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ABSTRACT

Context. The problem of the data clustering within the framework of the objective clustering inductive technology is considered.
Practical implementation of the obtained hybrid model based on the complex use of R and KNIME tools is performed. The object of
the study is the hybrid model of the data clustering based on the complex use of both DBSCAN clustering algorithm and the
objective clustering inductive technology.

Objective. The aim of the work is the creation of the hybrid model of the objective clustering based on DBSCAN clustering
algorithm and its practical implementation on the basis of the complex use of both R and KNIME tools.

Method. The inductive methods of complex systems modelling have been used as the basis to determine the optimal parameters
of DBSCAN clustering algorithm within the framework of the objective clustering inductive technology. The practical
implementation of this technology involves: the use of two equal power subsets, which contain the same quantity of pairwise similar
objects; calculation of the internal and the external clustering quality criteria; calculation of the complex balance criterion, maximum
value of which corresponds to the best clustering in terms of the used criteria. Implementation of this process involves two main
stages. Firstly, the optimal values of the EPS parameter were determined at each step within the range of the minP#s value changes.
The charts of the complex balance criterion versus the EPS value were obtained for each minPts value as the results of this stage
implementation. Then, the analysis of the obtained intermediate results was performed in order to determine the optimal solution,
which corresponds to both the maximum value of the complex balance criterion on the one side and the aims of the current clustering
on the other side.

Results. The developed hybrid model has been implemented based on software KNIME with the use of plugins, which have been
written in software R. The efficiency of the model was tasted with the use of the different data: low dimensional data of the
computing school of East Finland University; Fisher’s iris; gene expression profiles of the patients, which were investigated on lung
cancer.

Conclusions. The results of the simulation have shown high efficiency of the proposed method. The studied objects were
distributed into clusters correctly in all cases. The proposed method allows us to decrease the reproducibility error, since the solution
concerning determination of the clustering algorithm optimal parameters was taken based on both the clustering results obtained on
equal power subsets separately and the difference of the clustering results obtained on the two equal power subsets.

KEYWORDS: Objective clustering, clustering quality criteria, inductive modelling, DBSCAN clustering algorithm.

ABBREVIATIONS DBSCAN is a Density-Based Spatial Clustering of
R is a free software environment for statistical Applications with Noise;
computing and graphics; CH is Calinski-Harabasz criterion;
KNIME is a Konstanz Information Miner; WB is Within-Between index;

QClI is an internal clustering quality criterion;
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QCE is an external clustering quality criterion;
QOCB is a complex balance clustering quality criterion;
OCIT is an objective clustering inductive technology.

NOMENCLATURE

n is a number of the investigated objects;

m is a number of features or attributes of the objects;

k is a number of clusters;

K is a set of the clusters;

R(K) is a clustering result;

e is a clustering error in the case of the two equal
power subsets use;

EPS is an epsilon-neighborhood of point;

MinPts is a minimal quantity of points inside EPS;

ey 1s a boarding admissible clustering error;

{QC} is the set of the internal and the external
clustering quality criteria;

N is a number of the studied objects;

N, is a number of the objects in s cluster;

X7 is i-th object in s cluster;
C

N
d () is a metric used to estimate the proximity level of

is a mass center of the s cluster;

the studied objects;

r is the number of the internal and external clustering
quality criteria;

D is a set of points, each of them is determined the
allocation of the studied object in m-dimensional feature
space;

q is a point inside EPS;

N EPS(P) is a number of points inside EPS of the
point p.

INTRODUCTION

Relevance of the problem is determined by the current
works in the field of complex data clustering in different
fields of scientific research. There are a lot of clustering
algorithms nowadays. Each from them has its advantages
and disadvantages and is focused to a specific type of
data. The results of the data clustering depend on: affinity
metrics between objects, clusters and objects and clusters;
type of the clustering algorithm and the parameters of its
operation; type of the clustering quality criteria, which are
used to estimate the character of the object distribution
within clusters. However, it should be noted, that in spite
of grate quantity of the clustering algorithms and different
types of internal and external clustering quality criteria
this problem has not final solution nowadays. One of the
unsolved tasks in this subject area is the reproducibility
error. In other words, successful clustering results, which
are obtained on one dataset do not repeat in the case of the
use of another similar dataset. The solution of this
problem can be achieved by careful determination of the
parameters of the used clustering algorithm operation in
all cases of the data clustering. However, this fact
complicates the data processing, since the researcher in all
cases should determine the optimal parameters of the
current clustering algorithm operation in terms of the
extremums of the used clustering quality criteria. To solve
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this problem, we propose to carry out the data clustering
on two equal power subsets concurrently with following
calculation of both the internal and external clustering
quality criteria at each step of the algorithm operation.
The final decision concerning the studied objects
grouping is performed on the basis of maximum value of
the complex balance criterion, which contains the internal
and external clustering quality criteria as the components.

The aim of the work is practical implementation of
DBSCAN clustering algorithm within the framework of
the objective clustering inductive technology based on the
complex use of R and KNIME tools.

1 PROBLEM STATEMENT
The initial dataset of the studied data is presented as a
matrix: 4= {xi’j},i =1,..,n;j=L...,m. The clustering
process involves a partition of the investigated objects
into non-empty subsets of the pairwise non-intersection
clusters:

K={Ks},s=1..k; KUK, U..UK} =4;
K,nK,=9, p#q; p,q=1...k.

