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Hocaioxcyemvcs npodema po3pooxu eexmuenozo cno-
co0y eusnauenns aemopcmea mexcmie (Ha mamepiani nyoni-
Kauii eidomux ykpaincokux scypnanicmie). Binvwicmo nasne-
HUx mMemoodie nompedyroms nonepedtvoi 06podKU mexcmy, wo
msazne 3a co0010 106I eumpamu npu po3e’a3anni nocmaeje-
Hoi 3adaui. Y eunaoxy, Koau KilbKiCmo MONCAUSUX ABMOPIE
MOYCHA MIHIMIZyeamu, maxuii nioxio € 1acmo HaAOJIUMKOBUM.
IJe 00num nedonikom naseHux nioxooie € me, w0 nepesaic-
Ha Givwicms ix 3acmoco8ysanucs 00 iHWOMOBHUX meKcmi i
He épaxosysanu ocobrusocmeii yxpaincorxoi mosu. Tomy Gyno
supiueno po3pooumu nioxio, w0 003601A€ BUIHAUUMU ABMOPA
mexcmy ykpaincoko1o M06010 6e3 nonepednvoi 06pooKu ma dae
BUCOKI pe3ynbmamu MmouHOCMi, a MaKo; c 6CMaAHOUMu, AKi
MUNU WMYy1HHUX HeUPOHHUX Mepedc 3abe3neuyioms MiHIMALb-
HY NOXUOKY 0N YKpaincoKux nyoaiyucmis.

Po3pobaenuii memod suxopucmosye 6azamowaposuii nep-
CENMPoOH NPAMO20 NOWUPEHHS, AT2OPUMM HABGUAHHS 3 YHume-
niem, eexmopuzauiro HashingVectoriser, onmumizamop Adam.
Busnaueno, wo npu negenuxiu xiavkocmi imepauii (4-5 ime-
pauiil) HasuanHs WMYy4HOi HeUPOHHOT Mepelci OMpUMYEmo-
¢ 00Cumsb 6UCOKA MOUHICMb BUHAUEHHS AGMOPCMEa nyoi-
YUCMUMHUX MeKCmié ma 0ocumv majne 3HAMEHHA NOXUOKU.
Buxopucmano Ginvue 1000 ppazmenmie mexcmie mpvox yxpa-
incoxux aemopis. Y pesyaomami nposedeHux excnepumenmis
0Yn10 6CMAaNH06IEHO, WO 3ACMOCOBYBAHHS PO3POONEH020 Nid-
X00Yy 00 po36’A3anHs nocmaesienoi zadaui 0ae 3mozy 0ocsemu
documsb BUCOKUX pe3ynvmamis. Y mexcmax, wjo Micmsamo He
Mmenwe 500 cumeonie, mounicmo csieae 91 %, a maxcumaiy-
Ha KibKiCmb imepayiil HA6UaHHsA WMYHHOT HeUPOHHOT Mepeici
npu yvomy ne nepesuwye 15. Taxi pezyavmamu odocsznymi
Hacamnepeo 3a60aKu eexmuenomy niodopy memoody éexmo-
pusauii Ha nid20moeuomy emani ma CmMpyKmypu wmy1Hoi neti-
poHHOT Mepedrci

Kaniouosi cnosa: eusnavenns aemopcmea, anauiiz mexcmy,
wmyuni HeUpoHHi Mepesici, 0azamomapoeuii nepcenmpon, éex-
mopu3sauis mexcmy
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1. Introduction

With the advancement of technology, artificial neural
networks are increasingly being used to solve certain tasks
that take a lot longer for a person than a computer to solve.
Some of such relevant issues include the identification
of the primary source, identification of the authorship of
anonymous texts, fight against plagiarism, determining
belonging of a text to a certain author during legal expert
examination. At present, there are many approaches to
solving them, based on different methods, and yielding dif-
ferent results of accuracy. However, the issue of developing
a universal method that will produce the best results, that
is, will provide the highest accuracy in authorship identi-
fication with the consumption of fewer resources, remains
unresolved.

Identification of authorship of Ukrainian publicists who
have a similar style with the use of computational approach-
es is the problem that has been little explored. The approach-
es to its solution can have their own peculiarities and differ

from the generally accepted universal approaches. That is
due to the fact that the main parameters, which researchers
try to separate, are significantly affected by some general
language features, rather than by individual features of the
author’s language style. Given exactly the specificity of a
particular language, one can develop an effective approach to
solving the problems of authorship identification.

