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Abstract: In this paper an example of multi-variant clustering is presented. The problems to be solved are
described and multi-variant clustering based on pyramidal multi-layer multi-dimensional structures is outlined. The
conclusion is that the multi-variant clustering combined with pyramidal generalization and pruning gives reliable
results.
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Introduction

Clustering is a fundamental problem that has numerous applications in many disciplines. Clustering techniques
are used to discover natural groups in data sets and to identify abstract structures that might reside there without
having any background knowledge of the characteristics of the data. They have been used in a variety of areas,
including bioinformatics; computer vision; VLS| design; data mining; gene expression analysis; image
segmentation; information retrieval; information theory; machine learning; object, character, and pattern
recognition; signal compression; text mining; and Web page clustering [Kogan, 2007].

Clustering systems build a generalization hierarchy by partitioning the set of examples in such a way that
similarity is maximized within a partition and minimized between them. At the lowest level of the hierarchy are the
individual examples.

Clustering is especially suited to unsupervised learning, where the concepts to be learned are not known in
advance, but it may also be applied to learning from examples. A new example is classified by considering adding
it to each cluster, and determining which one it fits best. This process is repeated down the hierarchy until a
cluster is reached that contains only examples of a single class. The new example adopts the class of this cluster.
The main differences between different clustering methods are the similarity measure, and the method used to
evaluate each cluster to determine the best fit for the new example. Approaches range from Euclidean distance to
Bayesian statistics. Clustering is therefore the broad approach of concept formation by grouping similar
examples. [Luo et al, 2009]

Clustering has attracted research attention for more than 50 years. A partial list of excellent publications on the
subject is provided in [Kogan, 2007].

In this paper we present a simple example of multi-variant clustering and analysis high-dimensional data based
on multi-dimensional pyramidal multi-layer structures in self-structured systems.

Let remember that the systems in which the perception of new information is accompanied by simultaneous
structuring of the information stored in memory, are called self-structured [Gladun et al, 2008). Self-structuring
provides a possibility of changing the structure of stored in memory data during the process of the functioning
because of interaction between the received and already stored information.

The building of self-structured artificial systems had been proposed to be realized on the basis of networks with
hierarchical structures, named as "growing pyramidal networks" (GPN) [Gladun et al, 2008]. The theory as well
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as practical application of GPN was expounded in a number of publications [Gladun, 1987, 1994, 2000; Gladun
and Vashchenko, 2000].

Pyramidal network is a network memory, automatically tuned into the structure of incoming information. Unlike
the neuron networks, the adaptation effect is attained without introduction of a priori network excess. Pyramidal
networks are convenient for performing different operations of associative search. Hierarchical structure of the
networks, which allows them to reflect the structure of composing objects and natural gender-species’ bonds, is
an important property of pyramidal networks. The concept of GPN is a generalized logical attributive model of
objects' class, and represents the belonging of objects to the target class in accordance with some specific
combinations of attributes. By classification manner, GPN is closest to the known methods of data mining as
decision trees and propositional rule learning.

The growing pyramidal networks respond to the main requirements to memory structuring in the artificial
intelligent systems [Gladun, 2003]:

— in artificial intelligent systems, the knowledge of different types should be united into net-like structure,
designed according to principles common for all types of knowledge;

— the network should reflect hierarchic character of real media and in this connection should be convenient
for representation of gender-type bonds and structures of composite objects;

— obligatory functions of the memory should be formation of association bonds by revealing intersections
of attributive object representations, hierarchic structuring, classification, concept formation;

— within the network, there should be provided a two-way transition between convergent and displayed
presentations of objects.

The research done on complex data of great scope showed high effectiveness of application of growing
pyramidal networks for solving analytical problems. Such qualities as simplicity of change introduction the
information; combining the processes of information introduction with processes of classification and
generalization; high associability makes growing pyramidal networks an important component of forecasting and
diagnosing systems. The applied problems, for solving of which GPN were used, are: forecasting new chemical
compounds and materials with the indicated properties, forecasting in genetics, geology, medical and technical
diagnostics, forecasting malfunction of complex machines and sun activity, efc.

The next step is using a new kind of memory structures for operating with growing network information structures.
The new proposition is the multi-dimensional numbered information spaces [Markov, 2004]. They can be used as
a memory structures in the intelligent systems, and in particular in the processes of data mining and knowledge
discovery. Summarizing, the advantages of the multi-dimensional numbered information spaces are:

— possibility to build growing spaces hierarchies of information elements;
— easy building interconnections between information elements stored in the information base;
— practically unlimited number of dimensions - this is the main advantage of the numbered information
spaces for well-structured tasks, where it is possible "to address, not to search”;
— possibility to create effective and useful tools, in particular for clustering and association rules mining.
The further text of the paper is organized as follow. Firstly we describe the problems to be solved. In the next

chapters we present an example of sparse high dimensional vectors and multi-variant clustering based on
pyramidal multi-layer multi-dimensional structures. Finally, the conclusions are outlined.
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Basic problems to be solved

For a given set of instances R ={R’,i €1,...,r} and a query O one often is concerned with the following basic
problems:
1. Find instances in R ‘“related” to the query If, for example, a “distance” between two instances R’ and

R’ is given by the function d(R’,R’) and a threshold ol >0 is specified one may be interested in
identifying the subset of instances R,,; = R definedby R,,; ={R: R R,d(Q,R) <tol} .

2. Partition the set R into disjoint sub-collections 7,7, ,..., 7, (called clusters) so that the instances in a
cluster are more similar to each other than to instances in other clusters. The number of clusters & also

has to be determined.
When “tight” clusters 7;,% = l,....k are available, “representatives” C; of the clusters can be used instead of
instances to identify R,,;. The substitution of instances by representatives reduces the set size and speeds up
the search at the expense of accuracy. The “tighter” the clusters are the less accuracy is expected to be lost.

