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METHOD OF GENERATING RECOMMENDATIONS LISTS WITH CONSIDERING

ACTIVITY INDEXES OF USERS IN A RECOMMENDATION SYSTEM

The subject matter of the article is the process of generating recommendations lists for users of a recommendation system.
The goal is to develop a new method of building recommender systems to improve the quality of recommendations lists,
increase user space coverage and item space coverage with considering information about user activity indexes; develop-
ment of a hybrid of this method with the method of collaborative filtering. The tasks to be solved are: to develop the
method of building recommendation systems based on considering activity indexes of users, develop software to test this
method, conduct experiments with the developed software to test the effectiveness of the developed method, determine the
quality of its work and compare this method with the standard method of collaborative filtering. The methods used are:
graph theory, mathematical statistics, the theory of algorithms, object-oriented programming. The following results were
obtained: the expert-oriented method for building recommender systems based on considering indexes of user activity and
calculating expert coefficients has been developed, the hybrid of this method with the collaborative filtering method has
been developed, software for implementing this method and this hybrid has been developed, experiments with developed
software to test the developed method and the hybrid has been conducted. Conclusions. The possibility of using informa-
tion about user activity in recommender systems to improve the quality of recommendations lists has been investigated.
The calculation of expert coefficients is proposed to supplement the similarity coefficients in recommender systems. An
expert-oriented method for constructing recommender systems based on considering activity indexes of users and its hybrid
with collaborative filtering has been developed. Experiments has been conducted with the developed software have shown
that the developed method significantly improves such indicators of the recommender system as user space coverage and
item space coverage and allows to create higher quality of recommendation lists without significant fluctuations Precision
and Recall of the recommender system, and in some cases even improve these indicators, it depends on the features of the
input data.

Keywords: recommendation systems; collaborative filtering; similarity coefficients; expert-oriented filtering; expert co-

efficients.

Introduction

Recommendation systems are important tools in
the areas of digital marketing and search data [1-3].

Modern recommendation systems have a number
of standard problems [4] that different scientists and
developers try to solve in different ways. Most of these
problems are solved only partially and not for all occa-
sions.

In order to create high-quality recommendations
lists for different users today, recommendation systems
are developed as complex hybrids of various methods of
data filtering. These may be the following methods
[1-4]:

- Collaborative filtering (based on users behavior
history, numerical ratings given to items and/or items
previously purchased or selected);

- Content-based filtering (based on using descrip-
tions and keywords for items);

- Knowledge-based filtering (based on explicit
knowledge about the item assortment, user preferences,
and recommendation criteria, i.e., which item should be
recommended in which context);

- Community-based filtering (based on knowledge
of social connections);

- Context-based filtering (based on using contex-
tual information, such as demographic).

Modern recommender systems are often hybrids of
methods of content-based and collaborative filtering.

Knowledge-based filtration is complicated in the
implementation and collection of data and rarely used
compared to others.

Context-based and community-based filtering can
only be used as additional to others methods, and data
for them is not available in all systems.

One of the important problems of collaborative fil-
tering is that not all users can create recommendation
lists due to cold start problem, continuous cold start
problem, or an insufficient number of users that are sim-
ilar to a particular user.

This problem can be partially solved by using a
hybrid of collaborative filtration with the above meth-
ods. Because it's not always possible to create a hybrid
of collaborative filtration with knowledge-based, con-
text-based, or community-based filtering, and qualita-
tive content-based filtering requires a lot of information
about items and, therefore, more time to compute, and
also depends on the quality of an item descriptions, it
was decided to research alternative ways of solving the
problem of lack of recommendations for some users, in
particular, to try to take into account the user activity
indexes for generating recommendations, and to esti-
mate how much information on user activity will im-
prove quality formation of recommendations lists.

