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The Evolution of Biclustering Algorithms
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Abstract — Biclustering methods have been initially developed
for solving tasks of finding local correlations between expressions
of gene subsets in the subsets of conditions. Later on they started
to be employed in target marketing for revealing preferences of
subsets of customers/buyers over the subsets of products/services.
It can be stated with confidence that in the future these methods
will find a wide application in other research areas for mining
knowledge when initial data are of specific character. This paper
provides a short description and analysis of the four well-known
biclustering methods in the order of their evolution.
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I. INTRODUCTION

There are many methods for biclustering objects in the set
of values of classification attributes. All the existing
techniques can be in essence divided into two large groups: (1)
methods based on the measure of similarity between objects
and (2) methods based on the evaluation of the degree of
correlation between attribute values.

In recent years, gene microarray technologies have been
developing intensively. While processing a single microarray,
evaluations of thousands of gene expressions can be obtained.
When such microarrays are obtained under different
conditions, initial data are commonly represented as a matrix
whose rows are objects (genes) but each column is a set of
evaluations of these genes under a single experimental
condition. The number at the intersection of the i-th row and j-
th column represents expression (activity level) of the i-th
gene under the j-th condition.

Researchers are interested in finding such subsets of objects
(genes) that exhibit a correlated behaviour under specific
subsets of conditions. Subsets of that kind are called
biclusters. In fact, the task of discovering biclusters cannot be
solved with conventional clustering methods just due to the
global character of those methods. On the other hand,
classification of gene biclusters is of great importance for
understanding cellular processes, disease mechanisms and
results of using medicaments. Due to that, different methods
have been developed that enable determining biclusters in the
set of initial data. There are probabilistic methods, neural
network based methods etc. A good review of the fundamental
biclustering methods and their classification according to
different features can be found in [4].

This work briefly examines four known biclustering
methods in the order of their evolution. The essential feature
of all these methods is that they use indicators of deviation
degrees of these biclusters from ideal models.

1. METHODS USING THE CONCEPT OF BICLUSTER RESIDUE AS
A MEASURE OF ITS QUALITY

The method proposed in [1] was the first study on the use of
the concept of the mean squared residue for discovering
biclusters in the initial data set. The authors suppose that the
data set is passed through the logarithm transformation. Thus a
transition from the multiplicative model of biclusters to the
additive one is accomplished. The multiplicative model
assumes that the values in any row of the bicluster can be
obtained by multiplying values in other row by a constant. The
additive model, in contrast, assumes that the values in any row
of the bicluster can be derived by adding a constant to the
values in other row.

Let us introduce some formal denotations and definitions
[1]. Initial data are represented as a matrix (O, A), where O —a
set of objects (strings), A — a set of conditions (columns). (1, J)
— is a submatrix of matrix (O, A) with dimension IxJ, where I,
I < O, - number of rows, J, J < A — number of columns of the
submatrix.

The residue of element a;; in the submatrix is determined as
follows:

a —a; —a; +a;,, 1)
where @;; - mean value of attribute A in the i-th row of the
submatrix; a; - mean value of attribute A in the j-th column

of the submatrix; a,, - mean value of all values of attribute A

in the submatrix.
For any submatrix (I, J) its mean squared residue score is
calculated as

H(I,J):LZZ(a” —a; —q; +a; )2: 2

|I||‘J iel jel
1 , ,
where @,; = FZ a;; - the mean of the i-th row in the
jed
submatrix;
1
q; = |Tzaij - the mean of the j-th column in the
iel
submatrix;
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of the submatrix.
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A submatrix (1, J) is called a &bicluster if H(1,J) <o for
a certain a priori set value 0 > 0.

In [1] the authors propose two types of biclustering
algorithm. When the first type is used, the mean squared
residue score is calculated for the initial matrix, H(O, A). If
H(O, A) > 3, then for all rows of the matrix these values are

calculated:
Z (a‘u |

jed

a; +ay)’

d(i)—|

and for all columns of the matrix there are calculated values

Z (au a;,

iel

a,+a,)°.

A row or a column with the largest value of d(.) is deleted and
the process is repeated until a 5-bicluster is found that meets
condition H(l, J) <3a.

Another version of the algorithm first assumes a multiple
deletion of the rows for which

1 2

|TZ(aij—aU—a”jLa,J) >aH(1,J), and the
jed

columns for which

||12(aij —&; —q; +a; )2 >aH(l,J), where o > 1 is

a pre- specified coefficient.

iel

After the first 8-bicluster is found in the initial data matrix,
the corresponding values in the matrix are replaced by random
ones; searching for the second &-bicluster is then performed
and so on. Such a masking of the discovered &-biclusters by
random values is an essential drawback of the considered
technique.