Building “high quality” clusters is, therefore, of paramount importance to the first problem. Applications of
clustering are in particular motivated by the Cluster Hypothesis which states that “closely associated instances
tend to be related to the same requests.”

Sets of instances are often changing with time (new instances may be added to the existing set and old instances
may be discarded). It is, therefore, of interest to address the clustering problem under the assumption R = R(¢)

(i.e., the set of instances R is time-dependent) [Kogan, 2007].
Natural steps to approach the two above-mentioned problems are:
Step 1. Embed the instances and the query into a metric space.
Step 2. Handle problems 1 and 2 above as problems concerning points in the metric space.
For instance, a vector space model may maps instances into vectors in a finite dimensional Euclidean space, i.e.,

let the vector space is of dimension » = 17, and we will be building vectors in R17.

One can expect sparse high dimensional vectors (this is indeed the case in many applications) [Kogan, 2007].

Input Data

One possible approach to handle the sparse high dimensional vectors is the Multi-layer Growing Pyramidal
Networks (MPGN) realized in system INFOS and presented in [Mitov, 2011]. In this work we use this approach for
multi-variant clustering high dimensional data. We will illustrate this by an implementation of MPGN for
discovering regularities in data received by National Scientific Center “Institute of mechanization and
electrification of agriculture” of Ukrainian Academy of Agriculture Sciences. The observations had collected high
dimensional data about wheat crop, including data about fertilizing, weather, water reserves in the top layer of
earth, temperature, wind, etc.

In our example we will use a small part of this data to illustrate the idea. In further work it may be extended to
whole number of features. The extracted data set from main data collection contains data from 252 real
observations of the fertilizing and the corresponded crop of the wheat provided in black earth regions Ukraine,
which are rich of humus. Three kinds of fertilizers were chosen: nitric (N), phosphorus (P) and potassium (K) and
four selected varieties of wheat — Caucasus, Mironov Jubilee, Mironov 808 and Kharkov 81 (Table 1).
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Table 1. Observations of the fertilizing and the corresponded crop of the wheat

variants Caucasus Mironov Jubilee Mironov 808 Kharkov 81
n| N|PJ|K 1972 1971 | 1974 | 1975 | 1976 | 1977 | 1973 | 1978 | 1979 | 1980 | 1981 | 1982 | 1983 | 1984 | 1985
110010 24.6 350 | 315 | 249 | 480 | 278 | 246 | 288 | 233 | 334 | 251 | 1562 | 216 | 71 | 253
2 (06|06]| 0 29.2 406 | 421 | 245 | 588 | 348 | 428 | 427 | 319 | 33.7 | 402 | 294 | 399 | 100 | 32.6
3112(12] 0 - - - - 58.0 | 36.6 - 50.6 | 312 | 327 | 471 | 385 | 415 | 11.9 | 49.0
4|0 (06|03 24.0 402 | 37.0 | 244 | 46.7 | 323 | 38.0 | 269 | 252 | 381 | 304 | 162 | 223 | 72 | 256
5106[06]03 26.5 438 | 322 | 295 | 57.7 | 329 | 426 | 422 | 324 | 355 | 423 | 299 | 36.7 | 99 | 31.0
6 109[06]03 26.5 442 | 457 | 314 | 613 | 331 | 416 | 50.6 | 328 | 357 | 474 | 329 | 39.8 | 10.2 | 36.6
7112(06]03 26.5 404 | 442 | 303 | 57.9 | 349 | 406 | 50.6 | 331 | 349 | 46.8 | 364 | 433 | 124 | 426
8 115/06]03 - - - - 530 | 354 - 495 | 321 | 327 | 465 | 416 | 437 | 96 | 419
9 106[12]03 29.2 462 | 42.8 | 28.3 | 58.6 | 38.0 | 432 | 445 | 318 | 371 | 394 | 285 | 357 | 109 | 332
10 | 06 | 09| 0.3 25.8 427 | 419 | 303 | 601 | 353 | 417 | 44.0 | 303 | 359 | 409 | 284 | 36.0 | 14.3 | 344
11(06| 0 |03 25.8 326 | 344 | 265 | 461 | 321 | 40.6 | 408 | 29.7 | 355 | 36,5 | 205 | 30.7 | 81 | 264
12|06 | 06 | 0.6 28.8 427 | 434 | 324 | 544 | 329 | 436 | 433 | 306 | 380 | 377 | 311 | 370 | 98 | 334
13109]09]06 - - - - 56.0 | 40.5 - 494 | 341 | 347 | 46.7 | 36.1 | 401 | 126 | 38.0
14109 06|06 - - - - 59.6 | 355 - 479 | 343 | 370 | 450 | 332 | 386 | 13.0 | 35.0
15112 [12]06 28.8 - 481 | 276 | 56.6 | 40.2 | 433 | 483 | 331 | 322 | 505 | 39.6 | 44.0 | 137 | 412
16 (12| 0 |06 249 - 333 | 252 | 543 | 310 | 387 | 513 | 313 | 352 | 432 | 287 | 396 | 82 | 313
171 0 [12]06 28.0 - 383 | 353 | 445 | 322 | 413 | 27.0 | 250 | 397 | 28.0 | 161 | 232 | 76 | 26.2
181 06 | 06 | 0.9 - - - - 536 | 33.2 - 439 | 326 | 374 | 429 | 275 | 34.0 | 105 | 32.2
1912 [12]09 - - - - 60.4 | 36.8 - 514 | 347 | 343 | 498 | 36.7 | 426 | 13.0 | 438

Usually, the research is concerned on the data of every variety separately without relationships with others. Here
we will try to analyze all varieties in one data set.

