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Abstract - Growing amount of information in the world
encourage the use of automatic data processing techniques that
reduce humans routine work. There is a wide range of methods
used for machine learning; however inductive learning
algorithms are preferable in the systems where under standing of
decision making steps and further processing of resultsis needed,
for instance the expert systems, where the rules induced by
learning algorithms can be used. As the classification tasks are
getting more complicated computer program may not make
enough informed decision by itsdf. In such situations
collaborative approach between machine and systems user
(expert) would be useful. Inductive learning system learns
classification from training examples and uses induced rules for
classifying new cases. If a decision cannot be inferred from rules
base, a guess is performed. Interactive inductive system in
uncertain conditions could ask human for decision and improve
its knowledge base with the rule derived from this human-made
decision. The paper summarises approaches discussed in related
works and classifies them by the phase in inductive learning
process in which the human interaction appears. As a result a
new approach to interactive inductive system is presented.
Conceptual example of topographical map classification using
this system is demonstrated.

Keywords. data mining, human-computer interaction,
inductive learning, interactive inductive learning, machine
learning

|. INTRODUCTION
As our ability to collect massive amounts of dateréases,

outlined. Then the related works of human-computer
interactive learning systems are discussed in @eclV.
Considering achievements and drawbacks of described
approaches the new system of interactive indudéiaeing is
proposed. Conceptual example of topographical map
classification using this system is demonstrateshdllisions

of this paper follow afterwards.

Il. MACHINE LEARNING

Cios and Kurgan [4] define machine learning asabiity
of a computer program to improve its own perfornermased
on the past experience, by generation of a new statature
that is different from an old one, like productiames from
input data. The demand of machine learning apjpdingt in
particular in the areas of data, image and textinginhas
created an urgent need for systems that can effigisearch
for regularities or data descriptions in very laigirmation
sources [5]. The ever-growing importance of machteaening
in multiple fields has been highlighted in manyides, e.g.
[1] = [5]. There is a wide range of methods to tsedifor
machine learning [6], [2], e.g., artificial neuraktworks,
Bayes classifier, K-Nearest Neighbours classifigenetic
algorithms, inductive learning etc. Although mawhlearning
algorithms are domain independent, in many domains
generated descriptions or patterns need to haverntpt high
predictive accuracy, but also are required to bey e®

the machine learning and data mining take on great@terpretand comprehend by the user. Differengpms may

importance [1]. Pham and Afify [2] mention that rhae

learning algorithms can be a very useful tool fdwe t

construction of knowledge-based systems.

Inductive learning algorithms are widely used inchriae
learning tasks and they hold a strong position emble
classification methods that can explain their denisnaking
process [3]. Inductive learning has more capaéditiand
potential to improve its performance and to extasdirea of
application. Still there are some problems to sol¥he

approaches used for dealing with non-classifiatg¢ainces do

not work appropriate in all domains. The aim ofkthaper is
to show the need for the new inductive learningesysthat
would deal with non-classifiable examples usingeiattion
with human.

The paper sections are organized as follows. Rhet
importance of machine learning is described in iBedi. As
one of the methods for classification in machinarming
inductive learning is expanded in Section lll. Gléisation of
inductive learning methods is shown to demonsttatsr
variety. After describing general inductive leagisystem,
classification problem with non-classifiable exaewlis
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demand different description forms, i.e. reasonBygtem

should be able to transform types of its resultgluttive

learning algorithms are preferable over other maekéarning
methods in systems, where understanding a decisiking

steps and further processing of results is needegbert

systems are such systems where the rules inducéshining

algorithms can be used [4]. The next section dessri
inductive learning basis to mark out the probleranpkd to
solve.

Ill.  INDUCTIVE LEARNING

Induction is a process of conversion of particdéats into
general regularities. In computer science induclianing is
learning by example, where a system tries to indugeneral
rule from a set of observed instances [7]. Thi® afsolves
classification — assigning the name of a class verye
particular input. Classification is important to myaproblem
solving tasks.

