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Abstract

The article presents the results of experimental work comparing the performance metrics of machine
learning algorithms on imbalanced text corpora using the method of synthetic data generation ADASYN
and without it. The work was carried out on an imbalanced corpus, consisting of 5,211 news texts,
formed by cluster sampling for one year. The corpus annotation is produced according to the indicators
of the tonality of texts by categories: neutral, positive, and negative, with a significant predominance of
articles of neutral tone.

There are many widely used methods to overcome the problem of data imbalance. Often, when working
with imbalanced data, the resulting accuracy provides acceptable results, but other performance indi-
cators are low. Such contradictory results usually occur when it comes to in-depth analysis of the text
in the study of social or medical phenomena. This paper shows how performance metrics of the same
machine learning algorithms change when using the ADASYN method while analyzing an imbalanced
text corpus using the K-nearest neighbors’ method and Naive Bayes.

The study considers the issue of the application of the method and its results in solving the problem of
text classification. Comparative characteristics of the machine algorithms operation before and after
the application of ADASYN provide a researcher with a better understanding of which machine learning
performance metrics are more suitable when working with imbalanced data.

As aresult, authors present the observations and conclusions about the features of the method and put
forward a number of proposals for further research in this area to compare the results obtained with
the effects of the application of another method.
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AHHOTanusa

B cTaTbe npe/cTaB/IeHbl pe3y/bTaThl 3KCIIepUMeHTaIbHON paGOThI 10 CPaBHEHUIO [T0Ka3aTesel 3¢-
$EeKTUBHOCTH aJIFOPUTMOB MALIMHHOTO 00y4YeHHUs Ha Hec6aJaHCHPOBAHHBIX TEKCTOBBIX KOPIyCax
[pU NOMOIM METO/Ia CHHTEeTHYeCKoro reHepupoBaHus JaHHbIX ADASYN u 6e3 Hero. PaGoTa mpoBe-
JleHa Ha Hec6a/laHCUPOBaHHOM KOPIIyce, COCTOsAIEeM U3 5211 HOBOCTHBIX TeKCTOB, CGOPMHUPOBAHHBIX
MeTO/,0M KJIaCTePHOH BbIGOPKH 3a OJUH roj. PasMeTka Kopllyca mpousBefieHa 10 oKa3aTessaM To-
Ha/JIbHOCTH TEKCTOB 110 KaTeropusaM: HelTpasibHasl, I0J0XKUTe/IbHAs U HeraTUBHas, IPU 3HAUYUTeIb-
HOM IIpe06J1alaHuH cTaTell HeHTpalbHOM TOHAJIBHOCTH.

Cy1ecTByeT MHOXKECTBO LIMPOKO HCII0JIb3yeMbIX METO/0B AJIsl IpeooJleHus Npo6ieMbl AucbanaHca
JaHHbIX. YacTo, npu paboTe ¢ HecbalaHCHPOBAHHBIMU JAAHHBIMH UTOTOBasl TOYHOCTb JaeT NMpUeM-
JleMble pe3y/IbTaThl, HO APYyrye nokasaTean 3¢pPpeKTUBHOCTU OYeHb HU3KU. Takue NpOTHBOPeYUBbIe
pes3y/IbTaThbl YacTO UMEIOT MeCTO, KOT/Aa peyub UJEeT O IVIyGOKOM aHa/lM3e TeKCTa NPHU UCCIeJOBaHUU
ColMa/IbHBIX WM MeJULMHCKUX SIBJeHUH. B JaHHON pa6oTe Ha mpuMepe aHa/lM3a HecGaJaHCHUPO-
BAHHOT'0 TEKCTOBOI0 Kopnyca MeTogamMu K-6amxaiiux coceseid 1 HauBHbIM Bailec nmokasaHo, Kak
MEHSAIOTCA PacnpocTpaHeHHble MeTPUKH 3)PEKTUBHOCTH TeX e CaMblX aJrOPUTMOB MAaIIMHHOTO
o6y4eHHUst IpU puMeHeHUU MeToza ADASYN.

PaccMoTpeH Bonpoc NpuMeHeHHUs] MeTOZA U ero pe3y/bTaThl IPU pellleHUH 3aAa4y KaacCupUKanuu
TeKCTOB. CpaBHUTEJ/IbHbIE XapaKTePUCTUKN paboThbl MAIMHHBIX aITOPUTMOB /10 U MOC/Ie IPUMeHe-
Hus ADASYN npeJiocTaBJISIIOT UCCIeZ0BATEJIIO Jlydlliee IOHUMaHUe TOr0, Ha KaKue MeTPUKHU 3dek-
TUBHOCTH MAalIMHHOTO OGY4YeHMs Jy4llle OpUeHTHUPOBAThCS NPU paboTe ¢ HecOaJIaHCUPOBAHHBIMHU
JIaHHBIMHU.