Therefore, in this work, it is suggested to use the
data on user activity indexes to form recommendations
list. That is, recommendations lists for users for which it
was not possible to form recommendations by other me-
thods will consist of recommendations from most popu-
lar items among the most active users. This approach is
proposed to call expert-oriented since each user of a
recommendation system is considered as an expert on
the content of this system and has a weight (expert coef-
ficient), which value depends on his index activity. The
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greater the weight of the expert, the greater the contribu-
tion to the formation of recommendations lists for other
users does data about his preferences. In this method, it
is proposed to determine the weight of an expert based
on his activity index. Although in the future it is
planned to develop and other methods for determining
the weight of the expert.

On the basis of this approach, the expert-oriented
filtering method based on activity indexes of users and
the hybrid of this method with the method of collabora-
tive filtration, was developed.

The software was developed and the series of ex-
periments to test the effectiveness of the developed me-
thod and developed hybrid and compare their with the
standard collaborative filtration method was conducted.

The main material

For recommendation systems cold start problem
and continuous cold start problem for users and for
items are relevant, they mean it is impossible to create
recommendations for new elements of a system or ele-
ments that have changed their properties [4].

It should also be noted that other problems and ob-
stacles are possible for building recommendations lists.

So the work of modern recommendation systems is
based on the definition of similarity coefficients be-
tween users and/or items of a system [1-3, 5, 6].

The similarity of users each other is determined by
their actions with a same items if these actions are com-
parable, for example, can compare ratings which differ-
ent users were put the same films.

If users do not have the same actions for compari-
son, then their similarity coefficients cannot be deter-
mined by standard methods. If for a particular user it
was not possible to identify similar users, then it is not
possible to form recommendations list based on collabo-
rative filtering for him. In such cases, additional infor-
mation is used, for ex-ample, contextual information, or
information about social connections, or content filter-
ing [1, 4], and it was also suggested to determine a
missing similarity coefficients between users through
using associative networks [7].

The purpose of this work is to develop the method
of filtering for recommendation systems that would
solve the above problems by using information about a
degree of users activity in a system.

It is suggested to consider most active users of the
system, which put the most ratings of items, experts in
the content of the system. It is also suggested to calcu-
late the value of the expert coefficient for each user of
the system and use such coefficients in the algorithm of
formation recommendations list. This approach is pro-
posed to be called expert-oriented filtering.

It was decided to calculate the expert coefficient
for each user as follows:
mu

kexp ()= (1

max(m; ) ’
where m, — the number of items that the user u has
rated; max(m;) — the number of items that were rated by
the user who rated the more items in the system among
all users.

The more items a user has rated, the higher he will
get the expert coefficient. The value of this coefficient
can vary from 0 to 1. It will be 0 if the user has not
evaluated any item, and is equal to 1 if the user has
evaluated the more items in comparison with others.

After calculating expert coefficients, recommenda-
tions list for a specific user ; can be formed as follows:

1. Choose all users except the user u;.

2. Select all the items, which were rated by choose
users, and calculate for each item his coefficient of in-
terest for the user u;:

n

king (0,u;) = Z Ty 'kexp(uj) > (2)

JzLj#i

where o — the item for which calculate the coefficient of
interest for the user u;; n — the number of users in the
system; k., — the expert coefficient for j-th user; ; — the
rating given by j-th user of the item o.

3. Create the list of all selected items, if necessary,
remove items that have already been evaluated by the
user u;.

4. Sort the list of all choose items in descending
order of the coefficient of interest for the user u;.

5. If necessary, select TopN of items from the re-
sulting list.

The need to perform clauses 3 and 5 depends on
for which application or web resource the recommenda-
tion system is created. There may be cases when can
recommend items for users that they have already
viewed (for example, in a recommendation system for
Internet-radio). There may be cases when need to show
all recommendations list , not just TopN (for example,
in search results of search engine).

Also, in this work, the hybrid of the developed me-
thod with the method of collaborative filtration has been
developed.

Since all the data in a system is conveniently writ-
ten in the form of a graph [8], where users are vertices
of the graph, and similarity coefficients and expert coef-
ficients are written as values of the properties of the cor-
responding edges of the graph, in order to explain the
principle of the work of the developed hybrid, introduce
the following concepts:

— bidirectional relationship "Similarity" between
users (Fig. 1);

— unidirectional relationships "Expert" between
users (Fig. 2).