Model of the objective clustering based on the inductive
methods of complex systems modelling involves
sequential enumeration of admissible clustering in order
to select from them the best variants [1]. The strategy S of
the objects grouping within the framework of the
objective clustering inductive technology can be
presented as the following:

S:{R(K)| (e< eo)ﬂ)opt}.

Under the strategy in this case we understand a
purposeful process of sequential actions, which are
performed for the objects grouping according to the
current task within the framework of the admissible error.
The clustering error is determined based on analysis of
the complex balance criterion values, which contains both
the internal and external clustering quality criteria as the
components.

2 REVIEW OF THE LITERATURE

Classification of several clustering algorithms by their
categories are presented in [2]. Each of them has its
advantages and disadvantages. The choice of the
appropriate clustering algorithm is determined by type of
the investigated data and goal of the current task. One of
the essential disadvantages of the existing clustering
algorithms is the reproducibility error. The main idea to
solve this problem was proposed in [1]. The authors have
shown that decreasing of the reproducibility error can be
achieved based on the use of the inductive methods of
complex systems modelling, which are a logical
continuation of the group methods of data handling [3,4].
The questions concerning creation of the methodology of
inductive systems analysis as a tool of engineering
research analytical planning are considered in [5]. The
authors proposed the strategy of analytical project design
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based on the inductive principles. The final decision
within the framework of the proposed methodology was
done with the complex use of both the internal and
external quality criteria. However, it should be noted, that
authors’ research is not focused to complex high-
dimensional data clustering.

The results of the research concerning development of
the objective clustering inductive technology of high-
dimensional complex data are presented in [6]. The
authors have shown that implementation of this
technology based on some clustering algorithm involves
determination of the affinity function between objects,
clusters and objects and clusters at the first step. Then,
division of the studied data into two equal power subsets,
which contain the same quantity of pairwise similar
objects should be performed. Formation of the internal,
external and complex balance clustering quality criteria
should be carried out at the next step. The optimal
clustering is determined based on the extremum value of
the used criteria during sequential enumeration of the
admissible clustering. In [7] authors present the results of
the research concerning criterial analysis of the gene
expression profiles within the framework of the objective
clustering inductive technology. The implementation of
this technology based on k-means and agglomerative
hierarchical clustering algorithms were presented in [8,
9]. The authors conducted the comparison analysis of the
different internal and external clustering quality criteria
with evaluation of their effectivity in the case of gene
expression profiles use. The results of the simulation have
shown higher effectiveness of the appropriate algorithm
in the case of its implementation within the framework of
the objective clustering inductive technology in
comparison with standard method of this algorithm use.
However, it should be noted that the used algorithms do
not allow us to divide the complex data correctly. The
solution of this problem can be achieved by the use of the
modern methods of complex data processing [10, 11]
within the framework of the objective clustering inductive
technology and implementation of this technology based
on other clustering algorithms.

In this work we propose the hybrid model of the
objective clustering inductive technology based on
DBSCAN  clustering  algorithm. The  practical
implementation of the proposed model has been
performed on the basis of the complex use of both R and
KNIME tools.

3 MATERIALS AND METHODS

Three fundamental principles, which are borrowed from
various scientific fields, are the basis of the methodology of
complex systems inductive modeling. In the case of the
OCIT these principles can be presented as the following [1,
12]:

1. The principle of sequential enumeration, i.e.,
sequential enumeration of admissible clustering within a
given range in order to select from them the best variants
by the used clustering quality criteria;
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2. The principle of external edition, i.e., a necessity of
the use of two equal power subsets, which contain the
same quantity of pairwise similar objects;

3. The principle of inconclusive of solution, i.e.,
generation of several sets of intermediate results in order
to select from them the best variant in terms of the goal of
the current task.

Fig. 1 presents the structural block chart of the OCIT.

The practical implementation of this technology
involves the following stages:

Stage 1. Problem statement.
preprocessing.

1. Problem statement and aim formation.

2. Data analysis and its formation as a matrix, where
number of rows is a number of the studied objects and
number of columns is a number of the features, which
characterized the objects.

3. The data preprocessing. This step involves: missing
value processing (in the case of necessity); filtering;
normalization.

Stage II. Choice of the affinity metrics and equal
power subsets formation.

4. Choice the affinity metrics between objects,
clusters, objects and clusters.

5. Formation of the two equal power subsets A and B
in accordance with the following algorithm:

Step 1. Calculation of %‘1)

Data analysis and

pairwise distances

between all pairs of the studied objects. The triangular
Problem statement
Aim formation
Data analysis and preprocessing:
— missing value processing;
— filtration, normalization
v
Determination of the affinity functions
Two equal power subsets formation
v
Formation of the internal, external and
complex balance clustering quality criteria
v
Choice of the clustering algorithm, setup of its
initial parameters and range of these parameters change

v v

Data clustering on the Data clustering on the
equal power subset 4 equal power subset B

v v

Clusters formation Clusters formation
Internal clustering quality| |Internal clustering quality
criteria calculation criteria calculation
External and complex balance clustering
quality criteria calculation

v

Results analysis
Fixation of the optimal clustering

Figure 1 — Structural block chart of the OCIT
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matrix of distances is the result of this step
implementation:
0 dy dap
Dist=<... .. .. ..
0 dn—l,n
0

Step 2. Allocation of the pair of the objects X, and X,,,
the distance between with is minimal:
d\X, X, )=mindlx;. X;)
1] :

Step 3. Distribution of the object X; to subset 4, and
the object X), to subset B.

Step 4. Repetition of the steps 2 and 3 for remaining
objects. If the number of the objects is odd, the last object
is distributed into the both subsets.

