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EVALUATION OF DATASET IMBALANCE AND ITS INFLUENCE
TOGETHER WITH OTHER CHARACTERS OF THE DATASET TO
MACHINE LEARNING QUALITY
Nikitchenko V., Gunchenko Y.

Odesa I.I1. Mechnikov National University

Key words: machine learning, imbalanced data, slightly imbalanced, highly
Imbalanced, imbalance ratio, overlapping classes, noisy data.

A qualitative dataset is one of the important components for all types of machine
learning. However, the vast majority of real datasets are imbalanced. Despite the large
number of methods that can work with imbalanced data and approaches to using these
methods, imbalance in most cases poses a problem for the work of machine learning
methods.

The imbalance of the dataset will be understood as the uneven distribution of the
number of class representatives in the dataset, which leads to a significant quantitative
superiority of some classes over others. This phenomenon can be characterized by the
ratio between the number of elements of the major class and the number of elements of
the minor class. Obviously, the amount of imbalance affects the work with the dataset
and the methods that can be used for it.

Depending on the magnitude of imbalance, we speak of slightly imbalanced or highly
imbalanced data. It is necessary to pay attention to the peculiarity of such a classification,
when in literary sources significantly different values of imbalance are used, which are
characterized as highly. For example, as can be seen from references to various studies in
[1], data can be considered highly imbalanced with a major-minor class ratio of 50:1,
1000:1, >1000:1, or ranging from 100:1 to 10,000: 1. Under such conditions, it is
impossible to choose universal machine learning methods for use, guided by the
parameter of data imbalance, and the parameter itself does not give a clear understanding
of the dataset.

The reason is obviously that operating on the absolute value of the quantitative
relation between the major and minor classes is not correct. Instead, assessing the data as
highly imbalanced, it is worth talking about the potential impact of such imbalance on the
machine learning process and its results. We can try to relate the individuality of the
characteristics of the magnitude of imbalance with the subject area in which this or that
dataset was collected. But a more detailed consideration indicates the need to take into
account, together with the magnitude of the imbalance of other characteristics for the
dataset, and even the conditions under which this dataset was assembled. All this should
allow us to formulate clear conditions either for the reasoned choice of an already existing
method of machine learning, in some cases recognize the appropriate modernization of
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an existing method or the use of an ensemble of methods, or decide to develop a
completely new method with certain characteristics.

Let's define the primary characteristics of an imbalanced dataset, which together can
influence the results of machine learning on the selected dataset.

1. First of all, this is the imbalance ratio (IR), which we have already implicitly
mentioned when we talked about the ratio of the number of elements of the major class
to the number of elements of the minor class. The parameter is applicable both for binary
classification and for a dataset with an arbitrary number of classes. It is suitable for a
quick assessment of the dataset to determine the magnitude of imbalance. If for example
we have 60% of the data of the major class, and 40% of the minor (for binary class data),
then already at this stage we can conclude that slightly imbalanced.

2. Overlapping classes, when the boundary between classes is not clearly defined.
Some element of the dataset in this case can be attributed to several different classes.
Already having data imbalance, incorrect distribution can enhance this phenomenon,
worsening the conditions for recognizing the minor class.

3. Noisy data refers to dataset elements whose belonging to the corresponding classes
Is incorrect. It is also possible that such elements do not belong to any of the classes. It is
clear that in general noisy data is malicious, and it is worth cleaning the dataset from
them. But in the presence of imbalanced data, we have the risk of marking part of the
elements of the minor class as noisy data and excluding it from further consideration. This
risk will increase in the case of highly imbalanced data.

Separately, it should be noted that the imbalance of data can be divided into types
depending on the causes of its occurrence. For example, in [2] four kinds of imbalances
are distinguished for object detection problems, which are due both to the nature of the
data and to the purpose of learning from the data. Regardless of the subject area and the
type of imbalanced data, there will always be a difference in the amount of data of the
major and minor classes. Other types of imbalance are usually caused by the nature of the
data and the conditions for obtaining them. If we consider for example the data from log
files of some reporting program, then by default these will be daily reports. Additionally,
reports can be generated for each month or for the whole year, and the data in logs will
differ significantly. We understand that such observations will be much less than typical,
due to which we will receive imbalanced data on the behavior of the reporting program.
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METABCECBIT I IU®POBI MY3ElI MAMBYTHE BIPTYAJIBHUX
BUCTABOK
Jloneix B. A.
Hamionansauit YHiBepcuteT «Onecbka IlomiTexHikay