2. Literature review and problem statement

In Ukrainian linguistics, the greatest attention is tradi-
tionally paid to studying the belles-lettres style and less —
to other styles, including journalistic. This also concerns
studying the individual style of authors: more studies deal
with the language of writers than with the language of pub-
licists [1]. The study of Ukrainian linguists refers mainly to
the speech of individual authors or the language of specific
works, whereas little attention in traditional linguistics is
paid to the issue of identification of authorship of texts.



A series of papers, which explore the stylometric param-
eters of scientific texts in Ukrainian have been published in
recent years. In particular, in paper [2], the identification
of the author’s style is based on comparative analysis of the
author’s speech coefficients: speech coherence, vocabulary
diversity, syntax complexity indices, concentration and ex-
clusivity regarding the author’s passage and other analyzed
passages for further comparison and determining the degree
of belonging of the analyzed text to a particular author. Sup-
port-vector machines (SVM) are used at one of the stages. A
disadvantage is a small sampling of about 200 single-author
papers of the technical area written by about 100 different
authors. In article [3], the dynamics of a change of different
parameters of the author’s style (the number of different
language units — words in a text, sentences, prepositions,
conjunctions, the number of words with frequency 1 and
with frequency 10 or more) is traced. The methods developed
in these works of the scientific style can be applied to other
functional styles of the Ukrainian language.

A comparative study of statistical parameters of the
publicist (“newspaper”) and other styles is presented in
a number of articles. Thus, article [4] aims to address the
issue of distinction of the scientific, fiction, journalistic and
conversational styles at the phonological level using mathe-
matical-statistical methods based on the data about the use
of consonants in the texts by English-speaking authors, and
in article [5], the statistical parameters of conversational
and journalistic styles are examined separately. However,
these studies are performed using the material of the English
language. In this regard, there remains a need to develop the
optimum structure of the ANN to identify the authorship of
texts the journalistic style in the Ukrainian language.

The approaches to authorship identification can combine
accumulated knowledge from the theory of image recogni-
tion, mathematical statistics and probability theory, neural
networks, cluster analysis, Markov chains, and others [6—11].
Paper [6] studies the state of the problem today; it is noted
that if there are texts by 3—4 authors in the training and
testing samples, trained classifiers confidently demonstrate
up to 85 % of the accuracy of identification of authorship of
a text in the test sample. Article [6] proposed duplex archi-
tecture with the use of the support vector machine (SVM).
Paper [7] examined the problem of recognition of short texts
taken from the Internet in order to detect criminals. Given
the fact that the messages are quite short, it was important
to have a lot of information about possible candidates. The
approach in paper [7] was based on the use of a support
vector machine (SVM), but the preparatory stage required
the use of Stylemetric Analysis. In paper [8], the problem
of identifying the authorship of e-mails for 12 people, each
of which created 10 letters up to 150 words, was explored.
The accuracy, in this case, was 75-80 %. The method K of
closest neighbors was used for recognition. In article [9], two
approaches based on multiple-discriminant analysis (MDA)
and support vector machine (SVM) were proposed. Their ef-
fectiveness for various problems, including the identification
of authorship of disputable texts of the collection of papers
“Federalist”, is compared, and the issue of the authorship of
the Message to Hebrews in the New Testament is explored.
Some problems are solved quite effectively, but at the same
time, the research lacks clear recommendations on a univer-
sal approach to text authorship identification, which for any
tasks will work equally effectively. In paper [10], the authors
used support-vector machines (SVM), the machine learning

algorithm that designs the plane through a multidimensional
hyperspace, dividing incident training into target classes,
and Platt sequential minimum optimization (SMO). This
method also combines various functions of text analysis and
does not require its prior processing. This method solves the
problem of recognition of belonging of a text fragment to
Bengali authors Rabindranath Tagore and Sarat Chandra
Chattopadhyay. However, it uses a rather small sampling
(only 1-2 texts by each author) and solves the problem of
recognizing if a text fragment belongs to the certain work
rather than the problem of authorship identification. Trans-
ferring this approach to the identification of authorship
of Ukrainian publicists will not give such good results. In
paper [11], it was proposed to use neural networks based on
complex neural cells with generalized activation functions.
Article [12] showed that the use of neural networks with
two-threshold activation functions can significantly im-
prove the recognition ability of the network. In paper [13],
the approaches using stylistic features were proposed as
more reliable style markers than, for example, the units of
the lexical-semantic level, because stylistic markers are
less consciously controlled by the author. Three known
indicators based on statistical similarity are used to obtain
the individual effect: cosine-similarity (COS), ChiSquare
measure (CS) and Euclidean distance (ED). The model of
machine learning includes three different modules: decision
trees (DT), neural networks (NN), and support vector ma-
chines (SVM). However, even the most effective of these
methods give results (83.3 %), which can be improved.
Study [14] deals with the problem of authorship identifica-
tion among 55 classics of the world literature and proposes
to use the probabilistic approach for it. The identification
accuracy for various authors differs significantly, although
for some of them it is quite high and exceeds 90 %. The
known problem of Marlow-Shakespeare, in which the used
method refutes the hypothesis that Christopher Marlow is
the co-author of the early plays of his peer Shakespeare, is
considered separately. In article [14], it is proposed to use
Kullback-Leibler Divergence (KLD) to identify authorship.
The effective combination of vectorization and the architec-
ture of artificial neural networks makes it possible to reduce
computation costs and obtain high accuracy in the problems
of identification of authors [15]. This process should be also
considered for authorship identification among well-known
Ukrainian publicists.

