial distribution b(m,n,p) =

Chp™(1 —p)™ ™, we get the LR likelihood ratio
L(Hy) = b(¢12,¢1,0)b(c; — €12, N — ¢1,p),
L(Hz) = b(c12,¢1,p1)b(cz = €12, N = ¢1,p2), log A = L(Hl)/L(HZ),

where —21log A is asymptotically distributed as y2. The term extraction experiment was
conducted on 3 articles from different SAs. The template for experimenting is: [Adjective +
Noun], [Adjective + Noun], [Noun + Noun, Genitive Distinctive], [Noun + Noun, Instrumental
Distinctive], [Noun + '-' + Noun]. During the experiment, 6 methods were used: manually
determined by the authors of the articles (A); determined by the Victana.lviv.ua system, taking
into account Zipf's law (B); frequency+morphological patterns FREG (C); t-test (D); likelihood
ratio LR (F); statistic y? (G). An analysis of 3 articles in Ukrainian and translated into English was
conducted (Table A -Table B of Appendix). Key words that occur in the results of all methods are
highlighted in bold, in italics only in methods B-G, and underlined in methods A and C-G. When
conducting a linguistic analysis, the following features were used to form alphabetic-frequency
dictionaries of two words each:

e Bigrams were formed within the boundaries of punctuation marks (if there was at least
some punctuation mark between the words - these words were not considered a
2gram);



e An alphabetic-frequency dictionary of two words was formed based on their bases
(bigrams) and content analysis of these bigrams;

e  When analysing the inflexions of the analysed words, verbs were not taken into account
when forming the bigram alphabetic-frequency dictionary (verbs were considered one
of the punctuation marks);

e Before the linguistic analysis of the texts, all stop words (participles, adverbs,
conjunctions) and pronouns were removed.

Statistical methods allow taking into account the use of individual words. Subtleties are
associated with applying the methods to different data volumes and probability ranges (better
than t-test for larger p where normality is violated; likelihood ratio is better approximated by y?
than 2x2 tables for small volumes). It is more often used not for accepting/rejecting hypotheses,
but for ranking candidate phrases. For comparison with the obtained results, we will use the
library from Google - Word2Vec, which has proven itself as an alternative to TF-IDF (A; - Table C
of Appendix). We will also use the built-in methods for searching for word combinations in
Python. But it didn't work very well on these datasets, because it needs huge corpora to work
well. The most interesting thing is that it allows you to do this after translating each word from
the corpus into a space, the size of which is set by the user, for example,

'Koponb' + HiHKka' - 'vonosik' = 'kKoponesa' ['king' + 'woman' - 'man' = 'queen'] (‘king' +
'woman' - 'man' = 'queen’)

After translation into a space of a certain dimension, each word becomes a vector, so you
can use them to form basic operations of addition, subtraction, multiplication, etc. We will also
consider the analysis through bigrams (A, — Table C of Appendix) and skip grams (A; — Table C of
Appendix). The results are better than Word2Vec, namely the analysis of skipgrams with a value
of 3 and also the cleaning of stop words in English were the best (A; — Table C of Appendix).
However, these results are quite far from those obtained in Table A of the Appendix. The result
is worsened by not taking into account punctuation marks and the use of stop words in the
linguistic analysis as meaningful.

3.4. Parametric classification of the text in Ukrainian

When classifying the text, the definition of the grammatical meta-data of the word is

implemented based on grapheme/morphological analysis (Fig. 20, algorithm 3) [38-41].
Algorithm 3. Thematic classification of Ukrainian-language content

Stage 1. Splitting the Ukrainian-language text C, into parts (paragraphs/paragraphs, etc.).

Step 1. Loading into the C,. text tree generation module.

Step 2. Formation of a new array of tapes in the structure.

Step 3. Parsing of strings of symbols of parts of the text C,..

Step 4. Identify the period as the end of a sentence, not part of the contraction and go to step 5, otherwise
store it in an array and go to step 3.

Step 5. Identification of the end-of-text character and go to step 6, otherwise mark the end of a part of
the text and go to step 2.

Step 6. Saving the tree of parts of text C, as a structure UZ. € U¢r.
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Figure 20: Diagram of text classification use cases

Stage 2. Splitting the part into expressions while preserving the structure of the text C;.

Step 1. Analysis of the new structure of part of the text UZ. € U.r. Formation of the structure of the
expression (paragraph/sentence, etc.) UR. € Ucr with the ID_part key of type n-to-1 with the
structure of text parts C,.

Step 2. Formation of a new array in the structure of sentences U& € Ucr.

Step 3. Parsing characters to the next punctuation mark.

Step 4. If the abbreviation or special entry (date, money, etc.) is according to the regular expression, then
the corresponding marking of this sequence and the transition to step 5, otherwise, saving in the
structure UE. € Uy and transition to step 2.

Step 5. If the end of the text part, then mark and go to step 6, otherwise go to step 2.

Step 6. Saving a tree of sentences in the form of a UZ. € U,y structure.

Step 7. If the end of the text, then go to step 3, otherwise go to step 1.

Stage 3. Splitting sentences into lexemes while preserving the connection with the corresponding
sentence U}; € Ugr and, accordingly, the number of the position in the sentence.

Step 1. Formation of the lexeme structure UL, € Uy with the fields ID_lex, ID_sent, N_lex, T_lex as a
description of the lexeme meta-data.

Step 2. Analysis of the sentence lexeme with U& € Ur.

Step 3. Formation of a new lexeme in the lexeme structure U%; € Ucr.

Step 4. Parsing characters up to the first character not from the Ukrainian alphabet or an apostrophe and
saving tokens in the structure.

Step 5. If the end-of-sentence character, then go to step 6, otherwise go to step 3.

Step 6. Syntax analysis based on algorithms 2.

Step 7. Morphological analysis based on received lexeme chains.

Stage 4. Identification of the topic of the Ukrainian-language text Ul € Ugr.

Step 1. Identification of the hierarchical structure of features UL, € U,y of each semantically significant
lexeme from the noun group, except for pronouns.

Step 2. Generating a dictionary with a hierarchy of token property types.

Step 3. Unification, if necessary, of similar tokens.

Step 4. Identification of a set of key words KeyWords of the text C',. = a,.(a,(C,, Ug), Ucr) with Ugr =
{Ucr1, Ucra, Ucrs, Ucra}, where Uer is a collection of classification conditions, Ugr; is a set of
thematic keywords, U.r, is a set of frequencies of occurrence of keywords, Ugr5 is dependencies



of the occurrence of keywords according to different topics, Ucr, is frequencies of occurrence of
thematic keywords.

Step 5. Formation of UL, € U, in the set of KeyWords with TKeyWords (thematic keywords) for Topic
and Category.

Step 6. Calculation of QuantitativeryTKey (frequency of occurrence of thematic keywords) and
FKeyWords (frequency of occurrence of keywords), as well as coefficients Static (statistical
importance of terms), CofKeyWords (thematic keywords of the content), Comparison
(occurrence of keywords of different topics), Addterm (measures of the presence of additional
thermal baths).

Step 7. Calculation If there is a match between content keywords and topic keywords, then go to step 9,
otherwise go to step 8.

Step 8. Generation of a new rubric with a set of key terms of the text C',..

Step 9. Assignment of the terms of the analyzed text C', to a certain class on the topic.

Step 10. Calculation of Location — content weight factor C',. in the topic.

Stage 5. Filling with meta-data of Ukrainian-language analyzed text for attributes Topic, Category,
Location, Static, Addterm, CofKeyWords, TKeyWords, FKeyWords, Comparison,
QuantitativeryTKey.

3.5. Detection of content duplication/plagiarism/rewriting

When identifying duplicate text content (for example, when identifying plagiarism/rewrites or
duplicates of integrated content from different sources), the main NLP task is to analyse the
degree of similarity of lines. It can also be used for spell checking or text input autocorrect as an
intuitive prediction of what exactly the user wants to type. Another example is the identification
of the key meaning of the text content or the determination of whether the two lines
HayioHanbHuli yHisepcumem «/lbgiscbka noaimexHika» [Natsional'nyy universytet «L'vivs'ka
politekhnika»] (National University "Lviv Polytechnic") or HY «/lesiecbka nonimexrika» [NU
«L'vivs'ka politekhnika»] (NU "Lviv Polytechnic") are the same keyword. The minimum editing
distance allows us to quantify the assumption about the similarity of the analyzed strings as the
calculation of the minimum number of editing operations through insertion (i), deletion (d),
substitution (r), synonymization (s), permutation (p) necessary to transform one string into
another (Fig. 21). An empty string/character alignment is a match between substrings of two
sequences of strings/sentences/words.

\ITT?TN\I?
IH®PO PM A
a . . - - -

Figure 21: Scheme of the analysis of the minimum editorial distance

Each of these operations is assigned a certain value/weight. The Levenshtein distance
between two lines is the simplest weighting factor in which each of the five operations has a
value of 1 [42]. The Levenstein distance for the scheme Fig. 21a is equal to 3, and for the scheme,
Fig. 21b equals 4. An alternative metric is where each insertion/deletion is scored as 1, and other
operations are not allowed or are scored as 2 (r), 3 (p), and 4 (s), respectively. Then for the



schemes Fig. 21 Levenshtein distances are equal to 6 each. The process of finding the minimum
editorial distance (Fig. 22a) consists of finding the shortest path - a sequence of edits from one-
character line to another (Fig. 22b) based on dynamic programming [43-46].
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Figure 22: Finding the editorial distance and an example of an edit path

Algorithm 4. Minimum editorial distance based on [47].

Stage 1. We define 5$[0,0] = 0, n = const, m = const,i =0, j = 0.

Stage 2. We parse the text X and extract a string of length n for comparison. We denote the input string
as A (JA] = n). We define S[i, 0] = S[i — 1,0] + d — f,,,(A[i]).

Stage 3. We parse the text Y and select a string of length m for comparison. We denote the target string
as B (|B] = m). for comparison. We denote the target string as S[0,j] = S[i,j — 1] +i—
fmBLID-

Stage 4. Calculation of the minimum editorial distance between two lines.

Step 4.1. We identify S[i, j] as the editing distance between A[1 ...i] and B[1 ...j], that is, the distance
between 4 and B € S(n, m).

Step 4.2. We calculate S[i, j] by taking the minimum of five possible paths through the matrix of reaction
distances (Fig. 23):

( S[i=1,j1+d = fam(ALiD
Slij =11+ i = fun(BUD
S[i,j] = min Sli—1,j—1]+r — f.n(A[i], B[jD
%5[11]1 1+p = fom(Ali + 1], A[i])
S[i—=1,j1+ s — fam(ALLL XD

A\B | # I H|®|O|P|M]|A|L I A
# O[1]2]3]4]|5|6|7]8]|9]10
| 1]1]0]J]1(2[3|4]5]|6]|7]38 9
H 2 |1j0|1]2|3]4]|5]|]6]|7 8
T 312 (1|2 [|3|4]|5|6]|7]|38 9
E 4 {3123 |4|5|6|7|8]|9]10
r 5/14(3|4|5|6|7|8|]9]10]11
P 6 |5(4|5|6|5]|6 |7]8]9]10
A 7 16[5|6|7]|6|7|6|7]|38 9
8 8 |7|6|7|18|7]| 8 |7|6]|7 8
| 9 |87 |8|9|8|9 [8]7 6 7
A 10987 ]8|9]10]|9]|8]| 7 6

Figure 23: An example of a matrix for calculating the minimum editorial distance

If the values of the weights for the specified operations are known in advance, then we calculate how:



( Sli—1,j1+1
Sli,j—1]+1

0,if Ali] = BIj]

2,if Ali] # Bl[j]

0,if Ali] = A[i + 1]

3,if Ali]#Ali + 1]

0,if Ali] = X[j]

4,if Ali] = X[j]

Completing the matrix for calculating the minimum editorial distance (Fig. 24).

Stage 5. If not the end of the text Y, then j = j + 1, parse the text Y, select the next line of length m for
comparison and go to step 4.

Stage 6. If it is not the end of the text X, then i = i 4+ 1, we parse the text X, select the next line of length
n for comparison and go to step 3.

Stage 7. Determination of the optimal shortest path - the sequence of edits from one character line to
another (Fig. 24) in the calculation matrix of the minimum editorial distance (Fig. 23) [48].

S[i—1,j—1]+{
S[i,j] = miny<
SU—LH+{

SU—Lﬂ+{

A\B # | H (0] (e} P M A L, | A

# 0 1| —2| —3| —4]| -—5 - 6 -— 7| -— 8 —-— 9 - 10
| + 1 - 0 - 1 - 2 - 3 - 4 -~ 5 = 6 -~ 7 - 8 - 9
H 12 - 1 -0 -~ 1 - 2 - 3 -~ 4 >~ 5 >~ 6 - 7 - 8
T + 3 -2 | 1 ~ 2| >3 -4 ) 6 7 8 =9
E + 4 -3 -~ 2 -3 ~ 4 | 25 ) =7 -~ 8 =249 =10
r + 5 -4 ~4 3 ~ 4 + 5| 6 -7 -~ 8 -~ 9 =410 | =211
P + 6 -5 -t 4 -~ 5 6 -~ 5 -~ 6 -~ 7 -~ 8 > 9 -~ 10
A + 7 -6 -~ 5 ~6 | 7 -~ 6 -~ 7 ~ 6| ~7 - 8 -~ 9
L, + 8 -7 -~ 6 -7 | =28 -~ 7 -8 - 7 - 6 -7 - 8
[ + 9 -8 ~ 7 -8 | =29 - 8 -~ 9 -+ 8 - 7 -~ 6 -7
A + 10 -9 - 8 ~ 7| =8| =9 | =10 -+ 9 - 8 ~ 7 ~— 6

Figure 24: An example of determining the minimum distance calculation path

Step 7.1. We define and store sequentially in each cell S[i, j] the matrix for calculating the minimum
editorial distance of 1-3 back pointers (from the left, above and/or diagonally) to the previous
cell (S[i —1,j], S[i,j — 1] and/or S[i —1,j — 1]) 3 from which it is possible to move to the
current cell (Fig. 5.28), without disturbing the change of editorial distance.

Step 7.2. Analysing from the last cell S[n, m], we move through the matrix in reverse directions to S[0,0],
without disturbing the change in the sequence of edits and determining the shortest path of the
editorial distance.

Each cell in bold represents the alignment of a pair of letters across two lines. If two adjacent
cells are highlighted in one row, then the insertion operation from the source to the target is
implemented, for example, the letter M after P (5—6); two bars in a row, located in one column,
indicate the deletion, for example, of the letter I after E (replaced before that with @, i.e. 4—5).

