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DEVELOPMENT AND RESEARCH OF MODELS AND SOFTWARE FOR THE RECOMMENDER
SYSTEM OF CONSUMER GOODS

There have been proposed investigation of the problem of creating recommendations with technical description for building the Recommender System
of consumer goods with help of modern algorithms, approaches, principles and contains the investigation of the most popular methods. It was defined,
that the deployment of Recommender Systems is one of the rapidly developing areas for improving applied information technologies, tools for
automatic generating offers service based on the investigation of the personal needs and profile of customers. It was investigated, that such systems
have started to play a very important role in the fast growing Internet, as they help users to navigate in a large amount of information, because users are
not able to analyze a large amount of information, because it is very difficult and takes a lot of time and effort, but due to such systems, namely
Recommender Systems that are able to filter a large amount of information, and provide for users the information and recommendations their likes the
problem can be solved and instead of providing the static information, when users search and, perhaps, buy products, Recommender Systems increase
the degree of interactivity to expand the opportunities provided to the user. It was defined, that Recommendation systems form recommendations
independently for each specific user based on past purchases and searches, and also on the basis of the behavior of other users with help of
recommendation services, which collect different information about a person using several methods and at the same time all systems are shared. An
overview of content-based, collaborative filtering and hybrid methods was performed. An overview of Alternating Least Squares and Singular Value
Decomposition recommendation algorithms was performed. The design of the Recommender System of consumer goods software component was
described. The main features of software implementation and programming tools for the system which is being developed were explained. The
conclusions about the problems of Recommender Systems and the review of existing algorithms were made.

Keywords: recommender system, consumer goods, alternating least squares method, singular value decomposition method, models, software
component, recommendations.

A. 0. TYPEIIbKHH, b. M. BOPOHA, M. A. BOBK, C. I. EPLIIOBA
PO3POBKA TA JOCJIJI)KEHHSI MOJIEJIEM TA IIPOTPAMHUX PILIEHD JIJISI
PEKOMEHJIAIIMHOI CHCTEMHU BUBOPY TOBAPIB MACOBOTI'O BXKUTKY

3anpornoHoBaHO JOCIIKEHHS MPOOJIEeMH CTBOPECHHS PEKOMEHIALIH, 3 TEXHIYHUM OMHCOM JUIs MOOYIOBH PEKOMEHIALIMHOI CHCTEMHU Uil BUOOPY
TOBapiB MacOBOTO BXXUTKY 32 IOMOMOTOI0 CYYaCHHX AITOPUTMIB, MiAXO/iB, IPUHIKIIB 1 MICTUTH JOCIIKCHHS HAHOLIBII MOMYISIPHUX METOAIB. Bymo
BH3HAYCHO, LI0 BIPOBA/UKCHHS PEKOMEHIAL[IMHNX CHCTEM € OJHi€r0 3 o0Jacrtei, siKi MIBHIKO PO3BHBAIOTBCS JUIS BIOCKOHAJICHHS IPHKIIAIHHUX
iH(pOpMaLifHIX TEXHOJIOriH, IHCTPYMEHTIB Ui aBTOMATHYHOIO TCHEPYBAaHHS IIPOIO3UIIH, 3aCHOBAaHMX Ha IOCITI/DKEHHI OcoOHCTHX MOTped i
npodinto KmieHTiB. Byno HociimKeHo, M0 Taki CHCTEMH MOYAH TPaTH AY)Ke BAXIIHBY POJIb B LIBUAKO 3pOCTAl0MOMY IHTEpHETI, OCKIIBKH BOHH
JIONIOMArar0Th KOPUCTYBadaM OPIEHTYBATHCS Y BEJHKiN KiTbKOCTI iH(pOpMAIlii, KOpUCTYBadi He MOXKYTh aHAIII3yBaTH BEIUKHI ob6car iHdopMmarii, amke
e JyXke CKJIAJHO i TaKOo)K BHMarae 0arato 4acy i 3yCHb, ajie 3aBISKH PEKOMEHIAIIHHUM CHCTeMaM, SIKi MOXKYTh (UIBTpYBaTH BENHMKHI 00cCsT
iHdopmarii i HazaBaTH KoOpHCTyBauyaM iH(opMamifo i pekoMeHIaril, sKi iM momo6aThes, mpobieMa Moke OyTH BHpIlIeHA i 3aMicTh HaIaHHS
CTaTHYHOI iH(OpMAIlii, KOJM KOPHCTYyBadi IIYKAIOTh, i MOXKIIHBO, KYIIyIOTh HPOAYKTH, TaKi CHCTEMH 30iMbUIYIOTH CTYIiHb IHTEPAKTHBHOCTI IS
PO3LINPEHHS] MOJKIMBOCTEH, 110 HAJAIOTHCS KOPHUCTYBadeBi. Byno BH3HAa4YeHO, MI0 PEKOMEHIALINHI cHCTeMH (OPMYIOTH PEKOMEHIaLii CaMOCTIHHO
JUIS KOXKHOTO KOHKPETHOTO KOPHCTYBaya Ha OCHOBI MUHYJIMX ITOKYIIOK 1 MOLIYKIB, @ TAKOXX HAa OCHOBI IMOBEIIHKH 1HIINX KOPUCTYBAYiB 3a JJOIIOMOI'OI0
ciry0 pekoMeHalii, siki 30uparoTh Pi3Hy iH(GOPMAILiIO PO JIOJUHY, 10 BUKOPUCTOBYE KiIbKa METOIB, i B TOM K€ 4ac BCi CUCTEMH € 3arajJbHUMHU.
bymno mpoBezseHo orisx MeToliB (inbTparlii Ha OCHOBI KOHTEHTY, CNiNBbHOI (inbTpamii i TiOpumaHuX MeTofiB. Byno BHKOHAaHO OIS aNTOPUTMIB
aJNbTEePHATHMBHUX HAMMEHIIMX KBAJPaTiB 1 CHHTYIIPHOTO poskiajgaHHsd. OnucaHa KOHCTPYKIIS PEKOMEHIALINHOI CHCTEMH HpPOTPaMHOTO
3a0e3neyeHHs Uil BHOOpY TOBapiB MacOBOTO BXKHTKY. 3pOOJICHO MOSCHEHHS AESKUX MOMIIMBOCTEH MNporpaMHoi peaiizaiuii i iHCTpyMEHTIB
IpOrpaMyBaHHs JUIs pO3PO0ITFOBaHOT cucTeMH. 3po6IIeHO BICHOBKH PO MPOOIEMH PeKOMEHIAIiHIX CUCTEM i OTJIS]| iICHYFOUMX aJITOPHTMIB.