The considered approaches are adjusted to the specifics of
each of the problems. This allows arguing that by working out
the approach that uses the peculiarities of a particular prob-
lem, it is possible to improve the accuracy of authorship iden-
tification, in particular, for journalistic texts in Ukrainian.

3. The aim and objectives of the study

The aim of this study is to determine the effective combi-
nation of the vectorization method and the artificial neural
nets structures to identify the authorship of texts of journal-
istic style in the Ukrainian language.

To achieve the aim, it is necessary to consider different
methods of text vectorization and different architectures of
neural networks, to determine their most effective combi-
nations, to find out its accuracy, as well as the speed of the
ANN learning process for the problem of authorship identifi-
cation of journalistic texts in the Ukrainian language.



4. Method for studying the authorship identification of a
journalistic text in the Ukrainian language
with the help of ANN

The texts by Y.Makarov, I. Losev, O.Pokalchuk in
the quantity of 50 texts by each author published in the
“Ukrainian Week” and “Weekly Mirror Ukraine” during
2015-2019 (by chronological principle from the latest to the
oldest ones) were chosen for analysis. The total number of
word usage in the studied texts is more than 150 thousand
(Y. Makarov — 32,758, I. Losev — 61,556, O. Pokalchuk —
72,286). The largest number of word usage is in the texts
by O. Pokalchuk, the smallest — in the texts by Y. Makarov.
Using a specially created program, the texts (including the
headings, however, without specifying the name of the author)
were divided into fragments (their total number is 1,194),
not less than 500 characters, but to the end of the sentence.
Multilayer neural networks of direct propagation Multi-Layer
Perceptron [16], an algorithm for supervised learning [17, 18]
and a corresponding technology stack (Table 1) were used for
authorship identification.

Table 1

The stack of used technologies

Python 3.6, C++

ANN of direct propagation, error
backpropagation learning

Programming languages

Architecture and learning
algorithm

Numpy, Matplotlib, Tensor-Flow,

Libraries Pandas, HashingVectorizer

Implementation environment Jupiter on Google Cloud

Perceptron implements the function f():R"—R! through
training on a dataset where m is the input data size, 1 — out-
put size [19]. The algorithm of error backpropagation will
be used as the learning algorithm [20]. Having obtained
and processed the input data X=(x, xs, ..., x,)7 output y,
construct a nonlinear function approximator for classifica-
tion or regression; however, there may be a certain number
of layers (hidden layers) between the input and the output
layer. Perceptrons with a different number of layers (Fig. 1)
are considered. Each neuron in a hidden layer converts the
value from the previous layer with the weight line adding
wix1Fwoxy+.. Fw,x, with a non-linear activation function,
f():R'>R!, which is implemented via relu or sigmoid. At
the output, there appears a mean value of output signal y.
The algorithm of error backpropagation will be used as the
learning algorithm.

The developed approach works according to the follow-
ing scheme (Fig. 2).

The initial stage is to search for the texts on the Internet
to form the dataset. The selected texts undergo further pro-
cessing using the program written in the C++ programming
language. This program removes unnecessary spaces and
blank parts of a text and forms a .csv file where all informa-
tion is split and grouped according to the predetermined pa-
rameters. The artificial neural network subsequently works
with this. The next step is vectorization, which is an ex-
tremely important section, and the result of the work is very
sensitive to the conducted stage of input data vectorization.
Then, the texts are divided into learning and training ones.
In the flowchart, it is the K-fold record, where K indicates
how many times the texts were divided into testing and
learning ones in various ways. Further, the artificial neural

network learning, which implements the testing identifica-
tion of the text’s author and gives results, works with the
texts; it all repeats the definite number of times. In the end,
the results of experiments are collected and accuracy and
research error are determined.

