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CONSTRUCTION OF PATTERNS
OF USER PREFERENCES DYNAMICS
FOR EXPLANATIONS IN THE RECOMMENDER SYSTEM

Abstract. The subject of study in the article is the processes of constructing explanations in recommendation
systems. Objectives. The goal is to develop a method of constructing patterns that reflect the dynamics of user
preferences and provide an opportunity to form an explanation of the recommended list of items, taking into account
changes in the user’s requirements of the recommendation system. Construction of explanations taking into account the
dynamics of changes in consumer preferences makes it possible to increase user confidence in the results of the
intelligent system. Tasks: structuring models of temporal patterns of parallel-alternative and sequential-alternative
users’ choice of the recommendation system; development of a method for constructing patterns of changing user
preferences using process mining technology; experimental verification of the method for constructing patterns of
changing consumer preferences. The approaches used are: temporal logics, which determine the approaches to the
description of the temporal ordering of a set of events. The following results are obtained. The structuring of models of
temporal patterns of parallel-alternative and sequential-alternative users’ choice of the recommendation system is
performed; developed and performed an experimental test of the method of constructing patterns of user preferences
dynamics. Conclusions. The scientific novelty of the results is as follows. The method of dynamics patterns
construction of users’ preferences for the formation of explanations concerning the recommended list of subjects is
offered. The method sequentially generates a set of ordered events, each of which reflects the choice of the subject by a
group of users at a certain time interval, and also builds a graph representation of the patterns of user preferences
through intellectual analysis of processes. The patterns obtained as a result of the method consist of time-ordered pairs
of events that reflect the knowledge of changing user preferences over time. Further use of such dependencies as
elements of the knowledge base makes it possible based on probabilistic inference to build a set of alternative
explanations for the received recommendation, and then arrange these explanations according to the probability of their
implementation for the recommended list of subjects.

Keywords: recommendation system; recommendation; explanations; the process of explanations formation; temporal

dependence.

Introduction

Recommendation systems offer consumers a list of
items that may interest them, i.e. correspond to their
preferences.

Such systems [1 - 3] are commonly used in
conjunction with e-commerce systems. Thanks to the
received recommendation, the consumer has the
opportunity to choose from a limited list of items of
interest to him, which greatly simplifies the purchase of
goods and services in e-commerce systems.

Recommendations for target users are formed
based on information about the choice of goods and
services by similar users, as well as information about
product ratings. Ratings reflect the degree of popularity
of users, but they can be falsified as a result of attacks
[4, 5] by virtual users, or shilling attacks.

The post-shilling recommendation is distorted
because it reflects the requirements of both the target
and attacking users. The user does not know how the
recommendation construction algorithm works, has no
information about the shilling attack, and therefore
distorted recommendations ultimately force the user to
abandon the use of the recommendation system.

In order for the user to trust the received
recommendations and be able to take them into account
even in the case of shilling attacks, the recommendation
is combined with an explanation [6-8].

The explanation reveals the reasons and methods
of obtaining a recommendation and sets the associative

links between the recommendation and knowledge of
the subject area. Combining a recommendation with an
explanation increases the chances [7, 9-10] that the user
will purchase the recommended product or service.

However, both recommendations and explanations
must be relevant as the user's preferences change [11-
15].

Such changes can occur cyclically or
evolutionarily. Therefore, when constructing
explanations to the recommendations, it is important to
take into account the dynamics of changes in user
requirements over time, i.e. to describe the process of
user selection using temporal knowledge.

The latter set the order in time for each pair of
events [16, 18], when the user selects items, puts
ratings, etc. The set of this knowledge forms the
patterns of the dynamics of user preferences at the
selected time interval. Automated formation of patterns
based on temporal knowledge is performed by the
method presented in [17].

Thus, the problem of constructing explanations to
the recommendations using temporal knowledge of user
preferences is relevant.

