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EFFICIENCY ESTIMATION OF METHODS FOR SENTIMENT ANALYSIS OF SOCIAL NETWORK
MESSAGES

The results of effectiveness evaluating of machine learning methods for sentiment analysis of social network messages are presented in this paper. The
importance of the sentiment analysis problem as one of the important tasks of natural language processing in general and textual information processing
in particular is substantiated. A review of existing methods and software for sentiment analysis are made. The choice of classifiers for sentiment analysis
of texts for this research is substantiated. The principles of functioning of a Naive Bayesian Classifier and classifier based on a recurrent neural network
are described. Classifiers were sequentially trained in two corpuses: first, in the RuTweetCorp corpus, the corpus of short messages from the social
network Twitter, and then on the Slang corpus, the corpus of messages from social networks Facebook and Instagram and posts from the Pikabu website,
second corpus have been marked up the tonality of slang words. Information about the tonality of slang words was taken from the youth slang dictionary
obtained as a result of the survey of users. The separation of texts by tonality was carried out into three classes: positive, negative and neutral. The
efficiency of these classifiers was evaluated. Efficiency evaluation was carried out according to standard metrics Recall, Precision, F-measure, Accuracy.
For the naive Bayesian classifier, after training on the first corpus, the following metric values were obtained: Recall = 0,853; Precision = 0,869; F-
measure = 0,861; Accuracy = 0,855; and after training on the second corpus such values were obtained: Recall = 0,948; Precision = 0,975; F-measure =
0,961; Accuracy = 0,960. For the classifier based on a recurrent neural network, after training on the first corpus, the following metric values were
obtained: Recall = 0,870; Precision = 0,878; F-measure = 0,874; Accuracy = 0,861; and after training on the second corpus such values were obtained:
Recall = 0,965; Precision = 0,982; F-measure = 0,973; Accuracy = 0,973. These results prove that additional training on the second corpus increased the
efficiency of classifiers by 10-11%.

Keywords: sentiment analysis, social networks messages analysis, machine learning, text classification, naive Bayesian classification, recurrent
neural network, efficiency estimation

H. B. EOPHCOBA, K. B. MEJIbHUHK

OIIHKA EOEKTUBHOCTI METOAIB CEHTUMEHT-AHAJII3Y INOBIAZOMJIEHb COOIAJIBHUX
MEPEX

VY po6oTi npecTaBIeHo Pe3yIbTaTH OLIHKH e)EKTUBHOCTI METO/IB MAIIMHHOTO HABYAHHS JUIS CCHTUMEHT-aHalli3y HOBiTOMIIEHb COL[aIbHUX MEPEXK.
OOIpyHTOBaHO aKTyaJbHICTh 3aJladi CEHTUMEHT-aHaNIi3y SK OJHi€l 3 BaXIMBHX 3a1ad oOpOOKM NPUPOAHOI MOBH B3araii Ta OOpOOKH TEKCTOBOI
indopmarii 30kpema. [IpoBeeHo OIS ICHYIOUHX METOIIB CEHTUMEHT-aHAITI3Y Ta IPOrPaMHUX MPOIYKTIB, [0 BUPILIYIOTH 110 3a1a4y. OGIPYHTOBaHO
BHOIp Ki1acu(ikaTopiB sl CCHTUMEHT-aHaJi3y TEKCTIB y MeXax JociipkeHHs . OnucaHo NpUHIMITY poOOTH HaiBHOTo OaifeciBchKOro Kiacudikaropa ta
kinacudikaTopa Ha OCHOBI peKypeHTHOI HeWpoHHOI Mepexi. Kimacndikaropu Oyno mocmifioBHO HaBYEHO Ha JBOX KOpITycaxX: CIIOYaTKy Ha KOPITyCi
RuTweetCorp — kopityci KOpOTKHX MOBiIOMIIEHD coliianpHoi Mepexi Twitter, a moTiM Ha Kopmyci Slang corpus — KOpIyci HOBiOMIIEHb COLIATBHUX
Mmepexx Facebook ta Instagram i mocriB 3 caiity Pikabu, y sikomy po3miteHO TOHAJIbHICTb CIIEHTOBUX CITiB. [H(OPMAILiIO MPO TOHANBHICTH CIEHITOBHX
clIiB OyJ0 B3STO 13 CIOBHHKA MOJIOADKHOTO CJIEHTY, OTPUMAHOIO y pe3yibTaTi ONHUTYBaHHS KOPHCTyBadiB. PO3MOALT TEKCTIB 32 TOHAIBHICTIO
3[iMCHIOBAaBCS Ha TPH KJIACH: MO3HTHBHI, HeraTuBHi U HeiiTpambhi. [IpoBegeHo ominky edexkTHBHOCTI poboTH nux KinacudikaropiB. Ominka
e(eKTUBHOCTI 3IiHCHIOBANACH 3a CTaHAapTHUMHU MeTpukamu Recall, Precision, F-measure, Accuracy. [lis HaiBHOTO GaiieciBchkoro kimacudikaropa
micns HaBYAHHS HA IEPIIOMY KOpIyci OyiM OTpuMaHi HacTymHi 3HaueHHs Merpuk: Recall =0,853; Precision =0,869; F-measure = 0,861,
Accuracy = 0,855; a micis HaBYaHHs Ha Apyromy Kopiyci Taki suadenns: Recall = 0,948; Precision = 0,975; F-measure = 0,961; Accuracy = 0,960. [{is
kiacu(ikaTopa Ha OCHOBI PEKYPEHTHOI HEHPOHHOI Mepexi Micis HAaBYaHHS Ha MEPIIOMY KOPITyCi OyiH OTpUMaHi HACTYIHI 3HAYEHHS METPHK:
Recall = 0,870; Precision = 0,878; F-measure = 0,874; Accuracy = 0,861; a miciisi HaBYaHHs Ha JApPyroMy Kopiryci Taki 3HadeHHs: Recall = 0,965;
Precision = 0,982; F-measure = 0,973; Accuracy = 0,973 OtpumaHni pe3y/ibTaTH JOBENH, IO A0JATKOBE HABYAHHS HA JPYrOMY KOPITYCi MiBUIIMIIO
eexTuBHICTh poboTH Kiacudikaropis Ha 10-11%.