Similarly, the minimum distance algorithm can be applied to words in a sentence
(plagiarism/rewrite check, speech loss calculation, machine translation) instead of symbols in a
line (spell check, word error frequency calculation). For example, for spelling correction,
substitutions are likely to occur between letters of the corresponding natural language located
next to each other on the keyboard. The Viterbi algorithm [49] is the best option for calculating
the minimum editorial distance, calculating the maximum probability of alignment of one line
with another. To recognize text content as a duplicate/plagiarism or a partial rewrite, it is
enough to compare the character chains of the template and analogues to find the minimum



distance. This is not enough to recognize content with a significant rewrite. Then the recognition
will consist of the identification of a collection of concepts and terms of the corresponding
template text based on the calculation of the degree of similarity to probable analogues of the
textual content [34-49]. The collection of identified concepts and terms is supplemented from
the ontology with others based on generalized relations of the IS-A type one level up and with
other semantic relations whose importance weight exceeds the threshold value. Relationships
between concepts and terms in the content are identified to eliminate the ambiguity of
recognition to form a connected graph of the semantic image of the corresponding content.
Similarity comparison results from the calculation of the semantic distance between the
corresponding content (Fig. 25). The process of content comparison and similarity ranking using
an ontology with text string search by pattern includes [34-49]:

1. Weighted conceptual graph G of template textual content.
A weighted conceptual graph G’ supplemented with a content-template ontology with
finding the parent of each vertex of G based on the connections between concepts.

3.  Weighted conceptual graph G = G U G’ based on SYA and SEM results.
Reductions of redundant elements of the weighted conceptual graph G.

5. Calculation of weight centres (Fig. 28) and semantic distance between G and G'.
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template graph
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to create Weighed
graph of content
Find

centers of gravity Find
centers of gravity|

to retum

to retum

3Hatimu eidcmaHb
Mix 2paghamu

Figure 25: Sequence diagram of semantic content comparison

According to experimental testing with abstracts of scientific and technical publications, the
approach based on adaptive ontology increases the accuracy of content similarity search by an
average of 18% compared to the method of weighted conceptual graphs (Montez-Gémez) and
27% compared to the method based on the Dice coefficient (Fig. 26). The analysis of the
effectiveness of the listed methods was carried out according to the search accuracy parameter:
accuracy = (number of relevant ones found by the expert)/(number of relevant ones found by
the program). The Dice coefficient method identified 63% of similar content to the template
only those abstracts of scientific and technical publications, where there is the largest number
of common words with the template, but did not always correlate with the content of the



prototype. At that time, the method based on adaptive ontology gave the best result considering

the similarity of the template context and analogues.

1, S
% \
200 ¢ Nooom3 ™ Rooma #
‘ o ~_ R \
3.(16) # Noc.oo,u3 Noooa Roomna #
I O R \
4.(15) # E N 00003 Ny o3 Roomn3 #
LT O O |
5(1.2) # E Ao N 00,3 N oo3 Roo,mn 3 #
I B O O |
6.01.2) # E Ao Moo Nocoowa Nuoowa Roo,mn 3 #
LT ~L J \
7.00.2) #  E Ao PocoonPocoon N oo iaNy s Roomm 3 #
I i / ~ \
8.(3) # E Avosn AseooPrcoon NogoonisNuosns Roomms Nooo.s3 #
L I o ~ \
9.(1D) # E Ao AscoosPoconn NooowsNuoows Roowms  Nuwss Neoops #
L I b B TN \
10-(”~1)T F A)K“no,,\r A‘mm”uA-wM“ wN »(v,m;,‘,,‘a Nu“ud‘u‘f}’ R‘m)‘mnﬁ N 00,53 Nuf‘a‘p‘a Nu/‘wua t‘#
11.(2) # E Ascoom Poeo00aPoe00 N e 003N uoows Roomnas Auoos  Nuoosa Neoop3 N oo,p3 #
e [ R I e U \
120020 # E Ascon PocoonPoconiN e oo aNuoons Roomms Puoos Nuooss  Acoow Newops  Neosps #
L I I T N \
1B.(L5) # E Avcoor AueioosPoc00rN o0 03N uoons Rooms Avoos Nuooss Aewop Neoops E Neoops #
I - - - - I ™~ I
140D #  E Avoon AvconiPocosiNocoous Nuoous Roomns Auoos Nuooss  Aeoop Neoop3 E Neoops Noe.00,p.3 #
L I I [ [ T N \
15.(1.2) E Ascoon PreooiPocot N 003 Nuooss Roomns Avoos Nuooss  Aeoop Newsps E Newops Awoop  Nocoops #
S A I B A R I B b T
([ | | | (. | | | | | ([ | | |
1.0 # E Avor Avcoon AscooNocoosiNuoons Roomns Ao Nuoos  Aeoor Newnp E Negops Aeoop  Nocoos  #
[ I I I I | I I I I I (| I I I
20.013)# E Ascoon Ao Aoeoos Nacoo N s Rop s Avsos Nuoos Aoy Newos E Newops Mooy Nocoop  #
[ I I I I I I I I I [ I I I
21U % B Ay Ao AveooiN oo NI s Ropns Avoos Nuwos ooy Neonp E NS AL 0t Nocww,  #
2235 (M edoen b L — e
‘ I\‘/.7 IV‘.S I\‘/.G I\‘/.S I\‘/.l I‘V.A I\‘/.S I\‘/.S I\‘/.Z IV.‘G IV.g IV.‘7 I\‘/.4 I\).G I\‘/.l !
36 y ceoili Halbinbw eaxnueili pobomi eiH nokasye 6apeucmull ceim yKpaiHCbKO20 cena € (1020 HENOBMOPHIl npueaénueocm#.
BArM: 3 2 2,6 8,5 1 6,9 76 12,8 40,1 35,8 18

Figure 26: The result of SYA and SEM for a sentence in Ukrainian

Table 7
Comparison of methods

Method name Accuracy y, %
90
72

63

based on an adaptive ontology
weighted conceptual graphs (Montez-Gémez)
by the Dice coefficient

3.6. Ukrainian text processing technology for the identification of personal signs of
the content author

3.6.1. Features and typical features of the author's text

Analysis of changes in the dynamics and frequency of appearance of a linguistic unit in the text
is of great importance in linguistic statistics. The study of the coefficients of personal features of
the author's style (Alg. 5) is based on calculations and analysis [50-51]:



e theauthor's text concentration degree (I, = W;o/W): the ratio of the number of words
with an absolute frequency of appearance in the text 210 to the number of all words;

e the degree of exclusivity of the author's text (I,,; = W, /W): the ratio of the number of
words with an absolute frequency of occurrence equal to 1 to the number of all words;

e the author’s speech coherence degree (K, = (Z + S)/(3P)): the operative words
occurrence proportion in separate sentences of Ukrainian-language textual content;

e the syntactic complexity degree of the author's speech (K, =1 — P/W): sentence
number dependence in the test on the number of words (not the total number of words);

e the degree of lexical diversity of the author's speech (K; = W /N): the proportion of the
vocabulary of words from the text to the total volume of all words.

Algorithm 5. Study of personal features of the author's style

Stage 1. We integrate from reliable sources, use parametric filtering (eliminating information noise, such
as tags, pictures, etc.), and format the Ukrainian-language text (e.g., eliminating apostrophes or
replacing them with one type, eliminating them). The way the selection is organized and the size
of the text sample is important: it should be at least 18 thousand words to determine the
characteristics.

Stage 2. Lemmatization of Ukrainian-language text content.

Stage 3. Elimination of heterogeneity of linguistic units (for example, converting abbreviations to full text

or numerical values).

Stage 4. Generating frequency dictionaries of Ukrainian-language text content based on statistical
distribution in the required numerical metrics.

Stage 5. Identification/calculation of coefficients/indices of personal features of the author's style based
on frequency dictionaries, for example, analysis of the share and peculiarities of the appearance
of service/stop/marked words, punctuation marks, words/ sentences/ paragraphs/ chapters/
sections of different lengths, etc.

Stage 6. Analysis of coefficients/indices for accuracy and reliability.

Stage 7. Lexical and statistical modelling of the author's style features distribution.

Stage 8. Generation of author's style templates within a certain genre or topic in a certain period.

Stage 9. Experimental testing to train the system for assessing the level of belonging of Ukrainian-
language texts of a certain genre/topic to a particular author's style template.

3.6.2. Determining the Ukrainian-language text's author style based on linguometry,
stylometry and glottochronology technologies

Each language is characterized by a set of service words (particle, conjunction, and preposition
- Table 8 - more than 70 words), and the author's style is influenced by the peculiarities of
everyday speech, in particular, by the use of these words. For example, some authors prefer the
word ooHak [odnak] (however), others prefer the word omae [otzhe] (hence), or, ignoring the
rules of the Ukrainian language, they often prefer one of the conjunctions like i [i] (and), ma [ta]
(and), G [y] (and). Some prefer the preposition moémo [tobto] (that is), while others prefer its
analogues. Analyzing and comparing the appearance and frequency of stop words as service
words (there are also parasitic words characteristic of a particular author for expressing a certain
topic, slang, etc.) makes it possible to model the lexical and statistical pattern of a particular
author's style. Fig. 27 presents a graphical representation of the relative frequency of the



appearance of stop words in four different texts (Excerpts 1-4) and the template (Etalon) based
on the statistical data of the appearance of the official word (Table B of Appendix). The results
of the analysis of the four texts (Table 9) show that it is more likely that Excerpt 4 belongs to the
author of the template (although there is not a significant difference between the results of the
study of texts 4 and 2, if they were written in the same period, they do not belong to the author
of the template, if in different periods with the template, the probability of belonging to this
author increases).

Table 8
Service parts of the Ukrainian language (stop words)

Part of speech List of stop words
6es, 6inq, 6au3bKo, B, BrnG, Bia, AnA, A0, 3, 33, 3-33, 3-NiA, Kpi3b, Ha, Hag, nig, no, No3a, Npwu, NPo, NPomix, y, yepes [bez,
bilya, blyz'ko, v, vhlyb, vid, dlya, do, z, za, z-za, z-pid, kriz', na, nad, pid, po, poza, pry, pro, promizh, u, cherez] (without)

a, abo, ane, 1, i, KOIM, HEMOB, OAHa4e, NPOTe, Ta, Ta i1, TaK, TaKOX, TOBTO, Yepes Te LLO, XOua, YK, WO, Wob, Akwo [a, abo, ale,
y, i, koly, nemov, odnache, prote, ta, tay, tak, takozh, tobto, cherez te shcho, khocha, chy, shcho, shchob, yakshcho] (and, or,
but, and, and, when, as if, however, but, and, and, so, also, that is, because of that, although, or, that, so that, if)
ab6o, afke, ankike, 61, BXKe, XK, e, efiBe Y, Lle, MOB, HEMOB, HaBiTb, He, Hi, OH, OCb, TaK, TiIbKK, TO, TOBTO, yxKe, Le, 4un
[abo, adzhe, ayakzhe, by, vzhe, zh, zhe, ledve chy, lyshe, mov, nemov, navit’, ne, ni, on, os’, tak, til'ky, to, tobto, uzhe, tse,
chy] (or, because)
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Figure 27: Probability of stop words (correlation coefficient — Re.v1=0,6076; Re.v2=0,7066; Re.
v3=0,2810; Re.v4=0,7326), where the thick line is the standard, and the thin line is the excerpt,
respectively 1-4 for each diagram separately

Table 9
Correlation coefficients for stop words

N Re-u Particle  Conjunction  Preposition Roeu
4 0.7326 0.9594 0.9544 0.5639 0.6905




2 0.7066  0.9580 0.5714 0.4928 0.4913
1 0.6076 1 0.79 0.72 0.6900
3 0.2810 0.8800 0.1624 0.1517 0.2254

Thus, the application of the anchor word method yielded the following results: among the
studied passages, the passage most likely to belong to the standard was indeed the one
authored by the author of the standard. Other results also confirm the effectiveness of the
method of reference words in the attribution of texts. Thus, in the first study, the next highest
probability of belonging to the standard is a passage from another work by the same author.
Excerpt 1, which also belongs to the standard, "lost" to Excerpt 4 by only one-tenth in the
correlation coefficient. The result for Excerpt 3, which is separated from the standard by about
a hundred years, is also adequate. The assumption that the influence of the proportion as a
method parameter on the results is insignificant led to a decrease in the correlation coefficients.
Moreover, the difference between the correlation coefficients for Excerpt 1 and Excerpt 4
decreased significantly and amounted to 0.0005. Nevertheless, more research is needed to
confirm or refute the fact that particles are not a determining factor in authorial style. To achieve
the research goal, a module with the ability to select the language/languages of the analyzed
content was developed and implemented on a Web resource (Fig. 28). Experimental testing of
the functioning of the module for identifying and analyzing a collection of service words from
100 scientific and technical publications was carried out in 3 stages (Alg. 6).

Figure 28: An example of text analysis on http://victana.lviv.ua/nlp/linhvometriia

Algorithm 6. Analysis and interpretation of linguistic and statistical studies of the author's

style of speech identification

Stage I. Lexical analysis of the text to identify stop words and calculate the coefficients of lexical author's
speech (text diversity).

Step 1. Filtering Ukrainian-language text content from information noise (special characters, pictures,
tags, numbers, formulas, etc.).

Step 2. Sizing text content - excess is cut off.

Step 3. Identification of sentence length P in Ukrainian-language text content.

Step 4. Identification of the number of words N in Ukrainian-language text content.




Step 5. Volume identification by frequency dictionary of word bases W.

Step 6. Identification of the volume of W1 words used exactly once in the text.

Step 7. Identification of the volume of W10 words used 210 times in the text.

Step 8. Identification of the volume of Z prepositions in text content.

Step 9. Identification of the volume of conjunctions S in text content.

Step 10. Calculating the degree of exclusivity of text content: lwe=W1/W.

Step 11. Calculating the degree of concentration of text content: lke=W1o/W.

Step 12. Calculating the degree of coherence of a text: K;=(Z+S)/(3*P).

Step 13. Calculating the degree of syntactic complexity of a text: Ks=1-P/W.

Step 14. Calculating the degree of lexical diversity of a text: K=W/N.

Step 15. Table presentation of the results at http://victana.lviv.ua/nlp/linhvometriia.

Stage Il. Determining the author's style using stylometry methods.

Step 1. Checking the lengths of the reference text and the selected passages and adjusting the length of
the reference text to the minimum length checked.

Step 2. Cleaning the reference text from special characters, etc.

Step 3. Determining the number of words in the reference text.

Step 3. Determination of the number of stop words (prepositions + conjunctions + particles) in the
reference text.

Stage lll. Analysing the text by the method of glottochronology according to the Swodesh list.

An example of the result of lexical analysis of one Ukrainian-language textual content to
identify stop words and calculate the coefficients of lexical authorial speech (text diversity) is
presented in Table 10. For stage lll, the main task is to determine the number of words from
Swodesh's 200-word list that appear in the works of different periods and to determine the
percentage of such words in the passages. We will also investigate the number of common
words from Swodesh's list for the selected passages. We will select passages written several
years apart. Let the passages consist of, for example, 250 words, not including the title and
proper names. A comparison of the 200-word list of Swadesh and Passage 1 is presented in Table
11 (common words are highlighted in colour).