Stage III. Calculation the internal, external and
complex balance clustering quality criteria.

6. Calculation of the internal clustering quality
criterion. This criterion allows us to evaluate the quality
of the objects grouping in single clustering. It is obvious
that quality clustering corresponds to both the high
density of the objects distribution inside cluster and the
less density of the clusters distribution in the features
space. So, the internal clustering quality criterion should
be complex and takes into account both the character of
the objects distribution within clusters and the character
of the mass centers of the obtained clusters distribution.
The first component of this criterion within the
framework of the proposed technology was calculated as
an average distance from objects to the mass centers of
the cluster, where these objects are by the formula (1):

k N
ocw =i22d(xis,c§). (1)
N s=1i=1

The second component of this criterion is calculated
as an average distance between mass centers of the
clusters in current clustering by the formula (2):

2 k=1 k
QCB:k(k—_l)z Ydlc.c;). 2)
i=1 j=i+l

Various combinations of this components in different
internal clustering quality criteria in the case of the use of
numeric data were considered in [7]. The authors have
shown that Calinski-Harabasz criterion (CH) [13] and
Within-Between index (WB) [14] show better results in the
case of the use if high dimensional gene expression profiles.
As the results of the simulation the complex internal
clustering quality criterion was proposed in [15]. This
criterion is calculated as the multiplicative combination of
CH criterion and WB index by the formula (3):

k(k-1)0Ccw?
(N -k)oCB?
7. Calculation of the external clustering quality

criterion. This criterion takes into account the difference
of the clustering results obtained on the two equal power

OCI = — min. 3)
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subsets. The minimal value of this criterion corresponds
to higher level of the clustering objectivity. The value of
this criterion is calculated as normalised difference of the
internal clustering quality criteria calculated on the two
equal power subsets for the current clustering level by the

formula (4):
QCE = |QCI(A) QCI(BM — min . 4
OCI(4)+0CI(B)

8. Calculation of the complex balance criterion. The
necessity of this criterion is determined by possible
disagree between the extremums of both the internal and
external clustering quality criteria. The Harrington
desirability function was proposed to calculate the
complex balance criterion [16]. The plot of this function
is presented in Fig. 2.

Harrington desiribility function

]

Desiribility index
0.0 02 04 06 08 10

Figure 2 — Chart of the Harrington desirability function

Determination of the general Harrington desirability
index involves the following steps:

Step 1. Transformation of scales of the internal and
external clustering quality criteria into reaction scale Y,
values of which are changed within the range from -2 to 5
by the formula (5):

Y=a-b-0C. (5)

The parameters a and b are determined empirically for
each of the used criteria taking into account its boundary
values according to the equations (6):

{Ymax =a-b-0Cny, 6)
Yinin =a—b-0Crax .

Step 2. Calculation of the nondimensional parameter

Y; for each of the used clustering quality criteria QC; by

the formula (7):

Y =a-b-0G;. )

Step 3. Calculation of the private desirabilities for
each of the criteria by the formula (8):

d =exp(—exp(-Y)). ®

Step 4. Calculation of the general Harrington

desirability index as geometric average of all private
desirabilities for appropriate clustering level by the

formula (9):
OCB = ’/H d; . )
i=1
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The largest value of the criteria (9) corresponds to the
best clustering in terms of the used criteria.

Stage IV. Data clustering on the equal power subsets
A and B concurrently.

9. Choice of the clustering algorithm depend on type
of the used data and goal of the research. Setup of its
initial parameters, ranges and steps of these parameters
change.

10. Data clustering on the equal power subsets A and
B within the range of the algorithm parameters change.
Calculation of the internal and the external clustering
quality criteria at each step of this procedure
implementation.

11. Calculation of the complex balance clustering
quality criterion within the range of the algorithm
parameters change.

Stage V. Analysis of the obtained results. Fixation of
the optimal clustering.

12. Analysis of the obtained results. Fixation of the
best clustering, which correspond to the maximum value
of the complex balance criterion.

13. Comparison analysis of the intermediate solutions.
Fixation of the optimal clustering, which corresponds to
both the maximum value of the complex balance
clustering quality criterion and the goal of the current
task.

DBSCAN clustering algorithm was proposed in 1996
as a solution of the problem to divide the data into
clusters of arbitrary shapes [17-19]. The following
definitions are the basis of this algorithm operation [18]:

Definition 1. The Eps-neighborhood of a point p is
defined by the following:

EPS(p)z {q € D|d(p,q)£ EPS}.

Definition 2. A point ¢ is directly density-reachable
from a point p if the following conditions are performed:

g € EPS(p)
NEPS(p)Z MinPts ’

Definition 3. A point ¢ is density-reachable from a
point p if there is a chain of points ¢i,....q,, ¢ =P,
g, =q such that ¢g; ; is directly density-reachable from
q;-

Definition 4. A point q is density-connected with a
point p if there is a point k such that both the points ¢ and
p are density-reachable from the point £.