Because of great distribution of the values of the crop for different varieties (shown in Figure 1) the normalization
of data was provided. The distribution after normalization is shown on Figure 2. After normalization the values of
the crop are in the interval [17.58, 49.41] (before it, the interval was [7.10, 61.30]).
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Figure 1. Values of the crop of the different varieties of the Figure 2. Values of the crop of the different varieties of the
wheat before normalization — the vertical interval is [7.10, wheat after normalization — the vertical interval is [17.58,
61.30] 49.41]

Multi-variant clustering

We cluster the data using different kinds of distances between the values of the normalized crop. We provide four
different types of clustering:

Case A. One cluster — no distances are used. All instances are assumed to be in this cluster;

Case B. Four clusters based on discretization based on human given intervals. The boundaries are
respectively: 35, 40 and 45;

Case C. Five clusters based on discretization realized in system PaGaNe [Mitov et al, 2009a] and
especially — the Chi-merge discretization of the normalized crop values [Mitov et al, 2009b];

Case D. Two clusters based on merged clusters from case C: (1+2+3) and (4+5)

The corresponded boundaries of the intervals are presented in Table 2.
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Table 2. Boundaries of the intervals for different cases of discretization of the values of the normalized crop of the wheat

Class Crop normalized
min | max

A. One cluster

1 | 1758 | 49.41
B. Four clusters based on discretization based on human given intervals

1 17.58 | 34.99

2 35.00 | 39.99

3 40.00 | 44.99

4 45.00 | 49.41
C. Five clusters based on Chi-merge discretization of the crop values

1 17.58 | 23.88

2 24.22 | 28.07

3 30.43 | 36.66

4 37.00 | 43.00

5 43.09 | 49.41
D. Two clusters based on merging clusters from case C.: (1#2+3) and (4+5)

1 17.58 | 36.66

2 37.00 | 49.41

95

The results in Case A —one cluster, are not informative (Table 3). At the top of pyramids we receive practically all
values used in the experiments. No conclusion may be made.

Table 3. Case A. One cluster — no distances are used. All instances are assumed to be in this cluster

N

P

K

variety

Caucasus

Kharkov 81

Mironov 808

Mironov jubilee

ON

0.6N

09N

1.2N

oP

0.6P

0.9P

1.2P

0K

0.3K

0.6K

0.9K

The Case B corresponds to the human common sense for clustering the data (5 points per interval). The intervals
are chosen on the base of understanding that the interesting data are in the top intervals, which were chosen to
be equal. The low intervals were merged in one big interval. This way four intervals were created: (17.58, 34.99),
(35.00, 39.99), (40.00, 44.99) and (45.00, 49.41).

This case is more informative (see Table 4). The main conclusion from this case is that the variety “Mironov 808"
gives most good crop if the fertilizing is in any of the combinations in class 4. “Mironov jubilee” and “Caucasus” as

a rule have middle values of crop. The worst values belong to “Kharkov 81”.
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Table 4. Case B. Four clusters based on discretization based on human given intervals.
The boundaries are respectively: 35, 40 and 45
Class N P K variety Class N P K variety
1 06N | 09P | 0.3K | Kharkov 81 3 ON 1.2P | 0.6K | Caucasus
1 06N | 06P | 09K | Kharkov 81 3 06N | 06P |OK Caucasus
1 09N | 06P | 0.3K | Kharkov 81 3 06N | 06P | 06K | Caucasus
1 09N | 06P | 0.6K | Kharkov 81 3 06N | 12P | 0.3K | Caucasus
1 12N | OP 0.6K | Kharkov 81 3 12N | 1.2P | 0.6K | Caucasus
1 12N | 1.2P | 0.6K | Kharkov 81 3 ON 0.6P | 0.3K | Mironov 808
1 ON 0P 0K Mironov 808 3 06N | 06P | 0.9K | Mironov 808
1 ON 0.6P | 0.3K | Mironov 808 3 06N | 0.9P | 0.3K | Mironov jubilee
1 12N | OP 0.6K | Mironov jubilee 3 09N | 0.6P | 0.6K | Mironov jubilee
3 12N | 0.6P | 0.3K | Mironov jubilee
3 12N | 1.2P | 0.9K | Mironov jubilee
Class N P K variety 3 12N | 12P | 0K Mironov jubilee
2 ON 0P 0K Caucasus
2 ON 0.6P | 0.3K | Caucasus Class N P K variety
2 06N | OP 0.3K | Caucasus 4 09N 0.6P 0.3K Mironov 808
2 06N | 0.6P | 0.3K | Caucasus 4 09N 0.6P 0.6K Mironov 808
2 06N | 09P | 0.3K | Caucasus 4 09N 0.9P 0.6K Mironov 808
2 09N | 06P | 0.3K | Caucasus 4 1.2N 1.2P 0.6K Mironov 808
2 12N | 0.6P | 0.3K | Caucasus 4 1.2N 1.2P 0K Mironov 808
2 12N | OP 0.6K | Caucasus 4 1.2N 1.2P 0.9K Mironov 808
2 06N | 0.6P | 0.9K | Mironov jubilee 4 15N [ 0.6P | 0.3K | Mironov 808

In the same time, after the pruning, no generalized patterns exist and, maybe, some important regularity is not
discovered. Because of this we continue the experiment with two other cases.