input layer hidden layer 1 hidden layer N output layer

Fig. 1. Structure of artificial neural network
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Fig. 2. General scheme of operation of the developed
approach

We will separate the problem of finding effective vec-
torization, which plays a very important role in creating an
effective method [15]. Such vectorization methods as ASCII
Converter, Simple Vectorizer, and Hashing Vectorizer were
considered. The Hashing Vectorizer demonstrated much



better results in conjunction with the considered archi-
tectures of artificial neural networks. This vectorization
method operates at two stages. At the first stage, we convert
the collection of text documents into the frequency matrix
of lexemes. In the second stage, we convert the collection
of text documents into a 2-dimensional matrix. It contains
a count of the number of lexemes (or binary information
about occurrence), normalized as the frequency of a lexeme,
if norm="11" or projected on a Euclidean unit of a sphere if
norm="12". This implementation of the text vectorizer uses a
hash-trick to find the name of the marker line to display the
integer index.

The Adam Optimization Algorithm for Deep Learn-
ing is also used. This optimization algorithm based on the
first-order gradients of the stochastic target function rests
on adaptive estimates of the moments of lower order. The
method is simple to implement, efficient to apply and has
low memory requirements, invariant to the diagonal scaling
of gradients and is well suited for problems that have large
sizes of data or parameters. This method is also suitable
for non-stationary purposes and problems associated with
very noisy or sparse gradients. Hyperparameters for this
method have intuitive interpretation and usually require
little customization. Empirical results show that the Adam
is effective in practical application and shows better results
compared to the methods of stochastic optimization. During
the research, the variant of this method, which is based on
the infinity norm, was used.

The issue of the number of iterations to perform while
training the artificial network is very important. This study
was carried out and the results were displayed in Fig. 3. We
see how accuracy increases and error decreases, depending
on the number of training iterations. As one can see, accura-
cy improves as early as on the 45" iterations and does not
increase so rapidly.
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Fig. 3. A change in the accuracy and error at an increase in
the number of iterations: @ — increase in accuracy;
b — decrease in error

It should be noted that the number of iterations required
to achieve the desired accuracy can be reduced by 10-15 %
through the use of polynomial neurons [21] in the first hid-
den layer of the network.

The basic parameters and toolsets, which were used
during computational experiments, are assigned in Table 2.

Table 2
Basic parameters and toolsets
Charac- | Vector .
Sam- tersina | dimen- Con- Model O.ptl_ loss
ple . . verter mizer
text | sionality

Hashing | keras. binary

0:1193 | >500 10000 | Vector- | Sequen- | adam Cross
izer tial entropy

The explored basic parameters and toolsets are constant in
all experiments. All experiments use the sample of 1,194 frag-
ments of texts, which are subsequently divided into two data-
sets — training and testing. These datasets are divided into
completed sentences with the dimensionality of not less than
500 characters. From them, we form vectors of dimensionality
of 10,000, which are fed to the input of a neural network. The
Hashing Vectorizer algorithm is used in the formation of these
vectors. In all experiments, the model of the neural network
keras.Sequential, the Adam Optimization Algorithm for Deep
Learning and loss function binary cross entropy, are used.

5. The results of the study of the Ukrainian-language
journalistic text belonging to a particular author

As a result of the conducted computational experiment,
we determined the effectiveness of using different structures
of artificial neural networks for the problem of identification
of belonging of a text in the journalistic style to one of the
three authors. The results of the operation of the developed
software are given in Table 3.

Table 3
Results of experiments
Structure of neu- | Maximal AC-
No. | K-FOLD rons of the ANN number of | VALUES | CU-
iterations RACY
[10, relu][ 10, relu] _
1 110 [1, sigmoid] 15 F1~0.8609 | 0.9161
[10, relu]
2 110 | [10, relu][10, relu] 15 | F1=0.8275| 0.9027
[1, sigmoid]
[10, relu] _
3 110 [1, sigmoid] 15 F1=0.8565 | 0.9128
[10, relu][10, relu]
4 110 [10, sigmoid] 15 F1=0.8231 | 0.9011
[1, sigmoid]
[10, relu][ 10, relu] N
5 1/2 [1, sigmoid] 15 F1~0.6896 | 0.8374
[10, relu][ 10, relu] N
6 1/5 [1, sigmoid] 15 F1=0.8539 | 0.9111
[10, relu][10, relu] N
7 15 [1, sigmoid] 5 F1=0.5787 | 0.8029
[10, relu][ 10, relu] N
8 115 [1, sigmoid] 10 F1=0.8058 | 0.8893

