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ABSTRACT

Context. Fortunately, the most commonly used in parametric statistics assumptions such as such as normality, linearity, inde-
pendence, are not always fulfilled in real practice. The main reason for this is the appearance of observations in data samples that
differ from the bulk of the data, as a result of which the sample becomes heterogeneous. The application in such conditions of gener-
ally accepted estimation procedures, for example, the sample mean, entails the bias increasing and the effectiveness decreasing of the
estimates obtained. This, in turn, raises the problem of finding possible solutions to the problem of processing data sets that include
outliers, especially in small samples. The object of the study is the process of detecting and excluding anomalous objects from the
heterogeneous data sets.

Objective. The goal of the work is to develop a procedure for anomaly detection in heterogeneous data sets, and the rationale for
using a number of trimmed-mean robust estimators as a statistical measure of the location parameter of distorted parametric distribu-
tion models.

Method. The problems of analysis (processing) of heterogeneous data containing outliers, sharply distinguished, suspicious ob-
servations are considered. The possibilities of using robust estimation methods for processing heterogeneous data have been ana-
lyzed. A procedure for identification and extraction of outliers caused by measurement errors, hidden equipment defects, experimen-
tal conditions, etc. has been proposed. The proposed approach is based on the procedure of symmetric and asymmetric truncation of
the ranked set obtained from the initial sample of measurement data, based on the methods of robust statistics. For a reasonable
choice of the value of the truncation coefficient, it is proposed to use adaptive robust procedures. Observations that fell into the zone
of smallest and lowest ordinal statistics are considered outliers.

Results. The proposed approach allows, in contrast to the traditional criteria for identifying outlying observations, such as the
Smirnov (Grubbs) criterion, the Dixon criterion, etc., to split the analyzed set of data into a homogeneous component and identify the
set of outlying observations, assuming that their share in the total set of analyzed data is unknown.

Conclusions. The article proposes the use of robust statistics methods for the formation of supposed zones containing homoge-
neous and outlying observations in the ranked set, built on the basis of the initial sample of the analyzed data. It is proposed to use a
complex of adaptive robust procedures to establish the expected truncation levels that form the zones of outlying observations in the
region of the lowest and smallest order statistics of the ranked dataset. The final level of truncation of the ranked dataset is refined on
the basis of existing criteria that allow checking the boundary observations (minimum and maximum) for outliers.

KEYWORDS: outliers, robust estimates, trimmed mean, symmetric and asymmetric truncation.

NOMENCLATURE

X is an initial data set;

X* is an ordered sample, constructed on the basis of X;

N is a data sample size;

Xy 1s an order statistics from the data set X*;

o is a trimming proportion;

oy is a trimming proportion of smallest order statistics
of X* (an asymmetric case);

Ti(aL, ay) is an asymmetric trimmed mean obtained in
accordance with the selected adaptive robust estimator;

eT,(0) is a standard error of the symmetric trimmed
mean;

er j (ap,0y)
trimmed mean;

Al is a set of possible truncation levels;

is a standard error of the asymmetric

oy is a trimming proportion of largest order statistics
of X* (an asymmetric case);

€ is a proportion of outliers;

L(a) is an average of [an] smallest order statistics of
X*;

U(a) is an average of [an] largest order statistics of
X*;

M(a) is an average of [an] middle order statistics of
X*;

Essym is a group of robust estimators based on symmet-
ric trimming;

ESasym is a group of robust estimators based on asym-
metric trimming;

Ti(a) is a symmetric trimmed mean obtained in accor-
dance with the selected adaptive robust estimator;
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Ug) 18 a statistics of Smirnov criterion;

U, is a critical value of the Smirnov criterion;

G(x; X; 6% is a normal distribution with mean X and
variance 6%

[y] is an integer part of y.

INTRODUCTION

In the act of processing of real data that are collected
on the basis of registration (observation) methods, meas-
urements (experiments, tests) or the participation of third
parties (interviews, focus groups, expert assessment
methods), analysts are often faced with a situation when
data sets (samples) have observations that, to one degree
or another, differ (stand out) from the rest in terms of the
analyzed attribute.
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In statistical analysis, such observations were called
“abnormal”, “outliers”, “sharply distinguished”, “suspi-
cious”, etc. The gross errors, measurement errors, failures
of measuring equipment, human factors (operator errors),
as well as short-term abrupt changes in measurements
(experiments), for example, vibration, can cause of them.
The share of outliers is usually about 5% to 10% of ob-
servations in the total dataset [1-4], which disturbs their
homogeneity. The appearance of abnormal data in the
samples is the reason for so-called “heavy tails”, multi-
modality, pronounced asymmetry, kurtosis, etc. This, in
turn, does not allow such data samples to be represented
by rigorous parametric models that are described by the
well-known probability distributions (e. g. Normal, Pois-
son, Student distributions, etc.) and characterized by two
main parameters: the location parameter, which is the
population or sample mean, median, mode; the scale pa-
rameter, which can be represented by variance, standard
deviation, peak-to-peak, etc.

