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Abstract

This article discusses an approach to creating a
complex of programs for the implementation of
cluster analysis methods. A number of cluster
analysis tools for processing the initial data set
and their software implementation are analyzed,
as well as the complexity of the application of
cluster data analysis. An approach to data is
generalized from the point of view of factual
material that supplies information for the
problem under study and is the basis for
discussion, analysis and decision-making.
Cluster analysis is a procedure that combines
objects or variables into groups based on a given
rule. The work provides a grouping of
multivariate data using proximity measures such
as sample correlation coefficient and its module,
cosine of the angle between vectors and
Euclidean distance. The authors proposed a
method for grouping by centers, by the nearest
neighbor and by selected standards.

The results can be used by analysts in the process
of creating a data analysis structure and will
improve the efficiency of clustering algorithms.

AHHOTANNSA

B nanHOl craTthbe paccMaTpuBaeTCi IOIAXOJ K
CO3JIaHHIO KOMIIIEKCA IPOTPaMM I10 Peann3aluu
METOJIOB KJIACTEPHOTO aHau3a.
[IpoananusupoBan pan HMHCTPYMEHTOB
KJIaCTEpHOTO aHaJIn3a 1Mo 00paboTKe HCXOTHOTO
Ha0opa JaHHBIX W X MPOrpaMMHasl pean3anys,
a TakXe CIOKHOCTH NPUMEHEHHUS KIACTEPHOIO
aHanu3a JaHHbIX. OOOOMIEH TOIX0/1 K TAHHBIM C
TOYKM 3peHHs (aKTHUECKOro  MaTepuana,
MOCTABJIAIONIETO MH(YOPMALIMIO JUII U3ydaeMoit
npoOJieMbl M SIBJSIFOIIMICS  OCHOBOW  JUISI
OOCYX/IeHUs, aHaIM3a W TPHUHATHSA PELICHHUH.
KnactepHslif aHanu3 TpeAcTaBIsIeT CcoOOH
ImpoLexypy, Ha OCHOBE 33JaHHOrO IIpaBUiIa
O00BEANHSIONIYI0 OOBEKTHl WM NEpEMEHHBIE B
rpymmsl. B paboTe obecrieunBaeTcst mpoBeeHUE
TPYyNINUPOBKA  MHOTOMEPHBIX  JaHHBIX  C
MIOMOIIBI0  TakKMX Mep  ONM30CTH  Kak
BBIOOPOUYHBIN KOI(D(UITUEHT KOPPESAINH U ero
MOJyNlb, KOCHHYC VyIJa MEXAy BEKTOpaMH,
€BKJIMJI0BO PAacCTOSIHUE. ABTOpaMHU MPEIIOKEH
METOJ] TPYNIUPOBKHM MO  I[EHTpaMm, IO
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The practical significance of the results of the
application of the developed algorithms is
expressed in the software package created by
means of the C ++ language in the VS
environment.

Keywords: cluster analysis, cluster, distance
function between vectors, dendrogram, matrix,
divergence measure, method of grouping a set of
objects.

OmmkaiiimeMy cocenly ¥ IO BBIOpaHHBIM
STaJOHaM.

PesynpraThl  MOryT  OBITH  HCIIOJIB30BaHbI
AQHAIMTHKAMU B TPOLIECCE CO3/IaHUsI CTPYKTYPHI
aHanM3a  JaHHBIX,  [O3BOJIAT  IOBBICUTH
(G (QEKTUBHOCTh AJITOPUTMOB  KJIACTEPU3ALINH.
[IpakThyeckass ~ 3HAYUMOCTH  pE3YJIbTaTOB
MPUMEHEHHsT  pa3pabOTaHHBIX  AITOPUTMOB
BBIPAKAETCSI B CO3JAHHOM CPEICTBAMH SI3bIKA
C++ B cpene VS makera mporpaMm.

KiiroueBble  cjoBa:  KJIACTEpHBI  aHamus,
Knactep,  (QYHKIOUS ~ PacCTOSIHUM — MEXmy
BEKTOpaMH, MICHAPOTrpaMMa, MaTpulia, Mepa
PAacXOKIECHUS, METOJ] IPYIIHUPOBKH MHOXECTBA
00OBEKTOB.

Introduction

When analyzing and predicting a wide variety of phenomena and processes, they are often faced with the
multidimensionality of their description and many characteristics. Therefore, a tool is needed that provides
methods for quantitative multivariate analysis. One of these tools is a cluster analysis, which is a descriptive
procedure and does not make any statistical conclusions, but provides an opportunity to study the structure
of the data.