Table 10
An example of analyzing the author's style of speech
Degree Result Calculation
exclusivity: lw=W1y/W W1=141; W=184 1w=0.7663
concentration: lk=W1o/W W10=2; W=184 1=0.01
lexical diversity: Ki=W/N W=184; N=295 Ki=0.6237
syntactic complexity: Ks=1-P/W P=18; W=184 Ks=0.902

coherence of speech: K;=(Z+S)/(3*P)  Z=20; 5=28; P=18 K.=0.889

Table 11

Words from Swodesh's list
N Word AF RF Word AF RF Word AF RF

Excerpt 1 Excerpt 2 Excerpt 3

1 i[i] (and) 19  0.2500 ili] (and) 6  0.1224 ili] (and) 10 0.2174
2 wo [shcho] (what) 6 0.0789 wo[shcho] (what) 3 0.0612 wo[shcho] (what) 4 0.087
3 3[z] (with) 5  0.0658 3[z] (with) 2 0.0408 3[z] (with) 2 0.0435
4 ace(vse] (all) 4 00526 ace[vse] (all) 4 0.0816 sce(vse] (all) 3 0.0652
5 a[v] (in) 4 00526 a[v] (in) 7 01429 8[v] (in) 4 0087
6 Ha[na] (on) 3 0.0395 Ha[na] (on) 1 0.0204 Ha[na] (on) 1 0.0217
7 mam(tam] (there) 3 0.0395 mam[tam] (there) 2 0.0408 mam[tam] (there) 1 0.0217



8 Hi[ni] (no) 3 0.0395 Hi[ni] (no) 1 0.0204 Hi[ni] (no) 7 0.1522
9 3Hamu(znaty] (know) 2 0.0263  3Hamu[znaty] (know) 2 0.0408  3Hamu(znaty] (know) 2 0.0435
10 akuli[yakyy] (which) 2 0.0263 akudyakyy] (which) 4 0.0816 Akutilyakyy] (which) 1 0.0217
11 su(vy] (you) 1 0.0132 sulvy] (you) 1 0.0204 eoHu[vy] () 2 0.0435
12 what 1 0.0132 xmo [khto] (who) 1 0.0204 xmo[khto] (who) 2 0.0435
13 Ak[yak] (as) 2 0.0263 akwolyakshcho] (if) 1 0.0204  sakwo[yakshcho] (if) 1 0.0217
14 oH[on] (he) 5 0.0658 mym[tut] (here) 2 0.0408 mym[tut] (here) 1 0.0217
15 doszo[dovho] (long) 2 0.0263  Janexo[daleko] (long) 1 0.0204  doszo[daleko] (long) 1 0.0217
16 alya] (1) 6 0.0789 ye[tse] (this) 2 0.0408 ye(tse] (this) 1 0.0217
cmapuli mosecmuli iHwui[inshyy]
7 [staryy] (old) 2 0.0263 [tovstyy] (thick) 1 0.0204 (other) 1 0.0217
cayxamu kudamulkydaty] Kazamu

18 [sluk:aty] (old) 100 (throvz) g 1 00204 [kazaty] (say) 1 00217
19 wt?ﬂoeik 1 0.0132 AnomiK npuxooumu

[cholovik] husband) [potik] (stream) 1 0.0204 [prykhodyty] (come) 1 0.0217
20  6azamo[bahato] (many) 1 0.0132 0duH[odyn] (stream) 2 0.0408
21 piK[rik] (year) 1 0.0132 Hazad[nazad] (back[) 1 0.0204
22 im’a[im"ya] (year) 1 0.0132  jywudi[inshyy] (other) 1 0.0204
23 coHye[sontse] (sun) 1 0.0132 6inud[bilyy] (white) 1 0.0204
24 detuo[deshcho]

(something) 1 0.0204
Total 76 49 46

In Excerpt 1, 253 words long, there are 23 words from the 200-word list of Svodesh. These
words make up 30.04% of the entire passage. In Excerpt 2, 262 words long, there are 24 words
from the 200-word list of Svodesh. These words make up 18.7% of the entire passage. In Excerpt
3, 246 words long, there are 19 words from the 200-word list of Svodesh. These words make up
18.7% of the entire passage. Analysing the obtained data, we note that words from Svodesh's
list in Excerpt 1 make up 30% of the excerpt, which is much more than 18.7%, as in Excerpts 2
and 3 (Fig. 29a). Such results are natural and transparent: over time, a person's vocabulary also
enriches. Also, these passages in Fig. 29b show such results graphically:

e nodes indicate a passage and the number of words in it from the Svodesh list;

e arcsindicate the number of common words from the Svodesh list for these passages and
the correlation coefficient for these passages;

e inthe centre, the total number of words common to the excerpts and the Svodesh list is
indicated (Table 11 - common words are highlighted in colour).

a) BCE i Ha B 3HaTU Hi o Tam AKUIA 3

Figure 29: Numerical results of the study of passages, where squares - text excerpt 1, circles - 2,
triangles - 3

During the experimental testing, an analysis of more than 300 Ukrainian-language excerpts
of texts (the first 10,000 characters) of one-person (more than 100 authors) scientific and
technical publications of the Bulletin of Lviv Polytechnic University of the "Information Systems
and Networks" series for the period 2001-2021 was carried out (alg. 7).

Algorithm 7. Identification and analysis of a collection of service words in texts




Stage 1. Research of publications to identify the range of the optimal volume of the analysed Ukrainian
textual content.

Step 1. Analysis of Ukrainian-language textual content in its entirety (alg. 6).

Step 2. Analysis of excerpts of Ukrainian-language textual content in ranges [10;1000000] characters from
the beginning of the scientific and technical publication.

Step 3. Analysis of the obtained results. The optimal analysis of Ukrainian textual content is in the range
[100;10000] characters. If <100 characters, the values of the stylistic parameters of different
authors are similar, and the values of the same author in different passages in different
publications are sometimes significantly different. If 210000 characters - the parameters almost
do not change, moreover, various publications have <10000 characters and quite a few
publications have 210000 characters.

Step 3. Analysis of excerpts of Ukrainian textual content in the range [100;10000] characters of more than
100 different authors to form general stylistic patterns of the author.

Stage 2. The study of the results of changes in the degree of diversity of the author's speech depends on
the time interval in the range [2001; 2021] for the author's periodic stylistic patterns formation.

Stage 3. Identification of parameters that change over time and the range of change, and parameters that
do not change or do not change significantly.

Stage 4. A study of publications to identify the author's speech styles according to general and periodic
patterns in different periods [2001; 2021] years.

Stage 5. A study of computed speech parameters to generate a subset of potential authors with a similar
style to other reference collective works from the period [2001; 2021], among whose authors
are the authors of individual scientific and technical publication templates.

Stage 6. Analysis of results. If in the generated subsets of potential authors, there are real authors of the
collective work, then determine the parameters that can more accurately identify it. Conduct
experiments on several algorithms. Choose the best one to identify the style of a potential author
in texts from different periods.

3.6.3. Linguometric analysis of determining the content author based on statistical
parameters of speech diversity

Every author improves both his vocabulary and his style of writing publications over time.
Therefore, it is necessary to investigate whether the parameters of the stylistic diversity of the
authors' speech change over time, which exactly change and in what range (Fig. 30-31). Over
time, authors use shorter words more often (Fig. 30) and the degrees of lexical diversity K; and
syntactic complexity Ks do not change significantly (Fig. 30b—d). The degree of speech
connectivity K; does not decrease significantly. In 2001, it changed within [0.5; 1.2], and in 2021
— within [0.4; 0.9] (Fig. 30e). The distribution does not change significantly over time for the
exclusivity parameter I+, and there are significant changes for the concentration parameter /x
(Fig. 31). For example, over time, authors for a certain topic of research use some service words
more often in their publications (Fig. 32). According to the results presented in Fig. 33 over time,
authors use shorter sentences to describe their research in Ukrainian-language scientific and
technical texts. Also, the amount of occurrence of prepositions in Ukrainian-language scientific
and technical texts is decreasing, but the distribution of occurrence of conjunctions almost does
not decrease over time (Fig. 34).
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Figure 30: Distribution: a — words and speech parameters for texts of the same volume in the
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Figure 31: Distribution of the degree of speech for a — both parameters; b — lut; ¢ — lk; d is the
minimum, maximum and average value for all parameters
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Figure 32: Distribution of speech parameters for texts of equal volume in the range of 2001—
2017 years: a —maximum, minimum and average value Kj; b,c — change of parameter values; d
— the appearance of word forms (all, only 1 time and >210)
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Figure 33: Distribution of occurrence of words: a — 210 (W1o); b — the degree of speech

connectivity; c — a sentence; d — prepositions and conjunctions
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Figure 34: Changes in the distribution of features of the author's speech style over time
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Figure 35: Study of change over time according to the features of speech: a — identification of
the author's style; b — total amount; c — value embedding based on normalization
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Figure 36: Study of changes in time according to the features of speech: a —identification of the
author's style; b — total amount; ¢ — value embedding; d — W1, changes

It is necessary to find the range of growth of each of the studied parameters (Fig. 35) since
there is a dynamic change not only in the features of the author’s speech style during a certain
period of scientific activity, but also in individual parameters (the volume of the appearance of
sentences, conjunctions and prepositions, word forms on the total volume of words, word forms
that are used exactly 1 time and 210). The sign of the author's speech, apart from K;, does not
change significantly. Then we will examine the publications by additional parameters (Fig. 36).
Introducing additional parameters will reduce the set of potential authors with similar speech
styles (Fig. 37 and Table E of Appendix D).
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Figure 37: Changes research in time according to the features of speech: a —identification of the
author's style; b — total amount; ¢ —the nesting of each value

3.6.4. The quantitative method of determining the authorship of text content based
on a statistical analysis of the distribution of N-grams

Each language has its statistical parameters. For example, for Ukrainian texts, it was found that
the statistical parameters of styles can be considered the frequencies of vowels, consonants,
gaps between words, as well as soft and sonorous groups of consonants (Table F of Appendix
D). To achieve the goal of the research, a system was developed with the possibility of choosing



the language/languages of the analysed content, which is implemented on the Victana Web
resource. For high-quality and effective content analysis, when determining the degree of
authorship of a specific person, we suggest analysing the reference text and the researched one
in several stages.

e Algorithm 1. Linguometric analysis of author's speech diversity coefficients (alg. 8);
e Algorithm 2. Stylometric analysis (alg. 9);

e Algorithm 3. Analysis of stable word combinations (algorithm 10);

e Anroputm 4. Linguistic statistical analysis through N-grams (alg. 11).

The Web resource for linguometric analysis has the following fields (Fig. 38a):

e  3Hakis [Znakiv] (Signs) (he entered text must contain at least 100 and no more than
10,000 characters.) — the maximum content size is displayed.

e  KoHmeHm [Kontent] (Content) — the field where the studied text is copied from buffer.

e  Pospaxysamu [Rozrakhuvaty] (Calculate) — start the calculation.

e Oyucmumu [Ochystyty] (Clear) — clearing the entered data.

Algorithm 8. Linguometric text analysis to determine authorship

Stage 1. Filtering of Ukrainian-language text content from information noise (special symbols, pictures,
tags, numbers, formulas, etc.).

Stage 2. Determining the size of text content — excess is cut off.
Stage 3. Identification of the volume of sentences in Ukrainian textual content.
Stage 4. Identification of the total volume of words in text N.
Stage 5. Identification of the volume of unique W words in textual content.
Stage 6. Identification of the volume of prepositions Z in textual content.
Stage 7. Identification of the volume of conjunctions S in textual content.
Stage 8. Calculation of the coefficients of the author's speech.
Stage 9. Output of results to the end user (Table 12, Fig. 38a).

Table 12
An example of calculating the coefficients of the author's speech
Coefficient Input data Calculation
Coefficient of lexical diversity: Ki=W/N W=184, N=295 K,=0.62372881355932
Coefficient of syntactic complexity: K=1-P/W P=18, W=184 Ks=0.90217391304348
Coefficient of speech connectivity: K,=(Z+S)/(3*P) Z=20, S=28, P=18 K,=0.88888888888889
Exclusivity index: l=W:/W W;=141, W=184 1,,=0.76630434782609

Concentration index: l=W;o/W Wyo=2, W=184 1,,=0.010869565217391
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Figure 38: An example of a) the result of the application of linguometric analysis and b) entering
data for stylometric analysis

The Web resource for stylometric analysis has the following fields (Fig. 38b):

EmanoHHuli mekcm [Etalonnyy tekst] (Reference text) — the field where Reference text
is copied from the buffer.

Bubpamu Ypueok 1 (2, 3) [Vybraty Uryvok 1 (2, 3)] (Select Excerpt 1 (2, 3)) — open access
to excerpts. Access to the next passage only after activating access to the previous one.
Access is opened sequentially from the smallest number to the largest.

Ypusok 1(2,3) [Uryvok 1 (2, 3)] (Passage 1 (2, 3)) —the field where the text of the passage
is copied from the buffer. The entered text must contain at least 100 characters.
(Currently 0) — After starting the calculation, the actual number of marks of each passage
will be calculated and displayed separately.

Pospaxysamu [Vybraty Uryvok 1 (2, 3)] (Calculate) — start the calculation.

Ouucmumu [Ochystyty] (Clear) — clearing the entered data.

Algorithm 9. Stylometric analysis of the text to determine authorship

Stage 1.

Stage 2.
Stage 3.
Stage 4.

Stage 5.
Stage 6.
Stage 7.
Stage 8.
Stage 9.

Checking the lengths of the reference text and selected passages and reducing the length of the
reference text to the minimum of the checked ones.

Cleaning the reference text from special characters, etc.

Determination of the number of words in the standard text.

Determination of the number of stop words (prepositions + conjunctions + particles) in the
standard text (Fig. 39, Table 13).

The length of Passage 1 is no more than the minimum text.

Cleaning of Passage 1 from special characters and others.

Determination of the number of words W1 for Passage 1.

Determination of the number of stop words (prepositions + conjunctions + particles) in the text.
Preparation of individual arrays (excerpt and standard) for calculating the correlation coefficient
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Figure 39: An example of the result of the application of stylometric analysis and the result of
the application of stylometric analysis for Excerpt 2

Stage 10. Calling the function to calculate the correlation coefficient.

Stage 11. Formation of the array to form a graphic image of the relative frequency of occurrence of stop
words in Excerpt 1 and the standard.

Stage 12. Calling the function for calculating the HF graph (Fig. 40a).

Stage 13. Calling the function to calculate the correlation coefficient of Excerpts 2(3) for each of the
service words.

Stage 14. Form the words of the Svodesha list from the directory, and determine the number of words
from the Svodesha list in the passage (for the reference text and selected passages - Table 13).

Stage 15. We form common standards for the Standard, Excerpts 1-3 and the Svodesh list.

Stage 16. The research results are displayed on the screen (Table 14).