The use of generally accepted assessment procedures
in such conditions, which are based on an explicit or im-
plicit assumption of normality, entails the bias increasing
and reducing the effectiveness of the obtained estimates.

In the context of the analysis of expert information,
the use of survey data processing methods, which are
based on the procedure of their averaging, will be justified
only if there is a sufficiently high consistency (proximity)
of expert assessments.

The object of study is the process of detecting and
excluding anomalous objects from the heterogeneous data
sets.

The subject of study is procedures, methods and
technique for finding an unusual observations (outliers) in
analyzed data sets.

The purpose of the work is to develop a procedure
for anomaly detection in heterogeneous data sets, and the
rationale for using a number of trimmed-mean robust es-
timators as a statistical measure of the location parameter
of distorted parametric distribution models.

1 PROBLEM STATEMENT
Let, X = (xy, x,..., x,) be a set of values measured by
some parameter, where » is a sample X size.
The task is to identify the X' < X region, that con-

tains homogeneous data and the X" c X, X' uX"=X
region, that is anomalous in relation to the X' region
values (outliers).

By a homogeneous component X' < X we mean an

area such that all x; € X', j=1,| X'| are independent of

each other and have the same probability distribution den-
sity (same values of characteristics (parameters) under the
same distribution).

If the proportion of anomalous data (¢ =| X" |/| X |) is

more then 0.5, the further analysis is impractical; if the
level of “clogging” is 0.5, only a sample median can be
recommended as a robust estimate for finding the average
of such a sample.
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2 REVIEW OF THE LITERATURE

To process data sets containing heterogeneous obser-
vations, the following approaches are used [1, 2, 4, 5, 6]:
the identification and exclusion of outliers; the application
of robust methods for statistical analysis of data with out-
liers. To solve the first problem, there is currently a whole
class of parametric and nonparametric methods for anom-
alous observations identification [5—9]. Parametric meth-
ods are based on complete a priori information about ob-
servations, their application presupposes a priori knowl-
edge of the theoretical distribution of the investigated
values or its determination from empirical data. Non-
parametric methods do not use detailed a priori informa-
tion about observations and can be used when the distri-
bution of the indicator under study is unknown and there
is no need for its analytical description. An important
condition for using nonparametric methods is that the
distribution functions of analyzed measurements must be
continuous. The effectiveness of the application of these
procedures largely depends on the size of the sample un-
der study and the power of the selected criteria.

One aim of robust statistics is to develop evaluation
procedures that are resistant to the appearance of outliers
in data sets, and to obtain unbiased (or slightly biased)
and effective estimates. Currently, there are next classes
of robust estimates [1-4, 10]: robust estimators based on
Maximum-likelihood argument (M-estimators); robust
estimators based on rank statistics (R-estimators); robust
estimators based on a linear combination of order statis-
tics (L-estimators). Robust L-estimators are most wide-
spread due to the simplicity of their computational im-
plementation [10—13]. These estimates include truncated,
censored, Winsorized means, sample median, etc. The
main problem of the considered estimators is the choice
of the trimming proportion a, which can be sufficiently
solved by using adaptive robust procedures for statistical
data estimation [13-16].

3 MATERIALS AND METHODS

Most of the existing criteria for testing outlying obser-
vations are based on the assumption that the distribution
of measurements corresponds to the normal distribution
[5-9]. To search for and filter out sharply distinguished
observations in small samples, the most widespread and
theoretical justification was obtained by Grubbs-type sta-
tistics such us Smirnov (Grubbs) test, Tietjen-Moore test,
Dixon test [6, 8, 9]. These criteria provide checking either
one outlier (smallest or largest), or two (two smallest or
two largest in the sample). At the same time, there is a
problem of searching for outliers if their share in the total
set of measurement data is unknown.

In this regard, the problem of finding a homogeneous
component of the set of measurement data is urgent. It is
assumed that the measurement results have approximately
normal distribution. Modern research has shown that the
procedure for checking the analyzed data samples for
compliance with the Gaussian distribution is a rather dif-
ficult task, especially for analyzing samples with limited
data volume (n < 50). Currently, there is a fairly extensive
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class of goodness-of-fit tests [17—-19], applicable for small
data samples, for example, the nonparametric Shapiro-
Wilk test [18], the Sarkadi test [19]. At the same time, it
was proved that in small samples case it is not always
possible to distinguish the normal distribution from other
types of distributions.