Table 3 shows that depending on the changes of certain
parameters or architectures of the network, results become bet-




ter or worse. The most effective architecture of neurons in the
ANN was determined based on the database from the studied
fragments of texts by 3 authors (the texts are evenly distributed
in alphabetical order beginning with the first word). The 10-
fold cross-validation revealed that the architecture of neurons
of ANN [10, relu][10, relu][1, sigmoid] is the most effective. The
total number of characters in the texts is more than 500, the
maximum number of iterations is 15, the average accuracy is
0.9161, and the average error is f1: 0.8609. It was experimental-
ly proved that such parameters in the sample are most effective
(computational experiment No. 1) among other parameters.

Consider separately for each author the accuracy of
authorship identification using the developed method. In ad-
dition, check the influence of dimensionality of the vectors,
which are fed to the input into the neural network, on the
accuracy of authorship identification.

As Table 4 shows, the authorship of publicist I. Losev was
identified most effectively. We also see that at an increase
in the dimensionality of vectors from 10000 to 100000,
accuracy significantly increases in the identification of
authorship of Pokalchuk from 0.9347 to 0.9559. For other
authors, an increase in dimensionality affects the accuracy
insignificantly.

Consider how the authorship of I. Losev was identified
using the example of samples from the dataset.

As Table 5 shows, the fragment of the text from the data-
set with index 115 was not recognized with the help of the
developed method. Identification by experts-philologists of
certain stylistic features of an author in such fragments of
texts would make it possible to take it into consideration in
the developed method and to increase the recognizability for
particularly for him.

Table 4
Results of experiments separately for each author

Author | K-FOLD | Dimensionality Structure of neurons of ANN Maximal number of iterations | VALUES | ACCURACY
Losev 1110 100,000 [10, relu][10, relu][1,sigmoid] 15 F1=0.9633 0.9661
Losev 1110 10,000 [10, relu][10, relu][1,sigmoid] 15 F1=0.9617 0.9644
Makarov 1110 100,000 [10, relu][10, relu][1,sigmoid] 15 F1=0.7013 0.8688
Makarov 110 10,000 [10, relu][10, relu][1,sigmoid] 15 F1=0.6856 0.8603
Pokalchuk 1110 100,000 [10, relu][10, relu][1,sigmoid] 15 F1~0.9545 0.9559
Pokalchuk 1110 10,000 [10, relu][10, relu][1,sigmoid] 15 F1=0.9331 0.9347

Table 5
Example of the text to be recognized
Isit | ow

Indexiin Example of text Los- did the

dataset P ov? method

| identify?
1 2 3 4

A cam BepXOBHUI, BOYEBH/ID, He JysKe it HanoJsras. Toal SK Taki HecTaHAapTHI KaApoBi piterns 6yau yCrinmo
Y Yy
arpoboBaHi B iHImx kpainax, npumipom y CIITA mig uac siitau mixk ITiBHivuto Ta IliBaHem, Ko 106pOBOJIEIb,

55 npocruii aMmepukanenlb i3 nipuiunux mraris Yiaice [paut 3i6pas sarin natpioris i nouas soosartu. Bin 6pas 1 1

MicTa IiBIEHIIB O[HE 32 OJHUM. rpaﬁT MaB CyTTEBY BaJly: CXUJIbHICTb 10 CIIMPTHUX HarloiB. JOHOIUKY 110Bi/10-
M npesuenTosi Aspaamy JIinkosby 11po Toii paxt. Ase JlinkosnH, skuii gas [panry sBanus GpuragHoro
reHepaia, 3HaB, 110 lie HailycrimHinmii nojgkoBozenb Horo apmii.

€ kylacuyHa iCTUHA, 0 OKPEMO B3siTa JIOANHA, OYIb-KOr0 PiBHSI, 3aBXK/1 Po3yMHilia (Ile He 03HAYaE —

MOPAJIBHIIIIA, YECHIIIIa, TPaBEeIHIIA TO[0) 32 TPYIY B YACTUHI OCMUCJIEHHS IPUNHATUX pillieHb. Ase paji

TeMa Po3Ia/laeThes Ha podeciitHy ANCKyCilo Ipo BULOBE i Po/l0Be BIUKUBAaHHA. BoHa Hy/IHYyBaTa, O/lHAK

302 roOJIOBHA i/ies1 B TOMY, 110 AK ceOe JIOMHA MO3KUIII0E — 0COOMCTICTIO YU YaCcTHHOIO I[iJI0T0, TaKa iii i kapma. 0 0

JIOBTi poKM YKPAiHCHKI MOJIITTEXHOJIOIM JKUJIH 3 1I€I0 MAKCUMOIO JIyllla B YLy, i, B IPUHIIUII, BCe IIpa-

ioBasio. IMitaitis 3MiH Ipu ToTaNbLHKUX JiHOMAX 1 caboTaski, B3arasi, BCiX BIalITOBYBaja, i HaBiTh 3axii,
HAIIOTO TOyBaJIbHUKA.