In mathematical form inductive learning can be \gevas
finding the hypotheses that are closest to reattfan within
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example set [8]. Then, the generated hypothesezpgieed to
the new examples to predict their class membefShip

A. Classification of Inductive Learning Methods

There are several dimensions along which
algorithms can be classified. Depending on the vedy
learning, inductive learning methods can be dividied
incremental and nonincremental (or static) onese (Sg. 1).
According to [10], static algorithms are appromiaftor
learning tasks in which a single fixed set of tiagninstances
is provided while incremental algorithms are appiaip for
learning tasks in which there is a stream of trajrinstances.
In the incremental case, the algorithm revises ¢herent
concept definition, in response to each new trginirstance,
enabling to avoid rebuilding the whole classifiack time a
new instance is observed. On the other hand, it nmybe
worth to implement an incremental algorithm for stamt
learning set.

Other option to divide inductive methods is to ddas the
way the classifier is obtained and described — kdreit forms
decision tree, generates rules or combines both &g 2.
E.g., most popular algorithms in each category [die [2]
ID3, C4.5, CART for decision tree, AQ for rules a@l2 for
hybrid (quite often added to rules generating masho

The third dimension along which the inductive léagn
methods can be distinguished is whether they usiguab
hyperplanes to partition the data or split featspace with

obliqgue multicategory decision trees is describadmore
details in [1], [11], [12].

B. General Inductive Learmning System

learning Generally classification task with inductive leangi is

organized as follows. First, the classifier fortgaidar domain
is formed; afterwards it is used for automatic @ms
automatic classification of new instance. Classifierming
consists of two parts, classifier training anditest(see Fig.
4).

In the training phase an inductive learning metisagsed to
infer description (either in form of decision treer
classification rules) from given example set, whire class
for every single record is known. Example set cam b
accumulated form observations, generated by expert
combined. Then follows the evaluation of descriptio
accuracy for unseen examples from the same dorfidie.
class is assigned to every test example in accoedarith
description gained in training step. As the testragle’s true
class is known, one can rate the accuracy of piied& and
classifier overall accuracy. Also the conclusiofisree size
(or rules count, length) can be drawn. If classifiecuracy is
acceptable, classifier can be brought to real resstication
tasks.

C. Dealing with Non-Classifiable Examples
It often happens that none of rules fits the exangyltree

axis-parallel hyperplanes (see Fig. 3). Methods ctvhi annot classify the incoming instance even if dfa&ss
construct axis-parallel separating planes are didhiin their accuracy after test results was good. There areraev

effectiveness, however, oblique hyperplanes are hmu@ethods to deal with this problem. CN2 algorithnplags the
complex to construct and use. Approach of constigct default rule that predicts the most common claggairticular

The manner of
learning

Incremental
leaming methods

Non-incremental
learning methods

Fig. 1. Division based on learning manner

The way the
classifier is
obtained and
described
[
' ' FybiTa
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Fig. 2. Division based on classifier form

data set if none of generated rules fits the exarf@l. This
approach is comprehensible and acceptable butds dmt
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work well if data set contains many classes ancdfithem
occur equally frequently. Within the domains where class
is more critical to be detected than the otherg, medical
diagnosis, this most relevant class is usuallygassl, when
classification can’t be clearly made, not to makeeaious
mistake. Yet such a method is not appropriate fbr
situations. In Fig. 5 traditional process of cléisation is
depicted.

“Classifier forming” block includes both trainingna
testing phases. Here and forth the term “rulesused to
denote classifier, either in form of decision taelF-THEN
rules. When no rule for example classification is found,
guess is performed. Most frequently the defauk isilused.

