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DETERMINING PREFERENCES IN RECOMMENDER SYSTEMS BASED ON
COMPARATOR IDENTIFICATION TECHNOLOGY

The subject of research in the article is the process of ranking objects in the lists of recommender systems. The goal of the work is to
increase the efficiency of recommender systems by improving the method of determining preferences between objects in lists using
the theory of multi-criteria decision-making. The following tasks are solved in the article: review and analysis of the current state of
the problem of identifying advantages between objects and their ranking in the lists of recommender systems; analysis of filtering
methods used in recommendation systems; decomposition of the decision support problem for selection of objects; development of a
combined method for ranking objects in the lists of recommender systems, combining the procedures for selecting a subset of Pareto-
optimal objects, structural-parametric synthesis of a scalar multi-criteria estimation model, and evaluating the entire set of selected
objects. The following methods are used: mathematical modeling, systems theory, utility theory, decision theory, optimization and
operations research. Results. Based on the results of the analysis of the modern methodology for ranking objects in the lists of
recommendation systems, the possibility of increasing their efficiency has been established. To take into account factors difficult to
formalize, the knowledge and experience of users, it is proposed to implement the determination of preferences between objects using
the theory of multi-criteria decision making. The problem of forming lists of recommendation systems is decomposed into the tasks of
selecting a subset of Pareto-optimal objects, structural-parametric synthesis of a scalar multi-criteria estimation model, and evaluating
a set of selected objects. A combined method for ranking options has been developed that combines the procedures of ordinalistic and
cardinalistic ordering technologies and allows one to correctly reduce the subsets of objects included in the lists of recommendations.
Conclusions. The developed method for determining preferences expands the methodological foundations for automating the
development and operation of recommendation systems, other multi-criteria decision support systems, allows for the correct reduction
of the set of non-dominated objects for the final choice, taking into account factors that are difficult to formalize, knowledge and user
experience. The practical use of the obtained results due to more economical method of forming lists when adding new objects will
allow to decrease the time and capacity complexity of the procedures for providing recommendations, and due to taking into account

of set of weighted local indexes and allocation of set of non-dominated objects - to increase quality of given recommendations.
Keywords: multi-criteria assessment; comparator identification; recommender system; ranking of objects; structural-parametric

synthesis.

Introduction

One of the modern trends is the rapid growth of the
range and volume of goods and services sold in the
market. On the one hand, this allows to better meet the
needs of consumers, but significantly complicates for
them the task of choosing the object (goods, services,
leisure facilities, etc.) that best meets their preferences. In
cases when a lot of objects of choice are offered, it creates
a potential problem for Internet users [1]. To avoid
information overload, consumers need to properly filter
objects, prioritize them, and provide relevant information
about them. To simplify consumers' choices,
recommendation systems are increasingly being used to
solve this problem by searching through a large volume of
dynamically received information. Due to the use of
filtering methods, they allow providing users with the
necessary personalized information about the objects that
most correspond to their preferences [2].

The information about the similarity of the
characteristics of objects or about the acts of selection of
objects by users with similar preferences is used for the
formation of suggestions in recommendation systems. The
most widespread methods for solving the problems of
recommendation formation in them are methods of
collaborative filtering, recommendations based on content
and knowledge [3 - 5]. Their main disadvantage is the
high complexity of debugging or use, which creates
problems when it is necessary to analyze information from
powerful sets of objects for a large number of users. In
addition, these methods are focused on the formation of
recommendations using generalized evaluations of

objects. To improve the accuracy of establishing user
preferences, the use of multicriteria decision-making
models and methods looks promising [6 - 9]. In this case,
it is reasonable to justify a scalar criterion of choice,
which would sufficiently fully characterize objects on the
basis of some set of contradictory local criteria [10-11].
When decision-making technologies are used in
recommender systems, the evaluation of the effectiveness
of objects can be performed on the basis of utility theory
using methods of individual or collective expert
evaluation [12 - 14]. In recommendation systems, their
users act as professionals. To form recommendation lists
using decision theory, it is necessary to identify a subset
of Pareto-optimal objects on the set of admissible objects
by local criteria, parametric synthesis of their scalar
evaluation model, and calculation of their generalized
evaluations. To implement these tasks it is necessary to
develop appropriate mathematical models and effective
methods for their solution.