Under these conditions, the paper proposes to use a
complex of adaptive robust estimates to identify a homo-
geneous component of the analyzed data set. However, in
this case, the problem arises of choosing robust estimates
that can recommend different levels of truncation of the
ordered sample built on the basis of the analyzed sample
of measurement data. The trimming proportion has a di-
rect impact on the size of the area containing homogene-
ous data, i.e. an area that does not contain outliers. To
clarify (expand, or narrow) the area of homogeneous data,
the Grubbs-type test was used.

Let us consider the main stages of the proposed pro-
cedure for searching and eliminating outliers in the stud-
ied data set.

Stage 1. Formation of truncation levels of the ordered
sample X*.

1.1. Construction on the basis of a set of measurement
data X the ordered sample values  X*:
X(1) < X©2) <..< X(i) <..< X(n)- Denote by X(i) the order statis-
tics from the data set X*.

1.2. Calculation the robust measure of tail length [13—
15]:

0=Upos—Loos)/Ups—Lys)» (1)
O =WUo2—-Ly2)/(Ups—Los)- )

1.3. Estamation the tail length of distribution, for ex-
ample [14, 15]:

0<20 light tailed;
20<0<26 medium tailed;
26<0<32 heavy tailed; ®)
0>32 very heavy tailed.
0; <1.81 light tailed;
1.81<Q; £1.87 medium tailed; @)
0; >1.87 heavy tailed.

1.4. Test X* for the symmetry of the distribution,
based on measure of the tail length, e.g. according to ro-
bust measure HeQ, [14, 20]:

HeQ; <0.7 left - skewed model;
0.7<HeQ, <1.4 symmetric model; )
HeQ) >14 right - skewed model.
where HeQ; can be defined by next formula:
HeQy =U 05y = M(0.5)/M(0.5) = L 05) (6)
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1.5. Selection of a group of robust estimators based
on order statistics £st (ESgym, ESasym):

Esg,., (HeQ; <0.7)v (HeQ; >1.4);
Est = sym ( Ql ) ( Ql ) (7)
Es 0.7< HeQ <1.4.

asym»

1.6. Calculation the value of robust estimators within
the selected group Est.
1.7. Selection of estimator Tj(a) € Est, which are sat-

isfied the condition m}n(eTj(a)) or rrljgn(er/(aL,aU)),

j=Lk.
Setting the truncation levels o (a symmetric case), or
a;, and o (an asymmetric case; o = o, + o).
1.8. Formation of possible truncation levels, Fig.1:
— a symmetric case

Esgym: Al = {0y |t=1,2},a>a, VT (a)e Est;
— an asymmetric case

ESqsym: Al = {OL[L |t=G} s O,ZL >0y,

VT(ay,0p)€Est; Al ={af; |s=1z}, af >ay.

The obtained values are sorted in ascending order.

Stage 2. Checking the boundary elements xy), X(ig+1),
g=lan], (symmetric case) Or Xgi), Xug2+1), Li=L0zn],
2,=[ayn] (asymmetric case) of the X* on anomaly.

2.1 Formulation of the null and alternative hypothe-
sis:

2.1.1 the Ej,,, group has been selected.

Hy: the boundary observation (xg) 01 X(, ¢+1)) belongs to
the same general population as the rest (g =n—2g— 1) of
the central values of the ordered sample.

H,: the boundary observation (x() 01 X(, g+1y) is outlier.

2.1.2 the E,y,, group has been selected.

Hy: the boundary observation (xg1) O X(,g2+1)) belongs
to the same general population as the rest (g=n—g; —

g, — 1) of the central values of the ordered sample.

H,: the boundary observation (X O X(;_g+1)) 1S Out-

lier.

IF (u(g1y < tg), OF (Ugn_g211) < t4,), THEN Hyis accepted.

The elements x(,;) and x(, 41y are checked alternately.

Stage 3. Outliers exclusion, Fig. 2-3.

3.1 IF Hy is accepted:

3.1.1 for x(, g+1y (OF X(,g2+1) Tespectively), THEN the
next senior member of the ordered sample is tested until
the element x(; is found, for which H, will be rejected.

Then the group of senior members of the ordered
sample x;) <...< X, is considered as outliers.

3.1.2 for X (or x4y respectively), THEN the previous
junior member of the ordered sample is tested until the
element x(,) is found, for which H, will be rejected.
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3.2.2 for xg) (or x() respectively), THEN the trunca-

Then the group of junior members of the ordered
tion levels o, € Al (or o} € Al; respectively) are con-

sample x(;) <...< Xy is considered as outliers
3.2. IF H; is accepted: sistently selected
32.1 fi tively), THEN the trun- ) .
] OF X g+1) (O X1 211 respectively), ) © Repeat the procedure of items 2.1-3.2.
cation levels o, € Al (or of; € Aly; respectively) are

consistently selected.
Repeat the procedure of items 2.1-3.2.

