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Abstract -The goal of this research is to investigate, colleaind
identify published methods that use fuzzy technique in
bioinformatics tasks. Special attention is paid tstudying how the
advantages of fuzzy techniques are used in varioutages like
preprocessing, optimization and building a classiéir of
classification task as difficult as processing mi@array data. This
article also inspects the most popular databases e in
bioinformatics. The most perspective methods are gan more
detailed descriptions. Conclusions are made about afking
abilities of the algorithms and their use in furthe research.
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. INTRODUCTION

This paper concerns a difficult domain that needmses
explanation. Bioinformatics is the application abngputer
science to the field of molecular biology. Bioiragitics can

help to reveal disease-causing cells by using coenpu

resources and saving money that would be spenkpensive
diagnostic tests. The microarray data technologysisful; it
allows measuring expression data of thousands ofege
simultaneously. Usually support vector machinesgiclo
regression and neural networks technologies aré tseleal
with these data sets.

In year 20000one of the first papers(Woolf et apjHs
published in which fuzzy logic approach advantagegene
expression data were discovered. The authors uzeg fogic
to transform expression values into qualitativecdgsors to
determine activators, repressors and targets irstygane
expression data. But in year 2001 (Casillas et{2). was
published describing a genetic feature selectiotess that
can be integrated in a multistage genetic learmgghod to
obtain, in more efficient way, fuzzy rule basedssléication
systems composed of a set of comprehensible fudeg with
high classification ability. This method reduces ttumber of
selected features, and therefore, the size ofghrck space of
candidate fuzzy rules. Soon after that, in 2002 esather
papers were published (Ressom et al.[3]) (Ohno-Mdohet
al. [4]) to investigate the use of fuzzy logic incnoarray data
analysis. The approach published in 2000 was imgatowm
(Ressom et al. [3]) to achieve better results.Ha (Ohno-
Machado et al. [4]) authors build a simple systessed on
fuzzy sets to classify cases into tumor categories.

In 2005 (Vinterbo et al. [5])presented algorithmsiat
combine fuzzy discretization and fuzzy operatorshwiile
induction and filtering algorithms that are spdyialeveloped
to produce a small number of short rules. The stilost to
obtain simple but accurate rules which are indu@ean
relatively few training samples may increase intetgbility of
the model. The interpretation problem is one of thest
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common problems in gene expression data analydigshw
was pointed out directly in article (Vinterbo et f]). In the
same year — 2005 scientists proposed a new gemessim
programming algorithm (GEP) (Marghny et al. [6])rfo
discovering logical fuzzy classification rules. Vimointed out
that the comprehensibility of fuzzy rule — basedtess is
related to various factors: comprehensibility afy partition,
simplicity of fuzzy rule, simplicity of fuzzy if-ten rules and
simplicity of fuzzy reasoning.

In 2006 an article(Ho et al.[7]) was published irioB
Systems, in which authors presented an interpeetagene
expression classifier with an accurate and compueaty rule
base. Since frequently used techniques for
classifiers of microarray data suffer from low imbeetability,
it was necessary to find a technique that corrdbis
deficiencies. So the new proposed technique - &mpretable
gene expression classifier (iGEC) with an accuratel
compact fuzzy rule base for microarray data anslysas
presented.

Another article was published in 2005 (Nakashimaalet
[8]). It is about learning fuzzy if-then rules fqguattern
classification with weighted training patterns. Thathors
assumed that each training pattern has a weightitfsxribes
its importance.

As mentioned before, some of scientists use fuagiclin
different steps of algorithm. In 2008 an articleuéta et al.
[9]) was published, in which fuzzy logic based datia-
processing is used, it is composed of two mainsstethe use
of fuzzy inference rules to transform the gene eggion
levels of given data set into fuzzy values andagmglication of
similarity relation of these fuzzy values to defifiezzy
equivalence groups. Authors studied the performante
different filtering/ranking methods, relevance meas and
different classifiers.