Knio4oBi ciioBa: CEHTHMEHT-aHANi3, aHAi3 IIOBITOMJICHb COLIaJbHUX MepeX, MAIlMHHEe HAaBYaHHS, KiIacHQikaiis TeKCTiB, HaiBHHI
GaiteciBCchKHil Kitacu(ikaTop, peKypeHTHa HeHpOHHA Mepexa, OlliHKa epeKTUBHOCTI

H. B. BOPHCOBA, K. B. MEJIbHHK

OLIEHKA Y®PEKTUBHOCTU METOJOB CEHTUMEHT-AHAJIN3A COOBLIEHU 1
COLIMAJIBHBIX CETEA

B pabote npeacTaBieHbI pe3yabTaThl OLEHKH 3 ()EKTHBHOCTH METOA0B MALIMHHOTO 00Y4EHHS ISl CCHTUMEHT-aHaJI3a COOOIICHN T COHAIBHBIX CeTeH.
O00CHOBaHA aKTYalIbHOCTh 33/1a4M CEHTUMEHT-aHaJIN3a KaK OJJHOH N3 BaXKHBIX 3371a4 00paOOTKH €CTECTBEHHOTO S13bIKa BOOOIIIE M 00pabOTKH TEKCTOBOM
uHpOpMaILMK B 4acTHOCTH. [IpoBeseH 0030p CYLIECTBYIOUIMX METO/IOB CEHTHMEHT-aHali3a M MPOrPaMMHBIX IPOJYKTOB, PELIAMOIIMX 3Ty 3a1ady.
O00cHOBaH BBIOOD KJIACCU(HUKATOPOB JJIsi CCHTUMEHT-aHali3a TEKCTOB B paMKax uccienoBanus. ONMucaHbl IPUHLIMUITEI pab0Thl HAUBHOTO 0alieCOBCKOTO
knaccudukaTopa M KiaccuuKaTopa Ha OCHOBE PEKyppeHTHO# HelpoHHO# ceru. Kiaccudukaropbl ObLIM IMOCIENIOBATEIBHO OOY4YEeHBI Ha ABYX
KopIrycax: cHayasna Ha kopiryce RuTweetCorp — kopryce KOpOTKHX coo0IIeH T colmanbHoi cetn TWitter, a 3atem Ha kopityce Slang corpus — kopryce
coobmienuit connanpHbix cereit Facebook u Instagram u moctos ¢ caiira Pikabu, B koTopom pa3medeHa TOHAIBHOCTH CIIEHTOBBIX CJI0B. MH(popMarust o
TOHAJIBHOCTH CJICHTOBBIX CJIOB ObLiTa B3STa U3 CJIOBAPs MOJIO/ICKHOTO CIICHTa, MOJy4EHHOTO B Pe3yJ/IbTaTe ONMpOca MoIb30BaTeneil. PasjieeHue TekcToB
[0 TOHAJHHOCTH OCYIIECTBIUIOCH Ha TPH KJlacca: MO3MTHBHBIC, HETaTHBHbIC M HeWTpanbHble. [IpoBeaeHa oreHka 3()(EeKTHBHOCTH pabOTBI ITHX
knaccudukaropo. OueHka 3PEeKTHBHOCTH OCYIECTBISUIACH 1O CTaHAapTHBIM MeTpukaM Recall, Precision, F-measure, Accuracy. /lns HauBHOTO
GaiiecoBckoro kimaccuukaTopa Imocie OOydeHHs Ha TEpBOM KOpIyce OBUTH MOJNYYeHbl Cleayiomme 3HaueHus Merpuk: Recall =0,853;
Precision = 0,869; F-measure = 0,861; Accuracy = 0,855; a nociie o6ydeHust Ha BTopoM Kopityce Takue 3Hauenus: Recall = 0,948; Precision = 0,975; F-
measure = 0,961; Accuracy = 0,960. [lns xmaccudukaropa Ha OCHOBE PEKypPPEHTHOW HEHPOHHOH CeTH Mociie 00ydeHHs Ha MEPBOM KOpITyce ObLIH
moJTydeHsl crenyromme 3uauenus merpuk: Recall = 0,870; Precision = 0,878; F-measure = 0,874; Accuracy = 0,861; a mociie 00y4eHus: Ha BTOPOM
kopryce Takue 3Hauenus: Recall =0,965; Precision =0,982; F-measure =0,973; Accuracy = 0,973 IlonydeHHbIe pe3yibTaThl JOKa3bIBAIOT, YTO
JIOIOJHUTEIBHOE 00ydeHHEe Ha BTOPOM KOpITyce HOBBICHIIO 3 (eKTUBHOCTH paboTh kKiaaccudukaTtopos Ha 10-11%.