The biclustering algorithm proposed in [6] aims at avoiding
the shortcomings of the above technique. Let us introduce
some denotations and definitions.

A &cluster is defined as an IxJ submatrix of the initial data
matrix that satisfies these conditions:

3
- — <, where
9]

attribute values in the i-th row of the submatrix;

‘Ji" - number of specified

|J | - overall number of attribute values in the submatrix.
M

values in the j-th column of the submatrix;

< «a, where ‘I ‘ - number of specified attribute

‘I j‘ - overall number of attributes in the submatrix;

o - a priori assigned value .

Note that these conditions are necessary but not sufficient
for defining a 3-cluster. Another necessary condition will be
formulated further.

The volume of &-cluster, V,; is defined as the number of its
completed cells.

For the given d&-cluster the base of the i-th object is
determined as the mean of all specified attribute values in its i-
th row

1
__~Zau

aJ =
“]i jed

Similarly, the base of the j-th condition is the mean of all
specified attribute values in its j-th column

_‘ Zau

i| iel

The base of a &cluster is the mean of all its specified
attribute values

a :_ZZ ij :

|J iel ied

Z%

|J iel

Zau'

IJ jed
where V,; - volume of 3-cluster.

The residue of cell (i, j) in a 6-cluster is determined as

I, =a; —a,; —a; +a,, if the value a;; is specified;
=0, otherwise 3)
The residue of &cluster (I, J) is calculated as

R = 22l @

|J iel jed

Using the concept of residue R;, a &cluster (I, J) can be
defined as a submatrix of the initial data (O, A), for which R,
< 8, where & - a priori assigned threshold value of the residue.
This is the second necessary condition for determining a 6-
cluster.

To discover d-clusters in the matrix of initial data, in [6] the
authors propose the FLOC algorithm whose essence is as
follows. On the first phase, a certain number of initial
submatrices (seeds) are randomly generated. Then on the
second phase of the algorithm execution each row and each
column is checked so as to determine an action that would
lead to the submatrix with the least residue. An action can be
either adding the chosen row or column to the initial
submatrix or deleting the chosen row or column from that
submatrix. After the first action is taken, the rows and
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columns of the initial matrix are checked to determine the
second action. The process is repeated until the maximal -
cluster is formed on the basis of the initial submatrix. The
above process is performed for all initial submatrices (seeds).
As a result, the given number of 3-clusters is discovered. It is
clear that the desired result can only be achieved if there is
exactly this number of 5-clusters in the initial matrix.

A

Values of attribute A

I1l.  3-P-CLUSTERING

The basics of this technique are described in [5]. To
understand its main principles, consider Fig.1.

Object 1
Object 2

Object 3

1 2 3 4 5

ORI

L

7 8 9 10 Conditions

a) initial profiles of the values of attribute A for three objects under ten conditions

A

Values of attribute A

=7

Object 3
Object 2
Object 1

2 5 7

>

9 Conditions

(b) profiles of the values of attribute A for the same objects in the space of conditions 2, 5, 7, and 9.

Fig. 1. Representation of bicluster (b) masked in the initial data (a)

Fig. 1 depicts profiles of the values of attribute A in the
space of ten conditions. In fact, no regularities in the changes
of attribute values under different conditions can be seen here.
Fig. 1, b illustrated profiles of the values of attribute A under a
certain subset of conditions (conditions 2, 5, 7 and 9). The last
case exemplifies an ideal bicluster that corresponds to the
additive model.

111

The essence of the method is as follows. First, subsets of
conditions are found in which two objects exhibit similar
activity, i.e., changes in the attribute values for them occur
similarly. Using such ,,atoms”, biclusters are then constructed
in sequence. The similarity degree of attribute values in the
atoms can be adjusted by specifying different values of
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parameter & which restricts permissible deviations of attribute Let us assume that the differences Sy = ay— ay,
values for a pair of objects under a specific condition. k=1,...,m, are generated in the increasing order. Let us

This technique enables simultaneous generation of a set of
biclusters in the matrix of initial data. A distinctive feature of
the technique is that the minimal dimensions of the target
biclusters have to be specified a priori.