[lo uToraM uccjief0BaHuUsA IpeACTaBIEHbl HAGII0JeHUA U BbIBO/BI aBTOPOB 06 0CO6EHHOCTSIX IpHUMe-
HEeHUsl MeTO/a U BBIIBUHYT PsJ| IpeJIOXKEeHUH 110 Ja/IbHEHIIUM HCCIeJOBaHUAM B 3TOH 06J1aCTH IS
CpaBHEHHsI NOJIyYeHHBIX Pe3y/lbTaTOB € 3P PeKTaMH OT IPUMeHEeHHs JPYyTUX METO/0B.

KiroueBbie cj10Ba: ADASYN, Hec6asaHCUpPOBaHHbIE JaHHbIE, MALIMHHOE 06yYeHUe, 0Ka3aTequ
3¢ EKTUBHOCTH, TOYHOCTD.
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Introduction Text mining methods represent automatic processing of text infor-

When conducting research involving processing texts with machine
learning (ML) algorithms have become a common thing among the
scientific community due to the large amounts of information.
Researchers whose focus area implies a classification of texts to
assess the performance of their machine learning algorithms often
turns to accuracy metrics to report on the quality of their perfor-
mance as to the most pervasive one. However, there is a variety of
established metrics designated to evaluate the performance of ma-
chine learning such as confusion matrix [1], precision-recall [2], F1
score [3], and others that are also a handy metric to understand the
ML performance quality.

Another common thing happening when conducting research is
imbalanced data. When dealing with imbalanced datasets, the ac-
curacy metrics fall short of classifying the small class items due to
unequal data distribution. To address the problem, there is a set of
widely used techniques to overcome the data imbalance problem
[4]. In the case of imbalanced data and skewed distributions, we
often face the case when the calculation of accuracy gives us ac-
ceptable results but other performance metrics are very low. Such
contradictory results are often the case when it comes to text min-
ing on extended textual information, or when researching social or
medical phenomena.

This article shows how application of ADASYN method may help to
understand which performance metric a researcher should rely on
and report when researching imbalanced textual corpora by com-
paring the performance of K-Nearest Neighbors [5] and Naive Bayes
[6] algorithms before and after ADASYN [7].

Methods and data

The dataset under analysis was a collection of 5211 news articles
from 5 news websites: tengrinews.kz, camonitor.kz, azattyq.org, kz.
expert, zakon.kz differing from each other by topic focus, style, and
level of popularity published within one year selected by systemat-
ic clustered sampling. The corpus was annotated according to the
tone of the article by the coders acting under a unified instruction
what to consider “neutral”, “positive”, and “negative” texts and arti-
cles in each corpus were classified into these three categories.

The class labeling of the corpus is shown below in Table 1.

Table 1. Corpus labeling

Corpus labeling
negative 696
neutral 4120
positive 395
N total= 5211

As we can see from the above the data distribution is highly imbal-
anced: the positive tone articles comprise only 7.6%, and negative
tone articles, 13.4% of the dataset. Articles classified as neutral con-
stitute the largest part of the dataset amounting to 79%.

Methods applied in our research are described below.

Text mining and machine learning

mation which can be considered as ‘digitalization’ of texts [8].

To extract features from the pre-processed texts, we applied the IDF
approach assessing the importance of a word for a text compared to
all other documents in the corpus. The essence of it is that if a word
is frequently used in one text and is not a stop-word, but at the same
time is rarely used in other texts of the corpus, then its importance
for this document is greater [9]. The formalized function for the ap-
proach is as follows:

0 ifwfi,j:O 1

(1),
(gt oo o 21

i

IDF (i, j) = (

where N is the total number of documents, df; is the frequency
of documents for the i'th word.

