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ABSTRACT

Context. Knowledge bases are the main element of artificial intelligence systems. They are formed on the basis of two generally
accepted approaches: the object-oriented approach and object-structural approach. Knowledge structuring through its ordering,
classification and typing of selected classes is the main operation that is implemented in both approaches. Quite often there are
situations when data or knowledge is not exact and it is impossible to perform their exact classification. These features necessitate the
development of new approaches aimed at solving problems of extracting knowledge from large arrays of unordered data, structuring,
presenting and analytical processing of inexact knowledge in automated construction of knowledge bases.

Objective. The objective of this paper is a research of new approaches for solving problems of representation of knowledge
about cases in intellectual decision support systems.

Method. An approach aimed at modifying Case-Based Reasoning method on the basis of Rough Set Approach has been
proposed in this paper. The proposed method forms a partition of cases to determine the degree of their belonging to the goal classes
using upper and lower approximations of goal classes, considering the relative importance of classification attributes and formed
equivalence classes.

Results. The proposed modification of Case-Based Reasoning method allows extracting knowledge about cases from arrays of
unordered data with the purpose of the case base construction, and handling the inconsistent (in cases where for the same values of
attributes cases belong to different classes), and incomplete (in cases where the values of some attributes or information of the case

belonging to the given class is missing or unreliable) information about cases.
Conclusions. The proposed method of representation knowledge about cases, their adaptation and subsequent search in the case
base formed under uncertainty and existence of inexact, rough, inconsistent initial data constitutes a theoretical basis for constructing

intellectual decision support systems.

KEYWORDS: Rough Set Theory, Case-Based Reasoning, case (precedent), knowledge base, case base, classification.

ABBREVIATIONS
CB is a case base;
CBR is a case-based reasoning;
DM is a decision-maker;
RST is a rough set theory;

NOMENCLATURE

og is a degree of completeness of existing knowledge;

pr 1s a degree of incompleteness of existing
knowledge;

A is a set of case attributes;

a; 1s a value of case attributes;

BNg(X) is a R-boundary region of X;

card(Y) is a cardinality of ¥;

CX; is a region of acceptability of the corresponding
case parameters x;;

D are recommendations to the decision-maker;

E; is a class of equivalence relations over U;

IND(R) is a family of all equivalence classes of R;

K is a relational system (knowledge base);

n is a number of case parameters;

NEGR(X) is a R-negative region of X;

POSR(X) is a R-positive region of X;

R is a family of equivalence relations over U,

RX is a R-lower approximation of rough set .X;

RX isa R -upper approximation of rough set .X;
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x; is a parameter (characteristic) of the case;

X; is a category in universe U;

[x]g is represented an equivalence class in R
containing an element x € U,

U is a finite set of considered objects (universe).

INTRODUCTION

CBR method based on use of previous experience in
decision-making became widespread recently for various
problems solving. A case (precedent) is a structured
representation of accumulated experience in the form of
data and knowledge, ensuring its subsequent automated
processing with the help of specialized software systems
[1,2].

In general, the case model is represented as follows:

Case(xl X0 50Xy, ,D) .

(M

In the process of CBR implementation the following
basic tasks should be solved: choice of the form of
knowledge representation about the case, identification
and extraction of the case from the generated knowledge
base (case base) and adaptation of computed solutions [3].

To solve the first problem, traditional methods of
knowledge extraction and presentation are widely used,
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such as commutative and textual methods, product
models, semantic networks, frames, formal logic models,
etc. The search and extraction of cases is performed using
fuzzy sets and fuzzy relationships, decision trees, neural
networks, and others.

Along with that to solve this problem method of
search for the nearest neighbor and its modification
became widespread. As for the task of adapting decisions
based on cases, very few works have been devoted to its
analysis.

The object of study is the process of structuring of
case knowledge derived from large arrays of raw, rough
data, by ordering and classifying them in the knowledge
base using equivalence relations.

The subject of study are the models and methods of
modeling reasoning on the basis of precedents, and their
modifications based on the mathematical apparatus of the
rough set theory.

The purpose of the work is to consider possibilities
of RST for solving problems of representation knowledge
about cases, their search and adaptation for subsequent
decision-making.