Similarity Coefficient

User1 |« » User 2

Fig. 1. Relationship "Similarity" between users

ExpertCoefficient

ExpertCoefficient

Fig. 2. Relationships "Expert" between users
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The developed hybrid works as follows:

1. Calculate similarity coefficients between system
users.

2. For those users who do not have same actions
with other users (Figure 3, User3), therefore, it is im-
possible to calculate similarity coefficients for them
with other users and to create relationships "Similarity",
the expert-oriented filtering method based on consider-
ing activity indexes of users was developed. In this case,
relationships "Expert" will be directed from all users to
the user without relationships “Similarity”, and from
this user to all other users (Fig. 3).

ExpertCoefficient

ExpertCoefficient
ExpertCoefficient

ExpertCoefficient

SimilarityCoefficient

Fig. 3. The example of constructing relationships "Similarity"
and "Expert" in the hybrid method

This solves the problem with users who do not
have any relationships "Similarity", recommendations
for them are built on the basis of the preferences of the
most active users in the system. Also, there is a problem
with items that were rated only by those users who have
no relationships "Similarity" with anyone, and therefore
it is unknown to whom can recommend them; relation-
ships "Expert" from these users will be directed to all
other users of the system, and the more items were rated
by them, the greater the contribution to recommenda-
tions lists of other users will make their preferences. It
possible to say that user who has no relationships "Simi-
larity" is an expert of rare content of the system.

For conducting experiments, a recommendation sys-
tem was constructed using the programming language
Python and the graph database Neo4j, since the database
Neo4j provides extensive opportunities for working with
data [9]. In the developed recommendation system, the
collaborative filtration was implemented, in which the
similarity coefficients between users were determined on
the basis of the cosine distance:

Z(xli_Xl)'(x2i_X2)
d(x,xy) = —= 3)

\/Z(xli .08 Y (x -X,)?

i=1 i=l1

where d(x),x,) — the distance between users x; and
Xy; Xi;, Xp; — the value of the i-th property in the 1st
and 2nd users, respectively; X, X, — the set of values
of properties in the 1st and 2nd users.

The developed recommendation system was tested
on the open data sets MovieLens, that was created in the
research laboratory at the Department of Computer
Science and Engineering at the University of Minnesota
[10]. This recommendation system is developed for the
movie trailers web site. Users set ratings and hashtags
for movies and receive recommendations lists of movies
for future viewing

For each experiment, the numbers of users N, from
MovieLens Datasets were selected. Ratings that they put
movies were split based on timestamps into two parts
for the calculation of recommendations ("current data")
and for testing the system ("future data").

For each data set the system was launched in three
modes:

- the standard collaborative filtering;

- the expert-oriented method based on considering
activity indexes of users;

- the hybrid of the first two methods.

In this data set, ratings may take the following
values: 0.5, 1.0, 1.5, 2.0, 2.5, 3.0, 3.5, 4.0, 4.5, 5.0. It
was decided to divide them into positive (from 3.5 to
5.0) and negative (from 0.5 to 3.0) ratings.

Forecasts of users' preferences are divided into
positive ones when a positive rating is predicted for a
user-item pair, and negative ones when a negative rating
is forecasted.

To test the quality of the recommendation system,
the following indicators of the quality of a recommenda-
tion systems work was selected [11]:

1. The absolute number of users for whom the sys-
tem was unable to create a recommendations list.

2. Precision — the measure that characterizes how
many positive predictions of a recommendation system
are correct. It was calculated by the formula:

Precision = tp/ (tp + ﬁ?) , 4

where fp — positive predictions of the recommendation
system, which proved to be true; fp — positive predic-
tions of the recommendation system, which turned out
to be false.

3. Recall (also known as Sensitivity) — the meas-
ure characterizing the possibility of a recommendation
system to create correct positive predictions, while fail-
ing to take into account wrong positive predictions. It
was determined by the formula:

recall = ip/(1p+ fn), ®)

where fp — positive predictions of the recommendation
system, which proved to be true; fi — negative predic-
tions of the recommendation system, which turned out
to be false.