The main TM algorithm finds and indexes the words in texts and
then builds a frequency matrix of words use cases in each docu-
ment. These frequencies are subsequently transformed into other
values that indicate the relative ‘significance’ of the words and their
semantics in initial texts based on singular value decomposition
(SVD). Singular value decomposition is a method of decomposing a
matrix into three other matrices:
A=U=*S*V" (),
where:

A is mxn matrix

U is mxn orthogonal matrix

S is nxm diagonal matrix

V is nxm orthogonal matrix

The use of SVD to allocate a common space of variables and obser-
vations is closely related to various statistical methods such as cor-
respondence and factor analysis. In general, the task of this method
is to reduce the overall dimension of the original matrix (the num-
ber of source documents x the number of selected words y), where
each corresponding dimension represents the greatest degree of
variability. In the Statistica® software, we used for the processing
these values are assigned to the texts as concepts. This allows de-
fining latent semantic space that organizes words and texts through
determining several most important dimensions (concepts) that
have the greatest variability between words and documents. Then
we should define the number of those concepts should typically be
small [10, 11].

K-Nearest Neighbors(K-NN) algorithm

K-Nearest Neighbors is a non-parametric ML classification method
implying the input of k-closest training items in the feature space
and were an item the classification is made based on similarity
principle - the item is assigned to the class most common among
its k-nearest neighbors?®.

The similarity is defined according to a distance metric between
two data points based on Euclidean distance:

d(x,x')z\/(x1 —x'l)2 +(x, —x'z)2 +..(x, —x'n)2 (3)

! StatSoft. Electronic Statistics Textbook [Electronic recourse]. Available at: http://statsoft.ru/home/textbook/default.htm (accessed 10.04.2019). (In Russ.)
2 STATISTICA [Electronic recourse]. Available at: http://statsoft.ru/ (accessed 10.04.2019). (In Russ.)
3 Italo J. KNN (K-Nearest Neighbors) #1. How it works? Nov 8, 2018. [Electronic recourse]. Available at: https://towardsdatascience.com/knn-k-nearest-neighbors-1-

a4707b24bd1d (accessed 10.04.2019). (In Eng.)
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More formally, given a positive integer K, an unseen observation x
and a similarity metric d, KNN classifier computes d between x
and each training observation. If given that K points in the training
data that are closest to x belong to the set 4, then the classifier esti-
mates the conditional probability for each class, the fraction of
points in A with that given class label:

1 i 4),
Py=ilX=0)=2 %, 1("=)) Y
where I(x) is the indicator function which evaluates tol when the
argument x is true and 0 otherwise.

Naive Bayes (NB) algorithm

A Naive Bayes classifier is a probabilistic machine learning mod-
el that is used for a classification task. The crux of the classifier is
based on the Bayes theorem*.

Bayes Theorem:

P(X|y)P(y)

UG

(5)
Variable X represent the parameters/features. X is given as,

(6)

Xz(xl,xz,x3,...,x")

Here x,,X,,X;,..., X, represent the features. By substituting for X
and expanding using the chain rule we get,

3 P(x1 \y)P(x2 |y)...P(x” |y)P(y)

P s = 7
(y|x1’x2’x3s 'xn) P(XI)P()CZ)...P(X”) ( )
Gaussian Naive Bayes: ;
: ,(x.—u;)“}
(5 1y)=——=e ®)
270,

ADASYN
ADASYN is a method of synthetic data creation for the minority
class uses the following function as described by He and Garcia:

G=(18, |18 )% B ©),

where 8 € [0,1] is a parameter used to specify the desired balance
level after the synthetic data generation process.

Next, for each example x, € S, find the K-nearest neighbors ac-
cording to the Euclidean distance and calculate the ratio ", defined
as:

(10),

where (J is the number of examples in the K-nearest neighbors of
X; that belong to Smaj, and Z is a normalization constant so that l"l,
is a distribution function I, = 121.

Then, determine the number of synthetic data samples that need to
be generated foreachx, € S, :g=T,xG (11)

min *

Finally, for eachx, € S, .
cording to (7).

The key idea of the ADASYN algorithm is to use a density distribu-
tion  asa criterion to automatically decide the number of synthet-
ic samples that need to be generated for each minority example by
adaptively changing the weights of different minority examples to
compensate for the skewed distributions [12].

generate g, synthetic data samples, ac-

Analysis and Results

First, we ran a text-mining (TM) procedure to extract the signifi-
cance of the words from corpus. The concepts visualization of text
mining results was as follows (Fig.1):

Singular values
20

Singular value % explained

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

Concept

Fig. 1. TM concepts visualization

Based on the graph above, we identified four significant concepts
with greatest variability.

Then we divided the texts into a training (80%) and testing subsets
(20%) and trained the machine using the K-NN and NB algorithms.
Usually, when forming the original dataset, the data are organized
into a file in the sorted or otherwise structured order. To avoid
the bias this causes to further ML, we randomized the sample to
make cross-validation and divided it into five equal subsets. Then
in turns, we used each of these subsets as a testing subset and the
remaining documents as the training subset.