1. PROBLEM STATEMENT

Let the initial set of knowledge about cases X be
represented by two classes of cases: Caseg = {x|, x,, X3,
x4} and Cases,= {xs, X6, X7}, Where x; is some parameter
(characteristic) of the case x; € CX;, and CX; is a region of
acceptability of the corresponding case parameters. And
let Xy = {x3, x4, X7, x3} be some set of knowledge, which
must be attributed to one of the indicated classes Caseg
and Cases,. However, it can be seen that elements of this
set {x3, x4} € Cases; and, {x;} € Cases,, but the element
{xg} & (Cases|, Cases,). This characterizes the situation
when it is not possible to perform an exact classification.

Suppose given a set of cases SC = {Caseg}, j = 1, 2,
..., k, where Caseg;= {x;}, 1= 1, 2, ..., n, and some set of
knowledge Xo = {x;},i=1,2,...,p (p=>n).

The problem of classification can be presented as the
problem of choosing the correct class Caseg; for an each
given input element x;€X, from the original set of
knowledge Xj.

2 REVIEW OF THE LITERATURE

There are a lot of works devoted to models and
methods of analyzing cases [1-7, etc.]. For example, in
[1,2] issues of CBR modeling in intelligent decision
support systems are considered. The paper [3] is devoted
to the description of case extraction approaches using
fuzzy sets and fuzzy relations. In [4, 5] issues of practical
application of the nearest neighbor search method and its
modifications are considered as well as problems
connected with its use in the task of cases extracting are
noted. The analysis of listed publications allows for the
conclusion that existing methods of representation and
structuring of knowledge about cases use strict models
determined by the relevance (certainty) of considered
elements.
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At the same time in real situations it is quite often
necessary to solve problems of extracting knowledge
from arrays of unordered (raw, rough) data. The
knowledge thus obtained is not accurate and it is
impossible to perform its exact classification (establish a
classification category). This is mainly due to the fact that
the “rigidity” of existing models of knowledge
representation forces developers to combine or cut down
the real knowledge of experts [3].

To analyze such situations the author of [8] has
proposed RST, which allows processing implicit arrays of
disordered data and, on this basis, to extract new
knowledge.

3. MATERIALS AND METHODS

Let’s first consider RST basic concepts, which are
necessary for presentation knowledge about cases,
forming the CB and subsequent searching of cases (for
complete information on RST, see [8, 9, 10]).

The rough set approach is considered as a concept and
theoretical basis of reasoning about knowledge, when it is
not exact (inexact or rough knowledge). This theory is
based on the fact that knowledge is deeply embedded in
the ability of people to classify subjects, phenomena,
objects, situations, etc. In other words, knowledge is
based on the ability to classify the objects. Therefore,
knowledge in RST is necessarily associated with a
multitude of patterns of classification, called the universe
of discourse. In fact, knowledge consists of a family of
different samples of element classification that make up
the domain of interest to us.

Let U#©® be a finite set of considered objects
(universe). Each subset X;c U of the universe is called a
category in U and any family of subsets of the universe U
is considered as abstract knowledge about U (the empty
set @ is also a category). RST is based on concepts which
form a partition (classification) of the certain universe U,
i.e. on gaining of the family C={X,, X5, ..., X,}, such that
Xic U X;# 0, X;nX=0 for i #, (i, j=1,...,n) and UX=U.

Such family is called a knowledge base on U, which
represents a set of basic aspects of classification (color,
temperature, etc.) [10].

It is proposed in RST to perform the classification
procedures using equivalence relations, which are simpler
when dealing with them than with known decisive rules
(8, 9].

If R denotes the equivalence relation then the relation
IND(R) denotes the family of all equivalence classes of R
or classifications of U, and [x]z is represented an
equivalence class in R containing an element x € U.

Formally, a knowledge base, is seen as a relational
system K=(U, R), where U= @ is a finite set of objects
(universe), R is a family of equivalence relations over U.

If to consider the goal set of elements X e U, than the
following situations can be considered with respect to
IND(R) classification [8, 9]:

1) The set X is the union of certain categories of
IND(R). In this case the set X is called R-exact.
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2) The set X cannot be expressed as the union of
certain categories of IND(R). In this case the set X is
called R-inexact or R-rough.