4. User space coverage — percentage of all users
for whom the system can provide recommendations. It
was determined by the formula:

N,
User Space Coverage = ]\;” , (6)

u

where N, — the number of users for which it turned out
to create recommendations; N, — the number of users
that was taken in the experiment.

45



Advanced Information Systems. 2019. Vol. 3, No. 1

ISSN 2522-9052

5. Item space coverage — percentage of all items
that can be recommended to users. It was determined by
the formula:

()

where N,,. — the number of items that have fallen into
recommendations lists; N,, — the total number of items
in the experiment.

Item Space Coverage = N,,,. /N, ,

The series of experiments were conducted for us-
ers randomly selected from the MovieLens Datasets.
For each experiment, another set of users has been se-
lected. Results of experiments are given in Table 1. It
used the following abbreviations: CF — the collaborative
filtration method; AU — the developed method based on
considering activity indexes of users in a recommenda-

tion system; H — the hybrid of these two methods.

Table I — Test results of the developed methods of building recommendation systems

b= 5 Number of users .. User space Item space

S = 2w . Precision, Recall,

g2 g5 without % % coverage, coverage,

‘SE| 2 & | recommendations % %

SZ| §%

= 3 CF | AU | H CF | AU | H CF | AU | H CF | AU | H CF | AU | H

1 30 13 0 0 82.75172.81 | 81.68 | 85.71 | 68.81 | 67.92 | 56.66 | 100 | 100 |33.79[72.81|72.81

2 30 16 0 0 92.30 | 81.55|81.73 | 77.41 | 79.66 | 79.85 | 46.66 | 100 | 100 [22.19|63.08 [ 63.08

3 30 10 0 0 58.18 |67.45[67.45|58.18 | 75.44 | 77.22 | 66.66 | 100 | 100 [27.29|67.45|67.45

4 50 18 0 0 72.13 | 83.08 | 84.58 | 86.27 [ 77.29 | 77.23 1 64.00 | 100 | 100 |33.14|85.57|85.57

5 50 21 0 0 41.66 | 66.55 |66.27 | 83.33 | 71.31|84.15|57.99 100 |100 |28.88|71.31|71.31

6 50 22 0 0 65.71 174.24 [ 74.13 1 69.69 | 72.22 [ 71.99 | 56.00 | 100|100 |21.85|52.65|52.65

7 100 43 0 0 72.58 165.24 [ 65.10 | 77.58 | 72.92 [ 72.92 |56.99 | 100 |100 |26.74 | 68.43 | 68.43

8 100 54 0 0 73.43 |81.72 | 81.75|71.21 | 68.53 | 68.60 |46.00 | 100 | 100 |20.21[47.80|47.80

9 100 46 0 0 83.3375.5275.48 162.50 | 77.71 | 77.27 | 54.00 | 100 |100 |37.77|77.71|77.71
Mean values: | 71.34 | 74.24 | 75.35|74.65 | 73.76 | 75.23 | 56.10 | 100 | 100 [27.98|67.42|67.42

As the results of the experiment showed, the de- Conclusions

veloped method, unlike the collaborative filtering
method, allows to create recommendations for all users
of the system. Precision and Recall of the developed
method can be both worse and better than in the col-
laborative filtering method, that completely depends on
the features of a set of input data. But on average, the
developed method and the developed hybrid have
greater Precision and almost the same Recall as com-
pared with the method of collaborative filtering. User
space coverage in the developed method and in the de-
veloped hybrid is always 100%, and in the method of
collaborative filtration, on average, this figure is 56.1%.
Also, the developed method and the developed hybrid
always give better item space coverage, on average
more by 39,44% than the method of collaborative filtra-
tion.

Consequently, without significant fluctuations of
Precision, the developed method and the developed hy-
brid increase item space coverage by 2.5 times, and user
space coverage is 100%, solving the problem with users
for whom there was no recommendation in the method
of collaborative filtration.

The method of building recommendations lists based
on considering activity indexes of users is proposed,
which is proposed to be called expert-oriented filtering
based on data about user activity indexes.

The hybrid of this method with the method of col-
laborative filtration has been developed.