The condition of independence between the features implied by the
of Bayes’ law is partially observed as shown by the low correlations
of the four concepts (Fig. 2):

Correlations
Marked correlations are significant at p < 05000
M=5211 (Casewise deletion of missing data)

Variable Conceptl | Concept? | Concept3 | Conceptd

Conceptl [ 1.000000 0,217144|  -0,371307 0,023517
Concept2 0,217144 1,000000 0.095225  -0,006031
Concept3 -0.371307 0.095225 1.000000 0.010313
Conceptd 0,023517  -0,006031 0,010313 1,000000

Fig. 2. TM concepts correlation
ML accuracies and performance
The accuracy percentages obtained for K-NN and NB using Python
libraries were as shown in Table 2:

* Gandhi R. Naive Bayes Classifier. May 5, 2018. [Electronic recourse]. Available at: https://towardsdatascience.com/naive-bayes-classifier-81d512f50a7c (accessed

10.04.2019). (In Eng))
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Table 2. Accuracy of K-NN and NB algorithms

K-NN NB

accuracy 0.779482 0.789069

accuracy (%) 78% 79%

To better understand the quality of ML classification, we calculated
commonly used performance metrics using Python libraries. Con-
fusion matrices [13] for K-NN and NB algorithms are presented in

Tables 3 and four, respectively:

Table 3. K-NN algorithm confusion matrix

negative neutral positive

negative 33 105 1
K-NN

classifica- neutral 40 777 8
tion

positive 3 73 3

T able 4. NB algorithm confusion matrix

negative neutral positive

negative 38 55 6

NB classifica- neutral 150 654 98
tion

positive 0 0 0

Other established ML performance metrics - precision-recall, F1
scores [14, 15] for K-NN and NB algorithms are shown in Tables 5
and 6, respectively:

Table5. K-NN algorithm performance metrics

K-NN ML
precision (neg)= 43% recall (neg)= 24%
precision (neut)= 81% recall (neut)= 94%
precision (pos)= 25% recall (pos)= 4%
precision (macro avg)= 50% recall (macro avg)=  41%
F1 score 42%

Table 6. NB algorithm performance metrics
NB ML
precision (neg)= 46% recall (neg)= 33%
precision (neut)= 82% recall (neut)= 94%
precision (pos)= 0% recall (pos)= 0%
precision (macro avg)=  43% :3;‘1: (macro 42%
F1 score 42%

The contradiction between accuracies and other performance met-
rics

From the evidence above we can see a contradiction between ac-
ceptable accuracies (~80%) and poor ML performance from the
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confusion matrices and other measurements calculated for both ML
types. In scientific literature, authors commonly report the accuracy
scores to prove the quality of their machine learning performance.
So here we face the situation where we need some other tool to as-
sess the performance of our ML learning that will allow a better
understanding of whether the classification was performed suc-
cessfully and eliminate the discrepancy between accuracy and oth-
er performance metrics.

Acting under the hypothesis that these discrepancies result from
data imbalances, we reviewed the literature on dealing with im-
balanced data describing established methods like undersampling,
simple oversampling, SMOTE and chose ADASYN method as said to
be the most appropriate for the datasets similar to the one used in
this research [16, 17, 18, 19].

Oversampling with ADASYN

In our case using ADASYN oversampling is beneficial in terms of
small sampling, without getting rid of most of the samples (so the
model is more prone to error) instead of using synthetic data gen-
eration to increase the number of samples in the data set [20]. To
address the imbalance, we applied ADASYN oversampling method
that generates synthetic data in an adaptive way where the amount
of generated data is weighted based on the distributions and the
level of difficulty in learning for “positive tone” and “negative tone”
minority classes.

According to He et al,, the key idea of ADASYN algorithm is to use a
density distribution 7, as a criterion to automatically decide the
number of synthetic samples that need to be generated for each mi-
nority data example. Physically, 7, is a measurement of the distribu-
tion of weights for different minority class examples according to
their level of difficulty in learning [12]. The dataset generated by
ADASYN will represent a balanced data distribution where balance
level is determined adaptively based on the B coefficient, and the
ML algorithm applied further will have a particular focus on the mi-
nority class examples that are difficult to learn. This principle of
differently weighted minority class examples is similar to SMOTE-
Boost described by Chawla et al. [21] and DataBoost-IM described
by Guo and Viktor [22], and the main advantage of ADASYN over the
SMOTE [23] algorithm. However, the approach used in ADASYN is
more efficient since both SMOTEBoost and DataBoost-IM rely on
the evaluation of hypothesis performance to update the distribu-
tion function, whereas our algorithm adaptively updates the distri-
bution based on the data distribution characteristics. Hence, there
is no hypothesis evaluation required for generating synthetic data
samples in our algorithm.