The Case C is based on discretizator realized in the system PaGaNe [Mitov et al, 2009a] and especially — the
Chi-merge discretization of the normalized crop values. In general, pyramidal classifier trained on data
preprocessed by Chi-merge achieves lower classification error than those trained on data preprocessed by the
other discretization methods. The main reason for this is that using Chi-square statistical measure as criterion for
class dependency in adjacent intervals of a feature leads to forming good separating which is convenient for the
pyramidal algorithms [Mitov et al, 2009D)].

The crop values presented in Table 1 were discretized in five intervals based on the Chi-square statistical
measure, respectively (17.58, 23.88), (24.22, 28.07), (30.43, 36.66), (37.00, 43.00), (43.09, 49.41).

In Table 5 the results of clustering in the Case C are presented.

Table 5. Results from Case C of clustering

Class N P K variety Crop 4 06 [06] 0 Mironov jubilee 1977 40.36
1 0 0 0 Kharkov81 1982 17.58 4 12 106 |03 Mironov jubilee 1971 40.40
1 0 [12] 06 Kharkov81 1982 18.62 4 12| 0 [ 06 Mironov jubilee 1976 40.41
1 0 [06]03 Kharkov81 1982 18.73 4 12 |12 [ 06 Kharkov 81 1985 40.44
1 0 0 0 Kharkov81 1981 23.18 4 06 | 06 ]0.6 Kharkov 81 1983 40.45
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1 0 0 0 Kharkov81 1983 23.61 4 1.2 106 |03 Mironov jubilee 1977 40.47
1 06 | 0 |03 Kharkov81 1982 23.70 4 [o6]06]09 Kharkov 81 1980 40.49
1 0 [ oo Kharkov81 1984 23.88 4 [o06]06]06 Mironov jubilee 1976 40.49