Definition 5. A cluster C is a non-empty subset of a

set of points D if the following conditions are performed:
1. Vp,q:if peC and q is density-reachable from p,

then geC;

2. Vp,q: if g is density-connected with p, then
p,qeC.

Definition 6. Let C;,i =1,...,k is a set of the allocated
clusters. The noise is the set of points of the database D,
which not belonging to any cluster C; :

noise = {p € D|Vi peCi= 1,...,k}.
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Result of DBSCAN clustering algorithm operation
depends on the two parameters: EPS and MinPts. To
determine the optimal EPS value for appropriate MinPtzs
the technology based on sorted k-dist graph was proposed
in [18]. However, it should be noted, that implementation
of this technology does not allow us to determine the EPS
value exactly. This fact influences the quality of the
algorithm operation. The implementation of the proposed
technology allows us to determine only the range of the
EPS values change for appropriate MinPts value. To
solve this problem, we propose the use of DBSCAN
clustering algorithm within the framework of the OCIT.
The structural block chart of the algorithm to implement
this process is presented in Fig. 3. The implementation of
this algorithm involves the following steps:

Data matrix formation
A= ‘{Fa,; _}-" =l.,nj=1..,m

v

Determination of the affinity functions
Division of the initial data into two equal power subsets
Formation the internal, external and complex balance
clustering quality criteria

v

Setup of DBSCAN clustering algorithm
Creation of the sorted k-dist graph
Choice both the ranges and steps of
EPS and MinPts values changes

Data clustering on the two equal
power subsets, clusters formation

v

The internal and external clustering
quality criteria calculation

lNU

Complex balance clustering
quality criterion calculation

Results analysis

Optimal clustering formation

Figure 3 — Structural block chart of the algorithm of the OCIT
hybrid model based on DBSCAN clustering algorithm
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Step 1. Formation of the initial data as a matrix, where
number of rows is the number of the studied objects and
number of columns is a number of the features, which
characterized the objects.

Step 2. Determination of the affinity functions in
dependence on type of the studied data. Division of the
initial data into two equal power subsets.

Step 3. Formation of the internal, external and
complex balance clustering quality criteria.

Step 4. Setup of DBSCAN clustering algorithm.
Determination of the range of the MinP#s value change.
Creation of the sorted k-dist graph within this range.
Determination of both the range and step of the EPS value
change.

Step 5. Setup of the initial value of the MinPts
algorithms parameter (k = min(MinPts)).

Step 6. Setup of the initial value of the EPS algorithms
parameter (e = min(E£PS)).

Step 7. Data clustering on the two equal power subsets
concurrently. Clusters formation.

Step 8. Calculation of both the internal and external
clustering quality criteria by formulas (3) and (4).

Step 9. If the condition e < max(EPS) is true
increasing the EPS value (e=e+de) and repetition of the
steps 7 and 8 of this procedure. Otherwise, calculation of
the complex balance criterion by the formulas (5)—(9).

Step 10. If the MinPts value is less than maximum
(k < max(MinPts)) increasing the MinPts value (k=k+1)
and transition to the step 6 of this algorithm. Otherwise,
creation of the charts of the complex balance criterion
versus the EPS for each MinP#s value.

Step 11. Analysis of the obtained results. Fixation of
the optimal clustering.

R View (Workspace)
=

R View (Workspace)

4 EXPERIMENTS

The simulation of the proposed technology was
performed based on KNIME analytics platform [20] using
R software [21]. The structure of the used model is
presented in Fig. 4. To estimate the effectiveness of the
proposed technology the data ‘“Aggregation” [22],
“Compound” [23], “Multishapes” [24] and “Jain” [25] of
the school of computing of the Eastern Finland University
were used. These data are presented in the two-
dimensional space and they include the clusters of
different shapes. Fig. 5 shows the character of the studied
data distribution.

Other datasets were the Fisher’s iris [26] and gene
expression profiles of the patients, which were
investigated on lung cancer [27]. The data of the gene
expression profiles was presented as a matrix, where the
number of rows is the number of the studied genes (2000)
and the number of columns is the number of the studied
objects or the conditions of the experiment performing
(96). The gene expression profile in this case is a vector
of gene expressions, which were determined for the
different conditions of the experiment performing. To
estimate the proximity level between the studied vectors
we used Euclidean distance in the case of low-
dimensional data and the correlation distance in the case
of the gene expression profiles use. In accordance with
algorithm presented in Fig. 3, the studied data were
normalized and divided into two equal power subsets with
the use of the hereinbefore presented algorithm. Then, the
sorted k-dist graphs were created within the boundary
range of the MinPts value change from 3 to 8. These k-
dist graphs were used to determine the range of the EPS
value change. The date clustering on the two equal power
subsets within the range of the EPS value change for each
MinPts value were performed at the next step of data
processing.

R View (Workspace)

| =

File Reader Table to R B G "R
3T
B' > o ﬂ“ Data_1 visualisation k-Dist graf Charts of the
; creater general criteria
Data_1 Data_1 Add Table To R RToR RToR RToR RToR R View (Workspace)
reader formation =
.ﬁg.: 1R = m Ry 1 R = R, = '[ﬁtj
File Reader
> Data_2 formation Functions EPS and minPis Data clustering Objects distribution Results visualisation
B‘ Packages lnslali creater ranges setup Criteria calculation into clusters RtoTable Interactive Table
and loading | !
1
. R
Data_2 tilg q
reader

Matrix of the results  Final matrix
formation visualisation

Figure 4 — The model of the objective clustering inductive technology based on DBSCAN clustering algorithm
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a) Aggregation b) Compound

d) Multishapes
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Figure 5 — The two-dimensional data of the school of computing of the Eastern Finland University

As the results, we have obtained the charts of the
complex balance clustering quality criterion versus the
EPS for each MinPts value. The analysis of these charts
allows us to determine the best clustering in terms of both
the used criteria and goal of the current task.

5 RESULTS

Fig. 6 shows the sorted k-dist graphs for Aggregation
data. The similar graphs were obtained in the case of the
other data use.