Analysis of the problem and methods of its solution

Modern recommender systems use explicit (when the
user is asked to perform certain evaluations) and implicit
(when information is obtained without the user performing
evaluation actions) methods of information collection. In
the first case, the user makes a quantitative assessment of
objects, their ranking, determines the best among the
whole set or proposed pairs of objects. In the second case,
information about the user's interest in the content of the
network, their subscriptions, messages, location, etc. is
analyzed. Collaborative filtering first came into use as a
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means of combating excessive information on the Internet,
and later filtering systems began to emerge that could
automatically identify relevant opinions and aggregate
them to provide recommendations. In the simplest case,
personalized recommendations are presented as ranked
lists of items [15].

One of the key problems of recommender systems is
considered a problem of cold start [16]. Such a problem
occurs in situations of incomplete data regarding
preferences or selection of objects by new users or users
who do not regularly perform automated selection of
objects (purchase of real estate, vehicles, selection of
tourist objects, etc.). The cold start problem is usually
solved in two steps: context analysis of the input data and
collaborative filtering. The context analysis process uses
user behavior characteristics, which can be constructed
using gradient descent and represented in the form of
temporal graphs or neural network models [5]. A
disadvantage of most recommendation systems is
considered to be the use of only filters and sorting by user
evaluation without taking into account user's individual
preferences. More effective is the technology of
collaborative filtering, which involves the analysis of

object ratings received from users with similar
preferences.

In traditional formulations of the problem of
providing recommendations the set of system

usersU ={u;}, j=1m and objects of choice are

considered set O={o;}, i=1,n. In the process of
interaction with the recommendation system, users
provide information for forming a matrix of selection
objects' ratings R=[r;], i=1n, j=1m (where r; is
objecto; € O rating of user's u; €U . Taking into account

that the number of objects in modern recommendation
systems can be large, and known objects constitute a
rather insignificant fraction of them, in practice the
matrices of certain ratingsR’=[r;] are usually highly

sparse. The main function of such systems is the
establishment of prediction and recommendation for users
about new objects. Such predictions can be represented
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particular user.

In practice, it often turns out that a significant
number among the objects proposed as alternatives may
be ineffective under Pareto [17-18] in their multicriteria
evaluation.

Orders on the set of recommended objects can be
presented in the following form:

0j > 0j >...>0,, 0,0j .0, €0'c 0. (8]

A binary strict advantage relation reflecting the
relative value of user objects can be represented as a set of
arranged pairs:

R(O")={<0;,0; >: 0;,0; €0’, 0; >0;}. 2

Most modern recommender systems use only filters
and sorting based on the user's score, without taking into
account the user's individual preferences. To overcome
this drawback, the technology of collaborative filtering is
used. It analyzes the ratings of objects given by users with
similar preferences (fig. 1) [19]. Due to the sparseness of
matrices R"=[r;] and their high dimensionality (as a

result of the growth of the volume of information
regarding objects and users), the use of this method in
many cases is irrational. In such cases, for practical
implementation of collaborative filtering technology it is
reasonable to use graph data model. In it, the results are
represented as sets consisting of "user-object" pairs

ujxo, j=1m, i=1n. Then for the predicted

estimates, each pair of u;xo;, j=1m i=1n will

correspond the value of the predicted user estimate.
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Fig. 1. Schemes of approaches based on the neighborhood of users and objects [19]
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In the projected graph of links
G=(V =(U,0),E). 3
Vertices are elements from the sets U :{uj}

andO'={0;}, and the edges E

corresponding tuples <u; eU,0,€0'>, j=1m, i=1n.

are set by the

The presence of an arc between the vertices of the
graph u; and o; means that the object o; € 0" will be

recommended (given a predictive score) to the
useru; eU . Each arc of the graph has a weight

corresponding to the value of the "user-object" distance
functiondyo = L(uj eU,0; €0").

Each vertex of the graph (3) corresponding to the
preferences of an individual system user u; eU has a

certain number of arcs connecting it with the vertices
corresponding to different objects of choice o; € O’. It is

equal to the number of recommendations (or forecasts)
requested by the user. Then the development of user's
prediction is reduced to finding such a graph of
connections, which will have the minimal weight of all
arcs. This will correspond to the recommendation of such
objects of choice for the user, in the graph of links the
average distance between the vertices corresponding to
them and the user will be the least.

