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Abstract. The purpose of the article. The purpose of the article is to improve the method of collaborative filtering with
implicit feedback by combining the characteristics of the consumer and his behavior to improve the efficiency of building
recommendations in cases of lack or insufficient information about consumer preferences.

Research methods. Collaborative filtering methods with implicit feedback used in the process of sales personalization.

The main results of the research. The problem of improving the method of collaborative filtering with implicit feedback
for personalizing sales in the recommendatory subsystem in the e-commerce system, taking into account the characteristics
of the consumer and the characteristics of his behavior when choosing goods and services, is considered. The importance of
using additional contextual filters to improve the quality of recommendations received is shown. It is shown that the exist-
ing hybrid methods of collaborative filtering take into account separately the characteristics of the consumer or the charac-
teristics of the domain. At the same time, in situations of “cold start” for personalizing sales, there is a practical need to
build recommendations taking into account changes in the interests of users of different demographic groups. Hybrid
method of collaborative filtering was improved. The main idea of the improved method is to complement the algorithm of
collaborative filtering with implicit feedback, taking into account the attributes of the user, as well as the dynamics of
changing his interests. The method uses as input data information about purchases without user ratings and with the date
of purchase, as well as demographic information about the user. This information can be obtained from other subsystems
of the e-commerce system. The result of the method is a refined list of recommended purchases for the user. This list corre-
sponds to the age group of the user and the context-sensitive sequence of changes in his interests.
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Scientific novelty. The method of collaborative filtering with implicit feedback has been improved by taking into ac-
count additional features of users, as well as changes in consumer interest over time.

Practical significance. In practical terms, the proposed method allows to increase the relevance of the recommendations
when personalizing sales to the user in the recommender subsystem in the e-commerce system. Experimental verification
showed an increase in the effectiveness of the recommendations received according to the AUC criterion. The improved
method can also be used in the promotion of promotional offers in social networks.

Keywords: collaborative filtering, implicit feedback, recommendation subsystems, personalization of sales,

e-commerce.

Problem statement.

Recommendation systems are designed to form the
most relevant list of consumer goods and services in e-
commerce systems [1]. They use the similarity between the
characteristics of the goods that the consumer chooses, or
between the characteristics of consumers to form a list of
recommendations. Ratings or information about user selec-
tion are considered as feedback. In the first case, an explicit
feedback is used, and in the second case it is implicit [2].

Such systems provide the possibility of personalized
consumer choice in a large number of alternative options
and lack of consumer detailed knowledge of goods or ser-
vices [3].

Personalization of products and services in recommen-
dation systems has been widely used in search engines and
e-commerce, for example, in Amazon stores and Netflix
streaming services [4, 5].

Recommendation systems that forms list of the con-
sumer-friendly products and services are mainly based on
collaborative filtration and content filtering methods [1, 3].
In the first case, the recommendations are based on the
similarity of consumers, and in the second - the goods. To
improve the effectiveness of the basic approaches, hybrid
methods are also used, taking into account the semantic
characteristics of the product and the context of the choice
of the consumer [6, 7].

However, in the lack of information about consumer or
incomplete product information, existing hybrid approach-
es do not always allow us to form relevant recommenda-
tions. This indicates the relevance of the problem consid-
ered in this paper.

Analysis of recent research and publications.

One of the basic and most common algorithms for con-
structing recommendations that take into account the
similarity of consumers is collaborative filtration (CF). This

algorithm allows you to recommend products and services
that have received high ratings by other users with similar
preferences and interests [2].

A user profile is determined based on a set of ratings as-
signed to different products and services. These ratings can
be recorded explicitly, that is, based on the results of user
replies or implicitly, as a result of analysis of its interaction
with the advisory system [1].

The rating can be represented by unary (only relevant
elements), binary (which distinguishes between good and
bad elements) or more generally as a numerical value on
the corresponding final scale.

Existing methods of collaborative filtration do not solve
a number of similar issues of issuing recommendations in
non-typical conditions. These include, in particular, the
problems of cold start, spam attacks, inconsistency of con-
sumer interests, and scalability [8].

The problem of a cold start is due to the complexity of
providing advice to new users, information about which
was only recently introduced in the recommendation sys-
tem. The users have not yet chosen and appreciated a suffi-
cient number of products, so the recommendation system
cannot predict their interests [6].