To date, many dozen different clustering algorithms have been developed, referring to hierarchical and non-
hierarchical one.

Cluster analysis is a method of classification analysis. Its main purpose is to divide the set of objects and
attributes under study into homogeneous in some sense groups (Gubler and Genkin, 1973), or clusters. It is
a multivariate statistical method, which assumes that the initial data can be of considerable volume, i.e. the
number of objects of research (observations) and the signs characterizing these objects can be significantly
large (Ayvazyan et al., 1989).

In applied statistics, multivariate statistical methods could not be used for a long time due to the lack of
computing technology for processing large data sets.

The most common software products that implement cluster analysis methods are STATISTICA, SPSS
Statistics Base and MATLAB. However, they are expensive and, in addition, their common disadvantage
is the limited set of clustering methods and parameter settings. In this paper, an attempt is made to solve
this problem by implementing own algorithms using an object-oriented programming language.

Clustering technique can be used in a variety of applied fields. Although most often this type of analysis is
used in economics, it can also be used in biology, psychology, medicine and many other spheres of human
activity, using a standard set of tools for these purposes (Agresti, 2018).

Based on an analysis of the theoretical foundations and a review of the available literature on the problem
under consideration, the paper proposes a practical approach to one of the ways to group multidimensional
data.

The purpose of the article is to consider an approach to creating a set of programs to implement the basic
tools of cluster analysis based on the proposed method of clustering multivariate data and to give useful
recommendations for improving clustering algorithms and approaches to create a data analysis framework.

Theoretical Basis
The basis for the practical application of cluster analysis is always some axiomatics of transformations and

the introduction of a metric that serves to assess the objects under study and the distances between them.
Typically, the distance between two objects is represented by a non-negative proximity function, which is
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introduced for any objects in the cluster analysis. If we consider the real control conditions, it is more
efficient to compare objects by integral characteristics. Unfortunately, this method is far from always
applicable due to the impossibility of agreeing all units of measurement, taking into account the difference
in metric fields. Researchers are forced to introduce some generalized form of the metric, to use transfer
functions with coefficients obtained mainly by heuristic methods. These methods of solving the problems
of cluster analysis are usually devoted to separate studies on specific objects. The works (Durand and Odell,
1974; Jambu, 1988) very clearly demonstrate the use of a technique based on measuring the distance
between objects. However, the described technique has limited applicability, and in the case of using
incomparable parameters, its application without the formation of a normalized metric space is incorrect.

We can use many of the distance functions proposed in different works on cluster analysis or our own.
Several more frequently mentioned distance functions should be noted: L-norm; Mahalanobis function,
which generalizes the possible options for using Euclidean metric, is given in matrix form and the
transformation of the correlation matrix is invariantly non-degenerate linear transformations (Durand and
Odell, 1974); Jeffreys-Matusita distance function.

In the theory of classification, the most interesting are similar objects that have identically equal
characteristics and some differences. In those cases when the objects coincide absolutely in all
characteristics, the problem becomes trivial and is not interesting. The arbitrariness of the interpretation of
similarity allows classifying very different objects into one group, but coinciding in those characteristics
that are recognized as essential under these conditions. The statistical recognition theory allows such groups
to be called homogeneous. Thus, in the considered problem of classifying any arbitrary objects according
to predetermined characteristics, which are determined by the control objectives and known properties of
objects, it is required to assess the degree of similarity and difference for an incomplete group of
characteristics.

Among the many similarity measures (Van Ryzin, 1977; Kliger et al., 1978; Soshnikova et al., 1999) for
use in the analysis of informal information, often in a fuzzy setting, the most acceptable are those in which
the similarity criterion is taken as the minimum distance between the same measurements of objects. In
difficult cases of incomparability of metrics, the absence of numerical characteristics of the distances
between objects, the study of non-formalized objects and the known distance functions are inapplicable. In
such problems, an abstract normalized space is used with intervals of reduced distances belonging to [0;1].
A feature of the tasks solved by clustering methods is the ability to use almost any information about the
objects of research: formalized and written in an arbitrary form, objective and subjective, directly measured
or obtained by indirect means, systematized and chaotic.

This information needs not only classification, but also preliminary adaptation for processing and
standardization. Such heterogeneous and unstructured information about the objects under study can
legitimately be considered a complex set that requires decomposition, scaling and normalization for
subsequent clustering, structural and meaningful analysis.