3Hazo6UIIOCS THBCTOMITTSL, 06 MEPEKOHATIICS: 3araKi He BUPIIIYIOTHCS TAKIMI TPYOHME IHCTPYMEHTaMU, a
reHiil TOYHIX HAYK, HABITH HOOETIBCHKIIT JIaypear, He MyCHTh IIPETEHIYBaTH aBTOMATIYHO Ha POJIb MUCIIH-
364 TeJIsI-TyMaHiTapis (xoua ppeTeHsﬁ cyom‘epira}m‘bca peryJsipHo). Pos3bizkHOCTI Mixk pacamu crpaBi iCH}{IOTI).
Craructuuno. Xova HUHI B AMepHIli, 30KpemMa, came TOHSTTSI «paca» BBAKAETHCS 3ACTAPIINM, B aKa[eMiTHO-
MY CBITI pajiiiie onepyiorh KaTeropieio «mnomystiis». [[i po36isKHOCTI cTOCYIOTHCS i TaKUX 0COOINBOCTEI, K
KOTHITHBHI (Mi3HaBaJIbHi) 3/i6HOCTI.

3i 3HAHHAM — 5K 3i csioBoM 'pedopmu’. I1if 'TiepeBepHyTH' BCi aBTOMATHYHO PO3YMIIOTh '3MinnTH Ha Jime’. Hac
i3 IUTHHCTBA HABYAIIN: TI0 Oi7TbITe 3HA€I, TO Jirire. He TOSICHIOOUH B TOAPOOUIISX, KOMY, BITACHE KaKydH, Bill
IIBOTO JITIITE, HACKITIBKY i 4OMY. A 3aJIEXKUTD Bifl TOTO, XTO HABYAE. SHAHHS — TaKWil cAMUIl TOBAp, sIK i Bce iHTIe.
Daxr — 11e cupoBuHa, iHdopmartis — HariBhabpukar. A MU BiKe MPUJIAIITOBYEMO iHhOpMAIii CBOIO 0COOKCTY
PaMOUKY, CTAaBIMO B IOMi Ha TI0YecHe MicIie i BiZZTaeMO Tamy. SIKIIo TTovyecTi CoIliaTbHO cXBajieHi (K Y KyJIbTax i
peirisix), TO 3HAHHST MA€E 1aHCKH HaGyTH COIaMbHOI IIIHHOCTI, i HOTO MOJKHA KOMYCh TIPOJIATH.
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PoapisuseTses ciM BUIB iHbOpMAITiITHIX BiifH: 32 KOMAHyBaHHS i KOHTPOJIb, BilfHI PO3BiIOK, €JIEKTPOHHA,
XaKepcbKa Ta KibepBiiinu (Tak, BOHU BCi PiHi), MCUXO0JIOTIUHa, 32 eKoHOMIuHY iHdopmaltio. Koxna 3 HIUX
821 BEJIEThCsl Ha TPHOX piBHAX (0CO6I/ICTOM}A KOPIOPATHBHOMY, I‘J'IO6aJII).HOMy) iy ABOX chepax — uHBiJIbIIifI i
BifichkoBiil. [lepkaBa Mae moTpedy B iHdopMariiiniii 6esrmert, sik KiCTKI OpraHisMy TOTPeGYIOTh KaJbIIiio.
JlepskaBa — KiCTSIK KpalHu, CyCIIJIbCTBO — ii TIJIOTh. AJIe TI0 3 TOTO, KOJIN 00pe KaJIbIIMHOBAHMIT Yeper cKa-
JITBCsT TOOI 3 ICTOPUYHOT MOTHJIH, SIKIO TH He Tamier?