Initial ratings are used to solve this problem, that is, the
system forces the user to first evaluate a particular set of
goods. However, this creates inconvenience to the user.
Also, these primary ratings may lead to erroneous recom-
mendations, as consumer responses do not always reflect
their interests. The cold start issue also affects new prod-
ucts, as they will not be in the list of recommendations until
sufficient users have been rated [8].

The problem of spam attacks occurs when unscrupulous
consumers mislead the recommendation system [1, 8].

The issue of user inconsistency (or Gray Sheep problem)
occurs if there are users whose opinions are not consistently
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consistent or inappropriate with any group of people. Such
consumers do not benefit from the use of the advisory
system [9].

The problem of scalability arises as a result of finding
recommendations for the entire database of consumer
ratings. This does not allow for personalization of recom-
mendations.

Hybrid methods integrating collaborative filtration with
user profile analysis are used to solve a set of problems. [6]
A more generalized approach proposed in [7, 10] relates to
the consideration and generalization of the context of
consumer choice.

To clarify the recommendations, associative rules are
also found, and they form a list of goods and services using
these [11, 12].

However, these methods do not allow solving the prob-
lem of the formation of recommendations in the absence of
detailed information about the consumer.

To solve this problem it is necessary to combine infor-
mation about the user and his behavior when choosing
goods and services, that is, taking into account not only the
properties of objects, but also the temporal aspect. Tem-
poral characteristics are used in the construction of
knowledge bases [13, 14], as well as the formation of rec-
ommendations using these knowledge bases [15].

This indicates the importance of completing the collab-
orative filtration method taking into account the temporal
characteristics of the consumer and the product.

The aim of the study.

The purpose of the article is to improve the method of
collaborative filtering with implicit feedback by combining
the characteristics of the consumer and his behavior, and to
increase the effectiveness of constructing recommenda-
tions in cases of lack or insufficient information about con-
sumer preferences.

To achieve the research objectives are solved the fol-
lowing tasks:

— to substantiate the possibility of obtaining additional
data on the consumer taking into account the structure of
e-commerce systems;

— formalize additional characteristics of consumers and
goods that may affect the resulting recommendations;

— to supplement the method of collaborative filtration
on the basis of taking into account the characteristics of the
consumer and his preferences.

Presentation of research material.

E-commerce is a form of trade in which the selection
and ordering of goods is carried out through computer
networks, and settlements between the buyer and the
supplier are carried out using electronic documents and / or
payment methods.

Therefore, the e-commerce system combines a number
of subsystems that control internal processes and interact
with customers:

— ERP-subsystem, which is intended to control the state
of the warehouse and movement of goods and money;

— PIM - subsystem of content support for goods and
categories of goods;

— CRM - subscriber interaction seller with customers;

— Service desk - automation module for customer re-
quest processing;

— Cost accounting module;

— Recommender subsystem.

The presented structure of the e-commerce system
makes it possible to conclude that the Recommender sub-
system may use additional data about the consumer and
goods received from other subsystems in addition to pur-
chasing information.

Input data of the developed method is:

— Data about the purchase of goods;

— Consumer data for which recommendations are being
generated.

Data on purchases of goods are presented in the form of

an ordered table: P ={p, } .

Each item in this table contains information about the
selected product, the consumer who chose the product, and
the date of purchase:

€U,

P« :{ dk}v (1)

where & - the goods or services chosen by the consum-

er; U consumer data; ¢ - the date of purchase.

Each purchase is displayed as a separate item in this ta-
ble.

Product information can also be detailed using addi-
tional attributes, such as the name and product group, the
physical characteristics of the product (size, resolution,
weight, etc.), etc.
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E={e}, e={le,n,c,A}, @

where le, - the unique product code in the
e-commerce system; N, - the name of the product; C, -
the price of the goods; A = {a} - additional attributes of

the goods.
Every consumer U; €U in the advisory system has

the following demographic characteristics:

ujz{ldj,nj,Dj}, (3)

where Id - the unique consumer code in the recom-
i _ the
registration name of the consumer; D; = {djm} - addi-

mendation system (or e-commerce system);

tional attributes of the consumer.

Additional attributes of the consumer include at least
the year of birth, gender and region of residence. The year
of birth and sex is usually set when forming a consumer
profile in the e-commerce system. The region or city of
residence is usually determined automatically.

Djz{bj,gj,rj}, (3)

M ={M,},M, c ExU :¥(e,u,) e M,3d,,d

where Grins O - they determine the time interval
for which the preferences of the consumer are considered
to be unchanged.