Kutio4oBi c10Ba: pekoMeHaaliiiHa cucTeMa, TOBapH MacOBOTO BXXHTKY, METOJl aJbTEPHATHBHUX HAMMEHIIHNX KBaJPAaTiB, METOJ CHHIYJIIPHOTO
PO3KJIaLy, MOJIEi, MPOrpaMHUi KOMIIOHEHT, PEKOMEHJallil.

A. 0. TYPEIIKHH, 5. M. BOPOHA, M. A. BOBK, C. H. EPIIIOBA
PA3PABOTKA U UCCJIEJOBAHUE MOJIEJIE U TPOTPAMMHBIX PEINEHUM JJISI
PEKOMEH/JATEJbHOM CUCTEMbI BLIEOPA TOBAPOB MACCOBOI'O NOTPEBJIEHUS

IpennoskeHo HccneoBaHUe MPOOIEMbI CO3MaHMs PEKOMEHIANNH, C TeXHUUECKIM OIHCAaHUEM JUISl OCTPOSHUS PEKOMEHIATELHON CHCTEMBI IS
BbIOOpa MOTPEOMUTENBCKHX TOBAPOB C IIOMOIIBIO COBPEMECHHBIX aJrOPUTMOB, IOJXOJOB, IPUHIMIIOB M COIEPKHUT HCCIEAOBaHHE Hauboiee
MIOMYJISIPHBIX METOJOB. BBIIO ompezeneHo, 4To BHEIPEHNE PeKOMEHAATENBHEIX CHCTEM SIBISIETCSl OJHON M3 OBICTPO Pa3BHBAIOIIMXCS oOmacTeil s
COBEPIICHCTBOBAHMS NPHKIAMHBIX HH(POPMAIMOHHBIX TEXHOJIOTHH, HWHCTPYMEHTOB JUII aBTOMAaTHYECKOTO TE€HEPUPOBAHUS IPEUIOKEHUH,
OCHOBAHHBIX Ha HCCIIEJOBAaHNUN JIMYHBIX TOTPEOHOCTEN U MPOGUIIs KIHEHTOB. B0 MCCIeIoBaHO, YTO TAKHE CHCTEMbI HAYAIIM UTPaTh O4CHb BaXKHYIO
poie B OBICTpOpacTymieM IIHTepHeTe, IIOCKOIBKY OHM IIOMOTAlOT MOJIB30BATESIM OPHEHTHPOBATHECS B OONBIIOM KOJNMYECTBE HH(MOPMAIHH,
TI0JIb30BATEIN HE MOTYT aHAJIM3UPOBATh OOJBIIONH 00beM HH(OPMALHH, 3TO TPeOYyeT MHOTO BPEMEHH M YCHIJINH, HO Oaroiapsi peKOMEHIATEIbHBIM
CcUCTEMaM, KOTOpbIe MOTYT (priIbTpOBaTh OOJBIIONH 00beM MH(POPMALIUK U MPEJOCTABIATh MOJIB30BATEISIM HHPOPMALIUIO M PEKOMEHIAINH, KOTOPbIE
UM HpaBATCS, MpoOJIeMa MOXKET OBITh pelleHa W BMECTO IPEIOCTABICHHs CTATUYECKON HH(OpPMAIMH, KOTAA ITOJIb30BATENM HIIYT W HOKYNAIOT
MPOIYKTHI, TAKHE CHCTEMBI YBEIWYMBAIOT CTENCHb MHTEPAKTUBHOCTH JUIS PACHIMPEHUs] BO3MOXKHOCTEH, MPEIOCTAaBISIEMBIX II0Jb30BaTeN0. bBuIo
OIPEIEICHO, YTO PEKOMEH/IATEIbHBIE CHCTEMBI (JOPMUPYIOT PEKOMEHAAINN CaMOCTOSTENBHO JUIS KaXI0r0 KOHKPETHOTO II0JIB30BATENlsl HA OCHOBE
MPOIIBIX ITOKYNOK M IIOMCKOB, a TAKKe Ha OCHOBE MOBEACHUS APYIHX IIOJIB30BATENCH C IOMOIIBIO CIY)KO PEKOMEHIAIHi, KOTOphIe COOMPAIOT
PpazIMYHY0 HHQOPMAIUIO O YelOBeKe, HCIIOb3YIONIEM HECKOJIBKO METO/IOB, U B TO JK€ BPEMs BCE CHCTEMBI SIBIIAIOTCS o0muMu. bt mposesieH 0630p
METO/I0B (pHIBTPALNK Ha OCHOBE KOHTEHTA, COBMECTHOM (DMIIBTPALIMK U TMOPHAHBIX METO/OB. BB BBIMONIHEH 0030p aNrOpHTMOB AIbTEPHATUBHBIX
HAMMEHBIINX KBAaJPAaTOB U CHHIYJIPHOTO pasnoxeHus. ONHcaHa KOHCTPYKIHS PEKOMEHIATENbHOH CHCTEMBI HMPOrpaMMHOIO OOECTIeYEeHHs IS
BEIOOpa TOBapOB MaccoBOro notpedieHust. OObsICHEHbI OCHOBHBIE BO3MOXKHOCTH IPOrPaMMHOM peann3alii 1 HHCTPYMEHTHI IPOrPaMMUPOBAHUS TS