To make the conceptual basics of the method more clear, let
us introduce the following denotations:

O = {0y, ..., o} set of objects (set of rows of the initial
data matrix);
A={A, ..., A,) — set of sets of values of attribute A for

each of conditions (set of columns of the initial data matrix);

(O,A),0'c O, A c A, - submatrix of the initial data
matrix;

ajx — value of attribute A out of set of values Ay for object
0i;

d - user specified value of biclustering threshold;

n. — a priori specified minimal number of columns in the
bicluster;

n, — a priori specified minimal number of rows in the
bicluster.

In general, the task of finding &-p-clusters can be
formulated as follows: find all &-p-clusters with

|O'|=n,,|A|=n,. at the given matrix of initial data,

threshold value, 6, minimal number of rows in the 3-p-cluster,
n, and minimal number of columns in the &-p-cluster, n. . To
solve the task, in [5] an algorithm is proposed that corresponds
to two phases of forming &-p-clusters: (1) pairwise &-p-
clustering and (2) "designing” &-p-clusters with dimensions no
less than the specified.

To execute the algorithm of pairwise 3-p-clustering, the
concept of Maximum Dimension Set (MDS) is introduced
that is formulated in the set of rows as follows. Let (O, A")
be a &-p-cluster. A set of columns A’ is a set of maximal
dimension if there isno A” > A’ such that (O', A") alsois a
d-p-cluster. In the same way the concept of the set of the
maximal dimension in the set of rows can be formulated. Let
(O, A) be a 5-p-cluster. A set of rows O’ is a set of the
maximal dimension if there is no O">Q" such that
(O", A') also is a 3-p-cluster. It is clear that the desired &-p-
clusters can only be formulated on the sets of the maximal
dimension.

In accordance with the pairwise &-p-clustering algorithm,
MDS have to be generated for all possible pairs of rows

0,,0; € O and all possible pairs of columns A , A € A,

To discover MDS for a pair of objects 0;,0; €O, the
following set of values is first calculated:

S(0,,0;, A)={a, —a; /A e Ak=1...,m} (5)

In essence, each value S(.) is the difference of values of
attribute A out of the set of (column) A, for objects o; and o

denote that sequence as §(0i,0j,A)=Sl,...,sm, where
s, =5(0,,0;,A) and s, <s. for p<r. Then at the
given set of columns A, A C A is a set of maximal

dimension for a pair of objects 0, 0;, if and only if

1. §(0i 05, A)= Spy--» S, Is an adjacent subsequence

oS,

ritt m

S(0,,0,, A)=S,,...,S,,..., S

>0

2.5, —S, <3, while S, =S, >0 and S, =S, ; > 0.

In practice, discovering MDS for a pair of objects
0;,0; € O can be accomplished in this way. The process is

started with the end elements located in the left and right end
of the sorted sequence of differences and the right end is
shifted by one position at a time. For each shift the difference
of difference values is calculated until this difference becomes
less or equal to o. In this case elements between the two ends
of the subsequence form an MDS. Then the left end is shifted
by one position to the right and the process is repeated. The
process of finding MDS is considered to be completed when
there are no more elements for comparison.

Many obtained MDS may be superfluous since they do not
meet the initial requirements regarding the number of rows
and columns in a bicluster; due to that they have to be
removed from further consideration. In fact, the non-
prospective MDS are eliminated as follows: first, MDS are
generated for the pairs of columns of the initial data matrix.
After that, when forming MDS for the pairs of rows the non-
prospective MDS are deleted using already generated MDS
for the pairs of columns. The non-prospective MDS for the
pairs of columns are then deleted using the previous results of
deleting MDS for the pairs of rows. The procedure is
completed in sequence for the pairs of rows and columns until
all non-prospective MDS are deleted.

The obtained minimal set of MDS is recommended in [5] to
be represented as a prefix tree. Each path in the tree represents
MDS for a pair of objects. By simple manipulations the prefix
tree is then transformed into a form that represents all relevant
3-p-clusters.