3) R -lower approximation of rough set X is a subset
of all elements of U, which can be certainly classified as

belonging to the goal set X:
@X:{er:[x]R gX},or xeRX,

ifand only if [x]r € X . @

R -lower approximation of X is also defined as R-
positive region of X:

POSp(X)=RX . 3)

4) R -upper approximation of rough set X is called the
subset of all elements of U, which can be possibly
classified as belonging to the goal set X:

RX ={xeU:[x]lgnX #@},or xeRX ,

4
ifandonly if [x]p "X = . @

5) Negative region of X is a subset of all elements of
universe U, which certainly do not belong to the set X:

NEGR(X)=U-RX . (5)
6) The boundary region of X is a subset of all elements
of U, which belong to R -upper approximation and do not

belong to R -lower approximation of X:

BNR(X)=RX -RX . (6)

Let, for example [8], there be a knowledge base
K=(U, R), where U={x1, x3, X3, X4, X5, X6, X7, Xg, X9, X10}, 1S
the universe of elements x;; R is the equivalence relation
upon which the following equivalence classes (categories)
were selected on U: U/IND(R)={{x1, x2}, {x3, X7, X10},

{xa), {xsh, {xeh, {xsh, {xo}}.

Let goal sets X1={x1, X2, X4, .X'5} and X2={x1, X2, X3, X4}
be given. Let us compute the characteristics considered
above for sets X; and X,.

Thus, we have:

RX) = {xp.x0 fO g fU s b= 4y, 30,34, x5}
RX) = {x),x,%4,%5 5
NEGR (X)) = {xg,x6,x7,xssx9sx10};
BNp(X))=9;
RXy = {xp,xp fUtag | = {xp.x0, x4} 5

RX 5 = {x1,%2,X3,X4,X7,%]0} 5
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NEGR(X,) = {x5,%6,%g,Xg} ;

BNR(X3) = {x3,x7,x10} .

RST assumes that rough sets simulate the uncertainty
regarding the belonging of some elements of the universe
to a given goal set. Therefore, for evaluating the degree of
such uncertainty, an assessment of approximation
accuracy has been introduced [8, 9, 10]:

card RX

— >

ap(X)=
R(X) card RX

X+, ag(X)e[0.,1]. 7

This assessment defines the degree of knowledge
completeness.

If BNz=0, i.e. RX = RX , then oz(X)=1 and the set X
is considered as R-—definable. If BNz= @, then
card RX > card RX and ag(X)<l. Such values of az(X)
characterize R-undefinable or rough sets.

As an alternative measure, in RST a roughness
measure of the goal set X has been introduced:

pr(X)=1-0p(X). (®)
The roughness assessment, in contrast to the accuracy

assessment, characterizes the degree of incompleteness of
existing knowledge.

4 EXPERIMENTS

Let’s consider an example of using RST for
implementation of CBR method in terms of presenting
knowledge about cases, the CB creation, and also
adapting and searching cases in the CB. To solve the first
problem, RST uses a data table whose rows correspond to
elements (cases), and columns correspond to features
(attributes) of these cases.

A cell located at the intersection of i-th row and j-th
column contains the value of the j-th characteristic
(attribute, feature) for the i-th element. This makes it
possible to obtain a simple form of the initial data
representation (Table. 1).

Table 1 — The universe of cases and the values of their attributes

. Values of case attributes
The universe of cases

a [25) as ay ds
X 1 2 0 1 2
X 1 2 0 1 2
X3 2 0 0 0 1
Xy 0 0 1 1 1
X5 2 1 0 2 1
Xe 0 0 1 1 1
X7 2 0 0 0 1
Xg 0 1 2 1 0
X9 2 1 0 2 1
X10 2 0 0 0 1
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We denote a universe as U={xy, x,, X3, X4, X5, Xg, X7, X3,
X9, X10} and a set of attributes as A={a,, a,, as, as, Xs}.

Using the equivalence relation, let us divide the set U
into subsets of attributes like {a,}, {ai, a2}, {ai, a», a3},
{al, ay, ds, Cl4}, {al, ay, ds, dg, as}.

So we have:

U/IND(R)){a\}={{x1, X2}, {X3, X5, X7, X0, X10}, X4, X6, X3} }

U/IND(Ry){a, az}={{x1, X2}, {x3, X7, X10}, {X4, X6}, {Xs,
Xo}, {Xs}};

U/IND(R3){ a1, az, az}={{x1, X2}, {X3, X7, X10}, {X4, X¢},
{xs, Xo}, {Xs}};

U/INDR){a\, az, as, as}={{x1, X2}, {x3, X7, X10}, {X4, X},
{xs, Xo}, {xs}};

U/IND(Rs) {611, ay, s, dg, a5}:{{x1: xz}, {X3, X7, XIO}: {X4,
x6}a {x53 x9}7 {x8}}

This allows us to write an expression for the CB for
this example:

CB =(U,Ey,Ey,E3,Ey.Es),

where: Elz{xl, Xz}, E2:{x3, X7, Xlo}, E3:{X4, .X6},
E&={xs, xo}, Es={xg} are the family of equivalence
relations over U (elements in each class are considered
indistinguishable).