As the classification tasks are getting more coocapédid,
computer program often meets
classification can’'t be made with existing rulesdal eaving
a decision making to some predefined algorithmoisatways
the best solution, and it is also not the only appuity. Some
machine learning systems attempt to eliminate thednfor

different levels of user interaction. There are fblowing

levels of interaction described in [13] — [18]:

1. Systems where user feedback is asked to evaludtehmn
given result (decision or prediction).

2.Systems that learn concept classification basediwoman
classification.

3. Human first is giving his/her knowledge to systemda
affirming rules induced by the system afterwards.

4. Human evaluates and selects rules induced by system
classifier forming phase.

5. Learning systems where human is the learner angbetem
should be able to interact in user-friendly way.

WWW Search Engines usually return a hit-list in@heg
many irrelevant pages because of not enough spegitry
input from user. Okabe and Yamada [13] propose stery
which uses the interactive process called “relegdaedback”
to create a query specific filter. This filter issat of rules,
each of which helps to decide whether to show pagthe
user or not. The filter is made by the inductivariéng
algorithm FOIL. After getting a hit-list from a seh engine,
the user is asked to evaluate their relevancy.eBystores
those pages as training pages, analyzes them, ajemer
filtering rules and does the re-search.

Tanumara, Xie, and Au [14] present approach where
computer learns colour concepts taking examplesbgnene
categorised by human. Computer hasn’'t ability teatx or
modify category by its own. Human interaction isxdat the
dsame time as learning. Computer learns colour iijeand
category by building layers of neural network. Tgbut isn’t
an inductive learning algorithm that is trainedsthvay, the
idea can be applied much broadly (including indeeti
learning). The outcome of [14] demonstrates thatgbssible
to achieve good results toward human-like knowledgel
antelligence without imitating human perception
complicated way.

Buntine and Stirling [15] argue that “induction siftb be

in

the situations whenteractive so that both further subjective infotima can be

input to the induction process and the final indhrciproduct
can gain the expert's acceptance”. They talk aladigiting
information from an expert during knowledge acdigsi. In
this approach induction is not viewed as an autmnmabcess.

human interaction, while others adopt a collabweati The authors explain that induction has never beeteted
approach between human and machine. In situatioenwhfrom human actions while expert is that who defines

example can't be unequivocally classified collabiwen
approach between machine and systems user (ortpwmedd
be useful. The paper proposes to construct newctivdu
learning system that could ask user to make aifitag®on in
previously described situation. This interactivedunotive
system in uncertain conditions could ask humandigision
and improve its knowledge base with rule derivemirirthis
“experience”.

IV. RELATED WORKS

There are different papers in last twenty yearsrrifg to
concept ,interactive inductive learning” or explugi idea of
user interaction in concept learning process. fystend
approaches proposed are from distinct fields anggesst
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categories and chooses features taken in counntirguand
Stirling don't find it a problem or drawback to imive humans
in several phases of induction process. In defisgstem
interaction with humans is used for the followingoses:
e To acquire knowledge from expert (in addition to
examples available).
e To get acceptance for knowledge (rules) induced.
Hadjimichael and Wasilevska in [16] propose the
probabilistic inductive learning system where usges an
integral part in learning cycle by, first, supplgioonditions to
the system and then selecting conditions for furtrse from
the suggested conditions by the system. User sadiniilar to
decision tree subtree pruning in other approachles.system
outputs all generated rules and lets the user dewlch rules
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to save and which to discard. This way user can ake
information compiled by the learning system befdeeiding
which rules to discard, whereas ordinary tree prgmemoves
information and it is forever lost for the user.

Interactive computer learning is used in
inductive logic programming (ILP), discussed by \Waosnd
Leung [17]. ILP uses background knowledge and ao$et
examples represented as a logical database of ttactsrive
hypothesised logic program. Between other inputs
interactive ILP system is provided with a teacheattcan
answer questions generated by the system. Thensystmed
CLINT is mentioned that generates its own learrérgmples
and asks human to classify them. It is importarat tthe
system has the ability to check integrity constsain

In systems where human-computer interaction isra gfa
human learning, like in ambient intelligent leamirfl8],
interaction between learners and computer shouldaberal
enough, without human bothering about
technologies.