KiioueBble €/10Ba: CCHTHMCHT-aHAJIN3, aHAIN3 COOOIICHMI COLMAIBHBIX CETEH, MAIIMHHOE OOydeHHe, KIacCH(UKALNS TEKCTOB, HAUBHBIN
OaifecoBCKHUI KIacCH(pUKATOP, PEKYPPECHTHAsI HSHPOHHAS CETh, OlleHKa 3())EeKTHBHOCTH
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Introduction. The task of analyzing the tonality of
the text or sentiment analysis is the task of determining the
emotional attitude of the author to a certain object, which
described in the text. This task is one of the most relevant
NLP tasks. The sentiment analysis is used for assessing the
quality of goods and services according to the Internet user
reviews, for identifying the criminally significant content,
for determent the authorship of texts, for predicting various
economic indicators, for generating of texts with a pre-
established emotional coloring. The amount of information
in electronic form increases exponentially. So, it is not
possible to analyze it manually, therefore, there is a need
for automatic methods and tools of analyzing textual
information, including methods and tools for automated
sentiment analysis.

Last researches and publications analysis. The
analytical review of different sources has showed great
interest of researchers to the task of sentiment analysis [1,
3, 7-9, 11]. In a basic this task is the task of texts
classifying. The result of the task is a set of texts, where
texts or elements are divided into two (positive, negative),
three (positive, neutral, negative), five (positive, rather
positive, neutral, rather negative, negative) or more classes.
There are many methods, which can be used for resolving
this task. It can be divided into several groups. The first
group includes methods based on rules and dictionaries that
use pre-compiled emotive dictionaries and linguistic rules
for searching of emotive words. The first step of the process
of assigning the text to definite class is a search of words
from emotive dictionaries. The second step is assigning the
all found word its tonality or weight from the dictionary.
Then the overall tonality of the text is calculated by
summing the tonality values of each found word. The
second group includes machine learning methods with a
teacher, which used a pre-trained classifier to determine the
tonality of new texts. The classifier is trained on a specially
selected collection of texts with definite type of tonality.
The third group includes machine learning methods without
a teacher. In this case, the methods determine the tonality
of the terms that have the greatest weight. The frequency of
these terms should be greatest in certain text and at the same
time it should be present in a small number in the texts
throughout the collection. Then the tonality of the entire
text is determined by using the tonality of the terms. The
combination of different methods from different groups is
perspective way to obtain a better result.

The aforementioned methods are widely used in
appropriate software for text sentiment analysis, such as
«Analytical Courier» [13], «RCO Fact Extractor
SDK» [10], «VAAL» [14], «Eureka Engine» [3],
SentiStrength [12], etc. They have quite good functionality,
but are not without some drawbacks, especially related to
the analysis of inflected languages with a rich morphology.

Therefore, the purpose of the work is to verify the
efficiency of various methods of social network messages
sentiment analysis.

The main material. The task of sentiment analysis of
social networks messages is basically the same as a
classification task. Let's consider this task in the context of
the separation of texts into three categories: positive
tonality, neutral and negative. Formally, this task can be

represented as follows: if we denote by W = {w,, ....w,, } a
set of emotionally colored words and phrases, and
S = {s1,5,,53} is a set of three classes of tonality of texts,
then the task of determining the emotional attitude of the
author to a certain object, event or the process of the real
world looks like this: f: W — S is to find a mapping of one
set to another.

In this research, to solve the problem of sentiment
analysis of texts in the proposed formulation, two
approaches were analyzed and their efficiency was
estimated, namely, a Naive Bayesian Classifier and a
classifier based on recurrent neural network. The Naive
Bayesian Classifier was chosen because it trains and works
faster than all other classifiers, and at the same time it
solves the problem quite effectively. A recurrent neural
network, in comparison with other types of neural
networks, is best suited for working with texts, since it can
use its internal memory to process sequences of arbitrary
length, it can process output data of arbitrary length, new
information in it can be used to obtain the following state
of hidden layers, it contains feedbacks that allow to save
information.

A detailed algorithm for solving the classification
problem by using the Naive Bayesian Classifier is
considered in [5]. Let’s consider using of the Naive
Bayesian Classifier for sentiment analysis. Let’s introduce
the necessary notation. If T is a social media training
message text template, then T; is a j-th text from training
template T. Previously it was indicated that w; is a presence
of definite word or word combination in set W. Denote the
presence or absence of w; in the T; as w;;

1, w; ETJ
Wif‘{o, w; T

Then x;, is a number of appearance of w; in z-th text
tonality class, where z = 1,3 is a number of text tonality
class s, € S. Let’s s,; is output class of T; text. Denote
number of appearance of z-th text tonality class in training
template T as y,.

Taking into account the introduced notation, the
classification algorithm for sentiment analysis using the
Bayesian Classifier has the following steps.

I. Training of the Naive Bayesian Classifier:

1. Calculate the number of appearance of w; for each
text tonality class separately

Xiz = Z Wij ,Z = 1,3
iEW, JET

2. Calculate number of appearance of s, in training

template T
v, =) 5,2 =13

Jer

3. Calculate conditional probability P(W"/SZ) of
occurrence w; in z-th text tonality class
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w; Xi
P( l/sz) — %
z=1 xiZ
4. Calculate probability P(s,) of T;-th text assignment
to the z-th text tonality class

Vz
Z;:l Yz

I1. Using of the Naive Bayesian Classifier:

P(s;) =

1. Calculate conditional probabilities P (Sz / )
{Wij+1}
of T, -th text

j2 (SZ/{WU+1}> = P(s,) * np(m/sz).

2. Define output class s, .1 of the T;,., -th text. Denote
R, as the conditional probability of the output class

j+1 X
R B P Z/ )
( { l]+1}

Szj+1 = argmax ,_3R,.