The same research direction which was started
(Nakashima et al. [8]) was continued by one of athars
publishing his paper in 2010(Schaefer[10]). In thitcle the
author focuses on fuzzy rule based classifiers tralr
application in the medical domain. The researclwshioow a
fuzzy rule base can be turned into a cost — seasifassifier
and presents how a compact and effective rule basebe
derived through application of genetic algorithike author
emphasizes that many medical domain problems can
regarded as pattern classification problems. Tharsdge of
fuzzy rule based techniques is their ability to vghbow
classification process is conveyed, because ofigts of the
linguistic variables.

The described algorithms and the best achievenasts
described in the first and the second sectiondhefpaper.in
the second section the most popular methods argareuh
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and described using three criteria. The next sedescribes
the most perspective methods that use fuzzy lagievbrking

with bioinformatics data in details. Also the mosipular data
sets used in experiments are discussed there. ridiegepart
of this paper contains the conclusions drawn abibet

performance of the methods and the requirements
algorithms which can be used to deal with bioinfatics data
as well as directions for future research.

It is necessary to set comparison criteria to adtiy
compare different methods. After
publications three criteria (Ho et al. [7]) were:smaximal
classification accuracy, minimal number of usedegenand
minimal number of rules.

In one of the first articles about fuzzy logic
bioinformatics data,(Wolf et al [1]) used fuzzy logto
transform expression values into qualitative desars; this
method can identify logical relationships betweeneas and in
some cases even predict the function of an unkrgemne. As
this method works with yeast data set and seardbes
interactions between genes the criteria definedipusly are
not topical. The specific technique benefits —aih avork well
with noisy data, the results are easily interpretabecause
they are in the same language used in human catimrs;
they are computationally efficient and able to psxca large
number of data (Wolf et al. [1]).

In 2002 (Ressom et al.[3]) improved Wolf's methad i
computation time and robustness to noise. Theyestdo use
cluster analysis as a preprocessing method and
preprocessing results were run though using Walfjerithm.
They analyzed different numbers of clusters wit&e5®&7%,
75% and 100 % of the cluster combinations keptaAesult,
they concluded that increasing the number of clastes
little, if anything, to affect the time required tbye algorithm.
This improved Wolf's method is also used to sedorhgene
triplets that are responsible for a specific precés the
cell.Here like in the classical Wolf's method slilyhdifferent
evaluation criteria are used — reduced computdiibe and
interactions between genes.

MATERIALS AND METHODS

analysis of severa Three vyears

In the same year (Ohno — Machado et al.[4]) evaltia¢
use of a fuzzy system in the classification of twnmto
known categories, given their gene expression ¢evidie rule
discovery procedure is simple — it is derived fréogistic
regression model. If those certain genes are seldotstay in
e logic regression model it indicates their intpoce for
classification problem. Derived rules have syntaxXalows —
IF gene x IS high/low THEN tumor Yhis method has fairly
high classification accuracy, which lets one toidatk that
this criterion is partly met. The minimal numberusfed genes
and the minimal number of rules criteria are met.
later, in 2005, (Vinterbo and Ohno-
Machado [5]) turned to rule induction and filteristrategy
based on fuzzy sets. The rule induction and filgpri
algorithms are specially developed to produce dlsmanber

inof rules. The applied method has four main partgene

presentation, learning of fuzzy memberships, rylettesis
and rule filtering. Empirical experiments showedatttthe
fuzzy classifiers performed better than the logégression
classifiers using a comparable number of genescaks be
seen, this technique meets all three criteria setigusly -
maximal classification accuracy, minimal number wdfed
genes and minimal number of rules.