A review of the current state of the problem of
determining benefits in recommender systems found that:

- recommender systems are most likely to be useful
to users who do not have sufficient personal experience or
competence to evaluate alternative facilities and the
reliance on recommendations from other users of the
system;

- a significant number among facilities that are
offered as alternatives may be ineffective under Pareto;

- content-based recommendations identify
similarities in features of object content, but have a strong
dependence on subject matter and limited value of
recommendations;

- collaborative filtering is a generic approach, it
generally produces better results than content-based
filtering, but has a cold-start problem in the absence of
information about user preferences;

- knowledge-based recommendations are of the
highest quality, but the development and use of such
systems is expensive;

- in its essence, recommender systems are specific
decision support systems, to improve their effectiveness,
the use of models and methods of multi-criteria decision
making looks promising.

The aim of the study is to improve the effectiveness
of recommender systems by improving the method for
determining the advantages between objects in lists using
the theory of multicriteria decision-making.

Results of the study

To increase the accuracy of user advantage
determination, we use a mathematical apparatus to

determine on the set of acceptable subsets of Pareto-
optimal objects by local criteria, parametric synthesis of
their scalar evaluation model, calculation
of  their  generalized evaluations and their
ordering [17 - 18].

At the first stages of formalization the essence of the
problem of choosing the best user object can be
represented by a logical statement «it is necessary to

findo® " or formally <—,0° > (where 0° € O is the best

user object from the set of considered ones). At that, the
situation of choosing the best object d is usually not
clearly defined (formally <d,—>). To proceed to the
choice problem <d,o0° >, let us decompose the problem
into a set of problems of the form: “"given <d,—>,
<d,0®>" or <—,0° >,

necessary "given

necessary < d,o® >", i.e..
<<d,—>,<d, 0’ >, <<—,0°>,<d,0°>>. (4)

The main tasks in the development of
recommendation systems obtained as a result of
decomposition of the decision-making problem (4) are:

Tasky _ allocation of the set of admissible objects

O={o}, i= 1n satisfying the set of restrictions on the
set of local criteria k;(0;), 1=1,p; Task, — allocation of
a subset of effective (Pareto-optimal) objects on the set of
local criteria OF c O Task; — ranking of objects
0; € OF.

It is known that in practice a significant part among
the objects of multicriteria choice O ={o; }, i=1,n, the
information about which is in the system, can be
dominated [17 - 18]. Relative to them there are objects
best simultaneously on all quality indicators k,(o;),
I=1p.

An object of choice o € O belongs to a subset of
non-dominated (Pareto-optimal, efficient) OF c O if

there is no object for which the inequalities are fulfilled:

P, (B

ki(0;)>k (oF),if k(o) —>max, |=1
=Lp (6)

ki(0; )<k (oF),if k(0 )— min, |

and at least one of them was strict.
The results of experimental studies for uniform
distribution of object characteristics in the space of local

criteria k;(0; ), | = 2,7 showed that: the powers of Pareto-
optimal object subsets |OE| depending on the number of
local criteria p and the powers of the sets of admissible
objects |O| have a stable tendency to growth, and the

relative  sizes of Pareto-optimal object subsets
| ol |/| o] | have a stable tendency to reduction (table 1,

fig. 2).
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Table 1. Relative power of a subset of Pareto-optimal objects

Number of objects of choice, n
P 10 20 30 40 60 70 80 90 100
2 0,200 0,150 0,133 0,100 0,100 0,083 0,071 0,075 0,078 0,080
3 0,400 0,300 0,233 0,225 0,160 0,150 0,286 0,275 0,278 0,260
4 0,600 0,450 0,400 0,350 0,240 0,317 0,400 0,350 0,300 0,280
5 0,700 0,600 0,500 0,650 0,580 0,567 0,500 0,475 0,422 0,430
6 0,900 0,750 0,767 0,725 0,700 0,683 0,600 0,575 0,656 0,630
7 1,000 0,900 0,933 0,900 0,840 0,783 0,729 0,713 0,722 0,710
O_n Fhis basis, usipg the method of even compar_isons, A
Cbjects of choice s proposed [17]. To further reduce the P0)=2 A4 (0). ®

set of non-dominant objects and to compose them, it is
proposed to use the idea of the combined method [18].