The solution to this problem requires the selection
of typical elements of temporal knowledge, the
construction of patterns from such elements based on
the analysis of the sequence of user actions. The rules
set the order in time for a pair of events. The probability
of implementation of the rule is determined by its
weight [18, 19].
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To date, methods have been developed to construct
explanations using temporal rules [20, 21].

The first method uses a set of temporal rules that
determine changes in user preferences at a given time
interval, such as a month, year. Explanations in the form
of a numerical indicator are calculated using the weights
of these rules.

Method [21] forms a description of the process of
choosing a particular product by consumers in the form
of a sequence of temporal rules. The explanation is
formed as a numerical assessment of the user selection
process. A common feature of these methods is that they
explain to the user of the recommendation system the
reason for the recommendation using the sign and the
value of the numerical indicator of the explanation. The
sign indicates an increase (+) or decreases (-) in demand
for this item. The value of the explanation indicator
reflects the rate of increase or decrease in sales for a
certain period of time. The disadvantage of these
methods is their dependence on the choice of basic
temporal rules, as well as the time interval used in the
construction of the indicator of explanation. To make an
informed choice of the latter, it is necessary to identify
typical patterns of user group behavior. These patterns
are limited to a certain time interval and consist of
sequences of temporal dependencies.

The definition of such patterns will allow, first, to
select the basic temporal dependencies for the
construction of explanations by methods [22-24].
Secondly, the information about the duration of the
pattern makes it possible to determine the intervals of
detailing the time for constructing explanations.

Thus, the solution to the problem of constructing
patterns of the dynamics of changing consumer
interests creates the conditions for constructing
explanations for recommendations for users whose
interests change over time.

The article aims to develop a method of
constructing patterns that reflect the dynamics of user
preferences and provide an opportunity to form an
explanation of the recommended list of items, taking
into account changes in the requirements of the user of
the recommendation system.

Construction of explanations taking into account
the dynamics of changes in consumer preferences
makes it possible to increase user confidence in the
results of the intelligent system.

To achieve this goal the following tasks are
solved:

— experimental verification of the method of
constructing patterns of changing consumer preferences.

— structuring of temporal patterns of parallel-
alternative and sequential-alternative choice of users of
the recommendation system;

—development of a method for constructing
patterns of changing user preferences using process
mining technology.

The method of constructing patterns

The pattern of consumer choice dynamics reflects
the typical changes in the preferences of the group of
users of the recommendation system over time. It
combines several sequences of selection by different
users of the same subset of items.

The pattern is determined by the events set of

selection E ={¢;} .

Such events are recorded by the recommendation
system or e-commerce system in the form of a sales log,
user action log, etc.

For each event in the log, the time of its
occurrence f;, the code of the selected item, the user

code u,,, as well as the number of selected items w; are

set.

Events are ordered in time.

This ordering according to the approach
proposed in [19] can be described by temporal rules
of two types.

Rules of the Next type, or X-rules, determine the
temporal order for pairs of events (e;,¢;,;) when the

second event occurs immediately after the first.

That is, there are no intermediate events between
two choices of a referral system or e-commerce system
that record other purchases of goods or services.

Rules such as Future, or F-rules, determine the

temporal order for pairs of events (e,e) between

which other events occur.
This rule specifies that an event e; must occur

after a future event ¢;.

Sequential selection by users of several items is
represented by a sequence of X-rules. If one of the users
selects the first item, and then skips the selection of
several items and selects the final item, its actions are
described by the F-rule.

Because users can either sequentially select the
same items at a given time interval, or select different
items, their behavior is described by patterns of
parallel-alternative =~ N1 and sequential-alternative
choices N2.

The structure of such patterns is shown in Table 1.