The analysis of the obtained results allows us to
determine both the ranges and steps of the EPS value
changes for each type of the investigated data. These
parameters are presented in the Table 1. Charts of the
complex balance criterion versus the EPS for different
MinPts value in the case of the “Aggregation” data use
are presented in Fig. 7. The similar charts were obtained
for the other investigated data. The analysis of the
obtained charts allows us to select the subset of the
intermediate solutions (new less ranges and steps of the
EPS value change), which correspond to the maximum
values of the complex balance criterion.

Then, the detail analysis of the selected solutions is
performed in order to determine the optimal clustering in

a) 3-dist graph for data_1 b) 3-dist graph for data_2
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Figure 6 — Sorted k-dist graph for “Aggregation” data
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terms of the goal of the current task. The optimal
parameters of DBSCAN clustering algorithm operation,
which were determined within the framework of the
proposed technology for the investigated data are
presented in Table 2. Fig. 8 presents the results of the
two-dimensional data clustering. Fig. 9 and Fig. 10
presents the same results in the cases of the use of both

“iris” data and the gene expression profiles.

Table 1 — The range and step of the EPS value change

Data Aggregation Compound Multishapes
EPSin 0.1 0.1 0.1
EPSmax 0.25 0.6 04

Step 0.005 0.01 0.005

Data Jain Iris Gene expression
EPSuin 0.15 0.5 0.01
EPSmax 0.5 1.5 0.5

Step 0.005 0.01 0.01

Table 2 — The optimal parameters of DBSCAN clustering

algorithm operation
Data Aggregation Compound Multishapes
EPS 0.136 0.157 0.237
MinPts 5 5 4
Data Jain Iris Gene expression
EPS 0.305 0.646 0.421
MinPts 3 3 4

a) Aggregation data

b) Compound data

V1
c) Multishapes data
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Figure 8 — Results of the two-dimensional data clustering
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Figure 7 — The charts of the complex balance criterion versus the EPS for different MinPts values in the case of
“Aggregation” data use

Setosa
noise

Versicolor

Versicilor
noise
e 38%
2 20%
Virginica sB )
Versicolor
10 Virginica
Virginica
noise

Figure 9 — Results of “Iris” data clustering

6 DISCUSSION

The analysis of the obtained results allows us to
conclude that the objects were distributed into clusters
correctly in all cases.
So, in the case of “Aggregation data” (Fig. 8a) we have as
the result seven clusters. Several objects were identified
as noise since the density of their distribution in the
feature space is less than the density of the other objects
distribution within the obtained clusters. It should be
noted that in this case the connected clusters were divided
correctly. The result of “Compound” data clustering is
presented in Fig. 8b. As it can be seen, in this case the
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objects are distributed into clusters correctly too. We have
as the result five clusters that corresponds to the character
of the objects distribution in the feature space. A lot of the
objects are identified as noise. It is naturally, since the
density of these objects distribution in the feature space is
significantly less in comparison with density of the other
objects distribution. The same results are observed in the
case of “Multishapes” (Fig. 8c) and “Jain” (Fig. 8d) data
use. “Multishapes” data contains clusters different shapes
and sizes. As it can be seen, the studied objects are
distributed into clusters correctly. Five clusters were
allocated in this case. The objects of “Jain” data were
distributed into three clusters. It should be noted that the
little change of the DBSCAN algorithm parameters
decreases of the clustering quality in all cases. The
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intersected or non-divided clusters are appeared in this
case.

The analysis of the result of “Iris” data clustering (Fig.
9) allows us to conclude that the objects of “Setosa” class
were allocated in the first cluster. This cluster has no any
intersection with the other clusters. However, the four
objects of “Setosa” class were identified as the noise. The
detail analysis of the parallel coordinates plot for objects
of “Setosa” class has shown that this class contains
several objects, the profiles of which are distinguished
from the profiles of other objects of this class. Thus, the
obtained result is adequate. The analysis of the parallel
coordinates plot for the objects of “Virginica” and
“Versicolor” classes have shown that these classes have
some intersection a priory. Fifty percent of the objects of
“Versicolor” class and Forty-four percent of the objects of
“Virginica” class were distributed into the second and the
third clusters accordingly. Ten percent of the objects of
“Versicolor” class and twenty percent of the objects of
“Virginica” class were identified as the noise. The
analysis of the parallel coordinates plot has shown that
these classes contained the objects, profiles of which have
distinguishes from the profiles of the other objects of
these classes. Moreover, the results of the analysis have
shown also that the second and the third clusters have
thirty-eight percent of intersection in this case. However,
this is correctly in view of the type of the studied data.

In the case of the use of the gene expression profiles
of the patients, which were investigated on lung cancer,
the data were distributed into three clusters. The first
cluster contained 81.6% of the gene expression profiles,
which determine the main of the processes in the
investigated object. The second cluster contained only
0.9% of the investigated gene expression profiles. 17.5%
of the gene expression profiles were identified as the
noise. The first cluster in this case presents the best
interest for the following processing since this cluster
contains the genes, which define the main functions in the
studied object.

As the results it should be noted that implementation
of the proposed technology allows us to determine the
optimal parameters of DBSCAN clustering algorithm in
terms of the clustering quality. The analysis of the
obtained results has shown that the investigated data were
distributed into clusters correctly in the case of the use of
different types of the data.
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CONCLUSIONS
The relevant problem concerning increase of the
complex data clustering quality is solved based on the use
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of DBSCAN clustering algorithm within the framework
of the objective clustering inductive technology.