Formation of set X = {x |i=1,n}

v

Checking X for symmetry of a distribution

v

Construction of an ordered sample X~

v

Is the distribution
asymmetry equal to 07

Formation of set Est=Es_, ={T (a)| j =Lk,}.
|
Choice of the referent estimator
T(a) € Est: min(e, ), j=Lk .
; . 2
|
Formation of truncation levels

Formation of set Est=Es,, ={T(a,.a,)| j =1k }.

|
Choice of the referent estimator

T(op,0p) € Est: m}in(ellw; ) s _,i:rk] .
I
Formation of truncation levels V7'(«,,,,) € Est

Al ={a' |t=1,21, ! : —
L =la ] e @ >a Es. :Al={a |t=1,2},0>a, VYT (a)e Est ;

S sym

S asym *©

Y — - 5 .
s=1z,}, o >aq;

Al, = {a;

v

( )

Figure 1 — Algorithm for truncation levels formation

Until x,,is met for which H, is rejected Until xis met for which H, is rejected

] ]
! e * — . >
Xy . ".u-__-,l "’l:_'|l "'—lﬂ-c:' 1 "-lﬂ-i::' 1} X
H, is true for x,, | H, is true forx,,  H,is true forx,, ., H,is true forx,,. .,
g=la,n] g,=[af_ nj gr=[af'”] g=[an]

Figure 2 — The procedure for selection the initial truncation levels in asymmetric case

outliers outliers
>k . P, t t — % *—>
-rth 'rhl] -\-|g:.|| A.gﬂ “tu-x_.- 1§} "lu._u:-h xtt_-l 'lI_HP
H, is false forx,,  H, is true for x H, is true for x,,..,, H, is false forx,

Figure 3 — The procedure for outliers’ determination in asymmetric case
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4 EXPERIMENTS
Let us consider an example of the implementation of
the proposed method. To model the set of measurement
data, a mathematical model of independent observations

with a Gaussian distribution X ={x; |i= I,_n} (volume
n = 500) has been constructed.

The constructed model is a two-component symmetric
mixture of normal distributions of the form:

F(x)= (l—s)G(x;f;G%)+8G(x;)?;clz), (®)

where Gé <c]2;05850.5.

Using the Tukey contamination model (8), a mixture
was generated with the following parameters:

— the main Gaussian distribution G(x, X, 64°) with pa-
rameters x =0, 6y =0.7;

— the contaminated Gaussian distribution G(x, x, 012)
with parameters ¥ =0, 0, =1.2;

— the proportion of outliers & = 25%.

The test for symmetry of distribution was performed
on the basis of the HeQ; robust estimator (6). Based on
the results of such verification, a group of symmetric
truncation estimators Est = Es,,, was selected [10, 13—
16].

5 RESULTS
The results of the analysis of the Est-group estimators

are presented in the Table 1.

Table 1 — The analysis of Est-group estimators

N || D@ | w% | er@ | FERE
1 | NH, | —0.0109 12.5 0.0353 [X 635 X ass]
2 | NH, | —0.0126 | 18.75 0.03537 [X o4 X a07]
3 [ HGP | -0.0078 25 0.0380 [X 126; X 375]
4 | HG, | 0.0018 0 0.0369 [X 15 X s00]
5 | HG, | -0.0078 25 0.0380 (X" 126; X 375]
6 | PAR | —0.0078 25 0.0380 [X 1265 X 375
7 | PR, | —0.0116 20 0.0355 [X 1013 X 400]
8 | PR, | 0.0018 0 0.0369 (X1 X 0]
9 4, | —0.0081 15 0.03538 [X 76, X 45]
10 | 4, | —0.0081 15 0.03538 [X 76 X a5]
11 | 4, | —0.0122 15 0.03538 [X 76, X 45]
12 | 4, | -0.0116 20 0.0355 X 1013 X 400]

The results of Table 1 show that min(eTj(a)) corre-
J

sponds to the Hogg estimator NH;, (o= 12.5%), respec-
tively the next subset of truncation levels was formed
Al={0.15;0.1875; 0.2; 0.25}, v > a, VT (1) € Est .

Based on the results of the verification of the bound-
ary values x), X(g+1), at @ = 12.5% (NH, estimator) ac-
cording to Smirnov test at 0.05 significance level Hy was
accepted, the limit observations belong to the same gen-
eral population, as well as other central values of the or-
dered sample.