Continuation of Table 5

1 2 3 4
Teartpasbii edekTn 3amMicTh HAOIMKEHHSA 10 aJeKBaTHOrO po3yMinHst cutyaiii. B Ykpaini € okpewmi excrep-
TH, IIPOTE HEMA€E eKCIIePTHOTO CEePe/IOBUINA K CTaslol crenndivHol CIiJbHOTH 31 CBOIM €THYHUM KOJEKCOM,
CBOIMU BHYTPIIIHIMI HOPMaMHU, IPUHITMITAMU, BUSHAHUMU TIpaBuiamMu Bepudikairii (nepesipka ingopmarrii
899 Ta my6IiYHIX TBEP/KeHb, OJOoKyBaHHa GeiKiB), 31 cBoeio iepapxieio permyTaitiil Toio. Mix iHIInM, HocTiii- 1 1

Hi po6JieMu i3 cotionoriynnmu GyHaaIigaMu B YKpaini Tako Mo si3ami 3 BiACYTHICTIO COII0I0TTUHOTO
CepeloBUINA, KO YUCICHHT OKPeMi COII0IOTH Ta KOMIAHII iCHYIOTh Y PeKUMI BIIbHOXa0THYHOTO Oy TTs1, 6e3
MeXaHi3MiB caMOperyJisilii Ta caMOKOHTPOJIIO, 11032 MPodeciiHO-rPOMaICbKOIO IyMKOIO, 6e3 arMochep 1exy

npodecionanis, 6e3 B3aEMHOI 1EX0BOI BiAIOBIAaIbHOCTI,

To6To rpyma cXoKNUM YHHOM (GOPMYE CBOE YSIBIEHHS PO COIATBHMIT YCIIX, | YWIEHN IPYIIH IIParHyTh oMy
Bizmosizary. KyasrypHi J0an, CHTKYIOYNCh TEPEBAXKHO 3 001 MOAIGHIMI, iHKOJIN ANBYIOTHCS, 9OMY B
IpoIieci TPYTIOBUX 3aKJINHAHD IOCH TITyKaHe He 3'IBIAeThes. Ase He gyxke. bo mporiec iM 3aMitioe pesysib-
920 Tar. JIIOM pe3yJIbTaTy BUTAHSIOThCS 3 KyJBTYPHOTO CEPeOBHUIIA K Ge3yXOBHI i IIMHIUHI, 1110, B3araji-To, 0 0
mpaBzia. Ajie cepeIoBUIIE BiJl I[bOTO He 3MIHIOETHCS, TPOAOBKYIOUN )KUBUTHCS IPAHOTO I aMPiTOIO BIaCHOTO
BUTOTOBJIEHHS. | OCb KYJIBTYPHUIT HAPATUB 3iIITOBXYETHCS 3 TUM-TaKH CHAPSIZIOM COIIQJIBHUX MAKPOIIPOIECiB,
i BCe PO3MITAETHCS B €MOITiHe KI0TUs.

Cruteck 06ypeHHs 3 TPUBO/LY aHTUYKPATHCHKOT [IPOTIAraH/IU, THPAKOBAHOI HI3KOIO BILIMBOBUX 1 HE JIyKe
Mac-Mejlia, Harajy€ BOJIAHHS IIPO XapaCMEHT BEJIbMU JIOPOCIHMX FOJTBY/ACHKUX (1 TPOCTO MOJIITUYHNX) aK-
Tpuc. 3MiCTOBHO MPOOIYKABIIK POKIB COPOK M0 JIOC-aHIKETCChKIl MycTei, BOHU PalToBO YCBIAOMILIH, 10
845 YBECH 11eii yac KU B MyKaxX COPOMY i cTpaxy, ki TepMiHOBO OTPiOHO MOHETH3YBaTH. BijbI K 4BEepTH CTO- 0 0
JIUTTS HAIT TPeTeHeHTH Ha MECIacTBO AJIOBUTO TONTAINC HA MiCIli 31 CBOIMU OCOOUCTIMU CKPUKAISM.
3a 1eit yac kKpemJriBcbKe indopmaiiiiine cMiTTs 3acisiio Hamt indopmMariitnuit JanamadT TakKuMu TEPHKOHAMI
OpexHi, 110 BOHHM CTAJIU CIPUIIMATIICS TaK CaMO NPUPOJIHO, sik Kapmaru.

Ate TIZIBKN 371aTO/UKEHICTD il 31aTHa 3a6e31meunTH iX edekTHBHE QYHKINOHYBAHHS. SIKIM 9MHOM YKpaiH-
CbKe TPOMAJISTHCBKE CYCIIIBCTBO B KOHKPETHOMY BUIIE3TaJIaHOMY €CTOHCHKO-YKPAiHCbKOMY IPOEKTI € He
TIJIBKY CIIPUIMAIOY0IO CTOPOHOIO, a i TaKOIO 110 Bifyfac? Y paMKax CHiTbHOI MPOTHIT pociiicbkuM iHbop-

115 MallitHIM omepattisiv Toro & Taku 2016-1o GyJ10 CTBOPEHO CIIJBHY MEpPEXKY, IO 06 €IHY€ YKPATHChKNX €KC- 0 1

TIePTIB 3 iIXHIMHU KoJleTaM# 3 Kpain baTii Ta gesknx iHmnx cXizinoeBporeiichknx kpaid. Bona xictama nassy
"Jlira crifikocti' (Resilience League) i Heraitro BUK/IMKaIa IPOMATaHANCTCHKY iCTEPUKY B iHGOpMAIiHITK

pecypcax, sIKi parfiooTs Ha Kpemp.