Table I — The structure of the patterns of the dynamics of user preferences

Pattern Alternatives

Representation by temporal rules

N1 — parallel-alternative
choice

Consistent selection of a set of several subjects or
select the first and last items from the set

An F-type rule or a sequence
of X-type rules

N2 — consistently -
alternative choice

Consecutive selection of several subjects, for which a
parallel-alternative choice is implemented

A sequence of X-type rules followed by
several alternatives between an F-type
rule or a sequence of X-type rules
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The parallel-alternative choice pattern N1
describes a local situation where users implement only
alternative behaviors.

If the behavior of users of the recommendation
system partially coincides, it is advisable to use a
pattern N2 of a sequential -alternative choice.

The combination of these patterns makes it
possible to describe the choice of several alternatives
within one period of time.

The developed method of constructing patterns
uses the event log of the recommendation system or e-
commerce system as input data.

The method of constructing patterns consists of the
following phases and stages.

Phase 1. Construction of an ordered events set for
the purchase of an items subset for a given level of time
granulation.

Stage 1.1. Select and organize a subset of shopping
events for a given product group.

At this stage, events that reflect the work with a
given group of objects A4 are selected from the input
dataset.

The resulting dataset has the following form

E ={e; :Vida,, € A}. (1)

Each event ¢; in this dataset a,, is associated with

the selection of an object from a given set A4 .
The dataset is ordered in time, i.e. the condition is
fulfilled:

V(€€ )t <tig1s )
where ¢;, t;,; —moments of events occurrence e;, €, .

Stage 1.2. Forming a set of events for a given level
of time granulation.
At this stage, events that occur e; at a specified

time interval Az are combined into one event y;. The

resulting dataset Y is:
Y = {y/ .

{VﬂEk ={ep et (Vi) At |, (3)
un EU}a

where Af, —time detail interval, for instance a week.

The number of purchases ¢; of a new event y; is

the sum of the number of purchases w; for the

incoming events e; that generated it:

q; = Z Wi- “4)

ie;eLy

Stage 1.3. Preparation of input data for intellectual
analysis.

At this stage, a new ordered sequence of events is
formed, which reflects X and F — the temporal
relationship between the consumer's choice for a given
level of time granulation.

Phase 2. Construction of patterns.

Stage 2.1. Forming a graph of changing user
preferences for a given level of time detail.

At this stage, using the fuzzy miner, a graph is
formed containing the patterns of the dynamics of user
selection.

The task of this stage is to determine the duration
of the patterns 7 on the basis of visual analysis of the
obtained graph.

Stage 2.2. Construction of sets of temporal rules of
X and F — types for a pattern N1.

At this stage, the rules that are part of the pattern
are selected in the dataset ¥ using a sliding window for
a duration 7T .

Step 2.2.1. Selection of events for the pattern N1.

In this step, a subset of events Yk(ll) on the time

interval T is selected, for the elements of which the
condition is fulfilled:

1
Yk(’[) ={)’k,)’j,~~~sJ’l :

(VkvI)3a, A3a,, 5
(Vj)3a, v3a, |,

where a

m»> 4, —items from the set 4 .

Each of the events y, and y; is associated with

the choice of different subjects a and

m>» ap b
intermediate events y; — with the choice of only one of

these subjects. Therefore, condition (5) specifies the
temporal relation F' — type for extreme events y; and

¥y »and the relation X — type for intermediate events y ;.

The set of such relations corresponds to the pattern N1.

Step 2.2.2. Formation of a set of temporal rules
using the approaches presented in [20, 21].

Steps 2.2.1 and 2.2.2 repeated for all patterns in
the dataset.

Stage 2.3. Construction of sets of temporal rules of
X and F — types for a pattern N2.

At this stage, on the initial dataset Y, events and
rules are selected from the pattern N2 using the sliding
window for the duration 7 using the sliding window.

Step 2.3.1. Selection of events for the pattern N2.