Thus, two regions [X'1; X 6] and [X 430; X s00] Were
formed for testing the limit values for the anomaly by
Smirnov criterion in accordance with the scheme shown
in Fig. 3.
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According to the obtained results, two regions of out-
liers were obtained: [X ; X 5] and [X 4845 X 500].

6 DISCUSSION

The procedure for outliers searching in analyzed data
set paper has been proposed. To highlight a homogeneous
component of the set of measurement data, it was pro-
posed to use robust estimates based on a linear combina-
tion of order statistics, which are used the procedure of
both symmetric and asymmetric truncation. In the sym-
metric case, [on] smallest and [on] largest observations
are considered as outliers, which violate homogeneity of
analyzed data set. In the asymmetric case, the truncation
ratio o is additionally divided into the proportions o, and
oy, which corresponds to the truncation levels of the [an]
smallest and [on] largest observations. The main problem
of such type estimators is the choice of the value of the
truncation coefficient o, which can be sufficiently solved
by using adaptive robust procedures. With the adaptive
approach, a specific type of auxiliary measures of tail-
length, skewness and kurtosis. To choice the initial (refer-
ence) level of truncation of ordered sample, an adaptive
estimate was chosen that minimizes the value of the stan-
dard error of the truncated mean.

CONCLUSIONS

The problem of outliers detection in heterogeneous da-
ta sets has been studied.

The scientific novelty of obtained results is that the
methods of detection and exclusion of observations dis-
torted by measurement errors (anomalous observations)
due to hidden defects of the equipment, operating condi-
tions of the equipment, and other conditions, are received
the further development. The mathematical apparatus of
nonparametric statistics was used to process the results of
observations and search for outliers. The proposed ap-
proach is based on the procedure of truncation of ordered
samples obtained on the basis of the initial sample of
measurement data. Observations that fall into the region
of [a;n] smallest and [ayn] largest order statistics are con-
sidered outliers. To form possible levels of truncation of
the ordered sample, data processing algorithms using
adaptive robust statistical estimation procedures were
used, which allowed to formalize the procedure for select-
ing the level of truncation.

The practical significance of the obtained results lies
in the fact that the proposed approach allows, along with
the traditional tests for outliers detection, to single out a
set of abnormal measurement results, if their share in the
total set of measurement data is unknown. This, in turn,
expands the capabilities of existing algorithms for search-
ing the outliers, which is ultimately aimed at increasing
the reliability of statistical processing the results of obser-
vations (primary measurements).

Prospects for further research are aimed at develop-
ing a procedure for a smoother selection of the truncation
coefficients in asymmetric case.
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3 BUKOPUCTAHHSAM POBACTHHUX YCIYEHUX OHIHOK

IIBen A. B. — 1-p TexH. HayK, JOLEHT, OLEHT Kadeapyu iHxeHepii mporpamMHoro 3abe3neueHHss YOpHOMOPCHKOTO HAIlio-
HaJIBHOTO yHiBepcuTeTy iMeHi [letpa Morunu, Mukosais, YkpaiHa.

JaBunenko €. O. — kaHa. TeXH. HayK, JOLCHT, 3aBiqyBay KadeIpu iHxeHepii nporpaMHoro 3adbesnedeHHs: YopHOMOPCh-
KOT'0 HaI[iOHAJILHOTO YHiBepcuTeTy iMeHi [letpa Morunu, Mukosnais, YkpaiHa.

AHOTANISA

AKTYyanbHicTb. 3araJbHONPUNHHATI NPUITYIICHHS B IapaMeTPUUHiN CTATUCTHL, TaKi K HOPMAJIbHICTb, JiHIHHICTb, HE3a-
JIEXKHICTb, JAIEKO HE 3aBXKJU BUKOHYIOThCS Y peallbHill mpakTulli. OCHOBHOO IPUYMHOIO TOMY € I0SIBA CIIOCTEPEIKEHD y JI0-
CJII/DKyBaHUX BUOIpKaX JaHMX, L0 BiAPI3HSIIOTHCS BiJi OCHOBHOT MacH JaHUX, BHACHIJOK YOT0 BUOIpKa CTA€ HEOIHOPIIHOIO.
3acTocyBaHHS B TAaKHX YMOBAX 3aralbHONPUITHATUX MPOIERYp OLIHIOBAHHS, HAIIPHKIAMN, BUOIPKOBOTO CEPEIHBOTO, TATHE 32
c000t0 30UIBIICHHS 3CYBY Ta 3HWKCHHS €()EKTHBHOCTI OJIEpKYBaHHX OLIHOK. Lle B CBOIO 4epry BHCYyBae 3aauy MOIIyKy MO-
XIIMBUX HIISXIB BUpPILIEHHS Ipo0aeMu 0OpoOKU MacHBiB JaHUX, 1[0 MICTATh aHOMaJIbHI CIIOCTEPEXKEHHS, 0COOIUBO B YMOBax
00poOku BHOIpoK Masoro oocsry. O0’eKT HOCTIIKEHHS — MPOLIEC BUSIBICHHS Ta BUKIIIOYCHHS aHOMAJIBHUX CIIOCTEPEKEHb Y
BUOIpKaxX HEOJAHOPLIHUX JaHUX. MeTa po6oTH — po3pobKa MpoLEeAypH MOIIYKY aHOMAaJIbHUX CIIOCTEPEKEHb Yy BUOIpKaxX HEOJ-
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HOPIJHUX JTaHUX, Ta OOTPYHTYBaHHS BMKOPHCTAHHS HU3KH YCIUCHHMX OLIIHOK THITy «CEPEIHE» JUIS OL[IHIOBAHHS MapamMeTpy
HIOJIOKEHHSI CIOTBOPEHUX IAPaMETPUIHUX MOJIENIEH PO3IOILIIB.