Its use implies that each object of choice o, € OF is

assigned a scalar estimate of its generalized utility,
reflecting its value for the user P(o;):

0, >0; <> P(0;)> P(oj), @
the value of which will determine the ordering of the whole

set of objects: 0; > 0j >...>>0,, 0;,0j,..,0,€0'cO.

For quantitative scalar estimation of generalized
utility of objects the classical additive convolution of local
criteria can be used [17 - 18]:

1.000
0.800
0.600
0.400
0.200
0.000

=(0.000-0.200 m0.,200-0.400

Fig. 2. Relative power of a subset of Pareto-optimal objects

The user of the system by the results of the analysis
of proposals among the Pareto-optimal objects on the set
of local criteria k(o;), I=1,p determines its
advantages. In the easiest case, he chooses the best object

0° € OF in his opinion. This choice corresponds to the
binary relation of the strict advantage of this kind:

R(OF)={<0%,0, > 0°0, €OF, 0°>0;}. (10)

In general, using quantitative or qualitative
estimates, the user can set the order among the non-
dominant objects offered to him:

60

= 0.400-0.600

&(0)=[(k(0)—k )/ (k' =k )I*, 1=1,p, (9)
where 4, I=1,p — parameters that characterize the
importance of the individual properties of the object of

P
choice ki(0;), 4 =0, > 4 =1 for the user; &(o;) —
1=1
value of the utility function of the local criterion value
k(o;); k", ki, 1=1,p — best and worst values of the
| -th local criterion; g, — parameter determining the type
of dependence (9): linear, convex or concave.

70
80 90 2

m(0.600-0.800 m™(0,800-1.000

0j = 0j >...= 0z, 0j,0],..,0, e OF.

J (11)

or determine the advantages among the pairs of objects
offered for comparison:

R(OF)={<0;,0; > 0,,0;€0%, 0,>0;}. (12

On the basis of the established relation of strict
advantage (10), (11) or (12) let us make a system of
inequalities of the form:
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P(0;,4)>P(0;,4), <0;,0; > R(OF), iz1 =1, 4 >0, (13)
1=1

where A =[4,4,,...4,]— vector of model weighting

coefficients (8).
The problem of parametric synthesis of the model (8)
consists in determining the coordinates of the

vector A=[4 1", corresponding to the established

system of inequalities (13), as well as the condition of its
normalization.

If the user preferences (10), (11) or (12) are non-
contradictory, the system (13) can have many solutions.
To regularize the problem, it is proposed to reduce the
process of its solution to the search for its Chebyshev
point [17 - 18]. In this case, if the user-defined binary
relation (10), (11) or (12) is consistent, the system of
inequalities (13) will be compatible. Then the resulting set
of model parameters A=[4;,4,,...4,]1 (8) will be as

stable as possible to probable changes in user preferences.

Table 2. Characteristics of user choice objects

Using the set parameter A=[4,4,,..,4,] values,
let's calculate the value of the generalized value function
(8) of the proposed user objects of the recommender
system P(o,), o, € OF . On the basis of obtained values
of parameters A=[4,4,,.,4,] and properties of

objects set by values of local criteria k(0;), I = 1,p the
correct orders will be formed when changing a set of
objects of choice for the user of the system O={o;},
i=1,n.

Let us consider the problem of putting in order 8
objects of the recommender system by solving the
problem using the general utility model (8). Each of the
objects is estimated by four local criteria k,(o; ) > max,
I=1,4 ona ten-point scale. Let's calculate by relation (9)
the value of utility functions of local criteria &(o;),

=14 for y =1 (table 2).

0; k(0;) ko (0;) ks(0;) ke(0;) & (o) 210D &5(0;) ALY P(0;)
0, 8,51 9,74 5,95 9,78 0,851 0,974 0,595 0,978 0,8692
0, 9,26 7,07 7,91 9,43 0,926 0,707 0,791 0,943 0,8346
04 9,72 8,86 8,45 5,93 0,972 0,886 0,845 0,593 0,8296
0, 9,58 7,01 7,87 8,78 0,958 0,701 0,787 0,878 0,8244
05 6,51 8,62 7,89 9,65 0,651 0,862 0,789 0,965 0,8193
05 7,99 9,15 9,02 4,35 0,799 0,915 0,902 0,435 0,7692
o, 4,58 8,34 9,75 8,17 0,458 0,834 0,975 0,817 0,7639
0Og 9,84 5,25 3,51 8,15 0,984 0,525 0,351 0,815 0,6743
04 5,19 8,38 6,95 4,97 0,519 0,838 0,695 0,497 0,6488
019 8,92 0,62 8,19 8,51 0,892 0,062 0,819 0,851 0,6072
0y, 9,81 7,67 2,75 2,16 0,981 0,767 0,275 0,216 0,5919
0, 9,89 3,45 3,06 6,32 0,989 0,345 0,306 0,632 0,5666