According to J. Van Ryzin (1977), there are three types of information used in cluster analysis. He refers
to the first type of multidimensional data. The second type is proximity data (metric and other distances
between objects). The third type is data on clusters: coordinates in the feature space, characteristics and
properties and cluster boundaries.

In applied problems of clustering, there are two types of characteristics of objects: objective indicators that
can be assessed by direct measurement and those indicators that cannot be measured in their original form.
The second type of parameters requires the introduction of indirect units of measurement, expert
assessments and public opinion polls. Obviously, the first group of objective indicators can be directly
measured with a given accuracy, while the second group is characterized not only by uncertainty, but also
by the variability of indicators. The numerical characteristics of the first group, as a rule, correspond to
Euclid's axioms. For subjective indicators, the problem arises of choosing an acceptable metric. There are
various artificial methods for this (Van Ryzin, 1977; Soshnikova et al., 1999).

The practice of processing numerical and non-numerical information involves the use of a variety of
mathematical apparatus: theory of propositional algebra, set theory, pattern recognition theory, discrete
mathematics, systemic and meaningful analysis. However, the use of formalized procedures requires a
special substantiation of the numerical interpretation of complex phenomena that do not have a numerical
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measurement, the determination of the axiomatics of the operations performed and the proof of the
legitimacy of the use of each operation. One of the methods for simultaneously taking into account
qualitative and quantitative characteristics is to divide the measurement scale into a small number of
intervals. In this case, a quality characteristic is assigned to each measurement interval.

When solving most of the problems of cluster analysis, it is convenient to use integral indicators. These
integral characteristics are used at the stage of determining boundary conditions and grouping objects.
Integral assessment simplifies the idea of an object, but allows flexible control of the process of distributing
the elements of a set into groups during classification by including and excluding individual components
from the integral characteristics. Therefore, the classification carried out on the basis of constructing the
metric space in integral characteristics does not reduce its value, provided that a number of rules are
observed (Durand and Odell, 1974; Van Ryzin, 1977; Kliger et al., 1978). As a criterion for the correct
classification by the methods of cluster analysis, one can use such functions that contain the meaningful
logic of the main tasks, the research director's understanding of how a divided set of objects should look
like. And that would be the smartest decision. But most often the problem setter does not know what the
results of the classification may be, and even more cannot determine a priori what partitioning should be
recognized as optimal. In this case, objective functions formulated on the basis of studying the cluster
matrix or intermediate clustering results come to the rescue. As a rule, these objective functions correspond
to the main meaningful regularities, but this connection must be discovered and substantiated separately.

The use of objective functions makes it possible to develop algorithms for the optimization of the cluster
problem and the formal selection of the most efficient partition. In practical problems, it is difficult to
formulate a single objective function for finding an optimal solution. The director wants to enforce several
optimization conditions. An uncomplicated sequential filtering algorithm allows using any number of
objective functions.

Literature Review

To date, a significant number of clustering algorithms have been proposed. When using a wide range of
input variables, different partitioning methods, they allow them to be applied in different areas and
problems. Hence, there is a significant variety of options for their practical application, for example, in
economics, management tasks, sociological research, solving demographic problems, and in medicine.
However, the analysis of publications devoted to this problem allows concluding that most of these
algorithms are purely theoretical in nature and are not implemented in specific software tools. The given
methods do not differ in the detailed elaboration of a software implementation suitable for creating.

In fairly well-known sources (Durand and Odell, 1974; Van Ryzin, 1977), devoted to the practical aspects
of the application of cluster analysis methods, a large number of algorithms are considered. A well-
grounded conclusion is made that the choice of an algorithm for a specific task is determined to a greater
extent by the mathematical culture, the availability of software and hardware with the access of the
researcher, the type and power of the information field, and also depends on many other factors.