Software has been developed, in which a series of
experiments was conducted to test the effectiveness of
the developed method and the developed hybrid.

The conducted experiments showed that the devel-
oped method and the developed hybrid in general in-
creases the quality of the recommendation system with-
out significant fluctuations of Precision and Recall of
the system. Precision and Recall can decrease slightly or
increase, depending on the characteristics of the incom-
ing data set.

The developed method and the developed hybrid 2.5
times increases item space coverage and solves the
problem with users for which it was impossible to create
recommendations by other methods, increasing user
space coverage to 100%.
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Meton renepanii ClIMCKiB peKoMeHAamii
3 BpaXyBaHHAM NOKA3HUKIB aKTHBHOCTi KOPHCTYBa4iB pPeKOMEHIaliifHOI CHCTeMH

€. B. Menemxko

IIpeaqmerom BUBYEHHS Y CTATTI € NpoOLIEC IeHepalil CHMCKIB PEeKOMEHALlH I KOPUCTYBauiB PEKOMEHIalliHHOT CUCTEMH.
Mertoro € po3poOKka HOBOrO METOLy ITOOY/IOBM PEKOMEHIALIIHIX CHCTEM JUIS ITiIBUILEHHS SIKOCTI CIMCKIB peKOMEHAAIliH, Ii/-
BUILCHHS IOKPUTTS IPOCTOPY KOPHUCTYBAUIB Ta MOKPUTTS KAaTAJIOr'y 00’ €KTIB 3a JONOMOr'OI0 BpaxyBaHHs iH(popMallii po rnokas-
HHUKU aKTUBHOCTI KOPHCTYBauiB; po3poOka riOpuy TaHOro METOLy 3 METOAOM KonabopaTuBHOI (insrpanii. 3aBaaHHsA: po3po-
6uTH MeToz NoOYI0BH PEKOMEHIALIIIIHMX CHCTEM Ha OCHOBI BpaXyBaHHs ITOKa3HUKIB aKTUBHOCTI KOPHCTYBayiB CUCTEMH, PO3PO-
OuUTH IporpamMHe 3a0€3MeUeHHs JUI TECTYBaHHS JIaHOT'O METO/Y, IIPOBECTH €KCIEPUMEHTH Ha PO3pOOIEHOMY IPOrpaMHOMY 3a-
Ge3nedeHHi Ui nepeBipku eheKTUBHOCTI 3aCTOCYBAaHHS PO3PO0IEHOr0 METONY, BU3HAYEHHS SKOCTI HOro poOOTH Ta NOPiBHAHHS
JIAHOTO METOJYy 31 CTaHIAPTHUM MeTOooM KoslabopatuBHOI ¢inbTpauii. BukopucroByBaHuMH MeTogamMu €: Teopis rpadis, Ma-
TEMaTHUYHA CTaTUCTHKA, TEOpis alrOpPUTMiB, 00’ €KTHO-Opi€HTOBaHE MporpamyBaHHs. OTpUMaHi Taki pe3yJbTaTH: pO3poOJICHO
€KCIIEPTHO-OPiEHTOBAaHMH METOZ N0OYA0BU PEKOMEHIAIIMHUX CHCTEM Ha OCHOBI BpaxXyBaHHS IOKa3HUKIB aKTHBHOCTI KOPHCTY-
BayviB Ta PO3pPaxyHKy KOoe(illieHTiB EKCIIEpPTiB, pO3po0JICHO TiOpH JAHOr0 METOLY 3 METOJIOM K0Ja0opaTHBHOI (ijbTparii, po3-
poGiieHo mporpamHe 3abe3neyeHHs I pealtisallii 1aHoro MeTomy Ta ribpuay, IPOBEAEHO €KCIEPUMEHTH Ha PO3pOOIEHOMY
IIporpamMHOMY 3a0e3IeueHH1 U TECTYBaHHS po3po0JIEeHOr0 MeToy Ta riopuay. BucHoBkm. J{ocmimkeHO MOXKIMBICTH BUKOPHUC-
TaHHs iH(pOpMaLii PO aKTUBHICTh KOPHCTYBAUiB y PEKOMEHIALIHHNX CHCTEMaXx JUlsl MOKPALIEHHS SKOCTI CIIUCKIB PEKOMEH/1a-
1Liii. 3anpOrOHOBaHO PO3PaxyHOK KOS(]IiLliEHTIB €KCHEPTIiB A1 JIONOBHEHHS 10 KoedilieHTiB Nono0u y peKOMeHIaliHuX cuc-
TeMax. Po3pobiieHO eKCIepTHO-OpieHTOBaHUI MeTO/ MOOYJOBH PEKOMEHAAIIIHHIX CHCTEM Ha OCHOBI BpaxyBaHHS ITOKa3HUKIB
aKTHBHOCTI KOPHCTYBAYiB Ta Horo riopuz 3 konadopatuBHoto ¢inbrpanieto. [IpoBeneni Ha po3pobieHOMyY IpOrpaMHOMY 3a0e3-
MIEYEHHI eKCIIEPUMEHTH IOKa3ally, 10 PO3pOOJIEHHI METO/ CYTTEBO IIiJBMILYE TaKi MOKa3HUKH POOOTH PEKOMEHIALIHHOI cuc-
TEMH, SIK IIOKPHUTTS IPOCTOPY KOPHCTYBAYiB, IOKPUTTSI KATAIOTy 00’ €KTIB, Ta JO3BOJISIE CTBOPIOBATHU OiNIBII SKICHI CIIUCKH PEKO-
MeHJali} 6e3 CyTTEBHX KOJMBaHb TOYHOCTI Ta MOBHOTH POOOTH PEKOMEHIALIHHUX CHCTEM, a B ASSIKUX BUIIAJKaX HABIiTh IIiBH-
IIy€ IIi OKa3HUKH, IO 3aJIEKHUTH BiJl 0COOINBOCTEH BXITHUX JAHHX.