In the same year (Marghny et al [6]) propose a gewe
expression programming (GEP) algorithm. GEP usesal
chromosomes. The function set in GEP consists oR.{O
AND, NOT} logical operators and uses atomic repnésgon.
Terminal set consists of atoms, each atom has Hrgpenents
— attribute name, relational operator (is) andkaite values of
thhata set being mined. For exampitair colour ,is” RED.
Authors use fixed membership function based onwigiary
algorithm for discovery of fuzzy classification egl This
approach is used to search for good combinatioragtdbute
values that will compose fuzzy rules. Membershipction of
attributes is user — defined. It allows incorpargtthe domain
knowledge of the users into the specification of th
membership functions. So the human decision malker c
directly interpret the discovered prediction rulakhough the
authors use a small data set, the achieved resutly-three
rules, meets the minimal number of rules criterion.

TABLE |
METHODS AND THEIR RESULTS IN COMPARISONS WITH THREE CRIREA
Maximal Minimal | Minimal
Author and title classification| number of | number

accuracy |used genes of rules
G. Schaeferfuzzy Rule- Based Classification Systems and Fpgilication in the Medical Domaih0] X X X
T. Nakashima et aLearning Fuzzy If-Then Rules for Pattern Clasatfon with Weighted Training Pattef8} X X
E.B. Huerta et alFuzzy Logic Elimination of Redundant InformatidrMicroarray datd9] X X
S.-Y. Ho et al Interpretable gene expression classifier withreaourate and compact fuzzy rule base for microarray X X X
data analysig/]
M.H. Marghny et alExtracting fuzzy classification rules with generession programmirj6] X X
S.A. Vinterbo et alSmall, fuzzy and interpretable gene expressiordakssifierfs] X X X
L. Ohno — Machado et aClassification of Gene Expression Data Using uzzagid4] X X
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The accuracy observed in these experiments meets tGEC, the flexible membership function, fuzzy ruéed gene

second criterion - the maximal classification aecyr

selection are simultaneously optimized. Authors’E(G is

The proposed learning method adjusts the degreertdinty called an ,intelligent” genetic algorithm, becausé used to
in away that minimizes the classification costssTpioposed efficientey solve the design problem with a larganber of
method can be categorized as error — correctiore typuning parameters. The classifier of IGEC usesllexgeneric
learning.The idea is to penalise fuzzy if-then sulthat parameterized membership function, intelligent soegrand
misclassify a training pattern and to enhance rtifed are intelligent genetic algorithm. The built classifier a set of
used to correctly classify the pattern. Althougl ttumber of fuzzy rules with linguistic interpretability wheeach rule has

the obtained rules is not revealed, the authorsitathat it a form as followsIf gene 1 is up-regulated/ down regulated/
depends on the number of attributes and partitfattdbutes. neutral/ All and gene 2is up-regulated/ down regulated/

Therefore the first criterion - minimal number ofes is met. neutral/ All thenthe probabilityof disease As Z high(where
The maximal classification accuracy criterion issocal Z is between [0,1]).The design of iGEC includes amall
important, and this criterion is also met. Sinces ttiata set aspects related to the design of compact fuzzy-trated

includes patient data but does not include geneesspn classification

systems:

gene selection,

rule select

data, the minimal number of used genes criteriomas membership function tuning, consequent class détertian,
satisfied. and certainty grade tuning. Whereas the comparisitaria

In 2006, S.-H. Ho et al. published their method- [Zh set earlier were based on this article (Ho et @]), [the
interpretable gene expression classifier (i(GECpdrtant fact proposed method meets all of these criteria.
In the research conducted in 2008 (Huerta et §),tli@
thus providing the development of inexpensive dimfic scientists proposed a fuzzy logic based data preessing

is that the iIGEC should use a small number of exiegenes,

tests. There are three objectives to be simultasigouapproach for elimination of information redundanof

optimized: maximal classification accuracy, mininmimber microarray data.

of rules and minimal number of used genes. In dhisig

TABLE Il
USED DATA SETS
Data set name l(\)lfu;net;%rs (32235 oNfucEZ?e ;Trasir;itng Tszstt NoubT;?ﬁ(regf Accuracy
rules