Let the user, based on his preferences, determine the
order of the form (11) on a given set of objects:

01 >0y =03 =0y > 05 >0 > 07 > 0g . (14)

4 4 _
77](/1)5211 (o )—2/11 §(05)>0,<0;,05 >€ R(OF),j=17,
I=1 I=1

4
ne(A)= 4 =1, 420, 1=
1=1

Stable estimates of the wvector of model
parameters A =[4;,4,,43,.4,]1 (8) is a solution of the
problem of searching the Chebyshev point [17 - 18]:

ni(A)+45 >0, j=1.7,

4
7(A)=D A =1, 420,
=1

As — min.

=14, (16)

To solve the problem of parametric synthesis of the
general utility model (8) by the method of comparator
identification, let us make a system of inequalities and
equations (13) and reduce the process of its solution to the
search for its Chebyshev point:

(15)

14,
The solution of problem (16) will be a vector of
weight coefficients of local criteria.

A =1[0,250; 0,314; 0,198; 0,238] . The values of the
generalized value function (8) of the objects P(o;),
i=1,8 calculated on their basis fully correspond to the

user's preferences (14). Using the obtained values of
weighting coefficients, the estimates P(0;) of new
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objects i=9,12 added to the system are calculated. On

the basis of the expanded table on the basis of the
necessary number of objects in the list and values of the
function of the generalized value, the new list of
recommendations is formed (tab. 2).

According to the results of experiments, it was found
that the proposed method of order formation based on
comparator identification technology has lower temporal

p P D
P(0,)=> 4&(0)+ > D 24&i(0, ) (0,)+ Y

j=1 j=1k=j
where 4;, 1y, 1jq — weighting coefficients assessing the
mutual importance of local criteria k;(0; ), k;(0;), k(0;)
and their products; 0<¢&;(0;)<1, j=1,p — value of the
utility function of the local criterion k;(o,), j=1,p for

an object from the set of non-dominant o, € OF .

Model (14) is universal and allows to describe all
possible advantages of the system users. Its special case

under A, =0, Ay =0, jkl=1p is the classical

additive model of scalar multicriteria estimation (8). In
addition, the accuracy of determining user benefits of
recommender systems based on models (8) and (14) can
be improved by using universal utility functions that allow
to realize both linear and nonlinear (including S- and
Z-shaped) dependences on the wvalues of local
criteria [20 - 22].

The proposed method allows to take into account the
set of object characteristics defined by the values of local
criteria, has a lower time complexity than the method of
collaborative filtering, allows to take into account the
advantages of users of recommender systems more
accurately, provide recommendations only to those objects
that belong to the Pareto-optimal set and on this basis
improve the quality of orders of proposals formed for
them.

Conclusions

According to the results of the review of the current
state of the problem of determining benefits in
recommender systems, it was found that they use
information about the similarity of the characteristics of
objects or the acts of selection of objects by users with
similar preferences to form suggestions. Existing methods
for providing recommendations based on content,
collaborative filtering, and knowledge use only
generalized evaluations of objects and have relatively high
temporal complexity. At the same time, it is known that a
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BU3HAYEHHS TIEPEBAT Y PEKOMEHJAIIMHUX CUCTEMAX HA OCHOBI
TEXHOJIOI'TI KOMIIAPATOPHOI IIEHTU®IKAIIII