As mentioned earlier, in addition to the Naive
Bayesian Classifier, the efficiency of the classifier based on
recurrent neural network was also evaluated in this paper.
We used an architecture for neural network called a simple
recurrent neural network or EIman network [4]. This is the
recurrent neural network version that very easy to
implement and train. The network has an input layer x,
hidden layer s (also called context layer or state) and output
layer y. Input to the network in time t is x(t), output is
denoted as y(t), and s(t) is state of the network (hidden
layer). Input vector x(t) is formed by concatenating vector
wrepresenting current word, and output from neurons in
context layer s at time t- 1. Then input, hidden and output
layers are computed as follows:

x(t) =w()+s(t—-1),

si(t) = f(Z xi(t)uij>,

4

e® =g| ) 50wy |,

J
where f(z2) is sigmoid activation function:

1

f(Z)=1+e‘Z

and g(2) is softmax function

Zm
9(@zm) = W

For initialization, s(0) can be set to vector of small
values. In the next time steps, s(t + 1) is a copy of s(¢).
Input vector x(t) represents word in time t encoded using
1 —of — N coding and previous context layer — size of
vector x is equal to size of vocabulary V plus size of context
layer.

Networks are trained in several epochs, in which all
data from training corpus are sequentially presented.
Weights are initialized to small values. After each epoch,
the network is tested on validation data. If log-likelihood of
validation data increases, training continues in new epoch.
If no significant improvement is observed, learning rate is
halved at start of each new epoch. After there is again no
significant improvement, training is finished.

Output layer y(t) represents probability distribution
of next word given previous word w(t) and context
s(t-1). Softmax ensures that this probability distribution
is valid: y,,,(t) => 0 for any word m and Y, y, (t) = 1.

At each training step, error vector is computed
according to cross entropy criterion and weights are
updated with the standard backpropagation algorithm:

error(t) = desired(t) — y(t),

where desired(t) is a vector using 1 —of — N coding
representing the word that should have been predicted in a
particular context and y(t) is the actual output from the
network [6].

The Naive Bayesian Classifier and the classifier based
on the recurrent neural network were trained on the same
data set — the Russian-language corpus of short texts
RuTweetCorp [18], consisting of 114 911 positive, 111 923
negative and 107 990 neutral entries for time period from
the end of November 2013 to the end of February 2014.
Each text in the corpus has the following attributes:
publication date; author's name; Tweet text; the class to
which the text belongs (positive, negative, neutral); the
number of messages added to favorites; the number of
retweets (the number of copies of this message by other
users); number of friends of the user; the number of users
who have this user in friends (number of followers); the
number of lists the user is in [18, 20]. After training, the
sentiment analysis of new texts was made by both
classifiers. The results of classifiers efficiency evaluation
after training on the RuTweetCorp corpus are presented in
the Table 1.

Also in the research, it was decided to test the
hypothesis that the efficiency of classifiers will increase if
they are additionally trained on the social networks
messages corpus [17], in which the tonality of slang words
have been marked up. A similar hypothesis but with
another formulation was provided in the [15]. Taking into
account the tonality of slang words is important, since at
the present stage of the development of the linguistic
culture of society, the use of slang words is more and more
noticeable, they enter both the everyday speech of almost
all segments of the population and the media space,
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especially the Internet media space. In addition, according
to numerous linguistic studies, slang words and expressions
are used to create the effect of nowvelty, unusualness;
transmission of a certain mood of the speaker; giving the
statement concreteness, liveliness, expressiveness, brevity,
imagery, i.e. it can be fully used for sentiment analysis of
texts.

Let’s called the second corpus as Slang corpus. It
consists of social networks Facebook and Instagram
messages as well as the messages and posts from Pikabu
web-site. It contains approximately 150000 words [17].
The emotional tone was tagged for each slang word in
Slang corpus. Information about slang words’ emotional
tones were taken from youth slang dictionary [16], that
contains approximately five thousand slang words (1493
positive, 1344 negative and 2141 neutral words). The
results of classifiers efficiency evaluation after additional
training on the Slang corpus are also presented in the
table 1.

The experiment steps are represented in Figure 1 in
IDEFO notation. The functional modeling of the training
process by using IDEFO notation consists of two stages.
The first stage shows the process of training the classifier
on the RuTweetCorp corpus. After that, the calculation of
efficiency is carried out. At the second step, the slang
corpus is using for classifier training. Then numerical
calculations and analysis of the results are carried out.

Step |
RuTweetCorp
corpus classifier
trained model efficiency
Classifier training for estimation
sentiment-analysis l metrics
classified texts
1 Texts sentiment-
analysis ;
efficiency
texts for analysis 2 Efficiency estimation | estimation results
of ification
3
L
Step Il Program component for research
csolzjnuqs classifier
Additional training of | rained model efficiency
classifier for ) estimation
i - i metrics
sentiment-analysis classified texts
4 Texts sentiment-
analysis ; X
efficiency
texts for analysis 5 Efficiency estimation | estimation results
of classification >
6
L %
Program component for research

Fig. 1. The experiment steps in IDEFO notation

As you can see, the input data is marked up corpuses,
and the result is the numerical values of the Recall,
Precision, Accuracy, F-measure metrics to estimate the
classification efficiency.

Results and discussion. To assess the quality of the
obtained classification results, generally accepted metrics
were used: Recall, Precision, F — measure, Accuracy.
For the calculation of metrics the values of the following
parameters were calculated:

TP is the number of true positive results;

TN is the number of true negative results;
FP is the number of false positive results;
FN is the number of false negative results.