The scientific novelty of the proposed hybrid model
is the following:

— the data clustering is performed on the two equal
power subsets concurrently within the range of the
algorithm parameters change;

— the optimal parameters of the clustering algorithm
are determined based on the maximum values of the
complex balance criterion, which contain as the
components both the internal and external clustering
quality criteria;

— the final solution concerning selection of the optimal
clustering is performed based on the comparison analysis
of the best intermediate solutions takes into account the
goal of the current task.

The implementation of the proposed information
technology allows us to increase the quality of the data
clustering due to the paralleling of the data processing and
the use of both the internal and the external clustering
quality criteria.

The practical significance of the obtained results is
the practical implementation of the proposed hybrid
model based on the complex use of the R and KNIME
tools. The hybrid model was tested on the different types
of the investigated data. The analysis of the obtained
results has shown the high effectiveness of the proposed
technology since the investigated data were distributed
into clusters correctly in all cases.

The prospects for further research are the
implementation of the objective clustering inductive
technology based on other clustering algorithms.
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3ACTOCYBAHHS AJITOPUTMY KJIAC"TEPI?:A]_lIi DBSCAN Y PAMKAX IHJIYKTUBHOI TEXHOJIOI'Ti
OB’€EKTHOI KJIACTEPI3AILII HA OCHOBI TIPOI'PAMHUX 3ACOBIB R TA KNIME

Bab6iueB C. A. — xaHA. TeXH. HayK, JOLEHT, JOLUEHT Kadenpu iHhopMaTuky yHiBepcutery iMeHi Slna €panrenicra Ilypkine B
VYeri Ha Jla6i, Yeri Hag Jlabem, Yexis. Jouent kadenpu inpopmaniitnux texsonoriii IT Cren YHiBepcurerty, JIbBiB, YkpaiHa.

Bumemupebka C. B. — kaHa. TexH. HayK, AOLEHT, AOLUEHT Kadeapu iHGOPMATHKH 1 KOMII'IOTEPHHUX HAYK XEPCOHCBHKOIO
HAalliOHAJILHOT'O TEXHIYHOTO YHiBepcuTeTy, XepcoH, YkpaiHa.

JlutBuHenko B. 1. — n-p TexH. Hayk, mpodecop, 3aBimyBay kadenpu iHGOPMATHUKH 1 KOMIT IOTEPHHX HayK XepPCOHCHKOTO
HAIIOHAJILHOTO TEXHIYHOTO YHIBEPCHTETY, XepCOH, YKpaiHa.

AHOTAIIA

AxTyanbHicTh. JlocmipkeHO mHpobieMy KiacTepHsalii CKIagHUX IaHUX y paMKax IHIYKTHBHOI TeXHOJOril 00’€KTUBHOL
KiacTepu3ariii. 3po0JIcHO MPaKTHYHY pealTi3allifo 3anmpornoHOBaHOI TOpUIHOT MOIEII KiacTepHu3allii JaHUX Ha OCHOBI KOMITJICKCHOTO
3actocyBaHHsi nporpamuux 3aco0iB R i KNIME. O6’extom nocimifkeHHs: € riOpuaHa Mojeib KiacTepusallii JaHHX Ha OCHOBI
KOMIUTIEKCHOTO 3acTocyBaHHs ainroputMy kiactepusauii DBSCAN i ingykTuBHOI TexHomoril o0’ekTHBHOI Kiactepusauii. Mera
poOOTH ToNATae y CTBOPEHHI TiOpMaHOI Mozeni 00’€KTHBHOI KiacTepu3alii Ha OCHOBI amroputMmy kiactepusanii DBSCAN Ta
MpaKTUYHA peaji3alis MOAENl Ha OCHOBI KOMILIEKCHOTO 3aCTOCyBaHHs nporpamuux 3aco6iB R i KNIME.

MeTtoa. [HIyKTHBHI METOIM MOJEIIOBAHHS CKJIAQJHUX CHCTEM OyJIM BUKOPUCTaHI SK OCHOBA JUIS BHU3HAYEHHS ONTHUMAIBHHX
nmapaMerpiB anroputMmy knacrepmsarnii DBSCAN B pamkax iHIyKTHBHOI TexHousorii o0’ektuBHOI Kiacrepmsarii. [Ipaktmdana
peamizariis naHoi TexHousorii mepenbadae: 3acTOCYBaHHsS PIBHOIOTYXKHIX MiAMHOXKHH JAHUX, SIKI MICTSATH OIHAKOBY KiNBKICTh
MonapHo ONM3bKUX 00’€KTiB; PO3pPaXyHOK BHYTPIIIHBOIO Ta 30BHIIIHBOTO KPUTEPIiB SKOCTI KJIACTEpH3alil; PO3paxyHOK
KOMIUIEKCHOTO KpUTepisi OanaHcy, MakCUMallbHe 3HaYEHHS SIKOTO BiJIOBiae HalKpalliil kiacTepu3salii 3 TOYKK 30py KPUTEPIiB, 110
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BHUKOPUCTOBYIOThCsI. Peaiizallis mpolecy BHU3HA4YeHHs OonTHMaibHUX mnapamerpiB aiaroputMy DBSCAN mnepenbauae nBa eramu.
[lepmmM eTarmoM € BH3HA4YEHHS ONTHMAIBHOTO 3HAuCHHs mapamerpa EPS B Mexax Jdiama3oHy 3MiHHM 3Ha4eHb Hapamerpy minPts.
PesynpraroM peanmizamii JaHOTO €Tally € OTPUMAHHA JiarpaM 3ajJeXHOCTI KOMIUIEKCHOTO KpHUTEpilo OallaHCy BiI BiAMOBiAHUX
3HaYeHb EPS 1 KOXXHOrO 3Ha4yeHHs minPts. II0oTiM MpOBOAMBCS aHali3 OTPUMAaHUX MPOMDKHHX PE3YJbTaTiB JUls BU3HAYCHHS
ONTHMAJILHOTO PIIICHHS, IO BIATIOBia€ MaKCUMAaJBFHOMY 3HAUYCHHIO KOMIDIEKCHOTO KPUTEpil0 OalaHCy B 3aJIeXHOCTI BiJ METH
TIOCTaBJICHOT 3a/1a4i.