IIpeameroM AOCTIKEHHS B CTATTI € MPOLEC PAH)KYBaHHS 00’€KTIB y CIHCKaX PeKOMEHAAIiHUX cucteM. MeTa poOOTH — MiJBHILICHHS
e(CKTUBHOCTI PEKOMEHAAUIHHAX CHCTEM 3a paxyHOK YJOCKOHAJCHHS METOAy BHM3HA4YCHHS IepeBar MK 00’€KTaMH Yy CIHMCKax 3
BHUKOPHUCTaHHSAM TEOpil MPUUHATTS OaraTOKpUTepiaJbHUX pillieHb. Y CTATTI BUPILIYIOTHCS HACTYIHI 3aBJAHHS: OV i aHAJI3 Cy4acHOro
cTaHy npoOJieMH BCTAHOBJICHHs MepeBar MK 00’€KTaMy Ta IXHBOTO PaH)KYBaHHS Yy CIIMCKAaX PEKOMEHIAIIMHUX CHCTEM; aHalli3 METOJIB
¢inpTparnii, MO0 BUKOPHCTOBYIOThCS B PEKOMCHJIAIINHUX CHCTEMax; JCKOMIIO3UILIS NPOOIeMU MiATPUMKU NPUHHATTS PilleHs 3 BHOODY
00’€KTiB; po3poOKka KOMOIHOBAaHOTO METOJY PAaH)XyBaHHS O0’€KTIB y CIMCKaX PEKOMEHJALIMHUX CHUCTEM, SKUi 00’€IHye TMpoLeIypu
BUUJICHHS NiZIMHOKUHH [lapeTo-onTuManbHUX 00’€KTIB, CTPYKTYPHO-APaMETPHYHOTO CHHTE3Y MOJEII CKaJSIPHOrO 0araToKpHUTepiaabHOTO
OIIHIOBAHHS Ta OLIIHIOBaHHS BCi€l MHOXKMHH BUIUICHHX 00’€KTiB. BUKOPHUCTOBYIOTBCS Taki METOAM: MaTeMAaTHYHOTO MOJEIIOBAaHHS, TEOPil
CHCTEM, TeOpii KOPHCHOCTI, Teopii MPUHHATTS pillleHb, ONTHMi3alil Ta AOCIiLKeHHS omepauiil. Pe3yasTaTu. 3a pesynbraTaMu aHaIi3y
Cy4acHOi METOJOJIOTii paH)XyBaHHS O0’€KTIB Yy CHHCKax pPEKOMEHIALIHUX CHCTEM BCTAHOBJICHA MOXJIMBICTH IiJBHILEHHS IXHBOI
epextuBHOCTI. Jlnst BpaxyBaHHsAM (DAaKTOpIiB, IO BaXKO MiAAat0Thes (opmamizailii, 3HaHb i JOCBILy KOPHCTYBadiB 3alpOIIOHOBAHO
peanmidyBaTH BH3HAYCHHsS MepeBar MiX O00’€KTaMH 3 BHKOPUCTAHHSAM TeOpil NPUIHATTS OaraToKpuTepialbHUX pilleHb. BukoHaHa
JICKOMITO3HIIisl poOJaeMH (OPMyBaHHs CHHCKIB PEKOMEHJAIIHHMX CHUCTEM Ha 3a/adi BUIUICHHS MiAMHOXHHH [lapeTo-onTuManbHuX
00’€KTIB, CTPYKTYPHO-TIAPAMETPHUYHOTO CHUHTE3y MOJENi CKAISIPHOTO OaraTOKPUTEPIalbHOrO OLIHIOBAHHS Ta OIIHIOBAaHHS MHOXHHU
BHILICHHX 00 €KTiB. PO3po0seHo KOMOIHOBaHMI METO PaH)XyBaHHs BapiaHTIB, SIKHH 00 €IHYE MPOLEAYPH TEXHOJIOTI OPANHATICTHYHOTO
Ta KapAWHATICTUYHOTO BIOPSIKYBaHHS Ta JO3BOJSE KOPCKTHO CKOPOUYBATH IIAMHOXHH OO’€KTiB, IO BKIIOYAIOTHCS 1O CIIUCKIB
pexoMmeHariii. BucHOBKH. Po3poOicHuii MeTos BCTaHOBICHHS IepeBar PO3LIMPIOE METOMOJIOTIYHI 3acajy aBTOMATH3alil IpoIeciB
PO3pOOKH Ta EKCIUTyaTallii peKOMEHIAUIHHUX CHCTEM, IHIIMX CHUCTEM MiATPUMKH MPHUHATTS OaraTOKpUTEpialbHHUX PIlICHb, I03BOJISIE
3MIHCHIOBATH KOPEKTHE CKOPOYCHHS MHOXHHM HEJIOMIHOBAHHMX O0’€KTIB Ul OCTATOYHOrO BHOOPY 3 ypaxyBaHHSIM (aKTOpPIB, HIO BAXKO
nignaoTbes (opmanisanii, 3HaHb 1 JOCBiLY KopucryBauiB. [IpakTHuHe BHKOPHUCTAHHS OTPHUMAHUX pE3YJbTATIB 3a pPaxyHOK OLIbII
€KOHOMHOTO MeTOay ()OpPMYBaHHS CIIMCKIB IPU J0JaBaHHI HOBHX O00’€KTIB JO3BOJINTH 3HM3UTH YacOBY W €MHICHY CKJIQJHOCTI MPOIEIYp
HaJlaHHA PEKOMEHJAlil, a 32 PaxyHOK BpaxyBaHHS MHOXHHM 3Ba)KEHHMX JIOKAIbHUX IOKA3HHMKIB 1 BUIUICHHS MHOKHHU HEJOMiHOBaHUX
00’€KTIB — MiBUIIUTH SKICTh PEKOMEHALIH, 10 HaJAI0ThCS.