Precision is the proportion of objects classified as X
that really belong to class X:
TP

Precision = —————.
recision TP + FP

Recall is the proportion of all objects of class X
classified as belonging to class X:
TP

Recall = m

F —measure is the harmonic mean between
Precision and Recall:

2 X Precision X Recall
F —measure =

Precision + Recall

Accuracy is the proportion of right classified objects
in the all classified objects:

| _ TP + TN
CCUraY = TP+ TN+ FP + FN

The results of classifiers efficiency evaluation after
training on two corpuses are presented in the Table 1. In
this table NBC means Naive Bayesian Classifier, and
RNNC means Classifier based on Recurrent Neural
Network.

Table 1 — Efficiency estimation of classification results

Corpus Slang corpus
Metrics RuTweetCorp
NBC RNNC NBC | RNNC
Recall 0,853 0,870 0,948 0,965
Precision 0,869 0,878 0,975 0,982
F-measure 0,861 0,874 0,961 0,973
Accuracy 0,855 0,861 0,960 0,973

As the efficiency estimation results analysis shows
with additional training on the second Slang corpus the
efficiency of classifiers increased by 10-11%, which
confirms the research hypothesis proposed earlier.

Conclusions. A comparison of the efficiency
estimation results of the Naive Bayesian Classifier with the
results obtained by other researchers on the RuTweetCorp
corpus [20] showed that the discrepancies are insignificant.
However, it is not possible to compare the efficiency of the
classifier based on recurrent neural network with similar
ones due to the lack of references to such researches with
the RuTweetCorp corpus.

References

1. Ameur H., Jamoussi S., Hamadou A.B. A New Method for Sentiment
Analysis Using Contextual Auto-Encoders. Journal of Computer
Science and Technology. 2018. Volume 33, issue 6. P. 1307-1319.
DOI: https://doi.org/10.1007/s11390-018-1889-1.

2. Eureka Engine. URL: http://eurckacngine.ru/ru/description (access
date: 15.09.2019).

3. Huang M., Zhuang F., Zhang X. et al. Supervised representation
learning for multi-label classification. Machine Learning, 2019.
Volume 108, issue5. P.747-763. DOI: https://doi.org/10.1007/
510994-019-05783-5.

4. Elman J. L. Finding Structure in Time. Cognitive Science. 1990.
Volume 14, issue 2. P. 179-211.

Bicnux Hayionanvnoco mexuiunozo ynisepcumemy «XIIy. Cepis: Cucmemnuii

auanis, ynpaeninua ma ingpopmayivini mexronoeii, Ne 2°2019

79



ISSN 2079-0023 (print), ISSN 2410-2857 (online)

5. Melnyk K. V., Borysova N. V. Improving the quality of credit activity vol. 108, issue 5, pp. 747—-763. DOI: https://doi.org/10.1007/ s10994-
by using scoring model. Radio Electronics, Computer Science, 019-05783-5.

Control. 2019. Volume 2. P. 60-70. DOI 10.15588/1607-3274-2019- 4. Jeffrey L. Elman. Finding Structure in Time. Cognitive Science.
2-7 . e-ISSN 1607-3274. 1990, vol. 14, issue 2, pp. 179-211.

6. Mikolov T., Karafiat M., Burget L., Cernocky J., Khudanpur S. 5. Melnyk K. V., Borysova N. V. Improving the quality of credit activity
Recurrent neural network based language model. Proceedings 11th by using scoring model. Radio Electronics, Computer Science,
Annual Conference of the International Speech Communication Control. 2019, vol. 2, pp. 60-70. DOI 10.15588/1607-3274-2019-2-7
Association (INTERSPEECH 2010). Makuhari, Chiba, Japan, 2010. . e-ISSN 1607-3274.

P. 1045-1048. 6. Mikolov T., Karafiat M., Burget L., Cernocky J., Khudanpur S.

7. Nguyen-Trang T., Vo-Van T. A new approach for determining the Recurrent neural network based language model. Proceedings 11th
prior probabilities in the classification problem by Bayesian method. Annual Conference of the International Speech Communication
Advances in Data Analysis and Classification. 2017. Volume 11, Association (INTERSPEECH 2010). Makuhari, Chiba, Japan, 2010,
issue 3. P. 629-643. DOI: https://doi.org/10.1007/511634-016-0253- pp. 1045-1048.

y. 7. Nguyen-Trang T., Vo-Van T. A new approach for determining the

8. Pang B., Lee L., Vaithyanathan Sh. Thumbs up?: sentiment prior probabilities in the classification problem by Bayesian method.
classification using machine learning techniques. Proceedings of the Advances in Data Analysis and Classification. 2017, volume 11,
Conference on Empirical Methods in Natural Language Processing issue 3, pp.629-643. DOI: https://doi.org/10.1007/s11634-016-
(EMNLP’02), Association for Computational Linguistics. Volume 10. 0253-y.

2002. P. 79-86. DOI: https://doi.org/10.3115/1118693. 1118704. 8. Pang B., Lee L., Vaithyanathan Sh. Thumbs up?: sentiment

9. Rahimi Z., Noferesti S., Shamsfard M. Applying data mining and classification using machine learning techniques. Proceedings of the
machine learning techniques for sentiment shifter identification. Conference on Empirical Methods in Natural Language Processing
Language Resources and Evaluation. 2019. Volume 53, issue 2. (EMNLP°02), Association for Computational Linguistics. Vol. 10.
P. 279-302. DOI: https://doi.org/10.1007/s10579-018-9432-0 . 2002, pp. 79-86. DOI: https://doi.org/10.3115/1118693. 1118704.

10. RCO Fact Extractor SDK. URL: http://www.rco.ru/?page_id=3554. 9. Rahimi Z., Noferesti S., Shamsfard M. Applying data mining and
(access date: 15.09.2019). machine learning techniques for sentiment shifter identification.