Analysis of the clustering algorithms given in the literature allows them to be classified according to the
main groups:

o implementation of clustering based on a complete enumeration of the characteristics of objects (Durand
and Odell, 1974; Bellman and Dreyfus, 2015), in which dynamic programming algorithms are actively
used in order to reduce the computational load;

e two-stage clustering, proposing to build a model for a pre-selected core of objects of classification
(Jambu, 1988);

o algorithms of the "trout" type, which are based on enumerating fixed distances from the centers of
spheres (Van Ryzin, 1977);

e active use of axiomatics and the use of the information field geometrization method and a set of special
algorithms for the correct calculation of the integral indicator;

e algorithm of the "crab" type, in which a certain specified quality criterion is set, and clustering is
implemented as an optimization problem based on certain formalized criteria (Bellman and Dreyfus,
2015);
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e variety of methods based on known clusters with fixed characteristics, which requires the use of
objective functions in order to limit the number of clustering options under study (Van Ryzin, 1977;
Jambu, 1988);
e algorithms based on determining the center of the cluster by calculating the arithmetic mean distance
for the objects under study;
using the branch-and-bound method;
using of expert assessments;
Nearest-neighbor chain algorithm that works well for hierarchically grouped objects.

In the proposed work, the theoretical and practical application of the clustering method is considered in
detail with the provision of grouping of multidimensional data using the introduced special measures of
proximity: by centers, by the nearest neighbor and by selected standards.

Materials and Methods

Since clusters are groups of homogeneity, the task of cluster analysis is to divide the set of objects into m
clusters, so that each object belongs to only one group of division. The objects belonging to one cluster
must be homogeneous (similar), and the objects belonging to different clusters must be heterogeneous.

The objects of clustering are represented as points in n-dimensional feature space (n is the number of
features that characterize objects), the similarity between objects is determined through the concept of
distance between points, because intuitively it is clear that the smaller the distance between objects, the
more similar they are.

In the current work proposed by the authors we consider the development of a software package,
implementing classical methods of cluster analysis (Gubler and Genkin, 1973; Agresti, 2018) and allowing
the implementation of various specific processing approaches. Observations and variables (objects) can be
processed using different distance measures and different cluster association rules.

Cluster analysis can be characterized as a method of grouping an arbitrary set of objects X by a chosen

measure of proximity p(x,y) objects, which are considered to be points x and y (Ayvazyan et al., 1989).
The set of points to be grouped can be given in the form of matrix:

X =

xn X xln ‘|
Xmi " Xmn
where columns define some attributes, and rows define observations in which these attributes are fixed.

Matrix X can be considered as a set of m-dimensional vectors-columns (points) or as a set of n-dimensional
vectors-rows (points).

The following relations are used as distance functions p(x,y) between vectors x and y.
1. The sample correlation coefficient between vectors x and y:

1 i~%_ Yi~¥
p(X,y) = [x.y = Ezﬁlx;xx *Y;Yy, (1)

where x=(x1, ..., xm) and y=(y1, ..., ym) are the dimensional vectors m;

__1lam __1lam .
7= ;Zi:lxi' y=—3m are the mean values of vector components x and y;

i=

1 B 1 ~ . .
S2 = — 3O — %)?,8% = — i - y)? are the sampling variances of vector components x
andy.

2. The modulus of the sample correlation coefficient between vectors x and y:
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p(x:y) = |Ix,y|' (2)
3. The cosine of the angle between vectors x and y in m-dimensional space R™

@y ©)
|x[*lyl”’

p(x,y) = cos(x]y) =
where (x,y) = X, x; = y; is the scalar product of vectors x and y;
x| = m ly| = /X, y? are the vector lengths x and y.
4. The module of the cosine angle between vectors x and y in space R™

p(x,y) = |cos(x;y)], (4)

5. Euclidean distance between points x and y in space:

pley) =R, G —y>  ©

6. Informative measure of divergence for which all components of x and y vectors must be strictly greater
than 0:

*Y i i i*Y
plry) =20+ S G- «n Coy ©)

where x = Y72, x;.y = 3% ¥

The grouping of points with the selected function p in the work is carried out in three ways.

1. According to the centers of groups, the method in which the grouping of points of the set X into natural
groups is carried out according to the degree of connection between the points and the average

properties of the groups. This method is described by Parks and consists in the following: for n columns
of matrix X using the function p(x;, X;) the matrix of mutual distances is calculated:

R, =

P11 Plnl
Pn1 " Pan

where x}i X1j 7, i-th and j-th matrix columns X;
X; = o, x]. = [ l
Xmi Xmj

p(x;, x;) is the column spacing between x; and x;.