The sets we obtained after ADASYN in Python had the following
characteristics (Tab. 7):

T able 7. Characteristics of the corpus synthetically
generated by ADASYN method

Count %
negative 3333 33,24
neutral 3295 32,86
positive 3400 33,91
N total= 10028 100

The confusion matrices for the oversampled with ADASYN data-
sets and processed with K-NN and NB algorithms are presented in
Tables 8 and 9, respectively.
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Tab]le 8. K-NN algorithm confusion matrix post-ADASYN

negative neutral positive
negative 67 52 20
K-NN
classifica- neutral 214 437 174
tion
positive 12 33 34

T able9.NBalgorithm confusion matrix post-ADASYN

negative neutral positive

negative 69 31 39

NB classifica- neutral 100 202 523
tion

positive 7 3 69

Post ADASYN we observed the following results for K-NN machine
learning (Tab.10):

Table 10. K-NN performance post-ADASYN

Oversampled by ADASYN - K-NN ML

accuracy= 52%
precision (neg)= 23% recall (neg)= 31%
precision (neut)= 84% recall (neut)= 65%
precision (pos)= 15% recall (pos)= 22%
precision (macro avg)= 40% recall (macro avg)= 48%
F1 score 39%

The results for NB machine learning classification on a corpus gen-
erated by ADASYN were as follows (Tab.11).

T able 11. NB performance post-ADASYN

Oversampled by ADASYN - NB ML -

accuracy= 33%
precision (neg)= 39% recall (neg)= 50%
precision (neut)= 86% recall (neut)= 24%
precision (pos)= 11% recall (pos)= 87%
precision (macro avg)= 45% recall (macro avg)= 34%
F1 score 34%

After oversampling with ADASYN, we observe the drastic decrease
in accuracy and a moderate decrease of F1 scores. Post-synthetic
oversampling with ADASYN the discrepancies between accuracy
and other performance metrics had leveled down: at that, the dif-
ference between accuracy and F1 score comprised 13% and 1% for
K-NN and NB algorithms respectively, versus the difference of 36%
and 37% for K-NN and NB algorithms before ADASYN.

One important reservation worth mentioning here is that the fo-
cus of this paper was not building a model with acceptable perfor-
mance metrics, but to demonstrate how ADASYN enhances better

Vol. 15, No. 2. 2019 ISSN 2411-1473 sitito.cs.msu.ru

understanding of data and contributes to the obtainment of the ma-
chines learning algorithms performance metrics of better quality
more corresponding to the actual state of things.

Discussions

When putting forward the limitations of the presented research
work for discussion, it is worth to note that in our case, the ma-
chine fails to classify the positive tone texts and exhibit low-quality
performance for F1 scores. This misclassification may be explained
by the data imbalance which reflects the objective reality of the ob-
served media landscape, where negative toned news prevails over
positive toned ones, and the most news produced by news aggrega-
tors tend to be neutral and predominate over the other two.
Another aspect that may be considered as a limitation is the size of
the dataset as the number of 10 000 texts, and more is commonly
considered to be appropriate for text-based machine learning. Nev-
ertheless, most of the papers from scientific journals use much few-
er data to conduct research.

When talking about future research work, one area we propose
for the future study is comparing the accuracy and precision-re-
call based performance metrics of the K-NN and NB ML algorithms
pre-processed with ADASYN to other methods like SMOTEBoost
and DataBoost-IM. Another interesting area for future research may
be the study of the effect of ADASYN on other ML performance met-
rics like ROC curve and AUC, G-mean, optimized precision, Index of
Balanced Accuracy, and others.

Conclusion

From the evidence above, we see that if before oversampling, we
observed the dramatic difference between the accuracy and preci-
sion-recall, F1 metrics, after the oversampling, the difference be-
tween the said measurements became evener. This allows conclud-
ing that ADASYN may be a useful tool to verify the correspondence
between accuracy and precision-recall, F1 metrics and its applica-
tion to imbalanced corpora may be a way to evaluate the perfor-
mance of ML on imbalanced corpora deeper.