In the next section the approaches described wéll
discussed in the context of flexibility to dealimgth non-
classifiable examples in inductive learning.

V.DISCUSSION

creation of such a system takes too much of hurmae &nd
attention if classifier could be obtained more anatically.
The same can be said about the system that leafosrc
concepts directly from a human [14]. Besides thistem

interaxctivrepresents other field in machine learning — aidfi neural

networks.

The system described in [17] is quite close to etqi®ns
of wuser help with complicate example classification
adonetheless this system asks for human answersaimihg
phase (what does not eliminates the possible &rofv@on-
classifiable example in classifier applying phaaell it uses
inductive logic programming, not inductive learnimgthod.

Systems like described in [18] are not close tojesib
because they employ human-computer interactionragudar
operation and a learner is mainly human, less coenpu

It is clear from the previous section that intei@ttwith a
human is held in a different phases of learningpédeling on

computgshase in inductive learning process where useraaten is

expected, the diagram (see Fig. 6) for abstracipcehension
of different existing approaches to interactive uciive
learning has been created.

In classifier forming stage training and testingtadare
passed and rules are given to output. In classémlying
stage new instance (instances) with no classifinatis

Various inductive systems involving human have begprovided to the classifier and a decision of itssslis expected

presented. System which uses the “relevance fektlhag]
interacts with user in the rearmost moment of anieg
process. For dealing with non-classifiable examplas
inductive learning this moment is too late, becahseuser is
involved after the decision of classification isealdy done.

to receive. The following learning phases are dggmmded:

A. Forming of classifier learning data, data selectfon
input.

B. Extraction, processing, and selection of rules.

C. New instance handling in classifier applying.

System proposed by Hadjimichael and Wasilevska [46] D. The decision handling after classification of nestance.

promising, however the problems with its appliciypibtart

The circles with letters in Fig. 6 denote the malar phase

when model underlying input data is complicated antd inductive learning where the interaction is entee.

generated rules are many and/or long, becausé&eas tamuch
effort to human expert to compare even tens ofsrulet
talking about hundreds.

Although Buntine and Stirling [15] are right and nhan
intuition cannot be entirely eliminated from leargiprocess,
since the system's designer must specify data geptation,

Learning data . Rules
Forming
[14,15,16,17] classifier [15,16]
New instance _ Decision
Applying
The proposed method classifier 13]

Fig. 6. Moments when user interacts with classifie

User interaction in classifier training (phase AFig. 6) has
been practised in two ways: as learning from trengdes and
categories only shown by the user [14] or learnfrgm
human answers to questions generated by the sydfém
Systems described in [15] and [16] ask for the humdvice
both in forming of input data and evaluating tragiresults
(phases A and B in Fig. 6). According to [13], theer
feedback is asked after decision to improve theckegesults
(phase D in Fig. 6).

None of methods discussed provides appropriate hafde
interactivity for solving the inductive learninggiem with
classifying examples that do not fit any of rulesknowledge
base. As stated in section “Dealing with non-clsie
examples” previously, current approaches to thiblem does
not work well in all situations. Therefore, resugin
achievements and drawbacks of approaches to usalviing
into inductive learning the new system dealing witbn-
classifiable examples can be proposed.

VI.

The proposed system would interact with human deoto
classify unknown example in phase C (Fig. 6) offlyt iis
needed. The system meets two requirements:

THE PROPOSEDSYSTEM
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e System is not dependent on human; it in principl

operates by itself.
e Human isn't bended to the system to answer itstores
systematically.

Those both properties are expected from automatic

inductive system.

The proposed system only involves user when it sneetv
example not consistent with the rules base (se€rfig

Using expert knowledge will not only lead to mo@rect
classification of every single instance but also rtwre
complete rules base as the human-given adviceing lsaved
and formed as a new rule. However, there is admidtireat
within human-based rules. It is important to feattire system
with integrity constraints and a control mechanifm rule
consistency check between existing knowledge badenaw
input information.