Four tumors of childhoo@Khan et al.) Ohno-Machado et al. [4] 656 g 4| 63 25 8 0.76
Acute myeloid and lymphoblastic leukerf@lub et al.) Ohno-Machado et al. [4] 2 2 38 34 2 0.79
Acute myeloid and lymphoblastic leukerfGolub et al.) Vinterbo et al. [5] 5327 20 72 35 0.95
Lung (Bhattacharje et al.) Vinterbo et al. [5] 12600 | 200 156 21.3 0.99
Prostate(Febbo et al.) Vinterbo et al. [5] 200 102 34.8 0.93
Breast(Ramaswamy et al.) Vinterbo et al. [5] 200 22 3.8 0.97
Breast(Nchi-nlm et al.) Vinterbo et al. [5] 10000 130 23 25 0.95
Acute myeloid and lymphoblastic leukerf@lub et al.) Schefer [1] 7129 3 72 0.94
Lymphoma data sé€f\lizade et al.) Schefer [1] 4026 2 71 1.0
Colon data sefAlon et al.) Schefer [10] 6500 2000 2 62 0.85
Acute myeloid and lymphoblastic leukerf@lub et al.) Huerta et al. [9] 7129 1360 2 72 .001
Colon data seAlon et al.) Huerta et al. [9] 2000 943 2 62 0.92
Lymphoma data sé€Alizade et al.) Huerta et al. [9] 4024 435 2 96 1.00
Brain tumor data sePomeroy et al.) Ho et al. [7] 5920 1185 5 90 5.1 0.89
Malignant glioma data sgNutt at al.) Ho et al. [7] 10367 951 4 50 4.4 0.7
B-cell and follicular lymphomagShipp et al.) Ho et al. [7] 5469 48 2 77 2.8 10.9
Acute myeloid and lymphoblastic leukerf@lub et al.) Ho et al. [7] 5327 717 2 72 3.6 2.9
AML, ALL and mixed-lineage leukengiarmstrong et al.) Ho et al. [7] 11225 71y 3 72 43. 0.85
Lung(Bhattacharje et al.) Ho et al. [7] 12600 | 1185 5 203 5.7 0.88
Four tumors of childhoo@Khan et al.) Ho et al. [7] 2308 951 4 83 45 0.9
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Number | Genes| Number | Training | Test Number of
Data set name | 9 obtained |Accuracy
of genes| used |of classes set set rules
Prostate tumor (Singh et al. Ho et al. [7] 10509 483 2 102 2.6 0.91
ThIS. appro_ach also h.elps to deal with the problleeiaied TABLE Il
to the |mpreC|se_and noisy pature of gene exprestita. The MOST POPULAR DATA SETS
authors offer using three different ranking methadd three At — - §
different filters in the work. Each couple of moslelvas uthors ata set name 1Mes use
applied to three well-known data sets (see Tabje The Golub Acute myeloid and lymphoblastic leukemia 5
authors also experimented with different numbersetdvant Khan Four tumors of childhood 2
genes — 30 or less and 100 top-ranked genes. Bhisréhey | ghattacharie Lung cancer 2
got were almost penfec_t because the cllass.|f|cammmracy for Alizade Lymphoma data set 2
all data sets was within 0.94-1.00,which is a grestlt for A Coton data set 5
microarray data. To compare this method to othadist on olon data s

methods it is necessary to examine how this metheets the
previously set criteria - maximal classificationcaracy,
minimal number of used genes and minimal number
rules.As can be seen from the results, maximakitieation
accuracy criterion is satisfied. The number of gensed in
classification is reduced in the initial fuzzy bdsaata pre-

In such specific areas as microarray dataanalysisdata

ssed in experiments are also relevant. So a sumoiagfl

data sets used in experiments with the describatiads and
techniques was made and is given in Table II. Bhéetshows
data sets used in every resource, their contesegs, genes and

processing step, so the minimal number of used gyerféher information.

criterion is also met.
But since this research was not focused on fuzsgdaata
pre-processing, the third criterion is not met, dese

A summary of the most popular data sets is showraie
[ll. This table lets one conclude which data se¢scnvenient
for use in further experiments because they haven be

K nearest neighbors classifier (kNN) was used ae tfflescribed in the literature and results of otheeaechers are

classification method(Wu et al. [11]).