6. Discussion of results of studying the identification of
authorship of a journalistic text in the Ukrainian language

The developed approach after training makes it possible
to verify online quickly and effectively belonging of a text or
its fragment to each of the three studied publicists.

The proposed simple scheme (Fig.2) enabled achieving
high accuracy in the conducted research into the identifi-
cation of authorship of journalistic texts in Ukrainian. This
can be conditioned by several factors. First of all, an effec-
tive combination of the vectorization method and the ANN
structure, which showed the highest results (Tables 3, 4) was
chosen automatically from a large number of possible variants.
In addition, the authors selected for analysis are some of the
most well-known contemporary Ukrainian publicists, who
have a rather unique and recognizable writing style and whose
works are published in the leading Ukrainian editions. The
stylistic expressiveness of the studied texts is also determined
by peculiarities of the journalistic style: an author has a better
opportunity to express his “self” in comparison, for example,
with the official-business or scientific style.

Given this, it is appropriate in the future to test this method
of research on a broader empirical material. Firstly, a greater
number of authors (perhaps, with not so pronounced author’s
individual language peculiarities) and their journalistic texts
should be selected. Secondly, it might be interesting to take the
texts belonging to other styles (scientific, belles-lettres).

The specific features of the style of a particular author are
traditionally separated in linguistics, but the reverse process
(authorship identification by a text fragment) without using
the ANN is a very difficult task. Traditional methods of study-
ing the individual style of authors in linguistics are based on
the general features, identified by a person (at the lexical,
morphological, and syntactical levels). The ANN itself choos-

es the criteria of distinguishing the authors, and these criteria
can be based on the phenomena not noticeable for a linguist.
Therefore, the next stage of the study is to trace the features
that help the ANN to identify the authorship.

Unlike the approaches in other studies, the proposed ap-
proach at the preparatory stage does not identify any specific
elements that will act as the parameters in authorship iden-
tification. This process is fully passed on to the vectorization
procedure and the ANN. It is the vectorization procedure
that converts input texts into the matrix, which records the
frequency parameters of a lexeme [15]. The main advantage of
this approach is that large volumes of input datasets are well-
scaled because there is no need to keep a dictionary in memory.
The shortcomings include the fact that there is no possibility to
calculate the reverse conversion (from characteristics indices
to line names), which can be a problem when trying to perform
self-analysis — figuring out what features are the most import-
ant for the model. In addition, there may occur some coinci-
dences: separate lexemes can be displayed in one function index.
However, in practice, this rarely happens if n_features is large
enough (for example 2'8 for problems of text classification).
Note that an increase in the dimensionality of an input vector
is directly proportional to the accuracy of the model.

By developing this direction, we plan to increase the
number of input data and of authors, to use other types of
ANN and input data processing.

7. Conclusions

Correctly chosen text vectorization at the preparatory
stage makes it possible to increase substantially the effective-
ness of identification of authorship of Ukrainian-language texts
of the journalistic style with the help of the ANN. At the same



time, it allows reducing computational costs and avoiding rou-
tine procedures, which are often carried out at the preparatory
stage. Among the considered vectorization methods, such as
ASCII Converter, Simple Vectorizer and Hashing Vectorizer,
the most effective was the Hashing Vectorizer method for
all the considered architectures of artificial neural networks.
Among the considered architectures of neural networks, ar-
chitecture [10, relu][10, relu][1,sigmoid].proved to be the most
effective for identification of the authorship of journalistic
Ukrainian-language texts. The developed approach ensures
high accuracy (for one of the authors it exceeds 96 %), which

corresponds to the level of the most effective methods. The
advantages also include a small number of iterations of artificial
neural network learning (4-5 iterations). The approach can
contribute to more effective identification of authorship of texts
written in flexion languages, including Ukrainian. At the same
time, the results of the ANN operation (qualification of a text
as belonging or not belonging to a certain author) present in-
teresting empirical material for further linguistic studies, since
it is important to find out in the context of philology, by which
language elements it is possible to determine correctly whether
a text belongs to the author.
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