4 [o06]06]03 Mironov 808 1978 40.57
Class T N ) K variety Crop 4 06 06] 0 Mironov jubilee 1971 40.60
2 [0 [06]03 Knarkova1 1984 24.22 4 10610103 Kharkov 81 1979 40.65
2 0 106103 Kharkove! 1983 2438 4 0610903 ergnOVJubllee 1977 40.94
5 T o T o Kharkou8 T 1985 08 4 Joslo06] 0 Mironov 808 1978 41.05
2 0 106103 Kharkove 1 1985 2513 4 15106 (03 Mironov jubilee 1977 41.05
5 EEVREY Kharkovs 11983 5536 4 [15]06]03 Kharkov 81 1985 4113
> BEFRET Knarkovs 11984 2555 4 [o06]06]06 Kharkov 81 1980 4113
2 |0 1206 Kharkov81 1985 2572 4 10 112106 Caucasus 1972 17
5 EEFREY Knarkous 11981 5585 4 [o09]06]06 Mironov jubilee 1977 4147
5 o o6 o3 ironov 808 1978 2586 4 [0 ]o6]03 Kharkov 81 1980 41.24
> Tos 0 Tos Kharkovs1 1985 5597 4 Jo6]09]03 Kharkov 81 1979 41.48
> EEFRET Mironov 808 1978 2505 4 090606 Kharkov 81 1981 4155
5 T o T o Mironoy 8081973 5714 4 Jo6[06]06 Mironov 808 1978 4162
o6 0 To3 Kharkous1 1984 5795 4 [o09]06]03 Mironov jubilee 1975 41,63
2 1210 106 Kharkove! 1984 2758 4 0910906 Mironov jubilee 1976 41.68
2 0] 00 Mironov 808 1978 27,69 j ;g gg 82 ﬁ:artm’ 21 122‘2‘ 31 '71
. . . arkov 7
2 0 [06]03 Kharkov81 1981 28.07 12105 03 Kharkoy 811985 8
4 [o06]06]06 Kharkov 81 1979 41.89
Class | N | P | K variety Crop 4 060903 Mironov jubilee 1974 41.90
3 |o6]06]03 Kharkov81 1985 3043 4 [o]o6]03 Mironov 808 1973 41.92
3 [12] 0 [o06 Kharkov81 1985 30.73 4 [12]06]03 Kharkov 81 1982 42.09
3 000 Mironov jubilee 1974 31.50 4 o606 0 Mironov jubilee 1974 42.10
3 |o06]06]09 Kharkov81 1985 3161 4 [12]12]06 Mironov jubilee 1976 4213
3 |06]06]09 Kharkov81 1982 31.80 4 1 09]06]06 Kharkov 81 1983 42.20
3 JoJolo Kharkov81 1979 31.89 4 [o6]06]09 Mironov 808 1978 42.20
3 |o6]o6] 0 Kharkov81 1985 32.00 4 [o06]09]03 Mironov 808 1978 42.30
3 0.6 | 06|03 Mironov jubilee 1974 32.20 4 06106106 Caucasus 1972 42.34
3 [ojofo Mironov jubilee 1977 32.24 4 [12]12]06 Caucasus 1972 42.34
3 [15]06]03 Kharkov81 1984 32.29 4 090906 Kharkov 81 1984 42.38
3 0 106103 Mironov jubilee 1975 32.35 4 12112109 Kharkov 81 1982 4243
3 lo6]06]0 Mironov jubilee 1975 3248 4 [12]12]0 Mironov jubilee 1977 42.45
3 061203 Kharkov81 1985 32.59 4 12112109 Mironov jubilee 1977 42.68
3 [06] 0 ]03 Mironov jubilee 1971 32.60 4 [12] 0 |06 Mironov 808 1973 42.69
3 106]06]06 Kharkov81 1985 32.79 4 06[09]03 Mironov jubilee 1971 42.70
3 |o6]09]03 Kharkov81 1982 32.84 4 lo6]06]06 Mironov jubilee 1971 42.70
3 061203 Kharkov81 1982 32.95 4 121121 0 Kharkov 81 1979 42.71
3 0610606 Kharkov81 1984 32.96 4 06112103 Mironov 808 1978 42.78
3 [ojofo Mironov jubilee 1975 33.01 4 Jo6[12]03 Mironov jubilee 1974 42.80
3 0 |12]06 Mironov jubilee 1976 33.12 4 121 0 | 06 Kharkov 81 1979 42.84
3 [12] 0 |06 Kharkov81 1982 33.18 4 |o06l06] 0 Caucasus 1972 42.93
3 [12] 0 |06 Mironov jubilee 1974 33.30 4 1061203 Caucasus 1972 42.93
3 |o06]06]03 Kharkov81 1984 33.30 4 11506103 Kharkov 81 1981 42.94
3 [12]0]06 Mironov jubilee 1975 33.41 4 [o6]06]03 Mironov jubilee 1976 42.95
3 106] 0 |03 Kharkov81 1983 33.56 4 [06]06]06 Mironov jubilee 1975 42.96
3 o6 06] 0 Kharkov81 1984 33.64 4 |0 [12]06 Kharkov 81 1980 42.97
3 [o6] 0 [o03 Kharkov81 1981 33.70 4 [12]127]09 Kharkov 81 1985 43.00
3 06 0903 Kharkov81 1985 33.77
3 |o6]o06] 0 Kharkov81 1982 33.99 :
3 |0 [12]06 Kharkov81 1979 3422 Class | N | P | K ___variety Crop
3 09 106103 Kharkove1 1984 3431 5 12106 ] 03 Mironov jubilee 1976 43.09
3 06| 0 |03 Mironov jubiles 1976 3431 5 10910906 Kharkov 81 1981 4312
i - —
3 09 106106 Kharkov81 1985 3436 5 12112] 0 Mironov jubilee 1976 4317
3 |06] 0 |03 Mironov jubilee 1974 3440 5 11210603 Kharkov 81 1981 43.21
3 [0 06]03 Kharkova1 1979 34.49 5 11210 |06 Kharkov 81 1983 43.29
3 06106103 Kharkove1 1982 3457 5 06 | 06|06 Mironov jubilee 1974 43.40
3 | 0 0603 Mironov jubiles 1976 34.76 5 11211210 Kharkov 81 1981 4349
3 06 06 106 Kharkova1 1981 3481 5 0.9 06|03 Kharkov 81 1983 43.51
s 1212 08 K harkovs 11980 2086 5 061203 Kharkov 81 1979 4353
o o o NMironov jubiee 1971 500 5 061203 Mironov jubilee 1976 4362
3 |06] 0 |03 Mironov jubilee 1975 35.13 > 10610610 Kharkov 81 1983 43.62
3 | 0 0603 Caucasus 1972 3529 5 10610610 Kharkov 81 1979 43.67
s Tos o6 os Kharkov8 1 1984 532 5 [09]06]06 Kharkov 81 1984 43.73
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3 [12]12] 0 Kharkove1 1980 3540 5 [12]12]009 Kharkov 81 1984 2373
3 | 15]06]03 Kharkov81 1980 35.40 5 |06]06] 0 Mironov jubilee 1976 4376
3 000 Mironov jubilee 1976 35.73 5 |09]06]03 Kharkov 81 1981 2377
3 09]06]03 Kharkove1 1985 35.93 5 |06]06]03 Mironov jubilee 1971 4380
3 |12] 0 |06 Mironov jubilee 1977 35.95 5 ]09]09]06 Kharkov 81 1983 4384
3 06]06]06 Kharkove1 1982 35.96 5 | 150603 Kharkov 81 1979 43.94
3 J0]0]0 Kharkov81 1980 36.16 5 |06]12]03 Mironov jubilee 1977 24,07
3 ] 0]0]0 Caucasus 1972 36.17 5 |09]06]03 Mironov jubilee 1971 44.20
3 061203 Kharkov 81 1981 36.38 5 120603 Mironov jubilee 1974 44.20
3 06|06 0 Kharkov 81 1980 36.48 5 |06]06]03 Kharkov 81 1979 4435
3 (121206 Mironov jubilee 1975 36.59 5 109]06]06 Mironov jubilee 1976 4436
3 |12] 0 |06 Caucasus 1972 36.61 5 |12]12] 0 Kharkov 81 1982 4452
3 | 06]12]03 Kharkov 81 1984 36.66 5 |06]06]09 Kharkov 81 1979 44,62

5 1060903 Mironov jubilee 1976 4473

i TN TP Tk Vet cron 5 |12]06]03 Mironov 808 1973 2479
4 | 0 [06]03 Mironov jubilee 1974 37.00 5 1060 103 Mironov 808 1973 44.79
TosTos o a3t 1381 1 5 ]09]06]03 Kharkov 81 1979 44.90
a2 s o080 18 5 |12]12]09 Mironov jubilee 1976 44.96
+Tos o609 oo 1083 1 5 120603 Kharkov 81 1979 4531
4 |06 0 |03 Mironov jubilee 1977 37.23 5 112112106 Kharkov 811379 45.31
4 090906 Knarkov 81 1985 3730 5 11211210 Kharkov 81 1983 4537
4 |0 |12]06 Mironov jubilee 1977 3734 5 10 12106 Mironov 808 1973 45.56
o Tos o3 Moo e 677 16 5 |09]06]03 Mironov jubilee 1976 45,62