11. Rubtsova Y. Automatic Term Extraction for Sentiment Classification Language Resources and Evaluation, 2019, vol. 53, issue 2, pp. 279—
of Dynamically Updated Text Collections into Three Classes. 302. DOL: https://doi.org/10.1007/s10579-018-9432-0 .
Proceedings of International Conference on Knowledge Engineering ~ 10. RCO Fact Extractor SDK. Available at: http://www.rco.ru/
and the Semantic Web (KESW 2014), Communications in Computer ?page_id=3554. (accessed 15.09.2019).
and Information Science. Volume 468. P.140-149. DOIL: 11. Rubtsova Y. Automatic Term Extraction for Sentiment Classification
https://doi.org/10.1007/978-3-319-11716-4_12. of Dynamically Updated Text Collections into Three Classes.

12. SentiStrength — sentiment strength detection in short texts. URL: Proceedings of International Conference on Knowledge Engineering
http://sentistrength.wlv.ac.uk/#About (access date: 15.09.2019). and the Semantic Web (KESW 2014), Communications in Computer

13. System «Analytical Couriery. URL: http://www.iteco.ru/solutions/ and Information Science. Vol.468. Pp.140-149. DOI:
business_intclligence_products/analytical_courier ~ (access  date: https://doi.org/10.1007/978-3-319-11716-4_12.

15.09.2019). 12. SentiStrength — sentiment strength detection in short texts. Available

14. VAAL project. URL: http://www.vaal.ru (access date: 15.09.2019). at: http://sentistrength.wlv.ac.uk/#About (accessed 15.09.2019).

15. Wu L., Morstatter F., Liu H. SlangSD: building, expandingand using ~ 13. System «Analytical Courier». Available at: http://www.iteco.ru/
a sentiment dictionary of slang words for short-text sentiment solutions/business_intclligence_products/analytical_courier
classification. Language Resources and Evaluation. 2018. (accessed 15.09.2019).

Volume 52, issue3. P.839-852. DOI: https://doi.org/10.1007/  14. VAAL project. Available at: http://www.vaal.ru (accessed
510579-018-9416-0 15.09.2019).

16. Bopucosa H.B., Hi¢riniu B.B. AsromarusoBane crBopennss  15. Wu L., Morstatter F., Liu H. SlangSD: building, expanding and using
CIIEKTPOHHOTO  CIIOBHUKA. [Hpopmayiini  mexnonoeii:  Hayka, a sentiment dictionary of slang words for short-text sentiment
mexHika, MexXHONo2is, oceima, 300p08’s: me3u  Oonogioel classification. Language Resources and Evaluation. 2018, vol. 52,
XXV Miscnapoonoi nayxoeo-npakmuunoi konghepenyii MicroCAD- issue 3, pp.839-852. DOI: https://doi.org/10.1007/ s10579-018-
2017. 4. I. Xapkis: HTY «XIII», 2017. C. 32. 9416-0.

17. bopucosa H. B., Hi¢rinin B. B. 3actocyBannst meroniB kopmycuoi  16. Borysova N. V, Niftilin V. V. Avtomatyzovane stvorennia
JIHTBICTUKM 7 JIOCHIKEHHS.  OCOOJNMBOCTEH  BHKOPHCTAHHS elektronnogo slovnyka [Automated creation of electronic dictionary].
CY4acCHOTO MOJIOJIXKHOTO CIICHTY. [Hhopmayitini mexnonozii: Hayka, Informaciyni technologii: nauka, technika, technologiia, osvita,
mexHika, MexHON02is, oceima, 300p08’s: mesu  Oonogioel zdorov'ia: tezy dopovidei XXV Mizhnarodnoi naukovo-practychnoi
XXVI misicnapoonoi naykoeo-npaxmuunoi kongepenyii MicroCAD- konferencii MicroCAD-2017. Ch. 1 [Proceedings of
2018. Y 1. XapkiB: HTY «XIII», 2018. C. 27. XXV International scientific-practical conference in Information

18. Kopnyc KOpOMKUX mekcnos RuTweetCorp. URL: technologies: science, engineering, technology, education, health
http://study.mokoron.com (access date: 15.09.2019). MicroCAD-2017. Part I.]. Kharkiv: NTU "KhPI", 2017, p. 32.

19. PomanoB  A.B., Bacwmesa M.MH., Kyprykoa A.B., 17. Borysova N. V, Niftilin V. V. Zastosuvaniia metodiv korpusnoi
MeuiepsikoB P. B. AHaiu3 TOHaJIbHOCTH TEKCTOB C UCIOJIb30BAHUEM lingvistiki dlia doslidzhennia osoblyvostei vykorystannia suchasnogo
MerozioB MammmaHOTro o0yuenust. Proceedings of the R. Piotrowski’s molodizhnogo slengu [Using of corpus linguistics methods to study
Readings in Language Engineering and Applied Linguistics. CEUR the features of using modern youth slang]. Informaciyni technologii:
Workshop Proceedings. Volume 2233. Saint Petersburg, Russia, nauka, technika, technologiia, osvita, zdorov’ia: tezy dopovidei
2017. P. 86-95. XXV Mizhnarodnoi naukovo-practychnoi konferencii MicroCAD-

20. Pyomosa lO.B. Tloctpoenne kopryca TEKCTOB JUISI HACTPOHKH 2018. Ch. | [Proceedings of XXV International scientific-practical
TOHOBOTO Kiaccupukaropa. [Ipospammmbie npOOYKmMbl U CUCTEMbL, conference in Information technologies: science, engineering,
2015. Ne 1 (109). C. 72-78. DOI: 10.15827/0236-235X.109.072-078. technology, education, health MicroCAD-2018. Part I.]. Kharkiv:

NTU "KhPI", 2018, p. 27.
References (transliterated) 18. Korpus korotkih tekstov RuTweetCorp [Short texts corpus
. . RuTweetCorp]. Available at: http://study.mokoron.com (accessed

1. AmeurH., Jamoussi S., Hamadou A.B. A New Method for Sentiment 15.09.2019).

Analysis Using Contextual Auto-Encoders. Journal of Computer 19 Romanov  A. V. Vasilieva M. I, Kurtukova A. V.
Science and Technology. 2018, vol. 33, issue 6, pp. 1307-1319. DOL: Meshcheriakov R. V. Analiz tonalnosti tekstov s ispolzovaniem
https:// d0|.or_g/ 10'100.7/ $11390-018-1889-1. . - metodov mashinnogo obucheniia [Sentiment Analysis of Text Using

2. Eureka Engine. Available at: http://eurckacngine.ru/ru/description Machine Learning Techniques]. Proceedings of the R. Piotrowski’s
(accessed 15.09.2019). i _ Readings in Language Engineering and Applied Linguistics. CEUR

3. Huang M., Zhuang F., Zhang X. et al. Supervised representation Workshop Proceedings. Vol.-2233. Saint Petersburg, Russia, 2017,
learning for multi-label classification. Machine Learning. 2019, pp. 86-95.

Bicnux Hayionanvnozo mexuiunozo ynisepcumemy «XIy. Cepis: Cucmemnuil

80 aHanis, ynpaenints ma ingpopmayivini mexronoeii, Ne 2°2019



ISSN 2079-0023 (print), ISSN 2410-2857 (online)

20. Rubtsova Yu. V. Postroenie korpusa tekstov dlia nastroyki tonovogo systems]. 2015, no.1 (109), pp.72-78. DOI: 10.15827/0236-
klassifikatora [Constructing a corpus for sentiment classification 235X.109.072-078.
training]. Programnye produkty i sistemy [Program products and
Received 25.09.2019

Bioomocmi npo asmopie /Ceedenus 06 asmopax! About the Authors

Bopucoea Hamans Bonooumupisna (Borysova Natalia Volodymyrivna) — xaHammaT TeXHIYHHX HayK,
HamionaneHuii TexHi9HNN yHiIBepCHTET «XapKiBCHKHUU IMONITEXHIYHUN IHCTHTYT», HOUEHT Kadenpw iHTEeIeKTYaIbHUX
KOMI'IOTEpHHX  cucTeM, M. XapkiB, VYkpaima; ORCID:  https://orcid.org/0000-0002-8834-2536;  e-mail:
borysova.n.v@gmail.com

Menvhux Kapina Bonooumupiena (Melnyk Karina Volodymyrivna) — kanauaaTt TexHiYHuX Hayk, HarioHansHuit
TEXHIYHUH YHIBEpCUTET «XapKiBCbKUI IOJMITEXHIYHUH IHCTUTYT», HOLEHT Kadeapu NporpamHoi imkeHepil Ta
iHpopMaIiiHUX TeXHOJIOTiH yrpaBmiHHsa, M. XapkiB, Ykpaina; ORCID: https://orcid.org/0000-0001-9642-5414; e-mail:
karina.v.melnyk@gmail.com

bopucosa Hamanva Braoumupoena — Kanau1aT TEXHUUECKUX HayK, HallmOHANBHBIN TEXHUYECKUI YHUBEPCUTET
«XapbKOBCKUI TOJNTEXHUYECKUH HMHCTUTYT», MAOUEHT Kadeapsl WHTEIICKTYyaIbHBIX KOMIBIOTEPHBIX CHCTEM,;
r. XapokoB, Ykpauna; ORCID: https://orcid.org/0000-0002-8834-2536; e-mail: borysova.n.v@gmail.com

Menvnuk Kapuna Baadumupoena — xannugaT TEXHUYECKUX HayK, HallmOHaNbHBIM TEXHUYECKUH YHUBEPCHUTET
«XapbKOBCKUI TMOIUTEXHUMYECKUH HWHCTUTYT», IOLEHT Kadeapsl NMporpaMMHON WHXXEHEPHHM W HH()OPMAIMOHHBIX
TEXHOJOTHIl ynpaBieHus; r. XappkoB, Ykpauna; ORCID: ORCID: https://orcid.org/0000-0001-9642-5414; e-mail:
karina.v.melnyk@gmail.com

Borysova Natalia Volodymyrivna — Candidate of Engineering Sciences, National Technical University "Kharkiv
Polytechnic Institute", Associate Professor, Department of Computer Science and Intellectual Property; Kharkiv, Ukraine;
ORCID: https://orcid.org/0000-0002-8834-2536; e-mail: borysova.n.v@gmail.com

Melnyk Karina Volodymyrivna — Candidate of Engineering Sciences, National Technical University "Kharkiv
Polytechnic Institute”, Associate Professor, Department of Software Engineering and Management Information
Technology; Kharkiv, Ukraine; ORCID: https://orcid.org/0000-0001-9642-5414; e-mail: karina.v.melnyk@gmail.com

YK 004.272.26: 004.272.34: 519.876.5 DOI: 10.20998/2079-0023.2019.02.14
C. B. LIEBYEHKO, B. O. I'Y2KBA, B. /I. MAJIUIII, |. I0. MOPKBA