IV. OP-CLUSTERING

The underlying concepts of this method are discussed in [2,
3]. The capability to derive only strong enough 3-p-clusters by
the technique examined in the previous section, may become a
limitation when the necessity to study more general trends of
changes in the attribute values for a subset of objects under a
subset of conditions arises. For illustration, consider Fig. 2.
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a) initial profiles of the values of attribute A for three objects under ten conditions
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Values of attribute A
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b) profiles of the values of attribute A for the same objects under conditions 3, 4, 7 and 9
Fig. 2. Representation of a bicluster of general type (b) masked in the initial data (a)

Fig. 2 shows profiles of the values of attribute A for three
objects under ten conditions. Here it is practically
impossible to visually recognise any regularity in the
behaviour of attribute values in a certain subset of
conditions. Nevertheless, such regularities do exist and they
are represented in Fig. 2, b. Note that unlike Fig. 1 where
the changes in attribute values strictly follow the additive
model, in Fig. 2, b only attribute values for objects 1 and 2
follow that model whereas the changes in attribute values
for Object 3 are of more general nature although the trend
of changes in attribute values for all objects is the same.
The purpose of the method examined in this section is to
discover biclusters with such general character of changes
in attribute values. In [8] the authors call this kind of
biclusters Order Preserving Cluster (OPC), which
originated the name OP-clusters.

113

For further introduction of the material, let us employ
denotation system given in Section 2.

Definition 1 [2, 3]. An object o; is similar with regard to
the values of attribute A with indexesk, k+1, ... ,k+1, 1
< k <m, | #m, in the ordered non-decreasing sequence of
values of the attribute, if this condition is satisfied:

(ai(k+l) -8, ) <G(d,q,),

where G(8, aj) — function of grouping that determines
equivalence class of values of attribute A.

If condition (6) is satisfied, a set of attribute values
{ai.- .-, ai+n} constitute a group for object o;. The value of
attribute a; is called support point for that group.

Definition 2 [2, 3]. Let o; be an object in the matrix of
initial data and (Qoi1), (Qoi2), --- » (Zir) be a sequence of

(6)



Scientific Journal of Riga Technical University
Computer Science. Information Technology and Management Science

2011
Volume 49

groups of similarity of values of attribute A for that object
represented in the non-decreasing order of its values. Object
0; is an “example upwards” in the ordered list of values of
attribute a;;, aipp, ... , ay, If a1, aj, ... , aj IS @ subsequence
(Y1), (Yoi2)s --- » (Loir)-

Definition 3 [2, 3]. Let O’, O’ < O, be a subset of objects
(rows) in the matrix of initial data and A’, A’ < A, be a
subset of sets of values of attribute A (columns) in the
matrix of initial dat. A submatrix (O', A’) is an OP-cluster if
there exists such a transposition of columns in A’ in which
every object in O’ is “an example upwards”.

An OP-cluster in essence encompasses a subset of those
objects for which the values of attribute A exhibit a
correlated activity in the subset of conditions.

In general, the task of forming OP-clusters in the matrix
of initial data can be stated as follows: provided that the
grouping threshold 8, minimal number of columns n, and
minimal number of rows n, are specified, it is necessary to

generate all possible submatrices (O, A") of the maximal
size such that each submatrix (O', A") is an OP-cluster

according to its definition and [O'|>n_, |A|>n, .

To solve that task, an algorithm is proposed in [2, 3] that
consists of these two phases:

1. Pre-processing the initial data, i.e., the transformation
of each row of the matrix of initial data into a sequence of
groups of similarity.

2. Forming a set of rows containing frequent
subsequences in the sequences determined at the first phase
of the algorithm execution.

After the initial data are pre-processed, each row of the
initial matrix is transformed into an ordered sequence of
value sets of attribute A. Then all those sequences are
represented as paths in the so-called OPC-tree. In [2, 3] a
set of procedures for a successive transformation of the
OPC-tree is provided. As a result of such transformation, a
consecutive concentration of frequent subsequences occurs,
which in the long run leads to the identification of all OP-
clusters available in the initial matrix and meeting the
dimensionality requirements.

V.CONCLUSIONS

Biclustering methods have been initially developed for
discovering local correlations between gene expressions
and conditions. In general, biclustering tasks are NP-hard;
due to that, all the algorithms considered in this paper are of
heuristic nature. A pioneering work [1] - despite all its
shortcomings — initiated a whole direction in the
development of more effective biclustering methods. The
technique proposed in [6] made it possible to eliminate all
essential shortcomings of the first method. However, both
these techniques possess a common drawback: a certain
submatrix of a bicluster is not necessarily a bicluster. The

114

technique discussed in [5] is free from that drawback. It
enables strong discovering of biclusters more or less close
to the ideal multiplicative or additive model. The degree of
similarity can be regulated by specifying a priori a shifting
parameter 5. The technique considered in [2 and 3] is the
most common biclustering method that allows one to find
biclusters for which the changes in the attribute values are
occurring in a rather deliberate but correlated way.