Table 13
Passage 1 words: 153. Reference text words: 153
Word AF RF Part of speech ~ AF in Etalon RF in the Etalon
8[v] (in) 5 0.032679738562 Preposition 5 0.032679738562
ala] (and) 2 0.0130718954248 Conjunction 2 0.0130718954248
yeltse] (it) 1 0.0065359477124 Particle 1 0.0065359477124
malta] (and) 16 0.1045751633987 Conjunction 16 0.1045751633987
dnsldlya] (for) 7  0.0457516339869 Preposition 7 0.0457516339869
3[z] (with) 2 0.0130718954248 Preposition 2 0.0130718954248
H([zh] (same) 1 0.0065359477124 Particle 1 0.0065359477124
ii] (and) 3 0.019607843137 Conjunction 3 0.019607843137
makoxc[takozh] (also) 2 0.0130718954248 Conjunction 2 0.0130718954248
mos[mov] (as) 2 0.0130718954248 Particle 2 0.0130718954248
ylu] (in) 1 0.0065359477124 Preposition 1 0.0065359477124
wjo[shcho] (what) 1 0.0065359477124 Conjunction 1 0.0065359477124
3a[za] (by) 1 0.0065359477124 Preposition 1 0.0065359477124




Table 14
Common to the Standard, Excerpts 1-3 and the Svodesh list: 8 (26.67 %) of the total: 30

N Common AF  Etalon Excerptl Excerpt2 Excerpt3
1 8[v] (in) 5 0.167 0.167 0.167 0.167
2 yeltse] (it) 1 0.033 0.033 0.033 0.033
3 ma(ta] (and) 16 0.533 0.533 0.533 0.533
4 3[z] (with) 2 0.167 0.167 0.167 0.167
5  kono[kolo](near) 1 0.033 0.033 0.033 0.033
6 ili] (and) 3 0.1 0.1 0.1 0.1

7 y[u] (in) 1 0.033 0.033 0.033 0.033
8  wo[shcho] (what) 1 0.033 0.033 0.033 0.033

a) — = b) [ e
Figure 40: An example of the result of a) stylometric analysis for Passages 1-3 and b) using the
analysis of persistent phrases

For the automated processing of the text, it is of great importance not only what the
frequency of appearance of this or that category, but in general its presence in the studied text.
Summing up, it should be noted that the use of content analysis for the creation of information
systems allows you to capture the distribution of various features of the analysed text content.

For example, the frequency characteristics of the text (average sentence size) may indicate a
certain specificity of a person's intellectual abilities in terms of verbal presentation of thoughts.
By determining the average length of sentences, it is possible to characterize the change in the
individual's emotional state. One of the most significant features in the psycholinguistic analysis
of textual content is the choice of analysing a dictionary variant in context dependence. Thanks
to the establishment of the coefficient of vocabulary diversity of speech (Table 15), it is possible
to identify, for example, the degree of the author's possible presence of schizophrenia.

Table 15
Coefficients of frequency characteristics of the text
Coefficient Formula
Verbs (aggressiveness) Kpifferent words= different words /2Nai words
Verbs (aggressiveness) Kaiecn.= verbs/Nai words-100 %
Emotionality of the text Knpukw.= adjectives/2Nai words

Logical connectivity Knor.se'ssn.= Stop of words/3Nsentences




Embolism (clogging) Keme.= embols/Naj words: 100 %

Another criterion of language competence is the coefficient of verbosity (aggressiveness).
The essence of this coefficient is the ratio of the number of verbs and verb forms (adverbs and
adjectives) to the total amount of words. A high indicator of aggressiveness indicates the
presence of a high degree of negative emotionality of the author, which is reflected in the text
itself by manifestations of changes in the dynamics of events and other characteristic features.
The parameter of logical coherence based on the analysis of operative words indicates a
sufficiently harmonious level of logical construction of the text. The coefficient of speech clutter
is the ratio of the total volume without semantic load of words to the total volume of words.
The composition of words without semantic load includes exclamations as a-a-a, e-e-e, M-m-m,
Xa-xa, Hy-Hy, ez2e, 3, ol (a-a-a, e-e-e, mm-m-m, ha-ha, nu-nu, ege, zh, oi, etc.), vulgarisms
(profanity), unnecessary repetition. The coefficient of speech clogging states either the degree
of a person's negative emotional state (nervousness, fear, discomfort in the environment, etc.)
or a low level of speech culture and intelligence. Even taking into account the fact that the
artistic text is considered androgynous in principle and is an interweaving of subordinate
functions - the qualities of the author's "I" are in a certain way graded depending on the
characterological profile of one or another author. In other words, the original text and the
translated text depend on their authors. The following fields are available on the Web resource
for the analysis of persistent phrases (Fig. 40 b):

e Enter the number of phrases to display on the screen (10;100) — how many phrases will
be displayed on the screen after the calculation.

e  Bubpamu Ypusok 1 (2, 3) [Vybraty Uryvok 1 (2, 3)] (Select Excerpt 1 (2, 3)) — open access
to excerpts. Access to the next passage only after activating access to the previous one.
Access is opened sequentially from the smallest number to the largest. (Not
implemented - only one passage is analysed).

e  VYpueok 1 [Uryvok 1] (Passage 1) —the field where the text of the corresponding passage
is copied from the buffer.

e BukopucmaHo:57 % [Vykorystano:57 %] (Used: 57%) — The entered text must contain at
least 100 characters. (Limit: 4000) — text size analysis.

e  Pospaxysamu [Rozrakhuvaty] (Calculate) — start the calculation.

e Oyucmumu [Ochystyty] (Clear) — clearing the entered data.

Algorithm 10. Linguistic statistical analysis of stable word combinations

Stage 1. Cleaning the received content from special characters, etc.

Stage 2. Forming blocked words list from the database depending on the selected language of the context.

Stage 3. Preparation for the formation of arrays of double word combinations and all words. The input is
an array: the key is numbers, and the value is text, divided by sentences (dot separator). The
words are checked against the database of keywords and, according to the rule described in the
database, lead the given word to the base of the word, if it is not itself the base of the word.

Stage 4. Determination of persistent word combinations using the FREG method: obtain the absolute
frequency of word combinations (Fig. 41a).




Stage 5. Determination of stable word combinations using the t-test method: P(W1)*P(W2) taking into
account not only pairs but also the frequency of use of individual words (those that make up the
pair).

Stage 6. Determination of stable phrases using the LR method.

Stage 7. Determination of stable phrases according to the X2 method (Table 16).

Stage 8. The results of the study are displayed on the screen.
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Figure 41: A persistent phrases analysis result and N-gram text analysis application

Table 16
List by frequency rating of persistent phrases for article 1, phrases: 45. Total words: 108
N FREG t-test LR X2
Keyword AF RF Keyword t Keyword loglL Keyword X2
1 cucmema 4 0.088889 cucmema 1.822222 iHpopmayilHul 5.03e- npuiiHammsa 45.000000
enekmpoHHul enekmpoHHull mexHosnozia 1 piweHHA
[systema [systema [informatsiynyy [pryynyattya
elektronnyy] elektronnyy] tekhnolohiya] rishennya] (making
(electronic system) (electronic system) (information a decision)
technology)
2 iHpopmayitnul 4 0.088889 enekmpoHHull 1.578091 iHmenekmyaneHul 2.13e- cucmema 45.000000
cucmema KOHmMeHm- cucmema 1 e/1eKMpPOHHU T
[informatsiynyy Komepuis [intelektual'nyy [systema
systema] [elektronnyy systema] elektronnyy]
(information kontent- (intelligent system) (electronic system)
system) komertsiya]
(electronic content
commerce)
3 enekmpoHHul 3 0.066667 po30in Haykosuli 1.319933 iHpopmayilHul 8.36e— enekmpoHHull 32.946429
KOHmMeHm- [elektronnyy cucmema 2 KOHmMeHm-
Komepuyis kontent- [informatsiynyy Komepuyis
[elektronnyy komertsiya] systema] [elektronnyy
kontent- (scientific section) (information kontent-
komertsiya] system) komertsiya]
(electronic content (electronic content
commerce) commerce)
4 po30din Haykosuli 2 0.044444 iHopmayilHul 1.222222 nopman Haykosuli 5.58e- po30in Haykosuli 29.302326
[elektronnyy cucmema [portal naukovyy] 2 [elektronnyy
kontent- [informatsiynyy (scientific portal) kontent-
komertsiya] systema] komertsiya]
(scientific section) (information (scientific section)
system)
5 nopman Haykosuii 1 0.022222 npuliHaAmma 0.977778 KypC mexHonoaia 3.31e- Kypc mexHonozisa 21.988636
[portal naukovyy] piweHHs [kurs tekhnolohiya] 2 [kurs tekhnolohiya]
(scientific portal) [pryynyattya (technology course) (technology course)

rishennya] (making
a decision)




6 iHmenekmyaneHul 1 0.022222 Kypc mexHonoeaia 0.955556 cxosuwe 3.31e- cxosuwe 21.988636

cucmema [kurs tekhnolohiya] daHi[skhovyshche 2 daHi[skhovyshche
[intelektual’'nyy (technology course) dani] (data storage) dani] (data storage)
systema]
(intelligent system)
7 npuliHamms 1 0.022222 cxosuwe 0.955556 npuliHamms 8.27e~ nopman Haykoeuli 14.318182
piweHHA daHi[skhovyshche piweHHaA 3 [portal naukovyy]
[pryynyattya dani] (data storage) [pryynyattya (scientific portal)
rishennya] (making rishennya] (making
a decision) a decision)
8 KypC mexHosozis 1 0.022222 nopman Haykosuli 0.933333 po30din HayKosuli 1.89e— iHpopmauyitiHul 5.848550
[kurs tekhnolohiya] [portal naukovyy] [elektronnyy 3 cucmema
(technology course) (scientific portal) kontent- [informatsiynyy
komertsiya] systema]
(scientific section) (information
system)
9 cxosuwe 1 0.022222 iHmenekmyanbHul 0.777778 enekmpoHHuUl 1.55e- iHmenekmyanoHul 3.579545
daHi[skhovyshche cucmema KOHMeHm- 4 cucmema
dani] (data storage) [intelektual’'nyy Komepyis [intelektual'nyy
systema] [elektronnyy systema]
(intelligent system) kontent- (intelligent system)
komertsiya]
(electronic content
commerce)
10 iHpopmayitiHui 1 0.022222 iHpopmauitiHul 0.688889 cucmema 1.37e- iHpopmayitiHui 1.890409
mexHonoaia mexHosoz2ia enekmpoHHuUl 6 mexHosnoaia
[informatsiynyy [informatsiynyy [systema [informatsiynyy
tekhnolohiya] tekhnolohiya] elektronnyy] tekhnolohiya]
(information (information (electronic system) (information
technology) technology) technology)

If a word is missing in the database, it is added automatically. The moderator needs to
describe the rule of bringing the word to the base of the word for this word.

When identifying the author of a text, it is assumed that the text reflects the author's style
of writing, which makes it possible to distinguish him from others. To compare texts with each
other, it is necessary to compare the text with some numerical characteristic, which would be
approximate for the texts of the same author and would differ significantly for the works of
different authors. Such a characteristic can be the density of the distribution of letter
combinations of three consecutive symbols (3-grams). It is defined as a set of empirical
frequencies of the use of letters or their combinations. When analysing text based on the density
of the N-gram distribution, punctuation marks, spaces, and numbers are not taken into account.
The task of identifying the author of an unknown text in terms of the density of the N-gram
distribution is defined as follows. A certain set of texts is given, which contains the works of Y
famous authors. Let L, be the amount of content by the y-th author. N;, is the number of
characters in the i-th content of the y-th participant, i=1, ..., L,. The distribution density of N-
grams of content, the volume of which is equal to N;, is given as a set of values f;,(j)=ki/Ni,y, k; is
the number of uses of N-gram under number j. The argument j=1,...,y(n, M) corresponds to the
number of the letter combination (N-grams) in alphabetical order, where M is the strength of
the alphabet of the language of the written text, n is the order of the N-gram, that is, the number
of symbols in the letter combination. y(n, M)=M" is the number of N-grams in this alphabet. Each

author is identified with his weighted average density of N-gram distribution according to the

, L
formula p, (j) = Niyziil Di,yN; . They are the author's standards. To compare two texts, or a

text and an author's standard, it is necessary to set the distance between the corresponding
distribution functions. As distance metrics, we apply the norm in the space of functions as terms.
So, for example, the distance py, between the N-gram distribution density of an unknown text
px and any author's N-gram distribution density py, is calculated as:
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text "x" belongs to the author whose distance to the density of the N-gram distribution
the smallest. When solving the classification problem, the data set was not divided into

d training sets. Weighted average distribution densities of N-grams were constructed

over the entire set of content of one author. The distance from content i to a specific author y
was calculated as P; ,,. The formula makes it possible to exclude the participation of the density
of the distribution of N-grams of content i in the average density of the distribution of N-grams
of a specific author. The Web resource for analyzing N-grams has the following fields (Fig. 41b):

Bubpamu mosy mexkcmy [Vybraty movu tekstu] (Select the language of the text) — the
language of the text for analysis (research). The default is "Ukrainian".

Yucno epamu [Chyslo hramy] (Number of grams) — KinbKicTb 3HakiB y rpami. MokHa
MiHATU Ha 1, 2, 3, 4. 33 3aMOBYYBaHHAM 3.

Limitation of text in characters.

Tekcm [Tekst] (Text) — the field where the researched text is copied from the buffer.
leHepysamu [Heneruvaty] (Generate) — to start the generation of N-grams.

Oyucmumu [Ochystyty] (Clear) — clearing the entered data.

Algorithm 11. Linguistic statistical analysis of N-grams of text [52]

Stage 1.
Stage 2.
Stage 3.
Stage 4.
Stage 5.
Stage 6.

Stage 7.

Stage 8.

Stage 9.

Cleaning of the researched text (numbers, special characters).

We calculate the number of words in the text.

All words of the text are translated into lowercase.

We remove spaces.

Depending on the selected language, the appropriate alphabet is substituted.

Depending on the set number of grams, the corresponding function is launched, which calculates
all possible variants of grams and stores them in an array.

Next, the function of counting the number of occurrences of words is launched. Here we calculate
the relative frequency of occurrence and store in the array: the serial number of the gram, the
gram itself, the number of occurrences of this gram, and the relative frequency of occurrence of
this gram.

The next function forms the array obtained in the previous function for export to a CSV file. This
file is stored on the server. It can be downloaded to the user's (researcher's) computer using the
link, which will be accessed after creating a form with the research results.

The results of the research are displayed on the screen (only those grams found in the text).

Stage 10. Access to the export file opens.
Stage 11. Summarized results are displayed:

—the size of the alphabet;

—the number of words in the text;

—the number of characters in the text with spaces;

—the number of characters in the text completely cleaned;
— total N-grams;

— a total of N-grams without repetitions were found;

— a total of N-grams with repetitions were found.