Let X]Z{X4, X6» Xg}, X] c U and Xzz{xl, X2, X3, X5, Xg},
X> < U, be goal subsets which need to be checked against
selected classes of cases.

The first set X; can be uniquely represented as the
union of classes E; and Es5, ie. Xi=FE;UEs={x,,
Xe} U {xg}={x4, X6, xg}. Therefore, X; is R-exact set.

The set X, includes classes E;, £, and one element
from the class E,. Therefore, X; is R-rough set.

Using expressions (2)—(6) let’s represent the following
approximations of goal sets X; and X, in the following
form:

BX] ZEXI :POSR(XI)Z{X4,X6,XS};

POSR(X1)=RX ={xy, %678 3
NEGR(Xl)zU—ﬁ(Xl)={x1,x2,x3,x5,x7,x9,x10};

BNR(X|)=RX;-RX,=D;
RX; = {x1,%2,%3, %5, %7, %9, %10} ;
POSR(X) = RX; = {x1,%3,%5,%0 3
NEGR(X2)=U - R(X) = {x4,x6,%g };

BNg(Xy)=RX) —RX, = {x3,x7,x10}.
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Based on the above calculations, we can confidently
state that the elements {x4, x4, xg} completely belong to
the goal subset X; and the elements {xj, x5, x5, Xxo}
completely belong to the goal subset X.

R-boundary region of a goal subset X, contains three
elements BNy (X2)={x3, x7, xj0}. These elements can
potentially belong to the goal subset Xj.

Despite the fact that the element x; is specified as
belonging to the goal subset X, (Xp={x1, x2, X3, Xs, Xo}),
element x; cannot be uniquely classified as element from
the class X,, because it belongs to the boundary region of
X>. We can only talk about its potential membership to the
goal subset X;.

The elements x; and x;, were not assigned to any goal
subset, however they, like the element x3;, belong to the
same equivalence class E,.

Recall that elements, which belong to the same
equivalence category are considered indistinguishable,
that is why the elements x; and xy¢, like the element x;,
were included in the R-upper approximation of the goal
subset X.

Let Xo={x;, x19}, Xo< U. Using expressions (2)-(6)
let’s represent the following approximations of goal set X,
in the following form:

POSR(X9)=RX, =0;
RXy = Ey = {x3,x7,%10 };
NEGR(X) =U = R(X7) ={x1,X3,X4, X5, %6, X5, Xo
BNR(Xy)=RXy = RX = {x3,x7,%)0}.

As can be seen, from the above calculations, it is
fundamentally impossible to conclude that elements x;
and x¢ belong to one of the classes using the information
on classification attributes, because RX;=J .

The considered elements require an increase in a priori
knowledge regarding their belonging to given set of
classes.

Using expressions (7) and (8) let us calculate
assessments for considered goal sets X;={x4, x¢, xg} and
Xo={x1, X2, X3, X5, Xo}: or(X1)= 3/ 3 = 1; pa(Xy) = 05
or(Xo)=4/7; pr(Xo)=1-4/7=3/17.

It should be noted that elements with unknown
membership to classes and belonging to the R-boundary
region of classifications performed on the basis of all
other elements, do not affect the classification of the
original universe.

5 RESULTS
As can be seen from the above expressions the goal
set X; completely belongs to the union of classes E; and
Es (0g=1). The set X, cannot be uniquely classified
because pr(Xz) =3/ 7 (elements {x3, x7, X10}).
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Taking into account the considered situation, RS
theory proposes next strict rules for the classification of
goal sets, which can characterize cases:

if x; € POSR(X;),then x; € X ;;

ifxl» ENEGR(Xj),theH X QXJ,
if x; e BNg(X ), then x; € X,.

The above records are interpreted as follows [10]:

— if x; belongs to the R-positive region, then it is
identified with complete certainty as belonging to this
class;

— if x; belongs to the R-negative region of a particular
class, it is identified with complete certainty as not
belonging to this class;

— if x; belongs to the R-boundary region of a particular
class, it is impossible to say anything definite about the
belonging or not belonging of the case to a particular
class.