To finalise, the techniques proposed in [5] and [2, 3]
have to be considered most appropriate for practical use. It
should be noted that both these methods are quite
complicated from the computational point of view and
require professional software realisation.
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Olegs Uzga-Rebrovs, Galina KuleSova. Biklasterizicijas algoritmu evoliicija

Biklasteru izdali$anas uzdevumi radas sakara ar génu izteiksmju mikromasivu tehnologijas attistibu. Sakotngjo datu apstradei, lai iegtitu tajos esoSo informaciju,
sakuma plasi tika izmantotas eso$ds metodes, galvenokart dazadas klasterizacijas metodes. Sadas metodes lauj noteikt génu uzvedibas galvenas likumsakaribas
visu apstaklu kopa. Tomér sakara ar génu mikromasivu datu analizes uzdevumu radas cita probléma. Mikromasivu kopa, kura katrs mikromasivs tiek iegiits
specifiskos apstaklos, atseviski géni var paradit savu aktivitati tikai kada apstaklu apakskopa. Génu apakskopu izdaliSanai, kuram ir lidziga uzvediba apstaklu
apakskopa, standarta klasterizacijas algoritmi principiali nevar tikt pielietoti, tapéc, ka Sie algoritmi strada tikai visu atribatu (apstaklu) kopa. Vajadzigi speciali
algoritmi, kuri lauj tada vai cita veida formét vajadzigas génu apakskopas atbilstoSajas apstaklu apakskopas. Nemot vera, ka datu apstradei $aja gadijuma jabut
veiktai divas dimensijas vienlaicigi (géni un apstakli), génu relevanto apakskopu formeSanas procesam tiek izmantots visparigs nosaukums ,,biklasterizacija”, lai
gan atseviSkam metodém autori izmanto specialus nosaukumus. Ir izstradats liels biklasterizacijas algoritmu skaits, kuri izmanto tos vai citus biklasteru
izdaliSanas principus. Saja darba izskafiti Getri biklasterizacijas algoritmi, kuri Jauj atspogulot algoritmu attistibas evoliiciju. Izskatitie algoritmi ir precizi tada
nozimé, ka tie izmanto originalus sakotn&jos datus bez datu parveidosanas izplidusa forma. Biklasterizacijas algoritms, kas pielieto vidgja kvadratiska atlikuma
koncepciju biklasteru izdali$anai sakumdatu kopa, ir v&sturiski pirmais algoritms, bet 8-klasterizacijas algoritmu var uzskatit par pirma algoritma uzlabotu
versiju. 8-p-klasterizacijas algoritms izmanto citu biklasteru izdaliSanas principu. Ar ta palidzibu var tikt izdaliti objektu biklasteri ar vienadu uzvedibu apstaklu
apakskopas. Savukart OP-klasterizacijas algoritms lauj izdalit objektu biklasterus ar atribitam Iidzigam izmainu tendencém apstaklu apakskopas. Algoritmu
efektivitate butiski pieaug algoritmu apskatitaja seciba, bet tads efektivitates pieaugums tiek sasniegts tikai uz algoritmu butiska skaitloSanas sarezgitibas
picauguma rékina.