Representation (4) shows that the input data can be fil-
tered in the temporal aspect, for example according to the
seasonal preferences of the consumer. Only topical pur-
chases can be selected.

The temporal aspect should also be taken into account
when filtering goods based on the proximity of consumer

M, ={(e,,u)}:a, e A, A=A
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where bi - data on the year of birth of the consumer;

9 - human sex; . place of residence of the consumer.

Recommendations are formed for a specific customer,
which has characteristics (3) and (4).

In this paper, the construction of recommendations
based on implicit feedback is considered., That is, the input
data only contains information about the fact of purchases
and do not contain the ratings given by the consumer.

The main idea of the proposed hybrid method of col-
laborative filtering with implicit feedback is to filter out
irrelevant input data, taking into account temporal and
object characteristics.

Temporal characteristics specify changes in the interests
of consumers in time. Such changes can be cyclic, one-time
or permanent.

Cyclical changes are related, for example, to the sea-
sonal selection of goods. One-time changes occur in cases
of single external influences. For example, increasing the
availability of transport in the remote area may change the
range of goods in demand in this city.

Permanent changes are characteristic of areas related
to the creation and use of computer technology, technolo-
gy, computer games, and the like. Also, such changes are
typical for choosing things based on fashion trends.

In general, the input data can be represented as a set of

pairs (€;,U;) fora specified time interval.

<

min —

d <d (4)

max !
interests. Obviously, the demand for certain groups of
goods depends on the age of the consumer:

M, ={(&;,u;)} : by, <b; <b

(5)

max !

b

min ? ~max

where b - determine the age of the consumer

with the eastern interests of goods and services.
Similarly, input data can be detailed according to con-
sumer attributes and attributes:

(6)
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M, ={(e.u)}:d,eD,D,cD, (7

where @ - the attribute of the goods; A - a set of
attributes defining a group of goods for consumer
choice; d,, - attribute of the consumer; D, - set of

attributes defining a group of consumers; A - set of
attributes of all goods; D - the set of attributes of all

consumers.
The improved method involves the following steps.
Stage 1. Selection of a subset of input data for consum-
er attributes:

M@ :{(ei,uj)}: Vu,vmd, €D’|d; €D, (g)

*

Where d,, - the attribute of the target consumer; D.

- a subset of attributes that characterize the target group of
consumers.

At this stage, consumers are selected in the target
group with properties similar to the consumer for whom
the recommendations are made.

Stage 2. Selection of a subset of input data for attrib-
utes of goods. At this stage, the selection of such goods, the
properties of which are similar to the properties selected by
the target consumer is carried out:

MP ={e.u):MP <M, vevsa, eA (Vs a e A, (9)

where @, - the attribute of the product chosen by the

A a subset of attributes that charac-

target consumer;

terize the target group of goods; &, - the attribute of the
product from the target group.

Data filtering in the second stage is performed only if
the consumer has selected at least one item. Therefore, for
the cold start situation, this stage is optional, unlike filter-
ing according to the customer.

Stage 3. The subset of input data by temporal charac-
teristics of the consumer is selected.

Selection at this stage is performed according to the ex-

pression (5). The date range [0isPrac ] is based on the

input data using the configuration parameter € :

30

boin =b; =81, by =0 +5;.

(10)

max

The result of the phase is a subset of input data
M|(3) c Ml(Z)-
Stage 4. The subset of input data by temporal charac-

teristics of the product is selected. Selection at this stage is
performed according to the expression (4). The temporal

interval [d,,; e ] is determined on the basis of the

input data using a configuration parameter €, similar to
the previous step.

The result of the phase is a subset of input data
MI(4) c MI(S)-

Stage 5. Collaborative filtering with implicit feedback is
used to build recommendations. The input subsetis M @,

At this stage, there are latent factors that connect users
and goods. Recommendations are formed using these
latent factors.

The result of this phase is the recommended list of

products Ex < E that may be of interest to consumers

with the characteristics specified in the input data.

The developed method was tested on the data on the
sale of goods in the Internet stores in the UK.

To evaluate the proposed method, we compared the re-
sults of traditional collaborative filtration and the improved
hybrid method using the area under the ROC (Receiver
operating characteristic) indicator — AUC.

The Receiver operating characteristic is an indicator
used to assess the quality of a binary classification. It repre-
sents the ratio between the proportion of correctly classi-
fied objects from the total number of sign attributes and
the proportion of mistakenly classified, not relevant attrib-
utes.