We compare three scientific and technical publications [53, 54, 55] with each other based on
linguistic statistical analysis of 3-grams. Articles 1, and 2 were written by the same team [53, 54],
and Article 3 was written by another author [55] (Table 17). The language of the text is Ukrainian
(letters in the alphabet are 33, so there are 35937 possible N-grams).

Table 17
Parameter values for analyzed articles 1-3
Parameters Article 1 Article2  Article 3
Total N-gram 35937 35937 35937
Total N-grams found (no duplicates) 4354 4377 3890
Total N-gram found (with repetition) 29494 29862 36383
Total words 5475 5358 6060
Total characters in raw text 39792 39663 47084
Total characters in cleared text 29967 32570 37062

But when comparing articles, we will take into account only those 3-grams that appeared in
the text at the same time in three articles at least once. Therefore, for this particular example,
all 3-grams are 2147. That is, for Article 1 we analyse 78.4814% of 3 grams, for Article 2 —
72.6332% and Article 3 —84.1271%. Accordingly, the difference in the use of the corresponding
3-grams between Articles 1 and 2 is R1,=56,5254 %, Articles 2 and 3 — R23=69,4271 %, between
Articles 1 and 3 — R13=62.9839 %. These indicators alone show that the characteristics of Articles
1 and 2 are more similar (R2s>R12 by 12.9017%, R23> Riz by 6.4432%, Ri13> R1> by 6.4585%, i.e.
R23>R13>R12) than the characteristics of Articles 1-3 respectively and 2—3. The smaller the Rj, the
greater the degree to which the articles are written by the same author. In that case, Articles 1
and 2 are more likely to be written by the same author/team than Articles 2—3 and Articles 1-3
respectively. But let's analyse the use of individual 3-gram clusters in the corresponding articles
and compare the obtained results (Table 18).

Table 18
The value of the parameters of the appearance of 3-grams for the analyzed articles 1-3
3-gram  The average value of 1 appearance Range, % Match for articles, % Discrepancy for articles, %
1 2 3 1-2 2-3 1-3 1-2 1-3 2-3
a__ 0.0393 0.0430 0.0392 6.112-6.709 42322 46322  4.197
6__ 0.0220 0.0415 0.0262 0.594-1.121  0.7046 0.7738 0.4884
B _ 0.0390 0.0367 00388  4.262-4522 35581 41064  3.6523
r__ 0.0302 0.0234 0.0455 0.749-1.454 06551 13451  1.309
o _ 0.0292 0.0290 0.0354 2.263-2.764 15257 2.0978  1.8299
e__ 0.0438 0.0359 0.0555 3.197-4.941 30263 3.6893 4.0674
€ _ 0.0189 0.0114 0.0321 0.252-0.707  0.2508 0.5443  0.6077
W _ 0.0338 0.0243 0.0274 0.341-0.474 0.25 0.2302 0.2126
3 0.0273 0.0234 0.0352 1.311-1.973  1.1879 1.25 1.3259
n__ 0.0376 0.0338 00366  4.327-4.818 32931 4.0083 3.5984
i 0.0294 0.0277 0.0288 4.772-5.051 35963 3.9431 3.7918
i 0.0114 0.0117 00168  0.038-0.125 02247 03031 0.2386
n__ 0.0180 0.0131 0.0188 0.301-0.432  0.3352 0.3469 0.3483
K__ 0.0383 0.0340 00415  2791-3.400 24206 3.2381  2.4931
n__ 0.0539 0.0401 0.0364 2.073-3.070  2.4437 1.8021  2.0952
M__ 0.0238 0.0264 0.0343 2.168-3.123 17619 2.6603 1.8196
__ 0.0468 0.0420 0.0474 6.421-7.257  3.8242 5.1327 4.0623
0.0473 0.0397 0.0540 6.473-8.795 53403 7.5276 6.3371

0.0476 0.0559 0.0720 1.858-2.809  1.6619 2.5456 2.1261
0.0384 0.0426 0.0456 3.690-4.380 31902 4.3566 3.4834

T 3 0 T




0.0541 0.0377 0.0381 3.169-4.541 33187 2.7052  3.4299

T _ 0.0445 0.0417 0.0429 5.174-5.518 35467 4.712  4.6607
y 0.0286 0.0267 0.0332 2.193-2.726  1.7905 1.9852  1.9443
[0) 0.0384 0.0595 0.0401 0.276-0.495 03069 0.4759  0.3211
X 0.0155 0.0180 0.0252 0.573-0.934  0.5083 0.7426  0.7957
L 0.0246 0.0345 0.0305 0.591-0.829  0.568  0.4416 0.4748
Y 0.0425 0.0223 0.0559 0.513-1.324 10044 0.9368 0.6924
w 0.0145 0.0194 0.0457 0.194-0.657  0.2169 0.2917 0.6854
i 0.0200 0.0118 0.0201 0.064-0.100  0.1401 0.0828 0.1404
b 0.0317 0.0256 00329  0998-1.285 (6593 07983 0.7326
10 0.0173 0.0234 0.0309 0.277-0.494  0.1558 0.3005 0.2673
A

0.0206 0.0216 0.0201 1.444-1.554 09522  1.0555  0.9361

According to Table 19 and Fig. 42a some of the letters in the Ukrainian language are used
most often, others are much less common. For the most frequently used letters, the frequency
of appearance of 3-grams with such initial letters will have an almost identical distribution (peak
values on the graph Fig. 42a), but not for other letters.

Table 19
Frequency distribution of the appearance of the 1-gram in Articles 1-3

1-gram Article 1 Article 2 Article 3
Number RF Number RF Number RF

246 0.008209 210 176

239 260 265  0.007094
224 334 0010255 299 [JOI6080604M
188 165 347 0.009289
179 209 137 0.003668
174 0.005807 217 270 -
156 0.005206 277 289

117
95

169 281 0.007522
52 0.001597 128

o 2824 2472 0075898 3870 -
H 2471 2370  0.072766 2888

a 2255 2698 2491  0.066685
T 2102  0.070146 1956 2141 -
i 1789  0.059701 1967 2250

" 1732 1852 2036 0.054504
B 1654  0.055196 1590 1915 -
c 1549  0.051692 1327 1384

e 1404 [J0I0468530 1453 2090  0.055950
p 1335  0.044550 1722 1893

K 1279  0.042682 1110 1453

n 1116 0.037242 927 906

y 987 960  0.029475 1195

a4 859 939 1319  0.035310
M 808 976 1399  0.037451
n 647 825 1138 0.030464
A 647 681 864  0.023129
3 623 644 946  0.025325
b 498 418 0.012834 613 -
4 459 289 0.008873 574

r 408 373 - 651 0.017427
M 355 384 482 0.012903
6 284 569 0.017470 428
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Figure 42: The graph of the frequency distribution of a) the 1-gram in Articles 1-3 and b) of 3-
grams that begin with a specific letter, where blue is article 1, orange is article 2, and grey is
article 3

Therefore, it is advisable to study only trigrams for initial letters that are less common in the
texts of a specific language to determine the degree of belonging of the text to the
corresponding author (for example, Fig. 42-Fig. 43).
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Figure 43: A graph of the difference in the use of 3-grams that begin with a specific letter

According to these graphs, it appears that Article 1 and Article 2 were most likely written by
the same author, although Article 1 and Article could also have been written by the same author
(but this is not true). However, articles 2—3 were written by different authors. The application
of linguistic statistical analysis of 3 grams to a set of articles will allow to formation of a subset
of publications similar in terms of linguistic characteristics. Imposition of additional conditions
on this subset in the form of linguistic statistical analyses (set of keywords, stable phrases,
stylometric, ligvometric, etc.) will allow for a significant reduce this subset, clarifying the list of
more likely author's works. Thus, an analysis of the content and frequency of appearance of only
official words will separate articles 1 and 3 into different subsets, leaving articles 1 and 2 in one.

3.7. Analysis of the developed method of quantitative assessment of the potential
author identification of a scientific and technical publication

The method consists of six algorithms for the analysis of Ukrainian-language texts.

Algorithm 1. Pre-processing of data based on content analysis (parsing, segmentation and tokenization of
text, as well as linguistic analysis of text).

Algorithm IlI. Calculation and analysis of the features of the author's speech style (frequency of word
usage, volume of punctuation marks, sentences, symbols, words and the ratio of the number of
marks and sentences).

Algorithm Ill. Calculation and analysis of the parameters of the author's speech style (speech coherence,
syntactic complexity, lexical diversity, degree of concentration and exclusivity of the text).

Algorithm V. Classification by parameters and lexical features of the textual content of other publications
(application of classifiers such as fuzzy, SYM and a combination of the previous two).



Algorithm V. Performance analysis based on the obtained results to determine each classifier accuracy.
Algorithm V1. Determining a subset of potential authors based on filtering from the set of all researched
through the analysis of features and style parameters (algorithms VIII-XI).

A lexer-type system (tokenizer, segmenter) has been developed as part of a text analyser
based on tokenization (Fig. 44a). Tokens are extracted during the operation of the parser rules
and are immediately checked for compliance with the conditions in the syntax rules to avoid
generating absurdity (Fig. 44b).
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Figure 44: lllustration of a) tokenization graphs and b) tokenization graph without syntax rules

The rules help to solve several tasks, increasing the efficiency of the grammar engine, which
loads the compiled rules during text parsing, without wasting time on syntax parsing. (alg. 12)

Algorithm 12 (VII). Text content segmenter
Step 1. Word recognition.

Step 2. Definition of token boundaries.

Step 3. Definition of complete word forms.

Step 4. Identification of indivisible tokens that contain dots, blanks, etc.
Step 5. Splitting the text into sentences.

In addition to defining the boundaries of tokens, the lexer also performs preliminary
recognition of the morphological attributes of words, turning tokens into tokens. When
constructing Ukrainian-language sentences with direct word order, a distinction is made
between the noun group N and the verb group R (Fig. 45, Fig. 46).
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Figure 45: Production rules for analysing a Ukrainian-language sentence, where N —is a noun, A
— is an adjective, N** — is a pronoun; number/uncno/YN (oa, mn); genus/pia/PA (4, *, c;),
person/oco6a/0C (1, 2, 3); case/siamiHok/B/ (H, p, 4, 3, 0, M, K); time/yac/4C (Tn, MH, M6)
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Figure 46: lllustration of the analysis of the structure of the Ukrainian sentence

We get constituents tree, or the syntactic structure of the analysed sentence (Fig. 47). For
dictionary lexemes, a dictionary article whose form is the lexeme is also defined. In alphabetic-
frequency dictionaries, its characteristics are determined through/for a word (Fig. 48).
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Figure 47: An illustration of the analysis of a Ukrainian sentence
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Figure 48: a) The base of rules of the alphabetic-frequency dictionary of parts of speech), where
A is a verb, other capital letters are additional characteristics of a verb, V is an adjective, small



letters of the English alphabet are characteristics of a noun and b) regular expressions of
morphological analysis of nouns

The database stores regular expressions for bringing the word to the base (Fig. 49a-b), where
the flag is the rule for identifying the type of word (for example, noun group, singular), mask —
inflexions of the word (exceptions in square brackets), find — inflexions of the word in the
nominative case, repl —inflexions of the word during declension (Fig. 49c).
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Figure 49: The base of definition rules: a — the basis of the word; b - service words and c) for
determining the basis of a word

Also, in the database (Fig. 49b) there is a dictionary of service words, that is, words that are
additional parameters for analysing the features of the author's speech style and taking into
account during the analysis of texts significantly affect the final result.

We will determine the optimal developed algorithm out of four (VIII-XI) for identifying the
style of the author of the publication based on the analysis of his collective works.

Algorithm VIII. Filtering a set of analysed author's styles
int i=0, 3=0;
while (i<4) {
int c1=0, c2=0, cc2=0;
while (3<94) {
int s=0;
while (1<12){
if ((K[i][l]+abs(F[1]-K[i][1]))>A[3][1]) s&&
((K[i][1]-abs(F[1]-K[1i][1]))< A[]][1])

s+=1;
if (1>6) && ((K[1i][l]l+abs(F[1l]-K[1i][1]))>A[J]1I[1]) &&
((K[1][1]-abs(F[1]-K[1][1]))< A[Jj][1l])cc2+=s;
1+=1;
}
A2[j]=s;A3[jl=cc2;
cl+=s;c2+=s;j+=7;
}
float tl=cl/94, t2=c2/94;
int filtrl=0, filtr2=0, filtr3=0
while (j<94){
2103
1f(A3[j
if (A2[
Jj+=1;
i+=1;

1>=tl) filtrl+=1;
1>=t2) filtr2+=1;
J1>=tl) && (A3[j]1>=t2) filtr3+=1;



}
Array K[i][l] — parameters and coefficients of style for 4 collective works (Table 20 and Table

E of Appendix — highlighted in yellow), some of whose authors are numbered 6 and 30
(highlighted in blue). Array A[j][I] — style features for 94 authors. Array F[l] — average values of
style features for 94 authors. The algorithm determines whether the value of the parameters
and coefficients of the speech style of the j-th author falls within the limits [Xi+Xcep; XXcep)
deviation of parameter values and speech coefficients of the i-th collective work style. Arrays A2
(authors, the values of most parameters and coefficients are similar to the style of the team i)
and A3 (authors, the values of most of the coefficients are similar to the style of the team i) are
filled through the filters. Next, a new subset of authors (whose styles are more similar to the
collective ones —i-th work) is formed from the obtained previous arrays by superimposing a new
filter.

Table 20
The result of the algorithm for analyzing the style of a publication author on Victana [16] 94
authors on more than 300 individual publications for the period 2001-2021

N w W1 Wio P z S Ki Ks K Iwt Ikt
622 397 305 5 37 42 48 064 091 0.81 0.77 0.013
614 391 287 4 46 69 32 064 088 0.73 0.73 0.01
658 345 241 8 31 59 42 0.52 091 1.07 0.7 0.023
631.3 377.7 277.7 5.7 38 56.7 40.7 0.6 09 088 0.73 0.015
661.1 402.7 299.7 47 4477 547 248 061 0.89 0.6 0.74 0.012
694.5 417.4 313.1 6.4 543 585 38.1 06 087 062 0.75 0.015
691.8 403.4 301.6 7.8 47.8 60 47.8 058 088 0.79 0.75 0.019
682.5 394.2 291 5 49 61 397 058 088 074 0.74 0.013
733.5 486.5 392 5 50 65 45 0.66 09 0.76 0.8 0.01

©O©0NODUEWN P4y

29 704.5 412 3035 55 59 475 38 058 086 049 0.74 0.013
30 688.8 416.8 321.9 6 49.7 493 413 0.6 088 067 0.77 0.016

94 680 414 314 4 55 62 34 0.6 0.87 0.58 0.76 0.01

As a result, we will get the values given in Table 21 (algorithm VIII). Columns A are the results
of the analysis of all the values of the coefficient vectors and speech parameters of the authors
from Table 20. Column B is the result of analysing only the last 5 columns in Table 20.
Unfortunately, this algorithm produced such results that the listed authors of these works are
unlikely to have written them themselves (the best results are highlighted in red - and it is not
enough to claim that they are the authors of more than 50% of these collective works). Although,
on the other hand, this algorithm gives good results - reducing the number of authors at the first
stage of authorship determination (up to 34.04% of the total number of project participants).
This is necessary for further filtering through the analysis of root words (prepositions and
conjunctions) and keywords, features of semantics and vocabulary when constructing
sentences, etc.