References

[1] Luque A., Carrasco A., Martin A., Heras A. The impact of class
imbalance in classification performance metrics based on
the binary confusion matrix. Pattern Recognition. 2019;
91:216-231. (In Eng.) DOI: 10.1016/j.patcog.2019.02.023

[2] Fu G.H. Xu F, Zhang B.Y, Yi L.Zh. Stable variable selec-
tion of class-imbalanced data with precision-recall cri-
terion. Chemometrics and Intelligent Laboratory Systems.
2017; 171:241-250. (In Eng) DOI: 10.1016/j.chemo-
1ab.2017.10.015

[3] Zhang X., Wang D., Zhou Y,, Chen H., Cheng F, Liu M. Kernel
modified optimal margin distribution machine for imbal-
anced data classification. Pattern Recognition Letters. 2019;
125:325-332. (In Eng.) DOI: 10.1016/j.patrec.2019.05.005

[4] Haixiang G., Yijing L., Shang J., Mingyun G., Yuanyue H., Bing
G. Learning from class-imbalanced data: Review of methods
and applications. Expert Systems with Applications. 2017;
73:220-239. (In Eng.) DOI: 10.1016/j.eswa.2016.12.035

[5] Zhang S. Cost-Sensitive KNN Classification. Neurocomput-
ing. 2019. (In Eng.) DOI: 10.1016/j.neucom.2018.11.101

Modern
Information
Technologies
and IT-Education



296

TEOPETUYECKWE BOMPOCHI MHDOPMATUKN, MPUKNALHON MATEMATVKN,
KOMMbIOTEPHbIX HAYK 1 KOTHUTUBHO-MH®OPMALUMOHHbBIX TEXHONOT A

M. A. bBanmaxaH6eTos,
K. C. Hypymos, Y. A. OcnaHoBa,
T. K. bynabi6aes, V. I. AkoeBa

[10]

[11]

[12]

(13]

(14]

[15]

[16]

[17]

(18]

Zhang Y.C., Sakhanenko L. The naive Bayes classifier for
functional data. Statistics & Probability Letters. 2019;
152:137-146. (In Eng.) DOI: 10.1016/j.spl.2019.04.017
Abraham B., Nair M.S. Computer-aided diagnosis of clinical-
ly significant prostate cancer from MRI images using sparse
autoencoder and random forest classifier. Biocybernetics
and Biomedical Engineering. 2018; 38(3):733-744. (In Eng.)
DOI: 10.1016/j.bbe.2018.06.009

Feeney M. What Can Text Mining Reveal about the Use of
Newspapers in Research? IFLA International News Me-
dia Conference “Collecting, Preserving, and Transforming
the News - for Research and the Public” 27-28 April 2017.
Landsbokasafn Islands-Haskélabokasafn (The Nation-
al and University Library of Iceland), Reykjavik, Iceland,
2017. Available at:  https://www.ifla.org/files/assets/
newspapers/2017_Iceland/2017-feeney-en.pdf (accessed
10.04.2019). (In Eng.)

Kim D., Seo D., Cho S., Kang P. Multi-co-training for document
classification using various document representations: TF-
IDE LDA, and Doc2Vec. Information Sciences. 2019; 477:15-
29. (In Eng.) DOI: 10.1016/j.ins.2018.10.006

Manning C.D., Schutze H. Foundations of Statistical Natural
Language Processing. MIT Press, 2000. 620 p. (In Eng.)

Gao J.,, Zhang ]. Clustered SVD strategies in latent se-
mantic indexing. Information Processing & Manage-
ment. 2005; 41(5):1051-1063. (In Eng.) DOIL: 10.1016/j.
ipm.2004.10.005

He H., & Garcia E.A. Learning from Imbalanced Data. IEEE
Transactions on Knowledge and Data Engineering. 2009;
21(9):1263-1284. (In Eng.) DOI: 10.1109/tkde.2008.239
Visa S. & Ramsay B., Ralescu A., & Knaap E. Confusion Ma-
trix-based Feature Selection. CEUR Workshop Proceedings.
2011; 710:120-127. Available at: http://ceur-ws.org/Vol-
710/paper37.pdf (accessed 10.04.2019). (In Eng.)