The AUC reflects the area that is limited by the ROC
curve and the axis of the fraction of false positive classifica-
tions. The value of the indicator is less than 0.5 indicates
that the classifier inverts the results, that is, it works with
the exact opposite. The value of indicator 0.5 demonstrates
the unsuitability of the selected classification method. The
quality of the classification depends on the AUC value.

In the course of an experimental verification, 2 calcula-
tions of the AUC for the sample with regard to the filtration
were performed.
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The first calculation was carried out using traditional
collaborative filtration, the second - taking into account the
temporal characteristics of the goods.

The results of the experiments are as follows. With tra-
ditional filtration AUC = 0,872 . When filtering using

temporal characteristics of goods AUC = 0,881. Thus,

even without taking into account the characteristics of the
consumer, the quality of the recommendations increases.
Conclusions.

a practical need for constructing recommendations taking
into account the combination of attributes of users and
goods.

The result of the work is the improved method of col-
laborative filtering with implicit feedback, which takes into
account additional signs of users and goods, including
temporal ones.

The difference between the proposed methods consists
in generalization of several methods of filtration. This syn-

ered. It is shown the importance of using additional filters
to improve the quality of the recommendations.

during personalization of sales, especially in the "cold start"
situation, do not allow giving recommendations of high
accuracy. Therefore, in the case of new consumers, there is

thesis makes it possible to combine the benefits of each
method to increase the effectiveness of providing recom-
mendations.

In practical terms, the proposed method allows to in-
crease the relevance of the recommendations when per-
sonalizing sales to the user in the Recommender subsystem
in the e-commerce system.

The problem of hybrid collaborative filtration is consid-

[t is shown that the methods of collaborative filtration
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YAOCKOHAJIEHHA METOAY KOJIABOPATUBHOI OITbTPALYII
I3 YPAXYBAHHAM XAPAKTEPUCTUK CNTOXKUBAYA ONA NEPCOHANISALYT
PEKOMEHZALIIW B CUCTEMI E-KOMEPLII

AHoTauia. Meta cTatTi. MeTolo CTaTTi € yA0CKOHaNeHHs MeToay konabopaTuBHOI QinbTpaLlii 3 HEABHMM 3BOPOTHUM
3B'A3KOM LUNAXOM KOMOIHYBaHHA XapaKTepUCTUK CNOXIBAYa Ta Oro NOBeAiHKM AA NiABULLEHHSA epeKTUBHOCTI Nobyao-
BI peKoMeHJaLliil y BUNajikax BiAcyTHOCTi abo HeOCTaTHBOI KinbKOCTi iHdopmavii npo BnogobaHHA CnoxmBaya.

Metoau pocnimxenHa. Metogn konabopatusHoi inbTpail 3 HeABHUM 3BOPOTHUM 3B'A3KOM peKOMEeHAALiHNX CUC-
Temax.

OcHOBHi pe3ynbTaTit AocniaKeHHA. Po3rnaHyTo npobnemy yaockoHaneHHA MeTody KonabopaTueHoi GinbTpauii 3 Hea-
BHiil 3BOPOTHIUM 3B'A3KOM ANA nepcoHani3aLii npoAaxis B pekomMeHAaLiiiHoT nigcucTemi B CUCTEMI eNeKTPOHHOT Komepuii
3 ypaxyBaHHAM XapaKTepucTUK CNoXuBaya i 0cobnuocTeit iioro noBediHki npyu Bubopi Tosapi Ta nocnyr. MpeactaBneHo
BaXNBICTb BUKOPUCTAHHA J0JATKOBIX KOHTEKCTHIX GiNbTpiB ANA NiABULLEHHA AKOCTI OTPUMAHNX pekoMeHgaLii. Moka-
3aHO, LLO icHytoui ribpuaHi MeToan KonabopaTuBHOI PinbTpauii BpaxoBYKTb OKPEMO XapaKTepUCTUKN CNOXKUBaya abo
XapaKTepuUCTUKM NpeaMeTHOi 06nacTi. Y Toil Xe yac B CUTyaL|isx «x0N0AHOT0 CTapTy» ANA NepcoHani3avii npoaaxis icHye
npakTyHa notpe6a B NobY/A0BI pekoMeHAaLili 3 ypaxyBaHHAM 3MiH iHTepeciB KOpUCTYBaUIB Pi3HIX AemMOrpadiuHnx rpyn.
YnockoHaneHo ribpuaHuit metog KonabopatusHoi dinbTpauii. OCHOBHA ifieA BAOCKOHANEHOro MeToay NONAraE B A0NOB-
HeHHi anroputmy KonabopaTneHoi GinbTpavyii 3 HeABHUM 3BOPOTHIM 3B'A3KOM 3 ypaxyBaHHAM aTpMOYTiB KOPUCTyBaya, a
TaKoX AMHAMIKM 3MiHI il0ro iHTepeciB. B AKoCTi BXiAHUX AaHUX MeTOA BUKOPUCTOBYE iHPOPMALito MPO NOKYMKY i3 3a3Ha-
YeHHAM ix AaTi Ta 6€3 peilTHTIB KOPUCTYBAUIB, a TaKOX A0AATKOBY iHPOPMaLito Npo KopuctyBaua. Lia indopmauia moxe
0yTv OTpuMaHa i3 Apyrux MifCcUCTeM CUCTEMU enekTPOHHOI Komepuii. Pe3ynbTaTom po60TH MeTOAY € YTOUHEHWI CMCOK
peKoMeHZ0BaHNX MOKYNOK Ana Kopuctysaya. Llei cnucok BignoBigae BikoBil rpyni KOPUCTYBaya i KOHTEKCTHO-3aNeXHOK
NOCiA0BHOCTI 3MiHI OO iHTepeciB.