Kaw4doBi caoBa: pexoMeHpaliiiHi cucremu; KkonabopaTtuBHa GinbTpaiis; KoedilieHTH MO100H; eKCIepTHO-
opieHTOBaHa (UIBTpaLis; KoeQilli€eHTH EKCIIEPTIB.

Merton reHepauum CUCKOB PeKOMEHIaLMii
€ y4eTOM MoKa3aTeJiell AKTHBHOCTH I10JIb30BaTe/Iell peKOMEHAaTeJbHOH CHCTEMBbI

E. B. Menemko

IIpeameroM n3ydeHHs B CTaThbe SBISETCA MPOLECC FEHEPALMH CIHMCKOB PEKOMEHMAIMH Ul MOIb30BaTENEH PEKOMEH -
TesbHOH cucteMbl. Lledblo sABisercs pa3zpaboTka HOBOrO METO/a IIOCTPOSHUSI PEKOMEHIATEIbHBIX CUCTEM IS MOBBIIICHHS Ka-
YeCTBa CIMCKOB PEKOMEHJAIMH, TOBBIIICHUS MOKPBITHS MPOCTPAHCTBA MOJIb30BaTENEH U MOKPBITHS KaTanora 00bEeKTOB C I10-
MOIIBIO yueTa MH(POPMAIUK O MOKA3aTeNsIX aKTUBHOCTH IOJIb30BaTeNeH; pa3paboTka rudpuia JaHHOrO METOa ¢ METOJOM KOJI-
naboparuBHOH (uibTpanuy. 3agadm: pazpaboTaTb METO MOCTPOCHHUSI PEKOMEH/IATEJIBHBIX CHCTEM, OCHOBaHHBINH Ha yyere Io-
Ka3zaTellell aKTUBHOCTH I10/1b30BaTelIeH, pa3paboTaTh MpOrpaMMHOE 00ECIIeueHUE 111 TECTUPOBAHUS JTaHHOI'O METO/Ia, IPOBECTH
9KCIEPUMEHTBI Ha Pa3paboTaHHOM IPOrpaMMHOM OOECIEUEHHH JUIS MPOBEPKH 3(H(HEKTUBHOCTH NPUMEHEHHs pa3paboTaHHOro
METO/1a, IIPOBEPUTh KaYECTBO €ro paboThl U CPAaBHUTH JAHHBII METOa CO CTaHIAaPTHBIM METOIOM KOJ1abopaTHUBHOH (uibTpa-
1. Mcnonb3yeMbIME METOAMH SIBISIIOTCS: TE€OpHUs TpadoB, MaTeMaTHUYeCcKas CTaTHCTHKA, TEOPUsl alrOPUTMOB, OOBEKTHO-
OpUEHTHPOBaHHOE NporpaMmupoBanue. [lomydeHs! cienyromue pe3yJabTaThl: pa3paboTaH IKCIEPTHO-OPUEHTUPOBAHHBII METO
MOCTPOCHHSL PEKOMEH/IATEIIbHBIX CUCTEM Ha OCHOBE YdeTa I0Ka3aTeNeil akTUBHOCTH MOJIb30BaTeliel U pacyera Koa(p(ULIHEHTOB