Thearticle (Schaefer [10]) was published in 201@ an
studies the use of fuzzy rulebased classificatipstesns in
medical domain. It presented how a compact buttfie rule
base can be derived using genetic algorithms. &kearchers
used cost—sensitive analysis and pattern recogngtioblem
formulated as a cost minimization problem. Twoetiént rule
base optimisation strategies are used there — Nhchiand
Pittsburgh approaches. The results showed thaideeof this
fuzzy algorithm with Michigan style genetic algbirit
performed very well and gave acceptable classifinaesults.
In certain cases misclassification of a particigout pattern
will cause extra costs. For example, disease d&tgno
problems — if a healthy person is classified ag Hlas smaller
costs, than if an ill person is classified as Hmaltlf the
methods and their results described in this papecempared
using the criteria set previously, it is obviousattmaximal
classification accuracy is met, using minimal numbkused
genes and minimal number of rules.

The comparison of all described methods is shown
Table I. It is obvious that three methods meebfthe criteria
initially set for this research, and it is benedidio investigate
these further to clarify their principles of worlpplication
possibilities and innovations that can be used fiother
research.

available for comparison.The favourite is Acute foige and
lymphoblastic leukemia (Golub et al. [12]).

If the described methods would be grouped by tepres
they use, then all methods could be divided intedlgroups:
algorithms using fuzzy if-then rules (Ho et al.[¥]jinterbo et
al.[5], Schaefer et al.[10]); algorithms that usedy pre-
processing step (Huerta et al.[9]) and algorithinas tise fuzzy
logic to identify relationships between genes (Wetlfal.[1],
Resson et al.[3]).

Although all groups work with fuzzy logic, the mdspical
and perspective is the first group — fuzzy rule eolas
algorithms, which will be described in detail incBen 1.

Il.  FUzzY RULE BASED ALGORITHMS

This section describes the methods that were chinsEable
I, and that use fuzzy rule based algorithms insif@stion.
They also fit the bioinformatics tasks that havarge number
of attributes and small number of records to stiectask.

A. Vinterbo et al. method — small, fuzzy and integietgene
IN" expression based classifiers

This method combines fuzzy discretization and fuzzy
operators, with rule induction and filtering algbms that are
specially developed to produce a small number oftsfules
that are useful for model interpretation. Method faur main
parts: gene preselection, learning of fuzzy menitpss rule
synthesis and rule filtering.

In gene preselection authors use Wilcoxon rank st it
is a conservative and robust method; classifieth @&ismall
number of significant genes can be built with it.
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Fuzzy rules — given the associated threshldthe authors where R;is a rule labelx; denotes a gene variabléy; is an
define the classification ok according toR to be the set of antecedent fuzzy se€ is a number of classe§L; e {1...,0}

classes that share the maximal membership accolifty; denotes a consequent class lalii, is a certain grade of this
rule in the unit interval [0,1], andN is a number of initial
class (x) = argmax (S(,uR(C, X)— te )) 1) fuzzy rules in the training phase.
ceC '

The following fuzzy reasoning method is adopted to

In order to apply a set of rules, we need to kntw t d€t€rmine the class of an input patt?ﬁ?‘:(xpl'po""’xpn
membership functions corresponding to the desaspitothe Pased on voting using multiple fuzzy if-then rules:
rules, and the rejection thresholds for each cled®el STEP 1: Calculate scorsdass,(V:l---,C)for each class
occurring in the rules. Having determined the mensiip
functions, they propose the following rejectionetsinold for
classc:

asfollows:

t, = min({l}u {yR(c, x]x eU Adx= c)}) @) Suss = R e;luj (XP)CFj ’ (5)