HaykoBa HOBM3Ha. Y0CKOHaneHo MeToA konabopaTnBHOi GinbTpavii 3 HEABHUM 3BOPOTHIM 3B’A3KOM LLAAXOM Bpaxy-
BaHHA [0ATKOBYX 03HAK KOPUCTYBAYiB, @ TAKOX 3MiHU iHTepecy CnoxuBauis y yadi.

[pakTyHa 3HaYMMiCTb. B NpakTMYHOMY NAaHi 3anponoHOBaHMIA METOA A03BONAE 30iNbLUMTY peNneBaHTHICTb pe-
KOMeHAaLii npyu nepcoHani3avii NpoAaxis AnA KOPUCTYBaya B peKOMeHAALiHIIA NifCcMCTeMi B CUCTeMi eleKTPOHHOI
Komepuii. EKcnepumeHTanbHa nepesipka nokasana niABuLIEHHA eeKTUBHOCTI OTPUMAHNX peKOMeHAaLi 3rifHo 3
kputepiem AUC. BaockoHaneHuit MeToZ MoXe BUKOPUCTOBYBATUCA TAKOX NPU NPOCYBaHHI peknamHuX npono3utiin B
COLianbHUX Mepexax.

Kntoyoei cnosa: konabopamusgHa ginempayis, HesgHUl 360pomHili 38’430k, pekomeHOAyitiHi nidcucmemu, nepcoHani-
3ayi npo0axy, eneKmpoHHA KOMeEpPYiiA.
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YCOBEPLUEHCTBOBAHUE METOZIA KOJIABOPATUBHOW OUJIbTPALIUA
CYYETOM XAPAKTEPUCTUK NOTPEBUTENA AJ1A NEPCOHAJIN3ALINA
PEKOMEHAALIMA B CUCTEME E-KOMMEPLIUW

AnHoTtauus. Lenb ctatbu. Llenblo cTaTby ABNAETCA YCOBEPLIEHCTBOBAHME METOAA KONABOPaTUBHON GUIbTpaLMN ¢
HesIBHO 00paTHOI (BA3bI0 NyTeM KOMOMHUPOBAHWA XapaKTePUCTUK MOTPeOUTeNa u ero noBefeHns AnA MoBbilLEHNS
IQOEKTMBHOCTU NOCTPOEHNA PEKOMEHAALMIA B CyyanX OTCYTCTBUA WAN HEZOCTAaTOUYHOTO KONMYECTBA MHGOpMALMN O
npeanouTeHNAX NoTpebuTens.

MeToabl uccnenoBaus. MeToabl KonnabopaTuBHO GUABTPALMN C HesABHOI 06PATHOI (BA3bI0 B MPOLIECCe NEPCOHa-
NM3aLUN NPoda.