Prasath S. Arafat A.A.H., Lasassmeh O. & Hassanat A.
Distance and Similarity Measures Effect on the Perfor-
mance of K-Nearest Neighbor Classifier - A Review. CoRR.
2017; abs/1708.04321. Available at: http://arxiv.org/
abs/1708.04321 (accessed 10.04.2019). (In Eng.)
Chomboon K., Chujai P, Teerarassammee P, Kerdprasop K,
& Kerdprasop N. An Empirical Study of Distance Metrics
for k-Nearest Neighbor Algorithm. Proceedings of the 3rd
International Conference on Industrial Application Engi-
neering 2015. The Institute of Industrial Applications En-
gineers, Japan, 2015; p. 280-285. (In Eng.) DOI: 10.12792/
iciae2015.051

PicekS., Heuser A., Jovic A., Bhasin S., Regazzoni F. The Curse
of Class Imbalance and Conflicting Metrics with Machine
Learning for Side-channel Evaluations. IACR Transactions
on Cryptographic Hardware and Embedded Systems. 2018;
2019(1):209-237. (In Eng.) DOI: 10.13154/tches.v2019.
i1.209-237

Ah-Pine ], Soriano-Morales E.P. A Study of Synthetic Oversam-
pling for Twitter Imbalanced Sentiment Analysis. Workshop on
Interactions between Data Mining and Natural Language Pro-
cessing (DMNLP 2016), Sep 2016, Riva del Garda, Italy, 2016.
ffhal-01504684f. Available at: https://hal.archives-ouvertes.
fr/hal-01504684 (accessed 10.04.2019). (In Eng.)
Boughorbel S., Jarray F, El-Anbari M. Optimal classifier for
imbalanced data using Matthews Correlation Coefficient

CoBpeMeHHble
MH(OPMaLMOHHbIE
TexHonornu

n UT-o6pasoBaHue

metric. PLoS ONE. 2017; 12(6):e0177678. (In Eng.) DOI:
10.1371/journal.pone.0177678.

Maldonado S., Lopez ., Vairetti C. An alternative SMOTE
oversampling strategy for high-dimensional datasets. Ap-
plied Soft Computing. 2019; 76:380-389. (In Eng.) DOI:
10.1016/j.as0c.2018.12.024

Chawla N., Japkowicz N., & Kotcz A. Editorial: Special Is-
sue on Learning from Imbalanced Data Sets. ACM SIGKDD
Explorations Newsletter - Special issue on learning from
imbalanced datasets. 2004; 6(1):1-6. (In Eng.) DOL:
10.1145/1007730.1007733

Chawla N.V, Lazarevic A., Hall L.O., Bowyer KW. SMOTE-
Boost: Improving Prediction of the Minority Class in Boost-
ing. In: Lavra¢ N., Gamberger D., Todorovski L., Blockeel
H. (eds). Knowledge Discovery in Databases: PKDD 2003.
PKDD 2003. Lecture Notes in Computer Science. Springer,
Berlin, Heidelberg, 2003; 2838:107-119. (In Eng.) DOI:
10.1007/978-3-540-39804-2_12

Guo H., Viktor H.L. Learning from Imbalanced Data Sets
with Boosting and Data Generation: the DataBoost-IM Ap-
proach. ACM SIGKDD Explorations Newsletter - Special issue
on learning from imbalanced datasets. 2004; 6(1):30-39. (In
Eng.) DOI: 10.1145/1007730.1007736

Chawla N.V,, Bowyer K.W, Hall L.0., Kegelmeyer W.P. SMOTE:
Synthetic Minority Oversampling Technique. Journal of Ar-
tificial Intelligence Research. 2002; 16: 321-357. (In Eng.)
DOI: 10.1613/jair.953

[19]

[20]

[21]

[22]

(23]

Submitted 10.04.2019; revised 14.05.2019;
published online 25.07.2019.
[Toctynuna 10.04.2019; npunaTa Kk ny6aukanuu 14.05.2019;
ony6/MKoBaHa oHsaiH 25.07.2019.

Mukhit M. Baimakhanbetov, Chief Analyst, Department of Ap-
plied Research and Development, Information-Analytical Center,
JSC (18 Dostyk Ave., BC “Moskva”, Floor 10, Nur-Sultan 010000, Ka-
zakhstan), ORCID: http://orcid.org/0000-0003-4978-2704, m.bai-
makhnbetov@gmail.com

Kaidar S. Nurumov, Manager, Department of Applied Research and
Development, Information-Analytical Center, JSC (18 Dostyk Ave.,
BC “Moskva”, Floor 10, Nur-Sultan 010000, Kazakhstan), Master of
Political Science, ORCID: http://orcid.org/0000-0002-1514-0095,
k.nurumov@gmail.com

Ulzhan A. Ospanova, Project Manager of the Department of Ap-
plied Research and Development, , Information-Analytical Center,
JSC (18 Dostyk Ave., BC “Moskva”, Floor 10, Nur-Sultan 010000, Ka-
zakhstan), Master of Management, ORCID: http://orcid.org/0000-
0003-0427-7931, ulzhan.ospanova@iac.kz