CL =Class/

In rule filtering -each rule can be interpretednasdelof a

membership function in the set corresponding to its _ L
consequent. Lety , corresponding to the application of rile H; (Xp)_ H:uji (Xpi )’ (6)
to elemenk; , be defined as: =
r(x‘) if cons(r-):c(x-) where FC denotes the fuzzy classifier, thescalar valueand
| = ' MRS (3) Mj represents the membership function of the ante¢eden
— ;) otherwise fuzzy setA .

STEP 2: Classifyx, as the class with a maximal value of
This means thaty; contains the membership value that rule
I assigns to its consequent for elemeqtif r;is correct. %mg.

Otherwisemy, is assigned the negative of that membership.
C. Schaefer method — fuzzy rule —based classificagistems and

B. Ho et al. method — interpretable gene expressiassifier with their application in the medical domain

an accurate and compact fuzzy rule base for micgadata . s .
analysis In this method fuzzy rule based classification eystis

. o . represented as a cost sensitive system. Everyraatoand
Interpretable gene expression classifier (iIGECussd to correct answer is used to assign a weight valeéoy rule.

efficiently solve the design problemwith a largember of  The fuzzy if-then rules are represented as follows:
parameters.

The classifier design of iGEC (uses flexible gemeri RuleR; : If xis A;; and..and x;, is Ay,
parameterized fuzzy regions which can be determibgd . . : (7)
flexible generic parameterized membership functioith a thenCIasst with CFJ” J=12.N,

single fuzzy set which can be defined as follows:
where R; is label of the j fuzzy if-then rule; Ajy are fuzzy

0 if x<aorx>d (4) sets on the unit intervql [0,1F; is the consequent class;
X—a | CFJ- is the grade of certainty of the fuzzy if-then ruf; .
b a if a<x<b The consequent clag8; and the grade of certain@F; of
p(x)= d—x the IF— THEN rule are as follows:
9 c if c<x<d
1 if b<x<c BClassh(j)= D uj(x,) o, @)
X, € Classh
where ce[0l]anda<b<c<d. The variables ab,c,d
determining the shape of a trapezoidal fuzzy set. Wherea,p is the cost associated with training pattqgn

The following fuzzy if-then rules forn- dimensional
pattern classification problems are used in thégdesf iGEC: IV CONCLUSIONS
The extensive use of fuzzy technique in varioushmds

R; = If % is Aj; and..and ¥, is Aj, then classCL; and different stages of classification shows the & valuable
with CF; j=1..N, ®) approach ip bioinformatics data angl_ysis. The peo&po_f use

are determined by many great qualities of the fugzpnique:

the ability to process noisy data and decrease tbeiplexity;
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possibility to implement cost sensitive weightsetach rule
giving preference to rules that classify more aéffitly;
capability to present rules in a form that is iptetable and
easy to understand.

Comparing the advantages of all fuzzy techniquagzy
rule based classification systems best fit theiailhjt set
evaluation criteria (maximal classification accyraminimal
number of used genes and minimal number of rules);
that they were chosen for further analysis to asgéeir
potential in empirical experiments.

The main advantage of fuzzy rule based techniquaioby
is the decision making process. Everyone can utalefshe
classification process easily and intuitively besmuit is
conveyed using if - then rules that are closeret fanguage
that is used in everyday life. Also biologists thark with the
data are able to interpret the rules, understamd vthole
classification process, track the patterns and dpavallels
with cellular processes. Authors in some researdimge
compared the acquired data — the disease induengsgwith
those discovered previously and the match perceniag
considerable, therefore fuzzy rule based classifiesr a
perspective technique in microarray data analysis.