VII. AN ILLUSTRATION

The interactivity of proposed inductive system wile
demonstrated with the following example. Classtfma task
involves assigning the one of four predefined catieg to a
topographical map. Maps are being stored in a alpdtta
base and features can be extracted. A map insfdi®9¢es
depicted in Fig. 8.

Every map is described with 4 categorical attribi{thosen
by human expert) and its difficulty level for ortemring
should be detected. Features and their possiblesas well
as class values are given in Table 1. Feature atixiraand
conversion to categorical form from spatial datad@me by
computer system that utilizes expert defined irtsions.
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Fig. 8. Topographical map for orienteering [19]

TABLE 1
ATTRIBUTES, CLASS AND THEIR VALUES

Relief {mountainous, hilly, plain}
Network of roads {intense, intermediate, rare}
Movement {hard, bothered, easy}

EVisibility {good, intermediate, poor}

Difficulty level {very high, high, intermediate, easy}

TABLE 2
RULESBASE
No. RULE
1. IF relief = mountainous ANDnovement = hard THEN
difficulty level = very high
2. IF relief = mountainous ANDnovement = intermediate AND
network of roads = intermediate THEMiifficulty level =
high
3. IF relief = hilly AND network of roads = rare ANDvisibility
= good THENdifficulty level = intermediate
4. IF network of roads = intermediate ANDnovement = easy
THEN difficulty level = easy
5. IF network of roads = intense ANDrelief = plain THEN
difficulty level = high
| Default | IF “‘whatever'difficulty level = intermediate | :
' rule

Classification rules form existing data base item®
induced and they are depicted in Table 2. Classifiening
(phase A and B in Fig. 6) has not been demonstriatehis
example. Inductive learning algorithm used to fothe
classifier creates IF — THEN rules of attribute alue pair
conjunctions.

If the default rule was used at the end of rulesebt
capture unclassified examples, it would use thetrreguent
class in training data base. In this case it ifiadifty level =
intermediate.
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Using these rules the new maps are tried to besifiks
Arrives map (example) with such a description:

Relief = mountainoushetwork of roads = raremovement =
hard,visibility = poor.

This example can be classified with difficulty léwevery
high on 1st rule basis as the relief is mountainemns
movement is hard.

The following example arrives next:

Relief = mountainousnetwork of roads = intensemovement
= botheredyisibility = poor.

None of rules satisfy attribute values entirety. this
situation request for human classification is perfed (what
corresponds to phase C in Fig. 6). Human is peaidith
attributional information and bench-mark data (sismap).
While human is thinking of classification, systemnceither
idle and wait or classify other examples (if suoh available).
User has decided to classify unknown map as verg fax
orienteering. Such classification is assigned & maap. Now
the new rule consistent with existing knowledgeebesuld be
formed. The incremental inductive learning algarithshould
be considered. Designing this part of system is antiture
tasks.

Let's consider what would happen if other approache

would be used to assign class to this example défault rule
had been used, the class assigned would be “intéateé that
differs from human opinion quite much. As therad@scrucial
class, also assigning one predefined class to al-n
classifiable examples wouldn’t lead to acceptalgsuits in
long term.

Considering help by system'’s user, in phases A nBig.
6) no one knew that such an example would arrigedigect
help from user side can’t be provided. On the otteard, user
interaction in those earlier stages could posdisdyl to more
precise or more complete rules base and such rasifthble
example could be classified by one of rules fornegibase.
However, such approach does not eliminate the Iplessi
arrival of non-classifiable example in classifieppdying
phase.