2)

In this step, a subset of events Yk( | 1s selected, for

the elements of which the condition is fulfilled:

2
YI\S,I) = {yk,...,yk+0,...,yj,...,y, :

(Vle:k+0<j)EIam/\Elap, (6)
(/) 3a,, vEIap}.

where a,,, a p — items from the set 4 .

m>

Each of the events y;, 3., is associated with

the choice of different subjects a and

m>» ap b
intermediate events y; — with the choice of only one of

these subjects.
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Therefore, the set yi,...Vii0
sequential, and y;,...,y; — the alternative parts of the

pattern N2.

Step 2.3.2. Formation of a set of temporal rules F —
type and X — type.

Steps 2.3.1 and 2.3.2. repeated for all detected
patterns N2.

The result of this method is a set of rules that
reflect the knowledge of changes in consumer
requirements for recommended goods and services over
time. The received rules are intended for construction of
explanations concerning recommendations.

Experimental verification of this method was
performed using a set of data on wholesale sales of gifts
in a supermarket chain. The choice of data set is due to
the significant number of sales over short periods of
time, which makes it possible to identify patterns for
different levels of time detail.

The 1-day interval was selected as the base level of
time detail in step 1.2.

Identifying the values of the duration of patterns
and temporal rules are presented in Table 2.

specifies the

Table 2 — Temporal patterns characteristics

Type of Duration, Percentage
dependence time intervals in the dataset
X 1-2 69
F 4-5 37
N1 5 -
N2 5-6 -

According to the results of the experiment, it was
found that the duration of both patterns is about 5-time
intervals. X-type temporal rules in both patterns last 1-2
intervals.

F - the rules for the pattern of parallel selection are 5
intervals, and sequential-alternative - 4 intervals. The
patterns have common X-type rule rules. This indicates
that the duration of the pattern in 5 intervals is typical
for different groups of buyers and does not depend on
calendar dates.

Also from Table 2, it is seen that only 69% of X-
dependencies and 37% of F-dependencies can be used
to construct explanations because they are part of the
obtained patterns and reflect changes in user
preferences.

The percentage of patterns in the sample was not
calculated because they have common rules, and the
number of common rules differs for different pairs of
patterns.

The conducted experimental check showed that the
results of the formation of patterns can determine the
duration of intervals of change of interests of
consumers, and also a subset of rules which will be used
for the construction of explanations.

Conclusions

The problem of constructing patterns of user's
preferences dynamics the recommendation system for
formation of explanations concerning the offered list of
subjects is considered.

This problem arises in the case of periodic and
evolutionary changes in user requirements. A method
for identifying patterns of alternative and sequential-
alternative choices that reflect cyclical changes in
consumer preferences due to changes in the seasons of
the year, in fashion trends, etc. is proposed. Patterns are
based on the temporal ordering of events pairs of the
type "current event - next event", "current event - next
event sometime in the future". Patterns describe a
parallel alternative or sequential alternative consumer
choice.

Each pattern consists of many pairs of events, and
each pair is ordered in time.

The parallel selection pattern contains an alternative
between a sequential selection of several products or a
selection of only the first and last item in the pattern.
The pattern of  sequential-alternative  choice
complements the sequence of choices of goods with the
pattern of an alternative choice.

The proposed method of constructing patterns of
user preferences dynamics to form explanations for the
recommended list of items includes phases of
constructing a set of ordered events for purchasing a
selected item for a given level of time granulation, as
well as constructing patterns by process mining.

The implementation of the method of constructing
patterns based on the analysis of the sequence of data on
the choice of items by the consumer makes it possible to
form sets of time-ordered pairs of events that are part of
the explanations.

Such explanations take into account the temporal
dynamics of consumer preferences. Experimental
verification of the method showed that the method
distinguishes patterns for popular items in wholesale
sales, even in the case of short datasets. The results of
the method largely depend on the number of consumers
who chose the target items. The sets of temporal
dependences obtained as a result of the method are
elements of knowledge and therefore can be used to
construct explanations by probabilistic inference in the
knowledge base.