Meroa. Po3riissHyTi nuTaHHs aHanizy (0OpoOKH) HEOMHOPIMHUX JAHHX, IO MICTATh AHOMAJIbHI, Ti03PiTi CIOCTEPEIKEH-
Hs. [IpoananizoBaHO MOXKINBOCTI BUKOPUCTaHHS POOACTHUX MPOLEAYD OLIHIOBAHHSI, CTIHKUX 10 HAasSBHOCTI BUKHUIIB Y BUOIp-
KaxX HEOJHODIJHUX JaHHX. 3aIPONOHOBAHO MPOLENYPY BHUSBJICHHS Ta BUKIIIOUSHHS aHOMAIBHUX CIIOCTEPEKEHb, IPUINHOIO
SKUX MOXXYTb OyTH IOMWJIKU BUMIpIOBaHb, IPUXOBaHi Ae(EeKTU anmapaTypu, BUpOOJIEHHS pecypciB, yMOBH IPOBEIEHHS €KC-
MEPUMEHTY TOIIO. B OCHOBY 3alpONOHOBAHOTO IMiIXOLy HOKIaJAEHO MPOLEAYPY CUMETPUYHOTO Ta HECUMETPHIHOTO YCIUSHHS
BapialiifHOTO psiy, OTPUMAHOTO Ha OCHOBI BUXIAHOT BUOIPKH JaHUX, HA OCHOBI METOJIB poOacTHOI craTiucTuKu. [yt o0rpyH-
TOBAaHOTO BHOOPY BENMYMHH Koedili€HTa yCIYeHHS O, 3alPOIIOHOBAHO BHKOPHCTOBYBAaTH aJalTHBHI POOACTHI MpOLIERypH
CTaTUCTUYHOTO OLiHIOBaHHA. CIIOCTEPEXKEHHS, 110 MOTPAIMIN 0 30HH MOJIOAIINX Ta 30HU CTapIIUX HOPSAKOBUX CTATUCTHK,
BU3HAHI aHOMAJILHUMH.

Pe3yabTaTn. 3anpornoHoBaHUN MiAXiA A03BOJISE HAa BiAMIHY BiJ TPaAUIIMHUX KPUTEPiiB MOLUIYKY aHOMAJIbHUX 3HAUCHB,
takux sik kputepiit Cmipaosa(I'pab6ca), kpurepiii JlikcoHa Ta iH., po30MBaTH aHANI30BaHy CYKYIHICTh JAHUX Ha OJHOPIIHY
CKJIQIOBY Ta BHSBJIATH CYKYIIHICTh aHOMAJIBHHUX CIIOCTEpPEXKCHb, IIPH IPUIYLIEHH], 10 iX YacTka y 3arajbHi CyKyIHOCTI
aHaTI30BaHUX JJAaHUX HEBIIOMA.

BucHoBKH. Y cTaTTi 3aIpONOHOBAHO BUKOPUCTAHHS METOAIB POOACTHOI CTATHUCTHKU U1 (OPMYBaHHS NepefdadyBaHUX
30H, 1[0 MICTATb OJHOPIJHI Ta aHOMaJbHi CIIOCTEPEKEHHS Y BapialiiiHoMy psiii, 100yZ0BaHOMY 3a BUXiIHOK BHOIPKOIO aHa-
Ji30BaHMX JaHUX. 3aPOIIOHOBAHO BUKOPHCTOBYBATH KOMIUIEKC aJallTHBHUX POOACTHUX MPOLEAYP Il BCTAHOBJIECHHS PiBHIB
yCideHHs, 1110 YTBOPIOIOTh 30HK AaHOMAJIbHUX CIOCTEPEXEHb B 00JIACTI CTApIIMX Ta MOJOALIMX MOPSIKOBUX cTaTUCTUK. OcTa-
TOYHHI PiBEHb YCIYCHHS BapiallifHOTO Py YTOYHIOEThCS HAa OCHOBI iICHYIOUMX KPHUTEPIiB, 10 JO3BOJSIOTH MEPEBIPATH Tpa-
HUYHI CIIOCTEpEXeHHs (MiHIMaJIbHE Ta MAKCUMAaJIbHE) Ha aHOMAJIbHICTb.