PesyabTaTn. Po3pobicHa ribpuaHa MOJETb IHIYKTHBHOI TEXHOJOTIi 00’€KTHBHOI KJacTepH3ailii Ha OCHOBI alrOpuTMy
DBSCAN, sika mpakTH4HO peanizoBaHa Ha ocHOBi mporpamuux 3aco0iB KNIME R. BukonaHo omiHKy e(eKTHBHICT Monemni 3
BUKOPUCTAHHSM PIi3HUX THIB JaHUX: HH3bKO-PO3MIPHMX AaHHX ILIKOJM OOYHCIIeHb YyHiBepcuTeTy cxifHoi DinnmsHmil; ipuciB
dimepa; mpodiniB excrpecii TeHiB MaIi€HTIB, SKi JOCITIHKYBAINCS Ha PaK JICTCHIB.

BucHoBku. Pe3ynpraTi MozIentOBaHHS IMOKa3aJid BUCOKY €(peKTHBHICTh 3aIPOIIOHOBAHOI TexHoMorii. Jocmimkeni 00’ ekTr Oyau
po3moniieHi y KiacTepd KOPEKTHO B YCIX BHUMAJKaX. 3ampoNOHOBAHMHA METOA [O3BOJISIE 3MCHIIMTH 3HAYCHHS IOXHUOKH
BIZITBOPIOBAHOCTI, OCKIJIBKA OCTaTOYHE pIilICHHS ILIOJ0 BH3HAYCHHS ONTHMAlbHHX IapaMeTpiB aJropuTMy KiacTepH3allii
[PUHAMAETHCS HA OCHOBI [TAPAJICIbHOTO aHaJIi3y Pe3yJIbTaTiB KIacTepH3allii, OTPHMaHUX Ha PiBHOIOTYKHIX ITiIMHOXHHAX JaHUX, TAK
1 Ha OCHOBI aHaJi3y PI3HULI Pe3yNIbTATIB KJIacTepu3alii, OTPMMaHUX Ha JaHUX ITiIMHOXKHHAX.

KJIIOUOBI CJIOBA: 006’ekTHBHa KiacTepusallisi, KpHTepil SIKOCTi KiacTepu3auii, iHIYKTHBHE MOJEIIOBAaHHS, aJTOPHTM
kiactepusanii DBSCAN.

VK 004.048

PEAJIMBALIASA AJITOPUTMA KJIACTEPU3ALIMN DBSCAN B PAMKAX HHIYKTUBHOM TEXHOJOIHA
OBBEKTUBHOU KJIACTEPU3ALWN HA OCHOBE TIPOI'PAMMHBIX CPEJCTB KNIME U R

Baonuen C. A. — xaH]. TeXH. HayK, JOLEHT, JOLEHT Kadeapsl MHGOPMATHKYN yHHBepcuTeTa uMeHH Sna Eanremucra [lypkune
B Ycru Ha Jlabe, Ycru nan Jlabem, Yexus. Jlouent kadenpsr nndopmannonubix texsHonoruid IT Yuusepcurera Illar, JIbBoB,
VYkpauna.

Boimemupcekasa C. B. — kaHA. TexH. HayK, JOLEHT, AOLEHT Kadeapbl MHGOPMATUKH M KOMIBIOTEPHBIX HAayK XEpCOHCKOTO
HaIMOHATBHOTO TEXHUIECKOTO YHHBEPCUTETA, XEPCOH, YKpanHa.

JlurBunenko B. U. — 1-p TexH. HayK, podeccop, 3aBeayromuii kageapoiit HHPOPMAaTHKN 1 KOMIBIOTEPHBIX HayK XepCOHCKOTO
HAIMOHAJIBHOI0 TEXHUYECKOTO YHUBEPCUTETA, XEPCOH, YKpauHa.

AHHOTANUA
AkTyanbHocTh. McciaenoBana npodnema KiacTepu3alMi CIOXKHBIX JAHHBIX B paMKaX MHIYKTHBHOM T€XHONOIMU OOBEKTUBHOM
KJIacTepu3aluy. BeIMonHeHa mpakTudeckas pealu3alis rMOpHIHOW MOAENU KJIACTepH3allMu JAHHBIX HAa OCHOBE KOMIIIEKCHOTO
rcnonb3oBanus nporpaMMHBIX cpeactB R m KNIME. O0bekToMm wHccnenoBaHUs SBISETCS THOpPHOHAS MOAETH KIacTepU3aIud
JTAHHBIX Ha OCHOBE KOMIUIEKCHOTO HCIOIb30BaHus anroputMa kinacrepuszanimn DBSCAN u WHIyKTHBHON TEXHOIOTHH OOBEKTHBHON

knacrepusanuu. Llenp pabGoTel — paspaboTka THOPHIHON MOIENM OOBEKTHBHOW KJIACTEpU3allMd Ha OCHOBE AallTOPUTMA
knactepuzanun DBSCAN u mpakTuueckasi peaau3alus JaHHOW MOJIEIM Ha OCHOBE KOMILIEKCHOTO MCIOJIb30BAaHUS IPOTrPaMMHBIX
cpenctB R u KNIME.