j ironov Jubl
4 06 112 1 03 Mironov jubilee 1975 3752 5 090603 Mironov jubilee 1974 45.70
4 |09]09]06 Kharkov 81 1980 37.56 5 112112106 Kharkov 81 1362 45.79
+ Tos oo Tos Charor T 1981 77 5 109]06]03 Mironov 808 1973 4589
4 | 12]06]03 Kharkov 81 1980 37.78 5 12112109 Kharkov 81 1981 45.98
o5 Tos 03 ST 93 5 |06]09]03 Mironov 808 1973 26.00
Tos o Tos e T o3 5 |09]06]06 Mironov 808 1978 26.05
T TosTos 03 e 1063 2501 5 |12]12] 06 Kharkov 81 1984 26.08
4 1210 o6 Kharkov 81 1980 38.10 5 06]12103 Mirgnovjubilee 1971 46.20
4 |06 ]06]03 Mironov jubilee 1977 38.16 5 | 12112106 Mironov 808 1978 4643
4 | 06]06]06 Mironov jubilee 1977 38.16 5 112112109 Kharkov 81 1983 46.57

j rharkov 8
4 0 112 o6 Mironov jubilee 1974 38.30 5 12112 |06 Mironov jubilee 1977 46.62
4 |09]06]03 Mironov jubilee 1977 38.39 5 112112106 Kharkov 81 1981 46.63
4 090606 Kharkov 81 1982 38.39 5 109]09]06 Kharkov 811979 46.68
4 06 106 103 Kharkov 81 1980 38.43 5 0 [12]06 Mironov jubilee 1975 46.80
4 |06 0 |03 Kharkov 81 1980 38.43 5 109106106 Kharkov 81 1979 46.95
4 06 106109 Mironov jubilee 1977 3850 5 090906 eranVJubllee 1977 46.97
oo Tos T3 a1 1580 2505 5 |06]06]03 Mironov 808 1973 47.00
4 | 060903 Kharkov 81 1980 38.86 5 10610610 Mironov 808 1973 41.22
T ToeTos T3 e 1972 259 5 |12]06]03 Kharkov 81 1983 4733
oo Tos 03 ST 2508 5 |09]09]06 Mironov 808 1978 4749
1o Toe o3 e T 2508 5 |12]12] 09 Kharkov 81 1979 4750
R ETAETARE e 1953 2903 5 |15]06]03 Mironov 808 1978 4758
4 060603 Kharkov 81 1981 39.06 5 10611203 Mironov 808 1973 47.66
4 | 06]06]03 Mironov jubilee 1975 39.11 5 12112106 Mironov 808 1973 Ar.Iz
T Toe o o3 Mirorc 806 1978 07 5 |15]06]03 Kharkov 81 1983 4777
4 06 109103 Kharkov 81 1983 3935 5 12112 (06 Mironov jubilee 1974 48.10
4 | 15]06]03 Mironov jubilee 1976 39.45 5 106106106 Mironov 308 1973 48.10
4 |06]06]09 Kharkov 81 1981 39.61 5 115106103 Kharkov 81 1962 48.10
a0 Tos Choror 1 1581 2989 5 |12]12]06 Kharkov 81 1983 28.10
4 | 06]06]09 Mironov jubilee 1976 39.89 5 106109103 Kharkov 81 1984 48.10

jubi
a0 o 1003 5 |12]12] 0 Kharkov 81 1985 28.10
oo Tos s Chorov 11580 005 5 |12]12] 0 Mironov 808 1978 18,64
4 06 106103 Kharkov 81 1983 2012 5 09106 |03 Mironov 808 1978 48.64
R ETARTARE o ov 11580 01 5 |12]06]03 Mironov 808 1978 48,64
4 |12 0603 Mironov jubilee 1975 2017 5 1210 |06 Mironov 808 1978 49.31
o5 o903 Vironor ubiee 1575 01 5 121209 Mironov 808 1978 29.41
4 0 {0603 Mironov jubilee 1971 40.20

The results given it Table 5 show that the clustering in not enough to discover regularities in the data. The
additional processing of clusters is needed. Using clusters as classes in MPGN, we have built corresponded
pyramids for every case, and have made pruning for the cases B, C, and D. This way, in the corresponded cases
we received a number of generalized patterns, which are not contradictory between classes.
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Such discretization seems to be more informative but the received results are similar to Case B (Table 6). In the
same time, the instances of the class 1 are contradictory to instances of class 2; and two instances from class 2
are contradictory to instances of class 4 and class 5. Because of this we have to remove them from the resulting
Table 6; i.e. to make pruning of the instances by removing the contradictory ones. In Table 6, the contradictory
instances are given in italic. After the final pruning there are no instances in class 1 (Table 7).

Table 6. Case C. Five clusters based on the Chi-merge discretization before the final pruning