KJIFOYOBI CJIOBA: Bukuau, pobacTHi OI[IHKH, yCiYCHE CePEIHE, CAMETPUYHE 1| HECUMETPUYHE YCIUCHHS.
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MPOIEJTYPA BBISABJEHUS AHOMAJIBHBIX HABJIIOJEHUI B HABOPAX HEOJTHOPO/THBIX
JAHHBIX C UCITIOJIb30BAHUEM POBACTHBIX YCEUEHHBIX OHEHOK

IIBen A. B. — 1-p TexH. HayK, JJOLEHT, TOLEHT KadeaApbl HHKEHEPUU NPOrpaMMHOr0 obecriedeHus: YepHOMOPCKOro Ha-
LMOHANBFHOTO YHUBepcuTeTa nMeHu Ilerpa Morumnsl, Hukonaes, Ykpaunna.

JaBbiaenko E. A. — xaHJI. TeXH. HayK, JOLUEHT, 3aBEAYIOIIUI Kadeapoll HHKEHepHH MporpaMMHoro odecrieueHust Yep-
HOMOPCKOT'0 HaIllMOHAJIBHOTO yHHUBepcuTeTa uMeHu [letpa Morwisl, Hukonaes, YkpauHa.

AHHOTALUSA

AKTyanbHOCTh. OOIIENPHHATHIE NPEANON0KEHUS B apaMEeTPUUECKON CTaTUCTHKE, TaKUe Kak HOPMalbHOCTh, JIMHEH-
HOCTb, HE3aBHCHMOCTb, JAJIEKO HE BCETa BHIIOJIHSIIOTCS B peallbHOM npakTuke. OCHOBHOW MPHYMHOMN 3TOTO SIBJISETCS MOSIB-
JICHUEC Ha6ﬂ}0I[CHI/II71 B UCCJIICAYCMBIX BLIGOpKaX JAHHBIX, OTIIMYAIOIIHUXCA OT OCHOBHOI MacChl JAHHBIX, BCICACTBUEC YETO BhI-
OOpKa CTAaHOBHTCSI HEOTHOPOAHOM. [I[puMEHeHNe B 9THX YCIOBHUIX OOLICTIPUHATHIX MPOLIEAYP OLCHUBAHUSI, HAIIpUMED, BBIOO-
POYHOTO CpeJHEro, BiedeT 3a co00i yBeIMYeHHe CMEIEHHOCTH U CHIDKEHHE d(Q(QEKTHBHOCTH MOITYyYaeMbIX OLEHOK. JTO B
CBOIO OYepelb BBIIBUTACT 33aJ1a4y MOMCKa BO3MOXKHBIX IyTel pelieHnii mpodaeMsl 06pab0TKH MacCHBOB JIAHHBIX (BBIOOPOK),
coJiepKalliX aHOMaJIbHbIE HAOJIO/IEHHS, OCOOCHHO B YCIOBHUAX 00pabOTKH BBIOOPOK Maiioro odbema. OOBEKT ucclenoBa-
HUSI — MPOIIeCC 0OHAPYKEHHS U UCKITIOUSHUST aHOMATBHBIX 00BhEKTOB BEIOOPKH HEOJHOPOIHBIX TaHHBIX. Llenb paboThl — pas-
paboTka mporeayphl MOMCKAa aHOMAITbHBIX HAOIFOICHHH B BBIOOPKAaX HEOTHOPOAHBIX TAHHBIX, © 000CHOBaHUE UCTIOIb30BAHHS
psiia YCeYeHHBIX OLEHOK THIIA «CPeIHee» IS OLIEHUBaHUS MapaMeTpa MOJ0KEHHS HCKaKSHHBIX apaMeTPHIeCKUX MoAaeeit
pacnpeneneHui.