Metoa. MHIyKTHUBHBIE METOIBI MOJCIMPOBAHUS CIOXHBIX CHCTEM MHCIIOJIB30BAIMCh B Ka4eCTBE OCHOBBI IJISI OIPEEIICHHS
ONTHUMANbHBIX MapameTpoB anroputMma kmactepuzauun DBSCAN B paMkax HMHIYKTUBHOH TEXHOJOTMH OOBEKTUBHOM
kiacTepusanuy. IIpakTiHueckas peanusanus JaHHOW TEXHOJOTHM MPEAINoJaraeT: HCIOIb30BAHHE DPAaBHOMOIIHBIX IMOAMHOMKECTB
JAHHBIX, COJACPXKAIINX OJMHAKOBOE KOJIMYECTBO ITONAPHO OMM3KHX OOBEKTOB; ONpEAETeHHe 3HAYCHHH BHYTPEHHETO M BHEIIHETO
KPHUTEPHEB KauecTBa KJIACTEPH3AIAN; PacueT KOMIUIEKCHOTO KpUTepHs OagaHca, MAKCHMAIbHOE 3HAY€HHE KOTOPOTO COOTBETCTBYET
HaWTydIIed KJIACTepH3alMy C TOYKH 3PEHMS HCIIOIB3YyeMBIX KpUTepueB. Peammsaius mpomecca ONpeneleHHs ONTHMAIBHBIX
napaMeTpoB anropurma kinacrepusanun DBSCAN npennonaraer qBa stamna. [IepBsIM 3TaroM sSBISETCS ONPESNICHUE ONTHMAIBHOTO
3HaueHus mapamerpa EPS B Ipezenax Iuana3oHa M3MEHEHMs 3HAUEHHI napaMeTpa minPts. PesyipraToM peanusanuy JaHHOTO
JTamna SBJISETCS HOJydeHHe IMarpaMM 3aBHCHMOCTH KOMIUIEKCHOTO KpPHTEepHsi OanaHca OT COOTBETCTBYIOIIMX 3HadeHHd EPS mis
Ka)XJI0To 3HaueHMs1 minPts. Peanusanus cieayroniero sramna npearnojaraeT aHaJIU3 HOJyYeHHbBIX POMEXYTOYHBIX Pe3yJIbTaToB IS
OTpEENeHNsI ONTHMAIBHOTO PEIIEHHs, COOTBETCTBYIOIIETO MAKCHMAalbHOMY 3HAUEHHIO KOMIUIEKCHOTO KpuTepusi OanaHca Ipu
YCJIOBHMH BBINIOJTHEHUS! LETH TEKyIIeH 3a1a4u.

Pe3yabTarhl. Pa3paborana rubpuanas Mojenb HHAYKTHBHOH TEXHOJIOTHH OOBEKTHBHON KIACTEPU3alUH Ha OCHOBE alIrOpUTMa
DBSCAN, koTopasi mpakTHYECKU pearn30BaHa HA OCHOBE KOMIUICKCHOTO HCIONBb30BaHUS mporpamMHbX cpenactB KNIME u R.
Brmonaena oneHka 3 @eKTHBHOCTH MOJEIH C HCIOIb30BAHMEM Pa3IMYHBIX THIIOB JAHHBIX: HU3KOPa3MEPHBIX JAHHBIX IIKOJIBI
BEIYHCIICHUH yHHBepcuTeTa BoctouHoH OnuimsHany; uprcos dumepa; npoduieil SKCIpeccuy TeHOB IAUeHTOB, NCCIeAyEeMBIX Ha
paK JIETKUX.

BriBoabl. Pe3ynbTaThl MOJEIMPOBaHMS IIOKAa3ald BBICOKYIO S((EKTHBHOCTH IPEUIOKEHHOW TexHoloruu. lcciemoBaHHbIE
0OBEKTHI OBUIH PaclpeneNeHbl B KIacTeEPhl KOPPEKTHO BO BCEX cilyuasx. IIpeoxkeHHbIil METO MO3BOJISIET YMEHBIINTh 3HAUCHUE
OIIMOKM BOCHPOM3BOAUMOCTH, MOCKOJNBKY KOHEYHOE pElIeHHe II0 ONPEJeleHHI0 ONTHMAIbHBIX IapaMeTpoB alropuTMa
KIIacTepU3aluy MPUHAMAETCS Ha OCHOBE MapajUIeNbHOTO aHANIW3a Pe3ylbTaTOB KIACTEPU3AIMH, MONYyYEHHBIX Ha PABHOMOIIHBIX
MOJIMHOXKECTBAaX JAHHBIX C YI€TOM Pa3HHMIIBI B Pe3yIbTaTaxX KIaCTepHU3alnH, TTOMyIeHHBIX Ha JaHHBIX IOJAMHOKECTBAX.

KJ/JIIOUEBBIE CJIOBA: o0bexTHBHAsI KJIaCTEpH3aIMs, KPUTEPHU KadeCTBa KJIACTEPH3AIMH, WHIYKTHBHOE MOJIEIMPOBAHHE,
anroputM kinacrepusanuu DBSCAN.
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