If user would be involved in phase D (Fig. 6), ibwid be
already too late. The user could evaluate the merignade
by default rule) and accept or reject it, but meféective
technique would be to ask for human advice exagtign the
problematic example arrives — neither earlier aterl

VIIl. CONCLUSIONS

This paper discussed inductive learning as a véduabl in
machine learning. Inductive learning has more ciéifieb and
potential to improve its performance. The resealds
contributed the following results:

e One of the problems and several of its existentt&ois
in inductive learning have been defined. It oftappens
that the classifier cannot classify the incomingtamce

and the existing methods to solve this problem db n
work acceptable in all situations. Dealing with non

classifiable
considered.

instances as area of development

A proposal to deal with non-classifiable examplsaa
computer-human interaction has been made.

Interactive approaches to inductive learning orilsim
learning methods reviewed in the literature havenbe
discussed. None of the methods found can help & de
with non-classifiable examples directly. Most os®ms
described tend to involve human in learning procass
much that induction can hardly be defined as auticma
The diagram for abstract comprehension of different
existing approaches to interactive inductive laagnhas
been created depending on phase in inductive legarni
process where user interaction is expected. tuad that
interaction with human has been used in all mdsveat
classifier forming and applying stages except new
instance processing. However, this is the most@apjate
phase for dealing with non-classifiable examples.

The paper proposes to construct new inductive iegrn
system that could ask human expert for decision in
uncertain conditions and improve its knowledge base
Inductive system works automatically and uses #ip bf
human only in classifier applying phase when the
incoming instance can't be classified using ruleghe
knowledge base.

The interactivity of proposed inductive system hagn
demonstrated with a conceptual example. The adgasta
over other existing and possible approaches in llrand
non-classifiable examples have been shown.

The proposed system would be preferable over toaailt

inductive learning approach for the classificattasks where
the following conditions hold:

Expected need for human interaction is occasional,
however, obtaining the right classification is relet.

The human expert is available at the time when
classification tasks are executed.

It is complicate to define the features in the peab
domain and there is suspicion that not all the fesgures
are selected.

The problem area tends to change its nature; abject
classify can be very different in their initial far

Future areas of research exist. More related wsinksild be

summarized. The information about problem domaihere
the proposed system could benefit need to be gather
Process of creating and adding a rule to the roése after
human-made decision of classification has to belistlin
details.
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I1ze Birzniece. No induktivas apmacibas uz inter aktivu induktivo apmacibu

PieaugoSais inforatijas apjoms pasatlir veicingjis tadu autonatisku datu apsides tehniku atstibu, kas sgj atvieglot ciheka rutnas darbu. Magapnaciba
tiek izmantots plaSs metoZuakts, tomr sisemas, kur cihekam nepiecieSams saprastmuma pieem3anas de, ka af talak apstadat iegito rezulfitu, ir
nowertégjamas indulivas apmacibas metozu priekSrdwzas. Piereram, ekspertu signu ziraSanu lazes var tikt izmantoti indukvas apnacibas iegtie likumi.
Indukfiva apniciba ir maciSaras no piergriem, kad no konlitiem gadjumiem tiek induéts visgrigs Klasifikators, kuru ie§ams izmantot jaunu piegru
klases pied&bas noteikSanai. Klasifikcijas uzdevumiem [Kstot arvien sargitakiem, indukivas apnacibas rezufitu uzlaboSanai var tikt izmantota sadheb
ar sistmas lietodju (ekspertu). Ja jauna pieém klasifikacijai nepietiek ar apatiba iegiatajam zinaSaram, sisémai javeic mirgjums. Interakivas indukivas
apnicibas gaguma sisema vagtu vaiat padomu cilgkam siticija, kad nav iesgjams f@rliecinosi veikt klasifikiciju, ka an papildirat savu likumu bzi ar
jaunieditajam ziraSaram. Saji rakst apkopotas dagas literalira apraksitas pieejas interaitam apracibu procesam,karn veikta to klasifikicija, atkatba no
apnacibas etapa, karcilveka iesaigana notiek. Tiek piadata jauna sisima interakivas indukivas apracibas veikSanai, &an demonsits konceptals
pieners, kut & sisema klasifi€ topogéfiskas kartes.