KunrouoBi ciioBa: GaratokpuTepiaibHe OLIHIOBAHHS; KOMIIApaTOpHA iIeHTH(IKAIisl, peKOMEeHaIiiiHa CHCTeMa; PaHKyBaHHS
00’€KTiB; CTPYKTypHO-IIApaMETPUIHHI CHHTE3.

ONPEJEJEHUE ITPEANNOYTEHU B PEKOMEHJIATEJIbHBIX CACTEMAX HA
OCHOBE TEXHOJIOI'MX KOMITAPATOPHOU UJEHTU®UKALINU

IIpeameTom HcciIenoBaHMS B CTAThE SIBJISETCS MPOLECC PAaHKUPOBAHUS OOBEKTOB B CIHMCKAaX PEKOMEHIATENbHbIX cucteM. Llejab paGoTsl —
MOBBIMECHNE 3(P(HEKTHBHOCTH PEKOMEHIATENBHBIX CHCTEM 3a CYET YCOBEPIICHCTBOBAHHMS METOJA OIPEICICHUS IPEINOYTCHUI MEeXIy
00BEKTaMH B CHHCKax C HCIOJIb30BAHUEM TEOPUH IPHUHATHS MHOTOKPUTEPUAJbHBIX PEIICHUH. B cTaThe pelnaroTcs ciepyrolmue 3aiauu:
0030p M aHaJIN3 COBPEMEHHOTO COCTOSHHMS NMPOOJIEMBI ONpPEIENICHUs MPEANOUTeHUH MEeXAy OOBEKTaMHM M UX PAH)KHUPOBAaHUE B CITHCKaX
PEKOMEHIaTENBHBIX CHUCTEM; aHAIN3 METOJNOB (PHMIBTPAIMH, UCIIOJIB3YEMbIX B PEKOMEHAATEIBHBIX CHCTEMaX; JCKOMITO3HMIUS HPOOJIeMBI
TTOJICPXKKYU TIPUHSTUSL PEIICHUI M0 BHIOOPY OOBEKTOB; pa3paboTka KOMOWHHPOBAHHOTO METOJAa PAaH)XXUPOBAHUS OOBEKTOB B CITHCKAX
PEKOMEHJATENbHBIX CUCTEM, OOBEIUHSIONIEr0 MNPOLEAYpPbl BBIJICICHUS TOIMHOXKECTBAa [lapeTo-onTHManbHBIX OOBEKTOB, CTPYKTYpPHO-
MapaMeTpPUUECKOr0 CHHTE3a MOJEIN CKAIIPHOTO MHOTOKPHUTEPHAILHOTO OLEHHBAHMS M OLICHKH BCEr0 MHOXKECTBA BBIJICICHHBIX OOBEKTOB.
Hcnonb3yioTes cleyronye MeToAbl: MaTeMaTHIECKOr0 MOJIEIMPOBAHUS, TEOPUU CHUCTEM, TEOPHU TI0JI€3HOCTH, TEOPUH IIPUHATUS PELICHUH,
ONTHMH3AIMU U UccleioBanus onepanuii. Pesyabrarsl. [To pe3ynpraTam aHanm3a COBPEMEHHOH METOJONIOTHH PAH)KMPOBaHHS OOBEKTOB B
CIHMCKAaX PEKOMEHIATENbHBIX CHCTEM YCTAHOBJIEHa BO3MOXKHOCTH MOBBIMICHUS HMX d(¢dextuBHOCTH. [N ydera TPYAHO IOJIAFOIINXCS
(dopmanuzanuy GpakTopoB, 3HAHUI M OIbITA I10Jb30BATENEH NPEIIOKEHO PEeaIn30BaTh ONpeeIeHHue TPeNoUTeHUI MeXIy OOBEKTaMH ¢