It follows that for a confident search of cases in the
CB by procedure of their classification only the first
decision rule can be used.

6 DISCUSSION

The proposed approach, aimed at modifying CBR
method using RST, allows processing of arrays of
unordered (rough) data, and on the basis of such
processing to extract new knowledge. The rough set
approach is based on conclusion that knowledge is
reflected in ability to classify objects and is associated
with a plurality of classification samples. The main
feature of RST is that it uses a kind of “inaccurate”
(“inexact”) classification, which in practice can look more
real than an exact classification, for which it is often
impossible to establish a classification category.

CONCLUSIONS

A modification of CBR method by using RST has been
considered in this paper. In order to solve problems
underlying this method, it is proposed to apply the following
procedures of the RST: representation, structuring and case
base construction, which is performed by means of a
relational table and forming a family of equivalence relations
(classes); for adapting cases and their search in the case base
special approximations and corresponding classification
rules are used.

The scientific novelty of obtained results consists in
the fact that for processing and presentation of case
(precedent) knowledge it is offered to wuse the
mathematical apparatus of the Rough Set Theory. The
fundamental concept of RST lies in fact that knowledge is
reflected in the separation (classification) of relevant
elements. Unlike existing approaches, the RST allows to
correctly handle data that are rough in the sense of
unordered and inaccuracy. The proposed modification of
the CBR method allows solving the problems of
presentation and structuring of knowledge about cases
(precedents), their adaptation and subsequent search in a
case base formed in the conditions of uncertainty and the
incompleteness of expert information about cases.
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The practical significance of obtained results
indicate the possibility of forming a set of decision rules
(classifier) for classification of new data samples that are
not part of the original training universe. That enables to
perform the description and presentation of knowledge by
highlighting their properties and attributes, and creates the
basis for structuring and analytical processing of
inaccurate knowledge in the artificial intelligence systems
design.

Prospects for further research are to develop
methods to improve a classification accuracy of
knowledge under incompleteness of expert information.
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AHOTAIIA

AkTyaiabHicTb. OCHOBHHM €IIEMEHTOM CHCTEM IITYYHOTO IHTENEKTY € Oa3u 3HaHb, fAKi (OPMYIOTbCSI Ha OCHOBI IBOX
3araJbHONPUIHATHX MiAXOAIB: 00’€KTHO-OPIEHTOBAHOTO Ta 00’ €KTHO-CTPYKTYpHOTo minxoaiB. [Ipu 1poMy OCHOBHOIO omeparti€to,
sIKa peayli3yeTbest B 000X MiAXOHax, € CTPYKTypH3alis 3HaHb 3a JOIOMOTOI0 IX YHOPSAKYBaHHS Ta KiacHUQikarii, Tumizamii
BUJIIICHUX KJaciB. J[OCHTh 4acTO BMHHKAIOTh CUTYyallii, KOJH JaHi a00 3HAaHHA HE € TOYHMMH I HEMOXJIHBO BHUKOHATH TOYHY
knacudikaiio. 3a3HadeHi 0coOIMBOCTI OOYMOBIIIOIOTH HEOOXIAHICTH PO3POOKM HOBHX ITiXOMIB CIPSIMOBAaHUX Ha BHUPIIICHHS
3aBIaHb BHJIyYCHHs 3HaHb 3 BEJIMKHX MAaCHBIB HEBIOPSIKOBaHUX (HEOOpOOIEHMX, rpyOHX) JaHHX, CTPYKTypyBaHHs, IMOJAaHHS Ta
aHaNITHYHOI 0OPOOKH HETOYHMX 3HAHb [IPU aBTOMATH30BaHii 00y 10Bi 6a3u 3HAHb.