paspabatbiBaeMoit cucteMsl. ClienaHbl BBIBOJBI O IPOOIEMaX PEKOMEH/IATEIbHBIX CHCTEM U 0030p CYIIECTBYIOIIHUX alrOPUTMOB.

KnioueBble cJI0Ba: PeKOMEHIATENbHAS CHCTEMa, TOBAPhl MacCOBOTO MOTPEONICHNs, METO/ aJbTePHATUBHBIX HAMMEHBIINX KBAJPAaTOB, METOL
CHHTYJISIPHOTO Pa3iI0XKEeHHsI, MOJICNH, IPOrPaMMHBIN KOMIIOHEHT, peKOMEHIAIINH.
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Introduction. Nowadays, we live in the age of
information — the time of unrestricted access to the
information resources, the time at which the amount of
information published by various sites and other sources
of information. The number of similar objects is so large
and that it is difficult for the user to find the information
they need among them through a regular review. Users are
always care about their free time and want to use it with
the benefit. Recommender Systems contribute to this
process, as the system selects and provides itself a
quantitative and qualitative assessment of the preferences
of the user or a particular object.

Recommender Systems are used in the large number
of applications. Firstly, Recommender Systems are used in
Internet commerce to help users to choose the concrete
products. Such services collect information about the
benefits of users and try to offer them useful products. The
best examples of companies using this approach are
Amazon, LinkedIn, eBay, iTunes and others. Another
important usage area user chooses books, music and
movies. For example, Pandora, GoodReads, IMDb,
Netflix and Hulu services use Recommender Systems for
these purposes.

Now such systems are used extensively in e-
commerce to provide recommendations. The objects of
recommendations can be goods in an online store, a set of
sections of the website, media content, other users of the
web service. In modern conditions of big data,
Recommender Systems are an indispensable mechanism
for content retrieval. The saving time and the ease of use
determine the relevance and necessity of such systems.

The problem of choosing consumer goods on the
marketplace.

The problem of choosing consumer goods on the
marketplace. The competition of products in the modern
digital era is becoming more and more rigorous.
Customers can easily access to the information about this
product over the Internet. In addition, customers can share
their opinions on products in the form of ratings or
reviews through various web services, such as Amazon.
Therefore, instead of relying on traditional TV ads or
banners on the Internet, consumers can now view many
competing products before they make their final
purchasing decision.