WCTIOJIE30BAHUEM TEOPUH IPHHSATHS MHOTOKPUTEPHUANIBHBIX pEIIeHHH. BEIMonHeHa IeKoMIo3unus HpoOsieMbl (OPMHUPOBAHHS CIHCKOB
PEKOMEHIaTeNbHBIX CHCTEM Ha 3aJaud BbIJEJCHHs IOJMHOXECTBA [lapeTo-OnTUMalbHBIX OOBEKTOB, CTPYKTYPHO-TApPaMETPUYECKOTO
CHHTE3a MOJENN CKAJLIPHOTO MHOTOKPUTEPUAJIBHOTO OLCHMBAHUS W OLICHKM MHOXKECTBA BBIICICHHBIX 00BeKTOB. Paspabortan
KOMOWHHMPOBAHHBII ~ METOJI  PAaH)KUPOBAaHHMS  BapUAaHTOB, OOBCAMHSIOMIMN  IMPOLEAYpHl  TEXHOJNOTMH  OPJMHAIMCTUYECKOTO H
KapIMHAJUCTHYECKOTO YIMOPSJOYCHHS W TIO3BOJSIFOIIMK KOPPEKTHO COKpaliaTh MOAMHOXKECTBa OOBEKTOB, BKIIIOYAaEMBIX B CIIUCKH
pexomeHganuii. Pa3spaboTaHHBI METOJ ONpeNesIeH s MPEANOYTeHHH pacIIUpsieT METOZOJOTNYECKHEe OCHOBBI aBTOMATH3AIMU IMPOLECCOB
pa3paboTKM W S3KCIUTyaTallM PEKOMEHIATENbHBIX CHCTEM, APYTMX CHCTEM MOJJEPKKH TNPHHATHS MHOTOKPHTCPHANBHBIX PEIICHHH,
M03BOJIET BBIBOABI. OCYIIECTBIISATE KOPPEKTHOE COKPAICHUE MHOXKECTBA HEJOMHUHHUPOBAHHBIX OOBEKTOB JUISI OKOHYATEJILHOTO BbIOOpa C
YYETOM TPYJHO MOJIAIOIIUXCs (opmanu3anuy (GakTopoB, 3HaHHI M OmbITa Moyib3oBaTened. [IpakTHueckoe HCIONB30BAaHUE MOJYYEHHBIX
Ppe3yJIbTAaTOB 3a cueT GoJiee IKOHOMHOTO MeTo1a (POPMHUPOBAHHUS CITUCKOB MPH TOOABICHUH HOBBIX OOBEKTOB MO3BOJIHUT CHU3UTH BPEMEHHYIO
U €MKOCTHYIO CJIOXKHOCTH MPOLELYp MPEIOCTaBICHHUs] PEKOMEHIAMH], a 32 CUeT y4eTa MHOXKECTBa B3BEIICHHBIX JIOKAIBHBIX TTOKa3aTeNel u
BBIJICJICHNS] MHOYKECTBA HEJOMUHUPOBAHHBIX OOBEKTOB — IIOBBICHTH KAYE€CTBO MPEJOCTABIIEMBIX PEKOMEH IAIINH.

MHOTOKPHTEpHATIbHOE OIICHUBAHKE, KOMIApaTopHas HICHTH(HUKAINS, pEKOMEHIATEIbHAS CUCTEMA; PAaH)KHPOBaHHE OOBEKTOB
KuioueBble ci10Ba:; CTpYKTypHO-TITapaMETPUUECKUI CUHTES.
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