Further improvement of the developed method will
involve determining the weights of temporal
dependences in the composition of patterns. Such
weights should correspond to the probability of
realization of dependence in known patterns. The
conclusion on the weighted rules will allow to arrange
some possible alternatives of explanations on the value
of the probability of their realization and then to offer to
the user of the recommendation system the most
probable explanation.
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ITo0ynoBa marepHiB AMHAMIKH BIIOJ00aHb KOPHCTYBAYiB /ISl MOSICHEHb B PeKOMeEHIaliiiHili cucremi
C. ®@. Yaymii, B. A. JlemuHchkuid

Anotanis. IIpeqmerom BUBUEHHS B CTAaTTi € NpoLecH Mo0y0BH HOSCHEHb B PEKOMEHALIHHNUX chucTeMax. MeTor €
po3poOka Meromy MmoOyHOBH MATEPHIB, IIO BilOOpaXaroTh JUHAMIKY BIIOZOOAaHb KOPHCTYBAadiB 1 JAIOTh MOMIIUBICTB
copMyBaTH TOSCHEHHs IIOAO PEKOMEHAOBAHOTO IEpeNiKy MpeIMeTiB 3 ypaxyBaHHSAM 3MiH BHUMOI KOpHCTYyBaua
pexomennaniiiHoi cucremu. [loOynoBa MosicHEHb 3 ypaxyBaHHSAM JAWHAMIKM 3MiH BIIOJ00aHb CIIOKMBAYIiB Ja€ MOXJIHBICTD
MiJBUIIMTH JAOBIPY KOPUCTYBauiB JI0 pE3YJNbTATiB POOOTH IHTEIEKTYalbHOI CHCTEMH. 3aBAAaHHsS: CTPYKTYpH3allis
TEMIIOPAJIBHUX ~ [IaTEPHIB  IapajeibHO-aJIETePHATUBHOIO Ta  IOCIIJOBHO-aJIETEPHATUBHOIO BHOOpPY  KOpHCTYBauiB
pEeKOMEHIaNiiHOI CHCTeMHU; po3po0Ka MeToxy MOoOyJOBHM MAaTepHIB 3MiHM BIOAOOAaHb KOPUCTYBada 3 BHKOPHCTaHHSIM
TeXHOJIOrii process mining; eKCIepUMEHTalbHA IIepeBipka METOAy IMOOYNOBM NATEPHIB 3MiHM BIOJOOAHb CIOXKHBAYiB.
BukopucroByBaHMMHM MigX0AaMHM €: TEMIOpPaJIbHI JIOTIKM, IO BHU3HAYalOTh MIJXOAM OO OHHCY TEMIIOpPaIbHOI
YIOPSIIKOBAHOCTI MHOXXKMHM nozid. OTpUMaHi HACTYNHI pe3y/abTaTH. BUKOHAHO CTPYKTYpH3allilo TEMIIOPAIbHUX NATEPHIB
[apajienbHO-aJIbTEPHATUBHOIO Ta  I10OCHIiJOBHO-AJIbTEPHATUBHOIO BUOOPY KOPUCTYBadiB pPEKOMEHIALIMHOI cHcTeMU;
PO3pOOJICHO Ta BUKOHAaHO €KCIIEPUMEHTAlbHY HEpeBipKy MeTomy HoOy[JOBH HAaTepHIB JMHAMIKHM BIIOJOOAaHb KOPUCTYBada.
BucHoBku. HaykoBa HOBH3HA OTPHUMaHMX PE3YNBTATIB MONATAE B HACTYITHOMY. 3alpOIIOHOBAaHO METOJ MOOYIOBH IATEpPHiB
JIMHAMIKK BIIOJ0OaHb KOPHUCTYBadiB 1isi ()OPMYBAHHS IOSCHEHb LIONO PEKOMEHJOBAHOTO IEperliKy IpeamMeriB. Meron
MOCIiI0BHO ()OPMYE MHOXKMHY YIOPSJKOBAHUX MOAIH, KOXKHA 3 SIKUX BioOpaxkae BUOIp NpenMeTy IpyIor KOpPUCTyBadiB Ha
BU3HAYEHOMY iHTepBaJi 4acy, a Takox nependadae 1moOynoBy rpad)oBOro HpEACTaBICHHS NMATEPHIB AMHAMIKH BIIOZ00aHb
KOpHCTyBa4iB 3aco0aMy IHTENIEKTyalIbHOrO aHajiizy mpoueciB. I[laTtepHn, orpuMaHi B pe3yiabraTi poOOTH MeTony,
CKJIAJIAI0ThCA 13 YHOPSAAKOBAHUX Y 4aci nap moii, mo BioOpakaroTh 3HaHHS 100 3MiHU BIO100aHb KOPHCTYBAUIB 3 YaCOM.
IMopansie BUKOPUCTaHHSA TaKUX 3aJI€XKHOCTEH 5K eleMeHTIB 0a3u 3HaHb Jla€ MOXJIMBICTh Ha OCHOBI HMOBIPHICHOrO BHBOLY
noOynyBaty Halip aJbTEpPHATUBHMX MOSCHEHb LIOAO OTPUMAHOI PEKOMEHZALil, a IOTIM YIOpSAKYBaTH i NOSCHEHHS 3a
HMOBIpHICTIO 1X peaii3alii 11 peKOMEHJOBAHOI0 NIEPEIIiKy NPEIMETiB.