Merton. Paccmorpens! Bompocs! aHanu3a (00paboTKH) HEOTHOPOIHBIX JaHHBIX, COJIECPIKAIlNe aHOMAJbHBIE, Pe3KO BBIIE-
JISIFOIIMECS], TTOJ03pUTEIbHbIE HaOmoaeH . [Ipoanann3upoBaHbl BOZMOKHOCTH HMCIOJIB30BaHHS POOACTHBIX MPOLEAYp OLe-
HUBAHUsSI, YCTOWYMBBIX K HAJMYHIO B BHIOOPKAX TAHHBIX «3aCOPSIIOLIMX» 3HAYCHUH, Uil 00pabOTKH HEOJAHOPOIHBIX TAHHBIX.
[Ipeanosxena mpoueaypa BBIIBICHUS M WCKIIOUYEHHS aHOMAJbHBIX HAONIONCHUH, NPUYMHOW KOTOPBIX MOTYT OBITH OIIMOKH
U3MEPeHUH, CKPBITEIE Ne()eKTHl amlmaparypsl, BEIpabOTKa PecypcoB, YCIOBHS HMPOBEACHHS SKCICPHMEHTA U T.J. B OCHOBY
MIPEATIOKEHHOT0 TOIX04a MONI0KEeHA MPOLeaypa CUMMETPUIHOIO U HECUMMETPHYHOTO YCEUECHHUsI BApHALMOHHOTO Psijia, Mo-
JIy9eHHOTO Ha OCHOBE UCXOJIHOM BRIOOPKHU JAHHEIX, HA OCHOBE METOOB POOACTHOI cTaTUCTHKH. [[111 000CHOBAaHHOTO BEIOOpa
BENUYMHBI KOG (UIMEHTa yCeUeHHs 0, IPEIUIOKEHO HCIONB30BaTh aJalTUBHBIE POOACTHBIE MPOLETYPbl CTATHCTHYECKOTO
oneHnBaHus. HaboieHNs, KOTOPEIC HAXOAATCS B 30HE MIIQJIINX ¥ 30HE CTAPIINX MOPSAAKOBEIX CTATHCTHK, IPU3HAHBI aHO-
MaJIbHBIMHU.

PesyabTaThl. [IpemioskeHHBIH NOAX0/ TO3BOJISIET B OTJIMYHE OT TPAJUI[HOHHBIX KPUTEPHEB MOMCKA aHOMAJBHBIX 3HAYe-
HUi, Takux Kak kputrepuid CmupHoBa(I'pab0ca), kpurepuii JlukcoHa u ap., pa3dMBaTh aHAIM3UPYEMYI COBOKYMHOCTH JaH-
HBIX Ha OJJHOPOJHYIO COCTABIIIONIYIO U BBIBIISITH COBOKYITHOCTh AaHOMAJBHBIX HAOJIONCHUH, P IPEIIOI0KEHHHN, YTO HX
J0J1s1 B O0IIIEH COBOKYITHOCTH aHAIN3UPYEMBIX TaHHBIX HEU3BECTHA.

BeIBogbl. B crathe mpeuioxkeHo HCIOIb30BaHUE METOJOB POOACTHOMH CTATHCTUKH JUIS (POPMUPOBAHUS MIPEIIIOIAraeMbIX
30H, COAEPKALIMX OJHOPOTHBIE W aHOMaNbHbIE HAOIIONEHUS B BAPHAIIMOHHOM psJie, TOCTPOSHHOM MO MCXOIHOW BBIOOpKE
AHAJIM3UPYCMBIX JaHHBIX. HpCﬂJ'IO)KCHO HCIIOJIB30BaTh KOMINICKC aJdallTUBHBIX pO6aCTHbIX npouenyp, Ajsd yCTaHOBJICHUSA

© Shved A. V., Davydenko Ye. O., 2022
DOI 10.15588/1607-3274-2022-3-5

56



e-ISSN 1607-3274 PagioenexTpoHika, inpopmaTuka, ynpasminas. 2022. Ne 3
p-ISSN 2313-688X Radio Electronics, Computer Science, Control. 2022. Ne 3

IIPEATIoIaraeMbIX YPOBHEH ycedeH s, 00pa3yIouX 30Hb aHOMAJIBHBIX HAOMIOACHNH B 001aCTH CTApIINX U MIIaJIINX ITOPsA-
KOBBIX CTATHCTHUK BapHalMOHHOTO psana. OKOHYATENbHBII YPOBEHb YCEUCHHs BapUAIIMOHHOTO psijia YTOYHSETCS Ha OCHOBE
CYIIECTBYIOUINX KPHTEPHUEB, MO3BOJAIOMINX MPOBEPATh TPAaHUYHBIE HAOMIONEHMS (MUHAMAJIbHOE U MaKCHMAIIbHOE) Ha aHO-
MaJIbHOCTb.
KJIIIOYEBBIE CJIOBA: BBIOpOCH, pobacTHBIE OIIEHKH, yCEUEHHOE CpeHee, CHMMETPUIHOE M He CUMMETPHUIHOE yCe-
YeHHeE.
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