The investigation of the most popular data setvigea a
chance to assess the most frequently used onskolild be
taken into account when conducting research — topeoe the
results of the proposed methods with the resuligrebiously
published methods it is valuable to use the sane skis that
have data about other researches. In this way éager to
demonstrate the achieved
transparent, also there is no need to introducedasdribe a
new data set in detail because it is already degict the
literature.
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MadaraGasparovi¢a, Natalija Novoselova,LudmilaAleksejeva. Izpidu&as logikas pielietoSana bioinformatikas uzdevumu risinaSara

Saj dartn tika apskatas dadas izptiduis logikas pielietoSanas iegjas bioinforntikas jons, apkopojot un gtot publictas metodes. Tika uzskais katras
metodes priekSralbas un galvenie sasniegumi & izvirziti kriteriji, pec kuriem \értét visas metodes — mingis izmantoto gnu skaits, minirals iedito
likumu skaits un tai pat lafkmaksinala klasifikacijas preciziite. Aplikotas metodes nos#tiesgsjams iedat tris grups:1) metodes, kas izglumu lieto datu
pirmapstides posm, bet [zc tam pielieto citu klasifigcijas algoritmu; 2) metodes, kas nmekltiedbas starp gniem; 3) metodes, kas izmanto izglSo Igiku
klasifikacijas posra. lediti rezultati apkopoti tabul, no kuras iesgjams seciat, ka tieSi gdgjas grupasmetodes — ififluds logikas pielietoSana klasifiicijas
posni — uzida vislalakos rezulitus. Tapat tika apkopotas bigk izmantojamas bioinfornitikas datu kopas, kas izmantotas athe klasifikicijas metozu un
algoritmu @rbaudei, adgjadi noskaidrojot piecas popirfikas, ko Wmitu \erts izmantot jebkurosatijumos. Literatira jau atrodami dadli rezul@éti ar m kopam,
un tidgjadi vieglak pamatot algoritma iesfas un rezuftta uzlabojumus, neiagtot $ka datu kopu aprakat Fetijuma rezuliita apkopotas izpiduSo tehniku
priekSrogbas un galvenais pluss —intuitviegli uztverams klasifigS8anas process, ko viegli uztvert katramaitm jo tas darbojas ar ,Ja - Tad” izguiSajiem
likumiem, kas ir tugki realajai, ikdiera lietojamai valodai. K an biologiem, kam ar Siem datieralak jastrada, tos irerti interpre€t, vini var uztvert visu
klasifikacijas procesu un izsekot likumsaita@m un &s saidzinat ar notiekoSo@#nas.

Saji darta pieraditas izptiduSometoZu baliss pieejas izmanto3anas priek3bas un perspeivas lietot toilakos Etjumos.Doti af talakie iesfgjamie mtijuma
atfistibas virzieni.

Mapapa I'acnaposuua, Hatanbs HoBocénosa,Jliogmuina AnexceeBa. IlpumMeHeHne He4éTKOI JIOTHKH VISl pellleHUsI 32124 0HOMH(OPMATHKH