Kao4doBi cioBa: pexkoMeHIaliiiHa cucTeMa; pPEKOMEHJALlisA; IOSCHEHHs; mpouec (OpPMyBaHHS IIOSCHEHb;
TEMIIOpaJIbHA 3aJIeXKHICTb.

ITocTpoenue naTTepHOB AMHAMHAKH NPEANIOYTEHHI M0Jb30BaTeNeH 1 00bsICHEHH I B PpEKOMEeHJaTeIbHOI cucTeMe
C. ®@. Yammrit, B. A. JlemmHaCKMi

AvHoTauus. IlpenMeTromM M3ydeHMsI B CTaThe SIBJISIOTCS IPOLECCHI MOCTPOCHHS MOSCHEHHH B PEKOMEHIAIIMOHHBIX
cucremax. Ilesblo sBisieTcs pa3paboTka METOAA MOCTPOCHMS IIATTEPHOB, KOTOPBIE OTOOPAXKAIOT IUHAMUKY IPEIOCIISIHUH
HOJIB30BaTENe M Jal0T BO3MOXHOCTH CHOPMHpPOBATH OOBSCHEHHE KACATEIBHO PEKOMEHIIOBAaHHOIO IEPEedHs IPEAMETOB ¢
Y4EeTOM HM3MEHEHHi TpeOOBaHHUIA MOJb30BaTENs PEKOMEHIAMOHHON chcTeMbl. [ocTpoeHHE OOBSICHEHUH ¢ y4eTOM JAWHAMHKH
W3MEHEHHI TPE/NOYTeHHI MOJb30BaTeNel [aeT BO3MOXKHOCTH IOBBICHTH JIOBEPHE IONB30BAaTENie K pe3y/ibTartaM paboThl
HHTEJUICKTYaIbHOH CHCTEMBI. 3afauM: CTPYKTYpU3alUs TEMIIOPAIBHBIX MATTEPHOM MapalleibHO-aJIbTEPHATUBHOIO U
HOCIIeI0BATENIbHO-AIFTEPHATHBHOIO BBIOOpA IIONB30BaTeNIel PEKOMEHIALMOHHON CHUCTEMBI; pa3paboTKa MeTola IIOCTPOCHHMS
MAaTTEPHOB M3MCHEHHsI MPEANOYTCHHUI IONB30BATENsI C HMCIOIb30BAHHEM TEXHOJIOIMH Process mining; SKCIEpUMEHTalbHAs
MPOBEpPKa METOJa MOCTPOCHHS MATTEPHOB M3MEHEHHMS MPEANOYTCHHI moTpeduTeneil. VIcnonbp3yeMbIMH MOIX0AAMM SIBJISFOTCS:
TEMITOPAIIbHBIC JIOTHKH, ONPEICISIONIMX IOAXOAbl K OMHCAHHIO TEMIIOPAIBHON YIIOPSIOYCHHOCTH MHOKECTBA COOBITH.
IMonyyeHsl  ClEAYIOIIHE Pe3yabTaThbl. BBIIOIHEHO CTPYKTYPUPOBAHHE TEMIIOPAIBHBIX  MATTEPHOB  IapauieibHO-