Table 21
Experimental testing of algorithms I-IV on the Victana Web resource [16]
Algorithm  Collective Average value Author Filter %
6 30 1 2 3

A B A B A B A B




Vil 1 5.55319 2.3617 3 2 6 2 48 39 35 37.2
2 7.361702  3.21277 6 3 6 3 40 37 25 26.6
3 7.521277  3.925532 8 5 5 5 58 35 35 37.2
4 4.148936  1.457447 3 2 3 0 41 43 33 35.1
X; 6,15 2,74 50 3.0 50 25 468 385 320 34.0
IX 1 5.85106 2.75532 5 2 8 3 53 53 46 48.9
2 5.6383 2.7234 6 4 4 3 53 56 43 45.7
3 3.45745 1.04255 3 0 2 0 40 21 15 15.9
4 6.2766 2.90426 6 3 5 2 44 54 41 43.6
X; 5,31 2,36 50 23 48 20 475 46.0 363 386
X 1 6.44681 2.6383 9 3 6 3 46 55 42 44.7
2 7.23404 3.39362 8 4 8 3 45 46 34 36.2
3 6.46809 2.55319 8 4 9 4 48 46 39 41.5
4 7.8516 3.54255 9 3 9 5 53 51 43 45.7
X; 7,00 3,03 85 35 80 38 480 495 395 420
Xl 1 6.31915 2.11702 3 2 8 3 45 35 29 30.9
2 4.82979 2.14894 6 3 6 2 51 36 30 31.9
3 5.89362 2.5 8 4 9 4 56 42 41 43.6
4 5.53191 2.58511 8 3 7 2 49 53 43 45.7
X 5,64 2,34 63 3.0 75 28 503 415 358 38.0

As a result, we will get the values given in Table 21 (algorithm IX). Then we will analyse
algorithm IX. It does not differ significantly from the previous one, only by the condition in the
third cycle: if ((R[i1[11+VI11)>A[3111]) && ((K[i1[1]1- VI11)< A[§1[1]) s+=1, where V[l]isan
array of average absolute values of deviations of data points from the average value. The
obtained results are slightly improved, but not enough to claim that authors numbered 6 and
30 are the real authors of collective works 1-4, although they wrote them. On the other hand,
the number of authors (up to 38.56% of the total number of project participants) with a similar
style of speech increased slightly. Now let's analyse algorithm X. In algorithm 1, we will also
replace the condition in the third cycle with the following:

if (abs(A[3][1]1- K[i][1])>abs(K[i][1]-F[1])) s+=1

As a result, we will get the values given in Table 6.14 (algorithm X). As we can see, the
obtained values make it clear that the style of authors numbered 6 and 30 is quite close (more
than 75-100%) to the style of collective works 1-4, respectively (positive results are highlighted
in red). Although the number of authors (up to 42.02% of the total number of project
participants) with similarities in speech style has increased significantly. On the other hand,
many of those who were not included in the previous stages of the study were included in that
list, and those who were also included in the previous two stages of the study fell out of the
crowd. Now let's try to reduce the total number by applying the Xl algorithm to the obtained
initial data - parameters and speech coefficients of 94 project participants. In algorithm X, we

improve the condition in the third cycle:

if ((abs(A[31[1]- K[i][1])>abs(K[i][1]-F]
F[11))) |1 ((abs(A[3][1]- K[1][1])<abs (K[i
F[1]))) s+=1

As a result, we get the values given in Table 21 (Algorithm Xl). The obtained values also
confirm that the style of authors numbered 6 and 30 is quite close (more than 75-100%) to the
style of collective works 1-4, respectively (positive results are highlighted in red). Also
significantly reduced the number of authors (to 38.03% of the total number of project
participants) with similarities in speech style. Fig. 50 provides detailed graphs of the results
obtained when applying algorithms VIII-XI (numbered 1-4, respectively) for the analysis of the
method of determining the author’s style developed by us.

)>abs (K[1][1]-

1]1)) && (abs(A[F]1[1]- F[1]
1 j1[1]1- F[1l])<abs(K[i][1]-

)
[1]-F[1])) && (abs(A[]]



Further, to determine the author's style, an analysis of root words (prepositions and
conjunctions) and keywords of the authors' works was used, as 38.03% got to those. Each
individual has his special vocabulary for conveying his opinion, including the so-called "parasitic"
(mobmo, omie, xou4a [tobto, otzhe, khocha] (that is, therefore, although) etc.) Ta cnyx608Bux
cnis (i, ma, i, ane, xoy4 6u [i, ta, y, ale, khoch by] (and, and, and, but, although) etc.).
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Figure 50: Style identification research: a — according to the developed algorithms; b — taking
into account the signs of speech; c — for analysed collective works
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Figure 51: Study of style at stage 2 for the text with the construction of a frequency dictionary:
a — complete with 100 words; b —the main one of 100 words; ¢ — complete with 200 words; d —
the main one of 200 words; e — complete with 50 words; f — the main one of 50 words

Fig. 51 presents an example of the analysis of the author’s style at the second stage - through
the analysis of the frequency of appearance of service and keywords taking into account various
filters, the analysis of full texts with a list of references and annotations in different languages,
and the analysis of only the informative part of the publication, i.e., the main text with the
construction of a frequency dictionary accordingly 200, 100 and 50 words).

4. Conclusions

A method of determining stable word combinations was developed based on the identification
of keywords of the Ukrainian-language text and analysis of the lexical speech coefficients of the



author of the text in reference excerpts of the content, which made it possible to improve the
accuracy of the method of determining the style of the author of the text by 9% based on
statistical linguistics. The method consists of the use of Zipf's law in the formation of stable word
combinations as key, taking into account the following rules of preliminary linguistic processing
of the text: removal of all sentence words; form bigrams only within the limits of punctuation
marks; the verb and pronoun are considered punctuation marks; determine verbs by their
inflexions; form bigrams based on their bases without taking into account their inflexions;
definition of adjectives by their inflexions and to believe that adjectives should only be in the
first place in the bigram from Ukrainian-language texts. A set of programs has been developed
to identify persistent phrases as key. An approach to the development of linguistic content
analysis software for the determination of stable word combinations in the identification of
keywords of Ukrainian-language and English-language textual content is proposed. The
peculiarity of the approach is the adaptation of the linguistic statistical analysis of lexical units
to the peculiarities of the constructions of Ukrainian and English words/texts. The results of the
experimental approbation of the proposed method of content analysis of English- and
Ukrainian-language texts for the determination of stable word combinations in the identification
of keywords of technical texts were studied.

A method of determining the author in Ukrainian-language texts has been developed based
on the analysis of the coefficients of the author’s lexical speech in the referenced passage of the
author’s text, which is based on the analysis of a collection of keywords, persistent phrases,
indicators of lingumetry, stylometry, as well as the results of the analysis of N-grams based on
comparisons of differences in the use of 2- gram and 3-gram for publications similar in style
within [6;7]%, and for those not exactly similar — >12%), which made it possible to identify a set
of potential authors of publications from more than one author (up to [9;34] % of the total
number of project participants) and develop a method for identifying the author's style.

A method of identifying the style of the author of the text based on the analysis of the
features of the author's speech style in a template passage of the author's text has been
developed. The method consists of a comparative analysis of the author's attribution in a
statistically processed work of the author (standard) with an arbitrary analysed passage. The
method evaluates the degree of text belonging to the template of the author's style with the
analysis of the corresponding coefficients of the lexical author's speech. Moreover, the method
works under the condition that the template of the author's style is generated on reliable data.
An analysis of reference words was used for attribution, the obtained results are presented in
the form of correlation coefficients. Separately, we will mention the evolution of the significance
of one of the parameters of the text - in the author's attribution of the texts.

An algorithm for identifying service words based on linguistic analysis of text content has
been developed. For each of the passages, the absolute and relative frequencies of stop words
were analysed and compared with the reference values. Therefore, the application of the
method of reference words gives the following results: finding among the studied passages what
most likely belongs to the standard. Other results confirm the effectiveness of the reference
words method in the authorial attribution of texts. The proposed assumption about the
insignificance of the influence of the share as a parameter of the method on the results led to a



decrease in the correlation coefficients. However, to confirm or refute the fact that fractions are
not a determining factor in the author's style, more thorough research must be performed. An
algorithm for the lexical analysis of Ukrainian-language texts and an algorithm for syntactic
analysis of text content has been developed. The peculiarities of the algorithms are the
adaptation of the morphological and syntactic analysis of word forms to the peculiarities of the
construction of Ukrainian words/texts. Belonging to a part of speech and declension within this
part of speech were taken into account based on the analysis of inflexions and word bases
according to regular expressions.

A comparison of the results of content monitoring on a set of 300 one-man works of a
technical direction by 100 different authors for the period 2001-2021 was carried out to
determine whether and how the coefficients of text diversity of these authors change in
different periods. The best results according to the density criterion are achieved by the article
analysis method without initial mandatory information such as abstracts and keywords in
different languages, as well as a list of references. The method of identifying a potential author
is decomposed based on the analysis of speech style parameters such as speech coherence,
degree of syntactic complexity, lexical diversity, degree of concentration and exclusivity.
Characteristics of the author's style were also analysed, such as the total amount of words in
the text, the number of unique words, the number of conjunctions/prepositions, the number of
sentences, and the number of words with a frequency of 1 and 210. For example, 3-grams of 3
articles were analysed. 78.4814% of 3-grams were analysed for Article 1, 72.6332% for Article 2,
and 84.1271% for Article 3. Accordingly, the difference in the use of the corresponding 3-grams
between Articles 1-2 is R1>=56,5254 %, between 2 and 3 — %, between 1 and 3 — R13=62.9839 %.
These indicators themselves show that the characteristics of Articles 1 and 2 are more similar
(Rz>R12 by 12.9017%, Ri3 > Riz by 6.4432%, Ri3> Rix by 6.4585%, i.e., Rx>Ri13>R1) than the
characteristics of Articles 1-3, respectively and 2—-3. The smaller the Rj, the greater the degree
to which the articles are written by the same author. Then in this case Articles 1-2 are more
likely to be written by the same author than Articles 2—3 and 1-3 respectively.

This work solved an important scientific and applied problem of CLS analysis and synthesis
for solving various problems of processing Ukrainian-language textual content based on the
development of new and improvement of known NLP models, methods and tools.

During the execution of the work, the following results were obtained:

1. An analysis of the current state and prospects for IT development of natural language
processing was carried out, which made it possible to define the problem and research
objectives, as well as to form general research directions in the absence of non-commercial CLS
with open source for processing Ukrainian-language textual content and a standardized design
approach.

2. The relevance of solving the problem of analysis and synthesis of CLS based on the
development of the general structure of the system for processing Ukrainian-language textual
content is substantiated, due to the interaction of the main processes/components of IS and
methods of linguistic processing of textual content adapted to the Ukrainian language based on
grapheme, morphological, lexical, syntactic, semantic, structural, ontological and pragmatic
analysis allowed to improve the IT intellectual analysis of the text flow for solving a specific NLP



problem. This ensured the adaptation of NLP processes for the analysis of Ukrainian-language
textual content and, based on them, increased the accuracy of the obtained results by 6-48%,
depending on the specific NLP task. For example, for the NLP task of determining the keywords
of the Ukrainian-language text, the density of keywords increases in the range [1.23; 1.48] times
or by [23.14; 47.83]% depending on the quality/accuracy of filling the thematic dictionary
through machine learning.

3. The methods of processing information resources such as integration, management and
support of Ukrainian-language content have been improved, which made it possible to adapt
the process of intellectual analysis of the text flow and develop metrics for the effectiveness of
CLS functioning for the solution of various NLP tasks. The developed methods and tools make it
possible to build CLS processing of Ukrainian-language text content according to the needs of
the permanent/potential target audience based on the analysis of the history of actions of
website users.

4. NLP methods based on pattern-matching regular expressions were improved, which made
it possible to adapt the methods of tokenization and normalization of text by cascades of simple
substitutions of regular expressions and finite state machines.

5.The MA method of the Ukrainian-language text based on word segmentation and
normalization, sentence segmentation and modified Porter's stemming algorithm was improved
as an effective means of identifying lem affixes for the possibility of marking the analysed word,
which made it possible to increase the accuracy of keyword searches by 9%.

6. The IT of intellectual analysis of the text flow was improved based on the processing of
information resources, which made it possible to adapt the generally typical structure of
modules for integration, management and support of content to solve various NLP problems
and increase the efficiency of CLS functioning by 6-9%. This became possible thanks to the
combination of linguistic analysis methods adapted to the Ukrainian language, improved IT
processing of information resources, ML and a set of metrics for evaluating the effectiveness of
CLS functioning. The main principle of building such CLS is modularity, which facilitates their
construction according to the requirements for the presence of appropriate processes for
solving a specific NLP problem.

7. A method of determining the author in Ukrainian-language texts has been developed
based on the analysis of the coefficients of the author’s lexical speech in the referenced passage
of the author’s text, which is based on the analysis of a collection of keywords, persistent
phrases, indicators of lingumetry, stylometry, as well as the results of the analysis of N-grams
based on comparisons of differences in the use of 2- gram and 3-gram for publications similar in
style within [6;7]%, and for those not exactly similar — >12%), which made it possible to identify
a set of potential authors of publications from more than one author (up to [9;34] % of the total
number of project participants) and develop a method for identifying the author's style.

8. A method of determining stable word combinations was developed based on the
identification of keywords of the Ukrainian-language text and analysis of the lexical speech
coefficients of the author of the text in reference excerpts of the content, which made it possible
to improve the accuracy of the method of determining the style of the author of the text by 9%
based on statistical linguistics.