OcHOBHble pe3ynbTaTbl UCCIeoBaHUA. PaccMoTpeHo nMpobnemy YCoBepLUEHCTBOBaHUA MeTofa KosnabopaTuBHoil
dunbTpaLmm ¢ HesABHOI 06PaTHOIA (BA3BIO ANA NEPCOHANM3ALMI NPOAAX B PEKOMEHAATENbHOI NOACUCTEME B CUCTEME
NEKTPOHHOIT KOMMEPLIAM C YYETOM XapaKTePUCTUK NOTPeOUTENS 1 0CODEHHOCTE! ero NoBEAEHNS NPU BbIGOPE TOBAPOB 1t
yanyr. Moka3aHa BaXHOCTb MCMONb30BaHIA AOMONHUTENbHBIX KOHTEKCTHBIX GUABTPOB A1A MOBbILUEHNS KauecTBa nony-
YeHHbIX peKoMeHAaLmit. Toka3aHo, UTo cylLecTBYyioLLMe TUOPUAHbIE METOAbI KONNAO0paTUBHON GUAbTPALIM YUUTbIBaKOT
OTAENbHO XapaKTePUCTUKI NOTPEOUTENA AN XapaKTEPUCTIKI NPpeAMETHOIA 06MacTy. B T0 e BpeMa B CUTYALMAX «XONOA-
HOTO CTapTa» IS MepCOHANU3aLMN MPOAaX CyLIeCTBYET NPAKTUYeCKan NOTPeOHOCTb B MOCTPOEHMU PeKoMeHAALMii ¢
YUETOM M3MEHEHNil NHTEPecoB MoNb3oBaTeNel Pa3nyHbIX AeMorpaduueckux rpynn. YCoBepLIEHCTBOBAH TUOPUAHDIN
MeToz KonnabopaTuHoii dunbTpauuu. OCHOBHAA WAeA YCOBEPLIEHCTBOBAHHOrO MeTOAA 3aKMIOUaeTcA B AOMONHEHIM
anropuTMa KonnabopaTuBHON GUALTPALMK C HEABHOI 0OPaTHOIA (BA3bIO yUeTOM aTpuOYTOB MOAb30BaTeNs, a TaKkKe
MHAMUKV CMeHbI €70 MHTEPECOB. B KauecTBe MCXOAHBIX AaHHbIX METOA MCMONb3yeT MHHOPMALWIO O MOKYNKax 6e3 peii-
TUHIOB MO/Ib30BaTeNeli U C yKa3aHeM JaTbl MOKYMOK, a TaKKe Aemorpaduueckyto MHGopMaLmio o nonb3oBatene. 31a
UHOOPMALMA MOXET ObITb MonyueHa U3 APYruX NOACUCTEM CUCTEMbI MEKTPOHHON KoMMepLyu. Pe3ynbTatom paboTbl
MeTO/a ABNAETCA YTOUHEHHbII CUCOK PEKOMEHO0BAHHbIX MOKYNOK AA NMONb30BATENS. ITOT CMNCOK COOTBETCTBYET BO3-
PacTHoli rpynne Nonb30BaTeNs I KOHTEKCTHO-3aBUCUMOI NOCEA0BATENbHOCTU M3MEHEHINA €70 UHTEPECOB.

HayuHas HoBWM3Ha. YCOBEPLUEHCTBOBAH METOZ K0NabopaTuBHON GUAbTPALMM C HEABHON 00paTHOI CBA3bIO MyTeMm
yueTa JOMONHUTENbHBIX NPU3HAKOB NMONb30BATENEIA, @ TaKKe U3MEHEHUA UHTEpeca NOTpebuUTeNeli BO BpeMEHMU.

MpaKTuyeckas 3HaUMMOCTb. B NpakTMuecKoM NnaHe MpeAnoXeHHblii METOR NO3BONAET YBENMUUTL PENEBAHTHOCTD
PEKOMEHZALMIA MPY NepCOHANN3aLMN NPOAAX ANS MONb30BaTENA B PEKOMEHAATENbHON NMOACCTEME B CACTEME dMIeK-
TPOHHOI KOMMepLMI. IKCNepUMEHTabHaA NPOBEPKA NOKa3asna NoBbilLEHNe SPHEKTUBHOCTU NONYUEHHbIX peKOMeH/a-
Uit cornacro kputepuio AUC. YcoBepLIEHCTBOBAHHbIiA METO/} MOXET UCNONb30BATbCA TakxKe NPy NPOABIKEHNN PeKnam-
HbIX NPEANOKEHU B COLMANbHBIX CETAX.

Kntoyeevle cnosa: konnabopamueras gunempayus, Hes6Has 00pamHas C83b, pekoMeHOameslbHble NOOCUCMeMbl,
NepPCoHANU3ayUs NPOOax, 31eKMPOHHAS KOMMeEPYUS.
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