QIBTEPHATUBHOIO U IIOCIIEI0BATEIbHO-AIFTEPHATHBHOIO BEIOOpA IIOIB30BaTeNel PEKOMEHIATENBHOH CHCTEMBI; Pa3paboTaHo
BBITIOJTHEHO SKCIIEPHUMEHTAJIBHYIO IPOBEPKY METO/Ia IIOCTPOCHHUS MTATTEPHOB JTMHAMHKH IPEIIOYTEHHUI 101b30BaTeNsl. BbIBOABL.
Hay4Hasi HOBU3HA MOJIyYCHHBIX PE3Y/IbTATOB 3aKIIF0UaeTCs B CiaeayromeM. IIpeaokeH MeTo | OCTPOCHUS TATTEPHOB TUHAMHKH
NPEIIOYTeHUI Monb3oBaTeneil s  (GOpMHpOBaHMS OOBSCHEHHH PEKOMEHIOBAHHOIO IIEpedYHs MpeaMeToB. MeTon
[OCJIE/IOBATENbHO (hOPMUPYET MHOXKECTBO YIOPSIIOUCHHBIX COOBITHH, KaKI0€ W3 KOTOPBIX OTOOpaskaeT BBIOOp MHpeaMera
TPYHIIOA IIONB30BaTENed Ha ONpPENEICHHOM HHTEpBale BPEMEHH, a Takke MpeaycMaTpuBaeT IIOCTpoeHHe TIpadoBoro
MPECTAaBJICHUS] IATTEPHOB JWHAMUKH MPEIIOYTCHUH MOJIb30BaTENIel CPeICTBAMH HHTEIICKTYaIbHOrO aHaju3a IPOLECCOB.
ITatTepHsl, MONyYCHHbBIC B Pe3yibTaTe pabOThl METOIA, COCTOSAT M3 YIOPSIOYEHHBIX BO BPEMEHH Map COOBITHH, OTpPa)Karolux
3HAHUS [0 U3MCHEHHUIO TPEANOYTEHHUI Monb30BaTeseil co BpemeHeM. JlanbHeiiliee UCIONb30BaHUE TAKUX 3aBUCHMOCTEH Kak
9JIEeMEHTOB 0a3bl 3HAHWI [aeT BO3MOKHOCTH HA OCHOBE BEPOSITHOCTHOIO BBIBOJA IIOCTPOUTH HAOOp allbTepHATHBHBIX
O0BSICHEHHIT 0 TOJTYYCHHOHW PEKOMEHMAIMH, & 3aT€M YIOPSIOYUTh 3TH OOBSICHEHHUS MO BEPOSTHOCTH HX peaM3alliy Jls
PEKOMEH/IyeMOr'o [IepeyHs IIPEAMETOB.

Karo4deBble cj10Ba: peKOMEHIALMOHHAS CHCTEMa; PEKOMEHIaLus; 00bsICHeHHE; TIporiece (hopMUpOBaHUS 00BICHEHNIT;
TEMITIOpaJIbHAs 3aBUCUMOCTb.
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