OBIPYHTYBAHHS MNONEPEJHHOTO BUBOPY APXITEKTYPU CUCTEMH OBPOBKHU JIAHUX 3
BUKOPUCTAHHAM HEUYITKOI JIOTTKHA

Meroro poboTi € (GopMyBaHHS MHiAXOAY IO IMONEPEAHBOrO OOIPYHTYBaHHS BHOOPY THITy apXiTEKTypH CHCTEMH OOpPOOKHM JAHUX i yHpaBIiHHSL.
ApXITeKTypa CUCTEMH SBJIsIE COO0I0 criocoOu mo0yA0BH Ta OpraHi3aiii ii yHKIIOHyBaHHS B POLIECi BUKOHAHHS MPOTPaM 00POOKHU AaHMX 1 yIpaBIIiHHS.
SIKiCTB apXITEKTYpU MOXKe OYTH PO3IIISHYTO 3 MO3MLIH NPUHHATHX KPUTEPITB e(PEeKTUBHOCTI TAKUX SIK, HAPUKJIIAM, IPOIYKTHBHICTB, OOCSTH PECypCiB,
BapTicTh 0OPOOKH Ta iHII. BUXiTHUMY HaHUMM JUIS IPUAHATTS PillleHb 10 BUOOPY KPAIIIO0 apXiTEKTYPH € XapaKTePHCTUKU JaHUX 3a/1a4, alTOPHTMH
00poOKH, XapaKTEPUCTHKH NPUHHATHUX THITIB apXiTEKTypH OOUYNCITIOBAIBHUX NPUCTPOIB, YMOBH i BUMOTH JI0 OpraHi3allii 004HiCIIFoBaIbHUX MPOIIECIB
1 IIPOIIECIB yNpaBIiHHSA, NPOLELYPU 00POOKH, TX XapaKTePUCTHUKHU i MapaMeTpH, OCOOIUBOCTI MPOTPAMHOTO CEPEIOBUINA, IHCTPYMEHTAIBHUX 3ac00iB
po3poOkH i Mopudikanii mporpaMHuX pinreHs. HasBHICTh HEBU3HAYEHOCTI, BUKJIMKAHOI MaHOyTHIMH acTieKTaMH (yHKIIOHYBaHHS CHCTEMH OOpPOOKH
JIaHUX 1 yMOBaMH ii BUKOPHCTaHHS, a TaKOX 30BHINIHIMH i BHYTPIIIHIMK (paKTOpaMH, IO TOCTIifHO 3MiHIOIOTHCS, TIPU3BOJNTH 0 HEOOXiTHOCTI
BHUKOPHCTAHHS MiAX0/1iB (POPMYyBaHHS apXiTEKTypH CUCTEMU 00OPOOKH JaHUX 3 MO3UIIIH SMEHIICHHS PU3UKY NPUHHATTS HEOOTPYHTOBAHUX pilieHb. Tomy
BUHHUKAIOTh IIOTPEOH B 00pOOLI JaHUX y CKIaki poOOYOro HaBaHTAXKEHHS, SIKE 3MIHIOETBCS Y Yaci, [0 NPOSIBISETHCS SIK Y CYKYIMHOCTI 33/1a4 00poOKH
Ta IX BUXIJJHUX JJaHUX, TaK i B HEOOXiTHUX mporeypax oopobxw. Li ymoBu hopMyroTh cepeoBrine 0OpoOKH AaHHX, JUIS IKOTO MOKe OyTH MOCTaBIIeHa
Y BIJNOBITHICTh cHCTEMa OOPOOKH 3 afeKBaTHOW apXiTeKkTypow. CTymiHb aJeKBaTHOCTI apXiTEKTypH TakKol CHCTEMH MO)Ke OYTH OIliHEHa 3 TO3MLIN
oOpaHuX KPUTEPIiB i piBHIB iX y3ro/pkeHHs. BapiaHTu apXiTeKTypH CHCTEMH, L0 BiANIOBIIAIOTh Y3rODKEHHM PILICHHSM, CKJIAJAI0Th MMiAMHOXKHUHY, SIKa
HaJae oOIPYHTOBAHI BapiaHTU BUOOPY PillleHb, IO MOXYTh MPHUUMATHCS 3 OLIIHKAMH €(EKTUBHOCTI. 3 OMVIY Ha 3pOCTAIOYHI IHTEepec 3aMOBHHKIB J10
00yI0BY OOYHCIIIOBAIFHIX CHCTEM Ha OCHOBI XMAapHHX TEXHOJOT1H, 00IPYHTYBaHHS Ta BHOIp apXiTEKTYPH CHCTEMH 0OpOOKU NaHUX 3 BUKOPHCTAHHIM
HOCITYT XMapHUX 004YHCIICHb HaOyBa€e 0COONMBOI aKTyalbHOCTI. I1iIroToBKa MOAIOHUX CHUCTEM JI0 3aCTOCYBaHHS MOXKE 3aMaTH Kilbka XBWIHH. ToMy
JUISL TIOMIIIICHHS SKOCTI 0OIPYHTYBaHHS MONEPEAHBOr0 BUOOPY apXiTEKTypH CHCTEMH OOPOOKH JaHMX HPONOHYEThCS BUKOPHCTOBYBATH IPOLECAYPH
amapaTy HediTkoi joriku. J{yis imocTpanii miaxomy IPONOHY€EThCS MPUKIIA YUCEIbHIX PO3PAXyHKIB Ta aHaJIi3 OTPHMAHHX Pe3yIbTaTiB.
KurouoBi ciioBa: apXiTekTypa, KOMII IOTEepHA CHCTEMa, 00poOKa JaHUX, KpUTepil, HeuiTKa JIOriKa, alrOPUTM.
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