9. The reliability of scientific and practical results is confirmed by relevant materials on the
implementation of dissertation research, as well as by comparing the obtained practical results
on different samples of reliable input data. CLS was developed on the information resource
http://victana.lviv.ua using CMS Joomla! (for developing the e-framework of articles), PHP (for
implementing text content processing methods), HTML (for implementing page markup), CSS
(for describing page styles), and MySQL (for storing data and dictionaries). The experimental
study confirmed the reliability of the method of determining keywords - for different algorithms
for processing the primary text, the average coincidence of the lists of identified keywords with
the authors varies in the range of 52.6-68.5%. The accuracy of matching keywords with the
author's keywords ranges from 43.6 to 62.9%. The average match of meaningful keywords
compared to all found by the system ranges from 38.9-75.8%, depending on the stages of
analysis of article texts. The accuracy of matching keywords compared to all found by the system
varies between 34.3-71.9%, depending on the stages of analysis of the texts of the articles.
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Appendices
Table A
List by frequency rating of stable word combinations for 3 random articles
Ne  Author's Victana.lviv.ua (according to FREG, t-test LR x?
Zipf's law)
Q A B C,D F G
In work[1] in Ukrainian
1 Ctunb asTopa Cron-cnoso BiaHocHa yacTtota Koedgpiyienm kopenayii Koegiyienm
Kopenayji
2 CTaTUCTUYHWIA aHani3 MeToz BU3HAYEHHA Koedgpiuierm Kopenauyii BiaHocHa yacToTa BigHoCHa yacToTa
3 NiHrBICTUYHMM aHani3 Bu3HauyeHHA cTUA0 Ctunb aBTOpa Yacmoma nossu Yacmoma noseu
4 KsaHTWUTaTMBHA Ctunb aBTOpa Bu3sHauyeHHA cTua0 Cronose cnoso ABTOpCbKa aTpnbyuia
NiHrsicTMKa
5 AsTopcbka aTpnbyuia AHanis ypusky Cronose cnoso YKpaiHOMOBHMI1 TEKCT Crunb aBTOpa
6 BU3HayeHHA cTUN0 Yacmoma nossu YKPaiHOMOBHWI TEKCT Ctunb asTopa YKpaiHOMOBHMI TEKCT
7 YKpaiHOMOBHI TeKCTN Asmop mexkcmy Yacmoma noasu MNosBa cnosa Crtonose cnoeo
8 TexHonoris niHrBoMeTpii YpUBOK TeKcTy ABTOpCbKa aTpnbyLia ABTOpCbKa aTpnbyuis BusHaueHHA cTuailo
9 TexHonoria cTunemeTpii Koedpiyienm kopenayii MNosga cnosa Bu3HaueHHA CTUNO Mosga cnosa
10 TexHonoria JocnipKeHHA TEKCTY Asmop mekcmy CnoBa ypuBKYy CnoBa ypuBKY

rNI0TTOXpOHONOTiT

In work[2] in Ukrainian
1 Web Mining Knouose cnoso Kniouose cnoso Tekcmosuli KOHMeHm Tekcmoesuli KOHmMeHmM

2 KOHTEHT-MOHITOpIHT KoHTeHT-aHanis Tekcmosuli KoHmeHm Kniouose cnoso TemaTU4YHUIA CNIOBHUK
3 Kntouosi cnosa Bu3HayeHa cuctemoro Web Mining TeMaTUUHWIA CIOBHUK Kntouose cnoso




4 KoHTeHT-aHani3s DopmysaHHsa cucmemoro TemaTU4HUiA CNOBHMK Cnosa KoHmeHmy Cnoea KoHmeHmy
5 Cremmep MopTepa Web Mining Bu3sHayeHHs cniB Kntoyose MHoxuHa cnie
C/I0BOCMONYYeHHs
6 JIiHrBICTUYHMI aHani3 Cnosa KoHmMeHmMy Kntoyose cnoBocnonyyeHHs Bu3HaueHHs cnis ®PopmysaHHA
cucmemoro
7 MeTog BU3HAYEHHA Tekcmosuli KoHmeHm Crniosa KOHMeHmMy ®PopmysaHHA Web Mining
cucmemoro
8 Bu3HayeHHs cnis AHani3 cTaTUCTUKKN MHoxuHa cnie Web Mining Bu3HayeHHs cnis
9 CnoB’AHCbKOMOBHI Kntoyose cnosBocnonyyeHHs ®PopmysaHHA cucmemoro Cnosa KOoHMeHmy Cnosa KOHMeHmMy
TeKkcTn
10 TexHonoria NLP MHoxuHa cnie KoHTeHT-aHani3s KOHTeHT-MOHITOpiHT KOHTeHT-MOHiTOpiHT
In work[3] in Ukrainian
1 IHbopmaLiitHuil pecypc KoHTeHT-aHani3 Mcuxonorivnuii cTaH McuxonoriyHa MecuxonorivHa
ocobucTicTb ocobucicTb
2 KoHTeHT-aHani3 Cron- cnoso McuxonoriyHa ocobucTicTb McuxonoriyHuii ctaH McuxonoriyHuii ctaH
3 NiHrBiCTMYHMI aHani3 TemaTU4HWUIA CIOBHUK KoHTeHT-aHanis DopmyBaHHA 3pi3y PopmyBaHHsA 3pi3y
4 MopdonoriuHuit aHanis MocTn Kopuctysaya MapkoBsaHe c10BO CmaH ocobucmocmi 3pis craHy
5 CoujanbHa mepexa MoBifoMNEHHA KopUCTyBaya McuxonoriyHuii 3pi3 MapKoBaHe cn10Bo MapkoBaHe cnoBo
6 DdopmyBaHHA 3pi3y KopucTyBau mepesxi CmaH ocobucmocmi McuxonoriyHuii 3pis KoHTeHT-aHani3
7 3pi3 po3ymiHHA CmaH ocobucmocmi DdopmyBaHHA 3pi3y KoHTeHT-aHani3 Meuxonorivnuia 3pis
8 Po3ymiHHA ocobucTocTi AHanisoBaHa ocobucTicTb 3pi3 cTaHy 3pi3 cTaHy CmaH ocobucmocmi
9 YKpaiHOMOBHiI TeKCTH CoujianbHa mepexa 3pi3 ocobucrocTi AxanizoBaHa CouianbHa mepexa
ocobucTicTb
10 Big-Five [Aucnosuuii ocobucrocTi CoujanbHa mepexa CouianbHa mepexa AHanizoBaHa
0CobuCTICTh
In the 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
9 Stylemetry technology Method of anchor Author’s text Anchor words Author style
10 Glottochronology Frequency dictionary Anchor words Author style Anchor words
technology
In the 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 Determining the Potential keywords Keywords content Stop word Keywords defined
keywords
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 the work([3] in English
1 Information resource Content analysis Content analysis Psychological Content analysis
personality
2 Content analysis Psychological state Psychological personality Psychological state Psychological
personality
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 Personality Stop words Based analysis Social networks Social networks
understanding
8 Formation of the status Psychological disposition 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 B
Differences in methods according to the rating list of 100 stable word combinations

afa B C D F G [|a B C D F ¢ [a B C D F G
For Ukrainian-language articles [1-3]

A 1 0.23 0.47 0.35 0.27 0.21 1 0.27 0.51 0.39 0.31 0.25 1 0.25 0.49 0.36 0.29 0.23

B o023 1 063 061 052 043 § 027 1 0.65 063 057 047 J 025 1 0.64 062 055 045

C 0.47 0.63 1 0.93 0.17 0.71 0.51 0.65 1 0.94 0.25 0.73 0.49 0.64 1 0.93 0.21 0.72

D Jo03 o061 093 1 019 075 | 039 063 094 1 026 077 J 036 062 093 1 022 076



F 0.27 0.52 0.17 0.19 1 0.26 0.31 0.57 0.25 0.26 1 0.39 0.29 0.55 0.21 0.22 1 0.33
G 0.21 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 English-language articles [1-3]
A 1 0.27 0.51 0.47 0.31 0.27 1 0.31 0.55 0.51 0.35 0.31 1 0.29 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 0.51 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 0.47 0.64 0.95 1 0.21 0.79 0.51 0.67 0.96 1 0.29 0.81 0.49 0.65 0.95 1 0.25 0.78
F 0.31 0.55 0.23 0.21 1 0.31 0.35 0.59 0.27 0.29 1 0.41 0.33 0.57 0.24 0.25 1 0.37
G 0.27 0.47 0.76 0.79 0.31 1 0.31 0.49 0.77 0.81 0.41 1 0.29 0.48 0.75 0.78 0.37 1
Table C

Differences of other methods according to the rating of the frequency of occurrence of stable

word combinations

Method Language Work [1] Work [2] Work [3]
Ay UA ('KOHTEHT_MOHiTOpiHry', 13) ('TemaTtnyHoro_cnosHuka', 11) ('ncuxonoriyHoro_ctany', 16)
(‘cnos_sHcbkomoBHMX', 10) (‘bopmysanHs_3pisy', 12)
('sfx_a', 12)
(‘cTpyKTYpHY_cxemy', 7)
('BiakpuTicTb_aocsiay', 6)
('3pisy_ncuxonoriuHoro', 2)
ENG ('swadesh_list', 18) (‘based_on', 20) (‘based_on', 35)
(‘based_on', 15) (‘slavic_language', 15) ('psychological_state', 26)
(‘author_s', 13) ('social_networks', 22)
(‘his_her', 11)
(‘following_structural', 8)
('big_five', 7)
('let_us', 7)
(‘structural_scheme', 4)

A, UA ((‘cnyk608ux', ‘cnis'), 32) (('wmo4oBux', 'ciis'), 72) (('ua', 'ocnosi"), 21)
(('ctonosux', 'cnis'), 24) (('rexcroBoro', 'kouTeHry'), 21) (('neuxosnoriyxoro', 'crany'), 18)
(('eu3HauenHs’, 'BuaHadenns’), 23)  ((Ha', 'erani'), 17) (('xontent', 'ananisy'), 16)
((‘ctunio’, 'cTunio'), 22) (('Bu3HaueHHs', 'KI0U0BHX'), 16) (('mapkoBauux', 'ciis'), 15)
(('cnig, ‘cnis"), 22) (('xpox', '1"), 16) (('3pizy', 'ncuxonoriqﬂpro‘), 14)
((‘cnmcky', 'ceopewa’), 20) ((:Kme(',v '21),_16') ((‘crany', 'ocoﬁncro_cn'), 14)
(8", "ypusry), 19) (('We.bi, ’njlnlng ), 15) ((:qmpl\’lyBaHHf',"3]’)’13)/'), 12)
((onophmx', ‘cnis’), 18) ((‘cnis!, 'B"), 14) ((.OCO.G.",CTOCTI , 'Ha'), 12)

8 o . (('rematnusoro', 'cinosuuka’), 11) ((‘sfx', 'a), 12)

((crunio’, ‘aeTopa), 17) (('myst', 'Bu3HAvenus"), 10) (('ocHoBl', 'koHTEHT"), 11)

(('asTopa', 'asTopa’), 17) ’ ’ ’ ’
ENG (('of', 'the'), 107) ((‘of', 'the’), 134) ((‘of', 'the’), 134)

((‘author', 's"), 52) ((in, 'the’), 61) ((is', 'the’), 117)

(("of', 'a'), 51) (('by', 'the"), 45) (('the', 'content’), 45)

((in', 'the'), 46) ((‘analysis', ‘of'), 39) ((of, 'a), 43)

(('the", 'author"), 45) ((‘of", a’), 31) ((‘analysis', ‘of'), 37)

(('reference’, 'fragment'), 31) ((:[he:’ :[eXII)' ?0) ((:ba:c,efj', 'Pn'), 35)

((analysis', 'of), 24) ((,th,e', sylstem), 30) ((I_or] . thef), 34)

(('words', 'in"), 22) ((to', 'the?), 29) ((im', 'the), 33)

((to", 'the’), 21) ((.?f ,fkleyw:)rds),2278) ((I;:r?r?telm, anallyszls), 30)

((the", 'method"), 21) ((‘text', 'content’), 27) ((‘the', 'process'), 27)

As UA ((‘cnig’, 'cnis'), 88) (('kntoyosux', 'cnis'), 74) (('Ha', 'ocHosi'), 21)
((‘ctvnio’, 'aBTOpa'), 68) ((‘cnis', '8'), 24) (('ncuxonoriuHoro, 'crany'), 18)
(('cny6o8ux', 'cnis'), 63) (('web', 'mining'), 22) (('ncuxonoriyHoro', 'ocobucrocti'), 17)
(('BM3HaueHHs’, 'cTunio'), 61) (('rekcToBoro’, 'koHTeHTy'), 21) (('KoHTeHT', 'aHanisy'), 16)
(("cnucky', 'cBopewa'), 56) (('wa', '2'), 20) ((‘crany', 'ocobucrocri'), 15)
((‘cTonosux', 'cnis'), 48) (("BM3HaueHHs', 'ktovoemx'), 19) (('mapkosaHux', 'cnis'), 15)
(('Bn3HaueHHn’, ‘aBTopa'), 45) (('kntouosmx', 's'), 19) (('3pisy', 'ncuxonoriuroro'), 14)
(("aBTOpCHKOrO', 'MOBAIEHHA'), 33) (('Bn3HaueHns’, ‘cnis'), 18) (('3pisy’, 'crany'), 14)
((‘onopHux', 'cnis'), 31) (('cnis’, 'ana'), 18) (('3pisy', 'ocobucrocti'), 14)
((‘ctrmio’, 'ctunio'), 30) (('wa', 'kpok'), 18) ((‘ocobucrocti', 'Ha'), 14)

ENG (('of', 'the'), 186) ((‘'of', 'the'), 258) (('the’, 'of'), 304)
((‘the', 'of'), 169) ((‘the', 'of'), 235) (('of', 'the'), 243)
(('of', 'of'), 152) ((‘'of', 'of'), 137) (('the', 'the'), 168)
(('of', 'a"), 81) (('the', 'the'), 122) (('of', 'of'), 162)
(('the', 'the'), 75) (('of', 'keywords'), 72) (('is', 'the'), 154)
(('the', 'author'), 66) (('in", 'the'), 71) (('of','a"), 91)
((‘and', 'of"), 63) ((a", 'of'), 70) (('the', 'is'), 76)
(('in", 'the'), 57) ((‘and', 'of'), 69) (('the', 'content'), 71)
(('of', 'author'), 57) (('by', 'the'), 64) (('is', 'of'), 61)
(("of", 'words'), 55) (("of", 'content'), 63) (("and', 'the'), 57)

Ay UA (("cnis’, 'cnis'), 88) (('text, 'content'), 30) (('Ha', 'ocHosi'), 21)

(("ctunio', 'aBTOpa'), 68)
(('cny»x608ux', 'cnis'), 63)
(('Bu3HaueHHs’, 'ctunto'), 61)
(("cnucky’, 'cBogewa'), 56)
((‘cTonosux', 'cnis'), 48)
(('BM3HaueHHsn', 'aBTOpa'), 45)
(("aBTOpCbKOrO', 'MOBAIEHHA'), 33)
(('onopHux', ‘cnis'), 31)
((‘ctunio’, 'ctuno'), 30)

(('web', 'mining'), 24)
(('keywords', 'text'), 23)
(('keywords', 'defined'), 22)
(('stage', '1'), 20)

(('analysis', 'text'), 18)
(('step', '2'), 18)
(('keywords', 'content'), 17)
((‘content’, 'monitoring'), 17)
(('step', '1'), 17)

(('ncuxonoriuHoro', 'ctany'), 18)
(('ncuxonoriuHoro', 'ocobucrocti'), 17)
(('koHTeHT', 'aHanisy'), 16)