Timur K. Buldybayev, Director of the Department of Applied Re-
search and Development, Information-Analytical Center, JSC (18
Dostyk Ave., BC “Moskva”, Floor 10, Nur-Sultan 010000, Kazakh-
stan), ORCID: http://orcid.org/0000-0001-8199-653X, timur.
buldybayev@iac.kz

Inessa G. Akoyeva, Chief Analyst of the Department of Applied Re-
search and Development, Information-Analytical Center; JSC (18 Dostyk
Ave.,, BC “Moskva”, Floor 10, Nur-Sultan 010000, Kazakhstan), ORCID:
http://orcid.org/0000-0002-1984-150X, inessa.akoyeva@iac.kz

All authors have read and approved the final manuscript.

Tom 15, N2 2. 2019 ISSN 2411-1473 sitito.cs.msu.ru



Baimakhanbetov, THEORETICAL QUESTIONS OF COMPUTER SCIENCE, COMPUTATIONAL MATHEMATICS,

M. A.
K. S. Nurumoy, U. A. Ospanova, 297
T.K_ Buldybayev, I. 6. Akoyeva COMPUTER SCIENCE AND COGNITIVE INFORMATION TECHNOLOGIES

Baiimaran6eToB MyxuT AGU/IKACBIMOBHUY, IVIABHbIH aHa/IU-
TUK JlemapTaMeHTa NPUKIAJHBIX HUCCIeJOBaHUM U paspabo-
ToK, AO «MHpopmanuoHHO-aHAIUTHYECKUH LeHTp» MOH PK
(010000, KaszaxcraHn, r. Hyp-Cyaran, np. Jlocteik, a. 18, BI[ Mo-
ckBa, 10 arax), ORCID: http://orcid.org/0000-0003-4978-2704,
m.baimakhnbetov@gmail.com

HypymoB Kaiigap CepukoBu4, MeHe/xkep /lemapTaMmeHTa HpH-
KJIaJIHBIX UCCIe0BaHUH U pa3paboTok, AO «MHpopmanmonHo-a-
HasuTudeckuit nentp» MOH PK (010000, Kasaxcran, r. Hyp-Cyu-
TaH, np. JlocTeik, 4. 18, BI] Mocksa, 10 atax), ORCID: http://orcid.
org/0000-0002-1514-0095, k.nurumov@gmail.com

OcnaHoBa YmnxaH A6GaeBHa, NPOEKTHbIH MeHeMxep JlemapTa-
MEeHTa NPUKJIAJHBbIX UCCIeJOBaHUNH U pa3paboTok, AO «UHop-
MalMOHHO-aHauTH4YecKud neHtp» MOH PK (010000, Kazaxcrah,
r. Hyp-Cynran, np. JocTeik, A. 18, BIl MockBa, 10 sTax), Maructp
meHe/mxMeHTa, ORCID: http://orcid.org/0000-0003-0427-7931,
ulzhan.ospanova@iac.kz

Bynabi6aeB Tumyp KepumGekoBud, aupekTop /[enapraMeHTa
NPUKJIAHbIX HCCIeJOBaHUH U paspaborok, A0 «HHdopmanu-
OHHO-aHa/UTH4YecKWd LeHTp» MOH PK 010000, Kasaxcrah, T.
Hyp-CyaraH, np. [locTsIk, A. 18, BIl MockBa, 10 atax), http://orcid.
org/0000-0001-8199-653X, timur.buldybayev@iac.kz

AxoeBa HUHecca leoprueBHa, rj1aBHbIM aHa/JIUTHUK /JlenmapTaMeH-
Ta NMPUKJIAAHBIX HCCJIeJOBaHUNA U paspaboTok, AO «MHdopma-
UOHHO-aHa/uTH4YecKui neHTp» MOH PK (010000, Ka3zaxcraH,
r. Hyp-Cynran, np. [locTeik, A. 18, BLl MockBa, 10 3Tax), Maructp
MeHepxMeHTa, ORCID: http://orcid.org/0000-0002-1984-150X,
inessa.akoyeva@iac.kz

Bce asmopbsl npovumaJiu u 0006punu O0KOHYAMeAbHbIU eapuaHm

pykonucu.
Modern
.. Information
Vol. 15, No. 2. 2019 ISSN 2411-1473 sitito.cs.msu.ru Technologies

I S A — | and IT-Education