In the matrix X, we select two columns iy and ji, which have the greatest similarity p;,,;, between each

other. If there are several such pairs, the first of them is selected. Next, two selected columns i; and j; are
replaced in the matrix X by one, whose components are the center of gravity of the corresponding vector
components x;; and x;,. This column is assigned a number i1, and the column js is excluded from the matrix

X. As aresult, we will have n-1 columns. The numbers of columns merged at the first step and the measure
of their similarity are entered in the first row of the matrix:

iy J1 P1
qg=| i Je Pt
in—l jn—l Pn-1

For the obtained n-1 columns the matrix Rn.1 mutual distances is calculated. Then the most similar two
columns iz and j are selected and are replaced by one corresponding to their center of gravity. The new
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column is assigned a number iz, and the column j; is excluded from matrix X. Matrix X has n-2 columns in
the second grouping step. Column numbers iz, j» and their connection level are entered in the second row
of matrix g. When combining columns which were obtained by combining other columns at the previous
grouping steps, their center of gravity is determined taking into account the number of vectors they replace.
After n-1 unification, we get just one column vector, whose components are the centers of gravity of the
corresponding components of all the columns of matrix X. This will fill n-1 rows of the matrix q.

This method gives good results if the set of grouped points forms separate compact groups along the chosen
metric p, and the distances between these groups are sufficiently large compared to the sizes of the groups.

If the points do not satisfy the above property, then during the grouping, when the properties of individual
groups are averaged, there points with properties different from the set of properties of the grouped points
may appear which may lead to an incorrect interpretation of the dendrograms of the levels of connections
(Kim and Mueller, 1978). This disadvantage of grouping by group centers is eliminated in the nearest-
neighbor grouping method.

2. By nearest neighbor, the way in which the groupings of points of the set X into natural groups is done by
the distance between the boundaries of the groups of points. This type of grouping does not change the set
of properties to be combined into groups of points. When groups are combined, measures of similarity of
each element from one group with each element from another group are determined. Those groups that
contain the points most similar are merged. In the case of metric (5), the similarity of the groups turns into
the proximity of the boundary points. In this case, those two groups are united whose boundaries have
minimal distance between them.

Under certain conditions this method of grouping allows to gather into groups the points obeying the same
functional dependence, while grouping by centers of groups splits the same set of points into groups with
different properties of points inside each of them.

3. According to the benchmarks, a way of dividing points of the set X into groups according to the strength
of their connection with the benchmark points. This grouping is as follows. The reference set is a set in the
form of a matrix:

™
Il

€11 elkl
€m1 " €mk

We consider the grouping of columns. For each column x; of the matrix X is determined by the column of
the reference matrix E, which is most similar to the column x;. Numbers s and i, as well as a measure of
similarity p; are entered into the matrix g.

After splitting the columns of matrix X by the etalons of matrix E, we obtain k groups. Some groups can be
empty, i.e. contain only the etalon and not contain any columns from matrix X. The columns of matrix X
that fall into the group formed by the reference column es, are ordered according to their resemblance to it.

X and E matrices can be merged into one, specifying which columns will be considered the reference (7).
X1 ey €2 X1z v Gk T X (7
X' =X+4+E=] - e o . vee e oo ,

Xm1 emi €mz2 Xmz  Cmk " Xmn

Reference column numbers in the merged matrix X' are a set by the array [, integers and the numbers of
the reference strings by array d,.

So, the results of each of the three types of grouping are given by the matrix g, on the basis of which the
dendrogram of dependence of points and their groups is further constructed.
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Results

The package provides the ability to perform calculations for both columns and rows of matrix X, regardless
of the type of grouping and selected proximity measures. The work with columns or rows is set by the
feature of transposition of matrix X. If the sign is equal to 0, all calculations, except Q-analysis, are
performed for columns of matrix X. If the sign is equal to 1, all calculations, except the above, are performed
for the rows of matrix X. If the sign is equal to 0, then Q-analysis is performed for the rows of matrix X,
and if the sign is equal to one - for its columns.

It is possible to group rows or columns, not only of the whole matrix X, but also any of its submatrixes. The
way to sample a submatrix of their X is given below.

Before grouping, the selected matrix (and if calculations are performed for the whole matrix, the X matrix
itself) undergoes a transformation. The following transformations are implemented in the package.

1. The transformation consists in the fact that each component of the vector-column is divided by the

absolute value of its maximum modulo component. We obtain a system of vectors whose ends are on
faces of a cube with edge length equal to 2 and centered at the origin of coordinates.

1 0 0 — /1 0 0\.
X = (0 -3 0 ) (0 -0.75 0>
0 4 0.01 0 1 1

This normalization "equalizes" the columns with each other, making them more equal. It is used if the
columns correspond to values represented in different units.