((‘ctany', 'ocobucrocri'), 15)
(('maprosaHux', 'cnis'), 15)

(('3pisy', 'ncuxonoriuxoro'), 14)
(('3pisy’, 'cTany'), 14)

(('3pisy', 'ocobucrocti'), 14)
((‘ocobucrocri', 'Ha'), 14)




ENG

(('fragment’, 'fragment’), 37)
(('reference’, 'fragment'), 35)
(('words', 'fragment'), 25)
(('syntactic', 'words'), 21)
(('frequency', 'fragment’), 19)
(('swadesh', 'list'), 19)
(('stop', 'words'), 18)
((‘author', 'style'), 17)
((‘'fragment’, '3'), 17)
(('recognition’, 'author'), 16)

(("knrovoBux', 'cnis'), 74)

((‘cnis', '8'), 24)

(('web', 'mining'), 22)
(('rekctoBoro’, 'KoHTeHTy'), 21)
(('Wa', '2'), 20)

(('BM3HaueHHs", 'kntoyosux'), 19)
(("kntovoBux', 's'), 19)
(('Bn3HaueHns’, ‘cnis'), 18)
(('cnis', 'ann'), 18)

(('Ha', 'kpok'), 18)

(('content’, 'analysis'), 40)
(('psychological', 'personality'), 27)
(('psychological’, 'state'), 26)
(('social', 'networks'), 22)
(("'marked', 'words'), 21)

(('state’, 'personality'), 20)
(('based', 'analysis'), 19)
(("psychological’, 'based'), 18)
(('state’, 'based'), 18)

(('based', 'content'), 18)

Table D
Absolute and relative frequencies of stopwords in the Excerpt and the standard
Fragment Stop AF RF Part of RF in fragment Fragment Stop AF RF Part of RF in fragment
word speech word speech
1 ane 1 0.0093 Conjunction 0.0074 3 a 4 0.0247 Conjunction 0.0116
(107 B 2 0.0187 Preposition 0.0140 (162 ane 2 0.0123 Conjunction 0.0074
words) ana 3 0.0280  Preposition 0.0024 words) 6e3 1 0.0062 Preposition 0.0008
Ao 1 0.0093 Preposition 0.0113 60 1 0.0062 Conjunction 0.0012
3 1 0.0093 Preposition 0.0129 B 1 0.0062 Preposition 0.0140
i 14 0.1308 Conjunction 0.0300 Big, 1 0.0062 Preposition 0.0034
" 1 0.0093 Conjunction 0.0038 K 1 0.0062 Conjunction 0.0033
moB 1 0.0093 Participle 0.0022 3 4 0.0247 Preposition 0.0129
He 2 0.0187 Participle 0.0237 3a 2 0.0123 Preposition 0.0053
npo 2 0.0187 Preposition 0.0040 i 1 0.0062 Conjunction 0.0300
Ta 2 0.0187 Conjunction 0.0047 " 4 0.0247 Conjunction 0.0038
wo 1 0.0093 Conjunction 0.0206 Ha 6 0.0370 Conjunction 0.0159
2 a 2 0.0171 Conjunction 0.0116 HaBiTb 2 0.0123 Participle 0.0011
(117 B 3 0.0256 Preposition 0.0140 He 3 0.0185 Participle 0.0237
words) Big, 1 0.0085 Preposition 0.0034 nig, 4 0.0247 Preposition 0.0011
Ao 1 0,0085 Preposition 0.0113 Taku 1 0.0062 Participle 0.0004
K 1 0.0085 Conjunction 0.0033 TOX 1 0.0062 Conjunction 0.0001
3 2 0.0171 Preposition 0.0129 y 4 0.0247 Preposition 0.0088
3a 1 0.0085 Preposition 0.0053 wo 3 0.0185 Conjunction 0.0206
i 2 0.0171  Conjunction 0.0300 wob 1 0.0062 Conjunction 0.0028
n 2 0.0171 Conjunction 0.0038 AaK 1 0.0062 Conjunction 0.0060
Ha 1 0.0085 Preposition 0.0159 4 agxe 1 0.00671 Participle 0.0011
Hag 1 0.0085 Preposition 0.0005 (149 ane 2 0.01342 Conjunction 0.0074
He 2 0.0171 Participle 0.0237 words) 61 1 0.00671 Participle 0.0033
Hi 1 0.0085 Participle 0.0024 B 1 0.00671 Preposition 0.0140
ocb 1 0.0085 Participle 0.0012 X 1 0.00671 Conjunction 0.0033
oT 1 0.0085 Participle 0.0005 3 3 0.02013 Preposition 0.0129
ce 1 0.0085 Participle 0.0074 3a 1 0.00671 Preposition 0.0053
xiba 1 0.0085 Participle 0.0006 i 4 0.02685 Preposition 0.0300
Xou 1 0.0085 Participle 0.0010 moB 1 0.00671 Participle 0.0022
wo 2 0.0171 Conjunction 0.0206 Ha 7 0.04698 Preposition 0.0159
AK 1 0.0085 Conjunction 0.0060 He 4 0.02685 Participle 0.0237
oTtce 1 0.00671 Participle 0.0003
npu 1 0.00671 Preposition 0.0018
npo 2 0.01342 Preposition 0.0040
ce 1 0.00671 Participle 0.0074
s 2 0.01342 Preposition 0.0088
un 2 0.01342 Conjunction 0.0027
wo 7 0.04698 Conjunction 0.0206
LIJ.05 1 0.00671 Conjunction 0.0028
AK 1 0.00671 Conjunction 0.0060
Table E
The result of the algorithm of analysis of the author's style of the publication
Ne N w W, Wio P 4 S K K K, Lyt Ikt
1 671.3 395.6 299 6 44.2 571 411 059 089 076 0.76 0.015
2 662.5 410.3 303 5 37.8 39.8 348 061 0.9 0.67 0.74 0.012
3 668.8 4183 3258 6.8 29.8 56 57 0.63 0.93 128 0.78 0.016
4 708 419 309 8 36 64 28 059 091 0.85 0.74 0.019
5 661.1 402.7 299.7 4.7 44.7 54.7 248 0.61 0.89 0.6 0.74  0.012
6 694.5 4174 3131 6.4 543 585 381 06 087 062 075 0.015
7 691.8 403.4 301.6 7.8 47.8 60 478 058 088 079 0.75 0.019
8 682.5 394.2 291 5 49 61 39.7 058 088 074 074 0.013




10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81

733.5
729
686.5
665.5
724.2
691
745
768
647
677.5
680

665
731
691.7
668.8
691
708.5
665

704.5

688,8
711
691
695
699
683

714.5

717.5
728
667

715.5
699
620
645

708

689
1602

644
661.5

656
704.8
716
652
666
732
670
693
761
717
673.5
679
682.6
658
683
689.5

1325
697
652
598

726.3
846

7125
706

682.3
654
631
661

709.5

486.5
380
414.5
399
394.2
396.7
439
452.5
422
3735
379
3375
376
420
425.7
368.3
421
434
406
418.5
412
416.8
396
436.7
422.5
427
438
440
418.5
433.5
430
401.5
352
401
411
403
475
442.5
458
442
400
402.5
474
4225
458.8
413.5
389
412
402
449
366
440
422
419
381
416.2
399
446
407.5
493
538
450
405
386
441.3
440
442.5
374
398.7
361
350
391
399

392
261
312.6
299
278.8
289
319
323
308
255
251
230.3
275.7
301
3313
262.5
311
323.5
309
320.5
303.5
321.9
268
336.7
318.3
314
339
323
304.5
321.5
313
305
223.5
302
323
302.3
392
336.5
369
245
310
302
369
341.5
360
293
287
318
290
356
242
315.8
310
329
280
318
277
357
296
399
360
361.5
296
309
3323
299
331.5
275
296.3
240
249

292.5

5.7

50
62
411
355
59.6
39
45
51.5
62
64.5
4
44.8
4.7
49
41.8
44
47
4
M
40
59
49.7
60
40
385
49.5
38
V)
46
56
49
40
45
46
36
393
49
435
44
100
28
32
31
50
54.8
47
55
44
53
38
45
393
45
39
64
60
M
48.5
47.5
4
66
56
34
83
51
54
51
45
39
39
34
63
48

65
75
56.9
72
68.4
55.3
59
58
50
72
55
52.3
65
71
58.2
55.8
65
57.5
42
68.5
47.5
49.3
67
51
61.3
60
52
62
65
57.5
59
63
58
68
55
58.7
83
62
65

66
49.5
50
57.5
60
74.5
46
55
63
55
44
48.5
53
58
50
47.8
48
63
57
56

59.5
45
40

61.3
57
48

68.5

50.3
35

53
58

45
32
45
43
36.8
423
61
47
32
36
33
56.8
323
54
50
34.5
40
47.5
28
35
38
413
19
44.7
41
41
42
39
48.5
26.5
51
355
34
32
40
37.7
46
56.5
36

37
31
49
46
45.8
27.5
36
49
45
30
60
28.3
46
33
32
45
47
43.5
28
46

46
28

39
26
33
31
37.7
28
31
24
49.5

0.66
0.52
0.6

0.55
0.57
0.59
0.59
0.65
0.55
0.56

0.63
0.66
0.28
0.62
0.6
0.67
0.64
0.65
0.58
0.6
0.62
0.55
0.67
0.53
0.58
0.59
0.62
0.56
0.6
0.6
0.65
0.59
0.68
0.4
0.65
0.62
0.65
0.6
0.52
0.62
0.53
0.58
0.55
0.55
0.59
0.56

0.9
0.84

0.9
0.91
0.85

0.9
0.89
0.85
0.86
0.89
0.87
0.89
0.88

0.9
0.88
0.89

0.89
0.86
0.89
0.87
0.92
0.88
0.91
0.89
0.91
0.83
0.86
0.9
0.89
0.88
0.91
0.88
0.88
0.92
0.78
0.88
0.88
0.88
0.88
0.9
0.89
0.9
0.84
0.88

0.76
0.58
0.86
1.09
0.61
0.85
0.89
0.68
0.44
0.57
0.7
0.81
0.79
0.85
0.88
0.73
0.74
0.84
0.57

0.91
0.77
0.01
1.23
0.84
1.06
0.69
0.66
0.73
0.5
0.79
0.68
0.75
0.77
0.65
0.73
0.78
0.43
0.59
0.78
0.74
0.61
0.81
0.06
0.63
0.72
0.16
0.68
0.51
0.53
0.74
0.75
0.54
0.75
0.41
0.75

0.8
0.69
0.75
0.75
0.71
0.73
0.73
0.71
0.73
0.68
0.66
0.68
0.73
0.72
0.78
0.71
0.74
0.75
0.76
0.77
0.74
0.77
0.68
0.77
0.75
0.74
0.77
0.73
0.73
0.74
0.73
0.76
0.63
0.75
0.79
0.74
0.83
0.76
0.81
0.55
0.78
0.75
0.78
0.81
0.78
0.71
0.74
0.77
0.72
0.79
0.66
0.71
0.73
0.79
0.73
0.76
0.69

0.73
0.81
0.67
0.8
0.73
0.8
0.75
0.68
0.75
0.73
0.74
0.66
0.71
0.7
0.73

0.01
0.018
0.012
0.015
0.015
0.018
0.014
0.012
0.007
0.018
0.013
0.023

0.02
0.017
0.015
0.018

0.01
0.015
0.012
0.014
0.013
0.016
0.015
0.013
0.018
0.014
0.009
0.014
0.016
0.015
0.014
0.016
0.024
0.015
0.005
0.011
0.011
0.012
0.015
0.068

0.02
0.012
0.002
0.011
0.013
0.013

0.01
0.017
0.015
0.007
0.022
0.012
0.014
0.018
0.013
0.015
0.008
0.012
0.014
0.008
0.035
0.011
0.005

0.01
0.015
0.023
0.009
0.023
0.012
0.014

0.02

0.01
0.024




Table F

82 695
83 700
84 674
85 685
86 780
87 723
88 665
89 730
90 734
91 749
92 732
93 709
94 680
95 622
96 614
97 658
98 631.3

436
485
404
432
479
401
425
433
381
478
429
398
414
397
391
345
377.7

332
406
316
333
366
280
324
317
273
375
329

314

305
287
241
277.7

PO OONNNPOOOOUINNO W

N oo A !

53
50
39
42
41
41
40
41
30
46
55
52
55

37
46
31

51 39
46 42
63 35
53 39
43 34
54 35
46 33
70 51
26 29
73 49
59 67
46 35
62 34
42 48
69 32
59 42
56.7 40.7

0.63
0.69
0.9
0.63
0.61
0.55
0.64
0.59
0.52
0.64
0.59
0.56

0.64
0.64
0.52

0.6

0.91
0.88
0.91

0.9

0.57
0.59
0.84
0.73
0.63
0.72
0.66
0.98
0.61
0.88
0.76
0.52
0.58
0.81
0.73
1.07
0.88

0.76
0.84
0.78
0.77
0.76

0.76
0.73
0.72
0.78
0.77
0.72
0.76
0.77
0.73

0.7
0.73

0.007
0.012
0.017
0.012
0.013
0.015
0.009
0.016
0.018
0.015
0.014
0.015
0.01

0.013

0.01
0.023
0.015

Frequencies of appearance of letters in the standard and the studied passages

Letter Ukrainian language (etalon) Fragment1l  Fragment 2 Letter Ukrainian language (etalon) Fragment1l  Fragment 2
letters use Frequency AF RF AF RF letters use Frequency AF RF AF RF
«» 0.133 80 0.14 82 0.15 A 0,024 15 0.03 6 0.01
o 0.082 37 0.07 41 0.08 3 0,018 9 0.02 8 0.01
a 0.074 43 0.08 31 0.06 6 0,016 7 0.01 5 0.01
H 0.068 33 0.06 30 0.06 Y 0,015 5 0.01 11 0.02
" 0.054 27 0.05 27 0.05 r 0,012 4 0.01 6 0.01
B 0.047 29 0.05 19 0.04 10 0,012 2 0.00 2 0.00
T 0.046 25 0.04 20 0.04 6 0,011 7 0.01 5 0.01
e 0.038 26 0.05 45 0.08 X 0,01 4 0.01 7 0.01
p 0.036 15 0.03 16 0.03 u 0,009 7 0.01 1 0.00
c 0.033 22 0.04 27 0.05 X 0,007 3 0.01 7 0.01
M 0.031 10 0.02 13 0.02 i 0,007 4 0.01 6 0.01
K 0.031 22 0.04 20 0.04 w 0,005 3 0.01 2 0.00
n 0.028 17 0.03 30 0.06 , 0,004 3 0.01 1 0.00
A 0.028 16 0.03 4 0.01 ) 0,003 1 0.00 0 0.00
y 0.025 19 0.03 14 0.03  Others 0,0605 51 0.09 34 0.06
n 0.025 11 0.02 21 0.04