Class N P K variety Class N P K variety
1 ON 0P 0K Kharkov 81 4 ON 1.2P | 0.6K | Caucasus
1 ON 0.6P 0.3K Kharkov 81 4 0.6N 0P 0.3K | Caucasus
1 ON 1.2P 0.6K Kharkov 81 4 06N | 0.6P | OK Caucasus
1 0.6N 0P 0.3K Kharkov 81 4 06N | 0.6P | 0.3K | Caucasus
4 0.6N 0.6P | 0.6K | Caucasus
4 0.6N 09P | 0.3K | Caucasus
Class N P K variety
? N P 0K Kharkov 81 4 0.6N 1.2P | 0.3K | Caucasus
4 0.9N 0.6P | 0.3K | Caucasus
2 ON 0.6P | 0.3K | Kharkov 81
4 1.2N 0.6P | 0.3K | Caucasus
2 ON 1.2P | 0.6K | Kharkov 81
4 1.2N 1.2P | 0.6K | Caucasus
2 0.6N 0P 0.3K | Kharkov 81 -
4 ON 0.6P | 0.3K | Mironov 808
2 12N 0P 0.6K Kharkov 81 "
> N P K i 808 4 0.6N 0.6P | 0.9K | Mironov 808
ronov 4 06N | 0.6P | 0.9K | Mironov jubilee
2 ON_ | 06P |03K | Mionov808 4 15N | 0.6P_| 0.3K | Mironov jubilee
2 ON 1.2P | 0.6K | Mironov 808
- Class N P K variety
Class | N P | K variety 5 ON | 12P | 0.6K | Mironov 808
3 ON 0P 0K Kharkov 81 -
5 0.9N 0.6P 0.3K Mironov 808
3 0.6N 0.6P | 0.9K | Kharkov 81 -
5 0.9N 0.6P 0.6K Mironov 808
3 0.6N 09P | 0.3K | Kharkov 81 -
5 0.9N 0.9P 0.6K Mironov 808
3 09N | 0.6P | 0.3K | Kharkov 81 -
3 0N 06P 106K | Knarkov 81 5 1.2N 0.6P 0.3K Mironov 808
3 o Tk 1c arkov 5 12N | 12P | OK Mironov 808
; N Tos 03K CaucaS”S 5 12N | 12P | 0.6K | Mironov 808
3 TN Top 06K Czﬂggzzz 5 12N [ 12P | 09K | Mironov 808
3 N 0P 0K Mironov jubilee 5 1.5N 0.6P | 0.3K | Mironov 808
Table 7. Case C. Five clusters based on the Chi-merge discretization after the final pruning
Class N P K variety Class N P K variety
1 - - - - 3 06N | 0.6P | 0.9K | Kharkov 81
3 06N | 0.9P | 0.3K | Kharkov 81
Class [ N[ P T K [ variety | 5000 0¢5qox | Kimtiors
2 12N | 0P | 06K | Kharkov 81 ; N T oK Caiga(’s"us
2 ON 0P [OK | Mironov 808 3 ON | 06P | 03K | Caucasus
3 1.2N 0P 0.6K | Caucasus
3 ON 0P 0K Mironov jubilee
Class N P K variety Class N P K variety
4 ON 1.2P | 0.6K | Caucasus 5 0.9N 0.6P 0.3K Mironov 808
4 0.6N 0P 0.3K | Caucasus 5 09N 0.6P 0.6K Mironov 808
4 0.6N 06P | OK Caucasus 5 09N 0.9P 0.6K Mironov 808
4 06N | 0.6P | 0.3K | Caucasus 5 1.2N 0.6P 0.3K Mironov 808
4 06N | 0.6P | 06K | Caucasus 5 1.2N 1.2P 0K Mironov 808
4 0.6N 09P | 0.3K | Caucasus 5 1.2N 1.2P 0.6K Mironov 808
4 0.6N 1.2P | 0.3K | Caucasus 5 1.2N 1.2P 0.9K Mironov 808
4 09N | 0.6P | 0.3K | Caucasus 5 1.5N 0.6P 0.3K Mironov 808
4 12N | 0.6P | 0.3K | Caucasus
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12N | 1.2P | 0.6K | Caucasus
06N | 0.6P | 0.9K | Mironov 808
0.6N | 0.6P | 0.9K | Mironov jubilee
15N | 0.6P | 0.3K | Mironov jubilee

E-N RSN E N

For the Case D we create two clusters based on merging clusters from case C: classes (1+2+3) and classes
(4+45) from Table 6. This is again based on “‘the human common sense”. The idea is that the last two classes
(4+5) may contain the most of interesting for us regularities. Table 8 presents the result, which was received after
the five steps of processing:

— normalization of data of the crop;

— discretization by the PaGaNe discretizer (Chi-merge)

— merging received intervals into two main (1+2+3) and (4+5)

— generalization into two classes separately

— pruning of the contradictory vertexes and instances between classes.

Table 8. Case D. Two clusters based on merged clusters from case C.:
classes (1+2+3) and (4+5) from Table 6

Class 1 Class 2
N P K variety N P K variety

ON 0P 0K Caucasus 0.6N 0.6P 0.3K Caucasus

ON 0.6P 0.3K Caucasus 0.6N 0.6P 0.6K Caucasus

1.2N 0P 0.6K Caucasus 0.6N 0.6P 0K Caucasus

ON 0P 0K Kharkov 81 0.6N 0P 0.3K Caucasus

0.6N 0.6P 0.9K Kharkov 81 0.6N 1.2P 0.3K Caucasus

0.6N 0.9P 0.3K Kharkov 81 ON 1.2P 0.6K Caucasus

0.9N 0.6P 0.3K Kharkov 81 1.2N 0.6P 0.3K Caucasus

0.9N 0.6P 0.6K Kharkov 81 1.2N 1.2P 0.6K Caucasus

ON 0P 0K Mironov 808 1.2N 0.6P 0.3K Kharkov 81

ON 0.6P 0.3K Mironov 808 - - - Mironov 808

ON 1.2P 0.6K Mironov 808 0.6N 0.6P 0.6K Mironov jubilee

ON 0P 0K Mironov jubilee 0.6N 1.2P 0.3K Mironov jubilee
1.2N 0.6P 0.3K Mironov jubilee
1.2N 1.2P 0K Mironov jubilee
1.5N 0.6P 0.3K Mironov jubilee

The main conclusion from this case is that the variety “Mironov 808”, “Mironov jubilee”, and “Caucasus” are good
with small exception (3 for the first variety, one for the second, and 3 for the third). The worst values belong to
“Kharkov 81”.