B nanHO# paboTe paccMaTpuBAKOTCS pa3IM4YHbIC BO3MOXKHOCTH IMPUMEHEHHUS HEYETKOH JOTMKM B 00iacTh OuoMH(pOpMaTuky, 0000mas M u3yyas ykKe
OITyOJINKOBAaHHBIC METO/BI. YUHUTHIBAIOTCS OCHOBHBIC IOCTHIXKCHHS M MPEHMYILECTBA KaXXIOTO METONA, a TAKXKE BBIABUTAIOTCS KPUTEPUH IS OLICHKH BCEX
METO/I0B — MHHUMAJIBHOE YHCIIO UCIIONIb3YEMbIX F€HOB, MUHHMAJIBbHOE YUCIIO MOMYYCHHBIX MPABHJI U, B TO XK€ BPEMs, MAKCUMaJbHAs TOYHOCTh KIaCCH(MHKALMH.
PaccMOTpeHHBIE METOJBI MOJKHO YCIIOBHO Pa3jeliiTh HAa TPU TPYMIIBI 1) METObI, KOTOPBIE HCIOIB3YIOT HEYETKOCTh HA dTare mpenodpaboTKd, HO MOTOM
HCTIONB3YIOT IPYTO alrOPUTM KIaCCH(PUKAIHN; 2) METOIbI, KOTOPHIE HIYT COOTHOMICHHS MEXKY TeHAMH; 3) METOJIbI, KOTOPBIC UCIIONB3YIOT HEYETKYIO JIOTHKY
Ha dTane kinaccudukanuu. [lomydeHHbIe pe3yabTaThl CBENCHBI B TaOJHMIly, HA OCHOBE KOTOPOH MOXKHO CHeJaTh BBIBOJ, YTO TOJBKO IOCJIEIHHE METONBI -
HCTIOJIb30BAaHNE HEUETKOM JIOTHKH Ha 3Talle KJIACCU(PHUKAIMY — TOKA3bIBAIOT HAMIYUIIUE Pe3yabTaThl. Takxke npuBoauTCs HHGOpMaIHs 0 Haubosee MomyIspHbIX
0a3ax JaHHBIX B 00nacTH OMOMH(OPMATHKH, KOTOPBIC HCIONB3YIOTCSA Ul NPOBEPKU pabOThl pa3HbIX KIACCH(PUKALMOHHBIX METONOB U ajIrOpUTMOB. B
pe3yJbTaTe MOsICHAETCS BBIOOP MSATH CaMbIX MOMYJSIPHBIX 0a3, KOTOPBIE LIENeco00pa3HO UCIIONB30BATh B JIIOOBIX HCCICIOBAHUAX. B HMEIOMMXCS MyOIMKausIx
yXKe JOCTYIHBI pa3Hble Pe3yabTaThl C HCHOJB30BAaHMEM 3TUX 0a3, M MOTOMY MpOIIE MOKa3aTh BOMOXKHOCTH AJrOPUTMAa M YJIy4IICHHE PE3yJIbTaTOB, HE
yriyonsisich B moApoOHOE omucaHue 0as3bl NAHHBIX. B 3akiIIOueHHE MPUBOAATCS MPEHMYIIECTBA HEYETKHX IMOIXOJO0B M OCHOBHOE OCTOMHCTBO — IPOLIECC
MPUHATHUS pemieHuid. Kakaplii 4enoBek MOXKET JIETKO MHTYMTHBHO MPOM3BECTH MPOLIECC KIacCH(UKALNK, TaK KaK TaM pabOTar0T MPaBHIAKECIH - TO», KOTOPbIC
MPUOJIIDKEHBl K pEeajbHOMY pPa3rOBOPHOMY sI3bIKy. buomoram, KOTOpBIM B JalbHEHIIEeM OpuAeTcs paboTaTh C STHMH JAHHBIMH, TaKKe JIETKO HX
HHTEepIpeTUpoBaTh. OHU MOTYT IPOM3BECTH BECh MPOLIECC KIACCH(HKALIUH, IPOCICINUTD 32 B3AUMOCBS3SIMU U CPABHUTH UX C TEM, YTO IPOMCXOAUT B KiIeTKax. B
JTaHHOW pa0oTe MOKa3aHbl MPEUMYILECTBA HCIONB30BAHKS MOAX0d, OCHOBAaHHOTO HAa HEYETKHMX NpaBWIIAX, U TEPCHEKTUBBI €ro MPUMEHEHUS B JalbHEHIINX
uccnenoBanusx. [IpuBoasTcs Takxke AanbHEHIINE BO3MOXKHBIC HAPABJICHHs Pa3BUTUS UCCIIEOBAHUI.
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