For example,

2. Transformation consists in that each matrix element is divided by the absolute value of the maximum
modulo element of this matrix.

1 0 0 — /0.25 0 0 .
X= (0 -3 0 > ( 0 —0.75 0 )
0 4 0.01 0 1 0.0025

This transformation preserves the ratio of distances between points and between lengths of vectors, which
is especially important in some cases for Q-analysis. It can also be applied to the case of quantities having
the same units. In this transformation, the ends of vectors are on the faces of a rectangular parallelepiped
placed in the cube.

For example,

3. Transformation is that each component of the vector-column of the matrix is divided by the length of
this vector.

For example,

1 0 0 - /1 0 0\.
X=10 =3 0 ) 0 -0.6 0)
0 4 0.01 0 08 1

In this transformation the angles between vectors are preserved. The vectors are made more equal than in
transformation 1, i.e. they have the same length. Their ends are on a sphere with radius equal to one and
centered at the origin.

This transformation can be used to group quantities that have different units. Such normalization is also
convenient for functions (3) and (4).

All of the above three transformations do not affect the type of grouping using functions (1), (2), (3), and
(4). However, the groupings using functions (5) and (6) can be different.
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The selectable submatrix from X is given by arrays of integers d and |. The array d indicates the numbers
of rows to be chosen, and the array | indicates the numbers of columns to be chosen. We consider examples
of selecting rows.

The array d has the form d = (m,n) (d, ....., d,;,) and consists of m+2 integers, where:

m is the number of numbers specifying the line numbers;

n is the selection feature. If n=1 the rows specified in array d are selected from matrix X and grouping is
performed for the selected rows. When n=0, the rows specified in array d are discarded from matrix X and
grouping is performed for the remaining rows;

d;, ..., d,, are the numbers specifying line numbers.

The number of elements in array d does not necessarily have to be equal to the number of given strings,
because strings can be given by integer intervals. We consider possible variants of setting the array d.

Let matrix X have dimensions m=200, n=60. We need to give a grouping using rows
(5,6,7,8,9,10,145,171,172,173). These rows can also be specified as (5-10,145,171-173).

The options for selecting the specified lines are as follows:

(10,1) (5,6,7,8,9,10,145,171,172,173);
(5,1) (5, -10,145,171,-173);
(

1. d
2. d
3. d=(8,0)(1,-4,11,-144,146,-170,174,-200).

Thus, to specify a range of rows it is sufficient to use two numbers: the first is positive, defining the
beginning of the range, the second is negative, defining the end of the range. To specify all selectable rows
of matrix X, we can use the following arrays:

4. d=(2,1) (1,-200);
5. d=(0).

The selected matrix can be printed while keeping the row and column numbers of the original matrix.

Specifying an array of reference rows and an array of reference columns is similar to specifying an array d.
The difference is that the assignment of the form d,=(0) and 1,=(0) means the rejection of benchmarks
respectively rows or columns.

Example: for matrix X(200,60) the arrays are the following:

d = (2,1) (5,-100);

I = (3,0) (20,-40,55);
d, = (3,1) (1,7,13);
1, = (0).

This means that rows 5 through 100 are selected from matrix X and the elements belonging to columns 20
through 40 and column 55 are discarded. Next, rows 7 and 13 are selected as reference rows, and the first
reference row will be discarded because it did not fit into the selected matrix. For the columns in the selected
matrix, no benchmarks are given, because d,=(0). Thus, in this example, the grouping by standards is
possible only for the rows of the selected matrix.

The lack of information in the matrix X is given by the number 1xE*°, with a dash. If rows of a matrix given
by arrays d and | have at least one dash, such rows are excluded from it. This makes working with the
matrix much easier, since there is no need to change the array d, exclude rows with dashes from it, and save
the array | for different selectable groups of matrix rows X.

The analysis of the selected matrix rows is always performed before its transformation on the transposition
criterion. The selected matrix may contain rows or columns with the same elements. In this case for some
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types of analysis such columns or rows are excluded from further consideration and a corresponding
message is given if the number of columns or rows became less than two.

Rows or columns of matrix X may have names. The use of names facilitates analysis of dendrograms.
Names can be assigned to individual rows or columns. The name can be numbered, indicating the number
of the row (column) to which it belongs.

Input of initial information to matrix X can be done either directly or from a previously prepared file, typed
by columns.