Meton. B poGoTi 3amponoHOBaHO Miaxid, cnpsMoBaHuil Ha Momuikalilo MeTooy MipKyBaHb 3a MPELEICHTaMH HAa OCHOBI
MaTEeMaTHYHOTO arapary Teopii rpyOrx MHOXHH. 3allpOIIOHOBAHUH MiAXiX T03BOJISE BUKOHYBATH PO3OMTTS MHOKUHH HPEICCHTIB
JUTS BCTAHOBJICHHS CTYTICHS 1X MPHHAICKHOCTI 10 3aJaHUX IITLOBUX KJIaCiB HA OCHOBI OIepallii BEpXHbOI Ta HIKHBOI allpOKCHMAITii
LUTBOBUX KJIACIB, BPAaXOBYIOUM BITHOCHY BaXKJIUBICTh KiacHu(ikaniiiHux aTpuOyTiB Ta BHAIIEHI KIAacH €KBIBAICHTHOCTI, 3 METOIO iX
ToJANbIIO] afanTanii Ta MOUIyKy B 06a3i MpereeHTiB.

Pe3yabTaTh. 3anpornoHoBaHa MoauGikamis METOy MipKyBaHb 3a IIpEeLeIeHTaMH JO3BOJII€ 0O0YyBaTH 3HAHHS IIPO MPELEICHTH 3
MacCHBiB HEBIIOPSIKOBAHUX JaHHX, 3 MeTOl (opMyBaHHs 0a3u TPEIEJCHTIB, Ta OOpPOOJATH CyHepewIuBy iH(OPMAI MPo
NPELENCHTH, Y BHUIAJKy KOJIM IPH OAHAKOBUX 3HAYCHHSAX aTpUOYTIB, NMPELENCHTH BIJHOCATHCA IO PI3HHX KJIACiB, Ta HEHOBHY
iH(opMmaIifo Ipo MpeLeNeHTH, K0 3HAaYCHHs IesIKUX aTpuOyTiB abo iHdopMallis Mpo MPUHATIEKHICTh MPELEICHTIB 10 3a1aHOT0
KJ1acy BiICyTHs a00 HEIOCTOBIpHA.

BucHoBkH. 3ampomnoHOBaHMN MiAXiA MPEACTABICHHS 3HAHb NPO NPEIEJCHTH, IX aJanTamilo Ta MOJAIBIIMN MOIyK B 0asi
IpeLeIeHTiB, chOPMOBAHUX B YMOBaX HEBH3HAUYCHOCTI Ta HASBHOCTI HETOYHHX, HEOOPOOICHHX, CYNEPEWIMBHX BUXIIHUX TaHHX
CKJIa[Ia€ TEOPETUYHY MiJCTaBY JUIsl TOOY/I0BH IHTEIEKTYaJIbHUX CUCTEM MIATPUMKH MIPUHHSTTS PilliCHb.

KJIIOYOBI CJIOBA: Teopist rpyOMX MHOXHMH, METOI MipKyBaHb 3a IIpeleleHTaMH, Oa3za 3HaHb, 0a3za IIPEIEJeHTIB,
knacugikariis.
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MOIU®ULIAPOBAHHBIIA METO/I PACCYKJIEHHI 110 NPELEAEHTAM HA OCHOBE TEOPUH
I'PYBBIX MHOKECTB

KoBanenko M. U. — n-p TexH. Hayk, mpodeccop, mnpodeccop Kadenpsl HIKCHEPUH IPOrPaMMHOTO OOecHedeHHs
UepHOMOPCKOro HallMOHAJIBHOTO YHUBepcuTeTa uMeHH Ilerpa Morunsl, Hukonaes, Ykpauna.

IBex A. B. — kaHa. TexH. HayK, JOLEHT Kadeapsl HHXEHEPUH MPOrpaMMHOro odecrnedeHns YepHOMOPCKOro HaIlMOHAIBLHOTO
yHuBepcutera umenu [lerpa Moruiel, Hukonaes, Ykpauna.

Kopans H. B. — acniupanT kxadenpel HHXKEHEpUH MTPorpaMMHOro obecrnedeHns: YepHOMOPCKOro HallMOHATBHOTO YHHUBEPCUTETA
umenu [lerpa Morunsl, Hukonaes, YkpanHa.