9KCIIEPTOB, pa3paboTaH TMOPHU] JAHHOI'O METO/la C METOIOM Ko/utabopaTUBHOH (uisTpanuy, pa3paboTaHo nporpaMMHoe obec-
MeYEeHHe JUIsl peallu3aliii JAHHOrO METOa ¥ ruOpHa, POBEJEeHbl SKCIIEPUMEHTHI Ha pa3paboTaHHOM IIPOrpaMMHOM obecrieue-
HHUU U1 TECTUPOBaHUS pa3paboTaHHOro MeTona u rubpuna. BeiBoabl. MccieoBaHa BO3MOXHOCTh HUCIOIb30BaHUSA HH(pOpMa-
1M 00 aKTMBHOCTH II0JIb30BaTeNIeil B pEKOMEHATENbHBIX CHCTEMaX I YIydlIeHHs KadecTBa CIIMCKOB pekoMeHpnanuil. [pen-
JIOKEH pacdeT Ko3(GUIMEHTOB 3KCIIEPTOB Ul IONONHEHHS K KO3 GUIMEHTaM 10A00Us B PeKOMEHAATENbHbIX cucTeMax. Pas-
paboTaH 3KCIEPTHO-OPUEHTHPOBAHHBIH METO/] TOCTPOSHHUSI PEKOMEHIATENIbHBIX CUCTEM Ha OCHOBE YdeTa MOoKa3aTeNeil akTUBHO-
CTH NOJIB30BaTeNel 1 ero rudpun ¢ konaboparusHoi GuibTpanueil. [IposeneHHbIe Ha pa3pabOTaHHOM IIPOrpaMMHOM obecrieue-
HHU KCIIEPUMEHTBHI [0Ka3aJi, YTO pa3paOOTaHHbI METOJ CYLIECTBEHHO MOBBIIIACT TAKUE M0KA3aTeNIn paboThl PEKOMEHAATEIIb-
HOH CHCTEMBI, KaK IIOKPBITHE IIPOCTPAHCTBA I10JIb30BATENeH, HOKPhITHE KaTanora 00bEKTOB, H II03BONISAET CO3/1aBaTh Ooee Kaue-
CTBEHHBIE CITUCKM PEKOMEHJAIMIl 6e3 CyIeCTBEeHHbIX KOJIeO0aHNi TOYHOCTH U MOIHOTHI PaboThl PEKOMEH/IaTeIIbHBIX CHCTEM, a B
HEKOTOPBIX CITy4asix JJaxe IOBBIIIACT 3TH II0Ka3aTelIH, YTO 3aBUCHT OT OCOOCHHOCTEH BXOJHBIX JIaHHBIX.

KawueBble ciioBa: peKOMEHIAaTeNbHBIE CHCTEMBI; KOJUTabopaTUBHAs (QHIBTpays; KOI((GUIMUEHTHl ITOJOOUS; IKC-
MIePTHO-OPUEHTHPOBAaHHAsT (PHITbTpanysy; KOI(PPHUIIMEHTHI IKCIEPTOB.
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