The following can be specified in the program package: the method of grouping by group centers, by nearest
neighbor and by standards, type of normalization of the selected matrix, its transposition, number of
dendrogram doubles and selected groupings of distance functions.

When entering the information, the quantitative restrictions, which the initial and selected matrices must
satisfy, are checked. About any not met restriction the corresponding message is given.

Discussion

The approach to data analysis proposed in this work is determined by the rapid expansion of the fleet of
computers, the development of their mathematical support and by the fact that the performance of many
real procedures without computers is simply impossible.

The great advantage of cluster analysis is that it makes it possible to break down objects not by one feature,
but by a number of features (Berkhin, 2006; Durand and Odell, 1974; Gitis, 2017). In addition, cluster
analysis, unlike most mathematical and statistical methods (Kochetkov et al., 2008; Bruce and
Bruce, 2018) does not impose any restrictions on the type of objects in question and allows studying a set
of raw data of almost arbitrary nature.

It is necessary to add modern methods and procedures of data analysis, verification of data set by means of
statistical software packages, processing of missing observations in multivariate case.

It is planned to include examples in the developed software package to demonstrate the best ways of using
the proposed software, such as choosing the appropriate distance determination function, using simple
programs for complex analysis and interpreting the output of the software package.

The methods of the proposed software package were used to solve the same problems as implemented in
the packages Statictica (Bureeva, 2007; Borovikov, 2019), SPSS (Nasledov, 2013; Krasnikovsky, 2021)
and showed comparable results. Unlike these packages, the developed software package is free of charge,
and its possibilities can be expanded by including added specific methods for solving specific user tasks
with a reasonable increase in the working arrays for storing the analyzed data.

Conclusion

The task of processing a set of data and combining them on a logical basis is very relevant in various fields
of scientific research. As a result, the issues of data clustering are invariably highly popular. First of all, it
should be clearly understood that the applicability of this or that cluster analysis algorithm is inherently
based on an assumption. In spite of the fact that in the literature (Mayer-Schonberger and Cukier, 2013;
Paklin, 2020) it is possible to find the description of a set of clustering algorithms and the process of their
appearance does not stop, the single "ideal™ algorithm, which by all parameters will be better than already
existing ones, has not been proposed yet.

The use of clustering analysis algorithms can be seen as a theoretical and practical tool in the technology
of big data collection and analysis (Data Mining) (Leskovec et al., 2020). However, the real benefit of using
clustering is achieved only if it is used at one of the stages of forming a holistic analytical solution in the
task of data analysis (Manyika et al., 2011). Naturally, it is much easier for an analyst to work with an array
of similar objects, form groups of them and apply individual models for these groups. The task of
developing a generalized model for all groups of data is extremely time consuming and difficult to solve
(Mayer-Schonberger and Cukier, 2013).
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In most cases, the data processed in Data Mining technology are characterized by large size and volume,
require extra-large storages, there are many digital and descriptive attributes (Larose, 2015; Russell and
Klassen, 2020). Such a feature of data imposes certain requirements, in accordance with which it is
necessary to develop algorithms used in cluster analysis:

ensuring as few database accesses as possible;
strict requirements to the size of structures in the main memory;
active (if possible) use of transaction techniques with the use of checkpoints to ensure the possibility
of continuing the execution of calculations in case of interruptions in the current work of the algorithm;
e itis necessary to ensure the operability of algorithms when implementing access to database records
in the navigation mode (unidirectional cursor);
e ensuring the scalability of the algorithm, which directly depends on its computational complexity and
methods of implementation of the program code;
o from the concept of scalability follows the ability of the algorithm to tend to a linear dependence of the
time costs of its implementation on the increase in the volume of processed data at fixed memory costs;
e because of the objective difficulties of simultaneous provision of scalability and effectiveness of
clustering, a software package to work with Data Mining should contain algorithms, some of which
are well suited for small data sets, while others are scalable and work with ultra-large databases.

The created software package was used to solve a number of problems and its application allowed obtaining
satisfactory results. In addition to the practical results of the application of the developed algorithms, some
of the theoretical research materials made in the work can be used by analysts in the process of creating a
framework for data analysis. Based on the analysis of the obtained results of the implementation of the
software package, we can conclude that there are prospects for the application of cluster analysis. Proposals
and recommendations made in the work can be useful in improving the clustering algorithms.

In the future we plan to expand the range of algorithms, which will allow using the developed software to
solve a greater variety of problems and obtain more adequate results.
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