Let mention the special instance in class 2 for variety Mironov 808 which contains dashes in all positions. This
means that all instances of Mironov 808 in class 2 are not contradictory to ones in class 1. Because of this only
one generalized instance is given as result. In the same time in class 1 there exist just three instances which
have no contradictory to instances of the class 2 and they are shown in the Table 8.

Again, the information from this case (as well as the previous cases) is not enough to make decision. We need
additional information, which may be taken from the previous cases or from the clusterization using another
system. Such results will be outlined shortly below.

Experiments with program complex CONFOR

Knowledge discovery methods based on pyramidal networks and using the results for decision making firstly
were implemented in the program complex CONFOR (Abbreviation of CONcept FORmation) [Gladun, 1987,
1994, 2000; Gladun and Vashchenko, 2000]. The basic functions of program complex CONFOR are:

— discovery of regularities (knowledge) inherent to data;
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— using of the retrieved regularities for object classification, diagnostics and prediction.

Original methods of knowledge discovery based on the pyramidal networks are taken as a principle in the
CONFOR system. A successful long-term application of the methods in different fields of research and
development has confirmed their decisive advantages as compared to other known methods. Chemists have
done over a thousand of high-precise prognoses for new chemical compounds and materials [Kiselyova et al,
1998]. CONFOR is used for analysis of information technologies market. Application field for CONFOR is also
medicine, economy, ecology, geology, technical diagnostics, sociology, etc.

It is important to compare the results received by system INFOS presented in previous chapters whit the results
received by the program complex CONFOR. This way we will have independent processing of the same data by
the other program system and the new variants of clustering will improve our conclusions.

We provide experiments with the same data as in cases A, B C and D. We have received similar results which in
this case were based on logical inference. The most interesting is the case D. The main conclusion from this case
is that the varieties “Mironov 808" and “Mironov jubilee” are the best choice. The logical expression of this
generated by Confor is as follow:

[17] - N_0_6 & variety_Mironov jubilee

AND

NOT{K_0_3 & P_0}
AND

NOT{P_0 & K_0_3}
AND

2 excluded
OR
[13] N_0_6 & variety_Mironov 808)

It means that variety Mironov Jubilee presented by 17 instances and variety Mironov 808 presented by 13
instances are good with small exceptions. The worst values belong to “Kharkov 81” — the logical expression is:

[54] variety_Kharkov 81
In other words, 54 instances of variety Kharkov 81 were clusterized in the class 1 “worst”.
In details these experiments will be presented in further publication.

Conclusion

In this paper we have used a small part of data to illustrate a possible clustering approach to handle the sparse
high dimensional vectors. The extracted data set from main data collection contained data from 252 real
observations of the fertilizing and the corresponded crop of the wheat provided in black earth regions Ukraine,
which are rich of humus. Three kinds of fertilizers were chosen: nitric (N), phosphorus (P) and potassium (K) and
four varieties of wheat — Caucasus, Mironov Jubilee, Mironov 808 and Kharkov 81.

Our main goal in this work was to illustrate using the approach for multi-variant clustering high dimensional data
based on the Multi-layer Growing Pyramidal Networks (MPGN) and the system INFOS. We outlined an
implementation of MPGN for discovering regularities in data received by National Scientific Center “Institute of
mechanization and electrification of agriculture” of Ukrainian Academy of Agriculture Sciences. The observations
had collected high dimensional data about wheat crop, including data about fertilizing, weather, water reserves in
the top layer of earth, temperature, wind, etc.
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The analysis of the results from different cases permits us to say that the [Heady and Dillon, 1961] advices are
still actual (in our example, too). The main theirs advice is not to accept only one equation for characterizing the
agricultural production in different conditions.

Taking in account all cases we may draw inference that the variety “Mironov 808" is stable in all observations.
“Mironov jubilee” shows less stability but with proper fertilizing gives good crop. “Caucasus” and “Kharkov 81
could not be recommended to be used. Let remember that our example do not take in account many factors
which were observed. In further work, data will be extended to whole number of features. The conclusion may
differ when we will use great number of dimensions.

Similar results were received by parallel independent experiments with the same data provided by the program
complex CONFOR which is based on pyramidal structures, too.

A possible extension of the investigated area is in direction of fuzzy clustering [Hoeppner et al, 1997]. As it is
outlined in [Bodyanskiy et al, 2011] the problem of multidimensional data clusterization is an important part of
exploratory data analysis [Tukey, 1977], [Hoppner et al, 1999], with its goal of retrieval in the analyzed data sets
of observations some groups (classes, clusters) that are homogeneous in some sense. Traditionally, the
approach to this problem assumes that each observation may belong to only one cluster, although more natural is
the situation where the processed vector of features could refer to several classes with different levels of
membership (probability, possibility). This situation is the subject of fuzzy cluster analysis [Bezdek, 1981]; [Gath
and Geva, 1989]; [H6ppner et al, 1999], which is based on the assumption that the classes of homogeneous data
are not separated, but overlap, and each observation can be attributed to a certain level of membership to each
cluster, which lies in the range of zero to one [Hdppner et al, 1999]. Initial information for this task is a sample of
observations, formed from N -dimensional feature x(1),x(2),...,x(k),...,x(N).

The result of clustering is segmentation of the original data set into m classes with some level of membership
u; (k) of k -th feature vector x(k) to j -th cluster, j=1, 2,..., m . [Bodyanskiy et al, 2011]

What we have seen from the experiments is that the multi-variant clustering combined with pyramidal
generalization and pruning give reliable results. Using algorithms for fuzzy clustering will give new possibilities.
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