Outer Yikra-Pe6pos, l'anuna Kynemosa. JBoonus aIropuTMOB GHKJIACTepU3ALUT

3aaun BblJeNeHHs OMKJIACTEPOB BOSHUKIIM B CBSI3M C PA3BUTUEM TEXHOJOIMIT MUKPOMACCUBOB BBIPaXXEHHUH I'eHOB. [{i1s 00pabOTKU MCXOIHBIX JAHHBIX C LEJIBIO
BBIZICJICHNS] MMEIOIINXCS B HUX 3HAHMH BHadajle IIMPOKO HCIIOIB30BAIHCH CYIIECTBYIOIINE METOJbI, TIaBHBIM 00pa30M, Pa3INYHbIe METOABI KIACTepHU3ALHN.
Takue MeToB! HO3BOJLIIOT ONPENENUTH OOIINe 3aKOHOMEPHOCTH ITOBEJICHHS I'€HOB Ha BCEM MHOXKECTBe ycJIOBHH. OJHAKO, B CBSI3M CO cleNU(HKON 3amadun
aHalu3a JaHHBIX MHUKPOMACCHBOB BBIP@XXEHUH I'€HOB BO3HHUKIA Ipyras mpobiema. Bo MHO)XecTBe MHKPOMACCHBOB, NONYYEHHBIX IPU Pa3HBIX YCIOBHSX,
OT/IeNIbHBIE T€HbI MOTYT HPOSIBILATH CBOIO aKTHBHOCTB TOJIBKO Ha HEKOTOPOM HOIMHOYKECTBE YCIOBHH. [IJI BBIIEICHUS TOAMHOXECTB TE€HOB, NMEIOIINX CBS3HOE
MIOBEJICHHE Ha TIOJMHOXKECTBAX YCIIOBHIA, CTAHIAPTHBIC AITOPUTMBI KJIaCTepU3aLiy IIPUHIUITHAIBHO HE MOTYT OBITH IPHMEHEHBI, IOCKOIbKY TaKHe alrOPHTMBI
padoTaroT TOJIBKO HA BCEM MHOXecTBe aTpuOyTOB (YcioBHii).. HeoOX0oauMBI criennanbHbIe alrOPUTMBbI, TO3BOJISIOIINE TEM WM MHBIM CII0cOOOM (hOpMHPOBATH
TpeOyeMble IOAMHOXKECTBA T€HOB Ha COOTBETCTBYIOIIUX ITOJMHOXKECTBAX ycloBuil.. [IpyHMMas Bo BHUMaHUE, YTO 00pabOTKa JaHHBIX B JAaHHOM CIIydyae JOJDKHA
OJHOBPEMEHHO IIPOU3BOJHUTHCS B ABYX M3MEPEHHUSX (TeHBI M YCIOBHS), ponecc (OPMHUPOBAHUS PEIEBAHTHBIX IOIMHOKECTB TCHOB IIONYYMII 00LIee Ha3BaHHE
OUKIacTepU3alUK XOTA Ul OTAEIbHBIX METOAOB aBTOPBI MCIOJB3YIOT ClieHaNbHble Ha3BaHUs. Pa3paboTaHOo GOJBIIOE YHCIIO aIrOPHUTMOB OUKIIACTEPH3ALMH,
HCTIONB3YIONIMX T€ HIM HHBIC NPUHIMIBI BblAEICHUs OukiacTepoB. B HacTosmel paboTe paccMOTpEHbI YeThIpEe alrOPUTMA, KOTOPbIE MO3BOJLIOT OTPA3UTh
9BOJIFOLUIO TAKOI'O POJA alrOPUTMOB. PacCMOTpPEHHbIE alTrOPUTMEI SBIIIIOTCS YETKHMH B TOM CMBICIIE, YTO OHH HCIOJIBb3YIOT OPUTHHAIEHBIE HCXOHBIC JTaHHEIE
0e3 mepeBozia X B HEUETKYI0 (GopMy. McTopHdeckH MEpBBIM SBISSTCS AITOPUTM OUKJIACTepU3ALHU, MCIIONB3YIOMNI KOHIEIIUIO CPEIHEro KBaJpaTHIHOro
OCTaTKa IS BBIIEICHUs OMKIAacTepOB Ha HCXOXHOM MHOXKECTBE JIAHHBIX. AJITOPUTM O-KJIACTePU3ALMH MOXKHO PacCMaTpUBATh KaK yITyIIICHHYIO MOAU(PHKALIIO
IIEPBOrO AITOPUTMA. B CBOIO odYepenpb, alrOpUTM O-P-KIACTEPU3ALMU HCHONB3YyeT WHOW NMPUHIMI BhIAeNeHHs OukiactepoB. C €ro MOMONIBIO MOTYT OBITh
BBIZICJICHBI OMKJIACTePhl 0OBEKTOB C OJMHAKOBBIM IOBEJCHHEM Ha MOIMHOXKECTBaxX ycioBui. AnroputM OP-kiactepu3amun mo3BoJisieT BBIACIATH OUKIIACTEPHI
OOBEKTOB CO CXOAHBIMU TCHJICHLHMAMH M3MCHCHHS aTpuOyTra Ha IOJMHOXKECTBAX YCIOBHil. D(QPEKTHBHOCTH aIrOPUTMOB CYILICCTBEHHO BO3pAacTacT Ha
PacCMOTPEHHOH MOCIIEAOBATEILHOCTH, OJHAKO, Takoe Bo3pacTaHHe 3(h(EKTHBHOCTH JOCTHIAETCS 3a CUET CYNIECTBEHHOIO ITOBBINICHMS MX BBIYHCIUTENHHOM
CJIO)KHOCTH.
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