AHoTaris: Y TOCTIKeHHI pO3TIsSAaeThCs TpaHchopMallist KyIbTypHOI chepu depes
IHTErpallil0 METABCECBITY Ta IUGPOBUX My3eiB SK HOBOI MapajurMu BIPTYaJTbHUX
BHUCTAaBOK. AKIIEHT 3p00JIeHO Ha BUKOpPHUCTaHHI iMepcuBHUX TexHojorid (VR, AR),
MITYYHOTO 1HTENEKTY Ta 3D-oMHIYEHHS JJi1 CTBOPEHHS IHTEPAKTUBHUX MPOCTOPIB, K1
BIJITBOPIOIOTH (P13MUHI €KCIO3UIlIi Ta PO3MIMPIOIOTH TXHI MOMJIMBOCTI. 3alPOIIOHOBAHO
KOHLETIIO MIaT(OPMH, 110 MOEAHYE MYJIBTUCEHCOPHHUM JOCB1/, COLIATIbBHY B3a€EMO/III0
Ta aJalTUBHI CLIEHAPIi 1Ji rI100albHOI ayJUTOPii.

Knrwouosi cnosa. meraBcecBIT, HUPPOBI My3€i, BIpTyalibHI BHCTABKH, IMEPCHUBHI
TEXHOJIOT1{, IITYYHUN IHTENEKT, KyIbTypHa CHAIINHA.

BnpoBamxkeHnHss MynbTUMEAIMHUX Ta I1HTEPAKTUBHUX TEXHOJIOTIH B My3eHHUMN
IpOCTIp — Tema, sika Bce Olbllie HaOupae MOMYJSIPHICTh, 1 SIK Oy/b-siIKa ramxy3b, IO
PO3BUBAETHCS, MA€E P AUCKYCIMHUIN MUTaHb Ta rapaHTyBaTH ix Oe3mneky [1].

Crnenudika opranizaiii MudpoBUX MYy3eMHUX BUCTABOK — II€ AMBHUN KaJeHA0CKON
TEXHIYHUX MPOTOKOJIIB, PU3UKOBAHUX EKCIEPUMEHTIB 13 OHJIANHOBUM MPOCTOPOM Ta
HaCUYeHOi Marii BipTyanbHOI B3aemoii. OAuH BIABIIyBay JIMILIEHb KIIIKA€ MOCUJIAHHS, a
IHIIMI 3aHYPIOETHCS B OLIM(POBaHY aBaHTIOPY, HE BIJAIOUH, SIKI CTPATETIi M03aAy TOTO
ommckydoro NFT-tokena.

VsaBiMO My3edl 13 BEIWYE3HOI KIIBKICTIO €KCIOHATIB: TPAAUI[INHUX KapTHUH,
xuMepHuX  VR-iHcTamsmii, 3amm@poBaHux  OnokdeiH-apTedakTiB.  3BHUYaliHA
€KCIIO3UIIisl CTAa€ BY3JIOM B PO3MOIIICHIN CUCTEMI, B SIKii KOXKEH 00'€KT 0/Ipasy * MOXKeE
OTpUMATU CBIM yHIKaJbHMIM 1upoBuil nacnopt. Yu He (dantactuka? KoxxeH Takuit
«macnopt» — ue NFT, Brserenuil y Oe3nepepBHUN JIaHLIOXKOK OJIOKUEHH-3aIUCIB.
HecnogiBano, mpocte BiIBIAYBaHHS BIPTyaJIbHOTO 3a1y HaraJye€ MaHApIBKY 3 O€31144i0
napajieIbHUX MapIIpyTiB, Y AKUX KpunTorpadidHa mpaBaa MoeIHY€ETHCS 31 CHOHTAHHUM
HATXHEHHSM TJIs/1a4a.

[Mudposizaris my3eiB — 11e He e onu(pyBaHHS €KCTIOHATIB, aje 1 iXH1i 00K Ta
MO>KJIMBICTh YIPABJISITH HUMHU HaJalll Bxe B uppoBomy npoctopi. Hacamnepen iaeTses
PO CTBOPEHHS «IM(PPOBOro ABIMHHKA» MYy3e€HHOro MnpeaMera, mnosicHioe Haramis
JI3t06enko. Taka komiss — He mpocTo 300pakeHHs. DoTorpadiro mpeamera 000B’ I3KOBO
MarTh CYyNpOBOMXKYyBaTH MeTanaHi. Lle «macmopt 00’ekTa», MiHIMajgbHa HEOOXITHA
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