Nn3e Bupsanene. OT HHIYKTHBHOTO 00yYeHNsI K HHTEPAKTHBHOMY HHAYKTHBHOMY 00y4eHHIO

B mupe Bcé npupacraromuii 065EM HHGOPMALMHE CIOCOOCTBOBAN Pa3BUTHE TAKUX ABTOMATHYECKUX TEXHUK 00pabOTKH JaHHBIX, KOTOPBIC OOJICTYal0T PYTHHHYIO
paboty denoBeka. B MalIMHHOMOOYYEGHHMH WCIOJNB3YeTCs OOIIMPHBIA KPYr METOIOB, OJHAaKO B CHCTEMaX, B KOTOPBIX UEJIOBEK MIOKCH IOHATh
HIOC/Ie/IOBATEIIbHOCTh NPUHSATHS PEILICHHs, a TakxkKe Janblie oOpadaThiBaTh MOJMYYCHHBIH PE3yNbTaT, MPOSBISIOTCS IPEMMYIIECTBA METOAOB HHIYKTHBHOIO
o0y4enus. Hampumep, B SKCIICPTHBIX CHCTEMax, 0a3a 3HAHMI MOXKCT MOIOJNHSATCS 32 CYCT 3aKOHOB IOJMYYCHHBIX B HHAYKTHBHOM 00y4eHHH. NHIYKTHBHBIM
o0y4eHHeM sBIsIeTCs 00ydeHHe Ha NpUMepax, KOraa Ha OCHOBE KOHKPETHBIX CITydaeB MHIYLHPYEThCs OOLIMHA KiacCu(pUKATOP, KOTOPBIH MOXKHO HCIIONIb30BaTh
JUISL OTIPE/ICTICHUs PUHAJUICKHOCTH KJ1acca HOBBIX NMPHMEpPOB. J{yist yiydIeHus pe3y/ibTaToB HHAYKTUBHOTO O0OYYECHHMS IPH BO3BPACTAHHUH CIIOKHOCTH 3aJaHUI
KJIacCH(UKAIME MOXHO HCIIOJIb30BaTh COTPYAHHYECTBO C MOJB30BAaTENEM (IKCIEpPTOM) cuCTeMbl. Eciam nis kmaccu(uKanmy HOBOTO MpUMEpa 3HAHHIA
MOMY4EHHBIX B OOY4EHHH HEJOCTATOYHO, CHCTEMa IODKHA CTPOHMTH MPEMUIOKEHHE. B ciyuae MHTEPaKTHBHOrO MHIYKTHBHOTO OOYYCHMs CHCTEMa Morna Obl
HPOCUTH COBET II0JIb30BATENsl B CHTYallMM, KOTAA HENb3sl YOSIMTENbHO KiIacCH(UPOBATh, a TAKXKE MOMOIHHTH CBOIO 0a3y 3aKOHOB HOBOINPHOOPETEHHBIMH
3HaHWSIMH. B maHHO# crathe 0OOOIIEHBI pa3IMYHbIC MOAXObI K MPOLECCY HHTEPAKTHBHOIO OOYYCHHMs ONMMCAHHBIC B JIMTEPATYpE, a TAK)KE IPOBEACHA HX
Ki1accu(UKAIMs B 3aBUCHMOCTH OT JTama OOydeHMs, Ha KOTOPOM IIPOMCXOAHMT BOBJICUCHHE dYeloBeKka. lIpeuraracTcsi HOBas CHCTEMa Ul peaan3aliuu
MHTEPAKTUBHOTO MHJIYKTHBHOIO OOYYeHHs, a TaKxKe JIEMOHCTPHUPYETCs] KOHIIENTyallbHbII MPUMEp, B KOTOPOM 3Ta CHCTeMa KJIacCH(HIMPYET Tomnorpaduyeckue
KapThl.
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