AHHOTAIMSA

AxTyanbHOCTh. OCHOBHBIM 3JIEMEHTOM CHCTEM HCKYCCTBEHHOTO MHTEIUIEKTA SIBISIIOTCS 0a3bl 3HAHUM, KOTOPbIe (OpMUPYIOTCS
Ha OCHOBE JIBYX OOLICHPHHATHIX MOAXOJIOB: 00BEKTHO-OPHEHTUPOBAHHBIM IOIXO0J U OOBEKTHO-CTPYKTYPHBIH noaxon. Ilpu stom
OCHOBHOI{ ornepanueil, KoTopasi peain3yeTcsi B 000MX IOIX0ax, SBISETCS CTPYKTYPU3aLus 3HaHUH ITOCPEACTBOM UX YHOPSIOYCHUS
U KIaccU(UKALMHU, TUIU3ALMU BBIACJICHHBIX KJIAcCoB. J[OCTaTOYHO 4acTO BO3HMKAIOT CHTYAallMH, KOTAA JAHHBIC WIM 3HAHUS He
SBJISIOTCS TOYHBIMH M HEBO3MOXKHO BBIIOJIHUTE MX TOYHYIO KiIacCH(pUKaLMIO. YKa3aHHbIE OCOOCHHOCTH OOYCIIaBIUBAIOT
HEOOXOMMOCTh Pa3pabOTKH HOBBIX IOAXOJOB HAMpPABICHHBIX Ha PEILICHUE 337ay W3BJCUYCHUS 3HAHUH M3 OOJBIIMX MAcCHBOB
HEYTIOPAIOYCHHBIX (He0OpaOOTaHHBIX, TPYOBIX) JAHHBIX, CTPYKTYPHUPOBAHUS M aHATUTHYECKOW 0OpaOOTKH HETOYHBIX 3HAHHH MpPU
aBTOMAaTU3UPOBAHHOM ITOCTPOCHUH 0a3 3HAHHUIA.

Metoa. B pabGote mpemiioxeH MoaxXox, HANpaBICHHBI Ha MOAM(HKAIIMIO METOJAa PacCyXIEHHH IO IpeleaeHTaM Ha OCHOBE
MaTEeMaTHYECKOro arnmapara TeOpuH rpyObIX MHOXKECTB. [IpeioxkeHHBII 0IX0/] O3BOJISET IIPOM3BOIUTH Pa30UEHUE TPELEICHTOB
JUISl yCTaHOBJIGHWsI CTENEHM HMX HPUHAICKHOCTH K 3aJaHHBIM LIEJNEBBIM KjaccaM, HCHOJIB3Yys OIepaluyd BEePXHUX M HIKHUX
aNnnpoKCUMALUH, yYUTHIBAsi OTHOCUTEIBHYIO BAXKHOCTb KIACCH(DHKALMOHHBIX aTPUOYTOB U BBIACICHHBIC KIACChl SKBUBAJICHTHOCTH.

Pesyabrarbl. [lpemioxkeHHas Moaudukanus METOIa PpacCykICHMH IO MpPEeLeleHTaM I03BOJsIET W3BIEKaTh 3HAHUA O
NpeLeeHTaX W3 MacCHBOB HEYNOPSAOYCHHBIX MAaHHBIX, C LeJbl0 (OopMUpOBaHHsA 0a3bl MHpELENeHTOB, M 00pabaThBaTh
NPOTHBOPEUYMBYIO (IIPU OMHUX M TEX JK& 3HAUYCHUAX KIAcCH(HMKALMOHHBIX aTPUOyTOB, MPELEACHTHI OTHOCATCS K DasiIM4HbIM
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KJIaccaM) W HETIOJHYIO (3Ha4YeHHsS HEKOTOPBIX aTpHOYTOB WM MH(OpPMAILM O IPHHAUISKHOCTH IPEle/IeHTa K IeIeBOMY KIaccy
OTCYTCTBYET) HH(OPMALHIO O MpeLeeHTax.
BriBoasl. [IpeioxkeHHBIH MOAXOA NMPEACTaBICHHs 3HAHWM O MpeLeleHTax, UX aJanTaliyd M MOCIEAYyIoUero noucka B 6ase
NPELENeHTOB, CHOPMHUPOBAHHBIX B YCIOBHMAX HEONPEJEICHHOCTH M HAINMYMA HETOYHBIX, HEOOpaOOTaHHBIX, HMPOTHBOPEUMBBIX
HCXOAHBIX JIAHHBIX COCTABJIAET TEOPETHUECKOE OCHOBAHHUE Ul MOCTPOCHUS] MHTEIUIEKTYalbHBIX CHCTEM MOIJIEPIKKH HPHHATUS
perieHuit.
KJIFOUYEBBIE CJIOBA: Teopus rpyOBIX MHOKECTB, METOJI pacCy>KACHHUI MO MpeneaeHTaM, 0a3a 3HaHMi, 0a3a MpeneIeHTOB,
KIIacCH(UKAIHS.
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