Everyone faces the problem of finding and choosing
(or choosing and searching, since these are different
concepts) both in the world of the Internet and in simple
things. Choosing a book, a movie for viewing at night, a
household product, and even a modern gadget, without
which it is difficult to imagine the life of modern society.
And there are so many options, especially when you do
not really know what you want, and even if you know, but
you cannot try. In the modern world, there are many
options and alternatives, from a variety of products from
different suppliers in different marketplaces. But every
vendor, recommends basically what he needs to sell, but
not what the user could appreciate.

In the process of searching the user faces the
problem of choice (and vice versa, after the choice of the
problem of finding is arisen) a product that will satisfy its
needs. Recommender Systems are used to solve this

problem. So, Recommender System (sometimes replacing
"system" with a synonym such as platform or engine) is a
subclass of information filtering systems that seeks to
predict the "rating" or "preference” a user would give to
an item.

Recommender Systems. Recommender Systems
appeared on the Internet a long time ago, about 20 years
ago. Recommender Systems — the class of information and
search systems that allow to predict which objects will be
interesting and useful to the wusers (provide
recommendations to users), based on specific information
about the user’s profile. Nowadays, there are several
(main) approaches of creating recommendations, which
used in Recommender Systems:

e content-based filtering;

o collaborative filtering;

e hybrid approaches.

Content-based filtering constructs recommendations
on the basis of a user’s behavior and objects. For example,
user profiles may include demographic information or
answers on a specific set of questions, and object profiles
may include genre names, actor names, artist names, and
other attribute information, depending on the type of
object.

Collaborative filtering constructs recommendations
that’s based on a model of prior user behavior. For
example, such as purchase or estimation information. In
this case, it does not matter what kind of objects were
taken, but it can take into account implicit characteristics
that would be difficult to include while creating a profile
[1]. The model can be constructed solely from a single
user’s behavior or, more effectively, also from the
behavior of other users who have similar features. When it
takes other users’ behavior into account, collaborative
filtering uses group knowledge to form a recommendation
based on like users. In essence, the recommendations are
based on the automatic collaboration of multiple users and
filtered by those who exhibit similar preferences or
behaviors.

Hybrid approaches that combine collaborative and
content-based filtering are also increasing the efficiency
(and complexity) of Recommender Systems. In the
process of work (hybrid approach), Recommender
Systems collect data about users using a combination of
explicit and implicit methods [2].

Examples of explicit data collection:

e to request the user to evaluate the object on a
differentiated scale;

e to request a user to rank a group of objects from
the best to the worst;

e representation of the two objects with the
question of which of them is the best;

e suggestion to create a list of your favorite user
objects.

Examples of implicit data collection:

e observing what the user is inspecting in online
stores;

e tracking the online user behavior;

e tracking the contents of the user’s computer.

Bicnux Hayionanvnoeo mexwniunozco ynisepcumemy «XI11». Cepia: Cucmemnuii
auanis, ynpasiinksa ma ingopmayiiuni mexnonozii, Ne 21 (1297) 2018 71



ISSN 2079-0023 (print), ISSN 2410-2857 (online)

Analysis of various sources of information showed
that at the moment, shows that that the collaborative
filtering methods are divided into three main groups.

The first group calculates the different similarity
measures or similarities between the objects under
consideration. Pearson correlation and cosine measure of
similarity are the most widely used.

The second group of methods is the methods of
intelligent data analysis, which involves the various
methods of machine learning. The choice of method in
this case depends on the domain area, the available
statistical material and the power of the computer system.
The last group of methods are a hybrid approaches that
involves the use of methods, both from the first group and
from the second, applying them in various
combinations [3].

Objectives. Nowadays, the modern recommendation
mechanisms are actively used on most popular social and
business websites. They bring tremendous benefits to the
owners of these sites and their users.

Most large-scale commercial and social websites
recommend their users various offers, such as goods or
services for further study of people, specifically their
desires and needs. Intelligent reference systems
(recommendation mechanisms) handle huge volumes of
data to identify potential user benefits.

Consequently, web-based Recommender Systems
became relevant to the development and active use in the
trade of modern Internet technologies, including e-
commerce platforms. Their feature, as noted, is to help the
user to find the best alternatives in a multitude of web
resources. Recommender Systems are primarily beneficial
to users, because through such systems, they easily and
quickly find the right, specific and useful information
without spending much time for searching.

The purpose of this work is to develop a prototype of
software for the Recommender System of consumer
goods.

Explanation of the choice of methods for the
Recommender System. Firstly, it is need to choose a
recommendation algorithm that is needed to handle
implicit user ratings. The data set consists entirely of the
interaction between users and consumer goods. It does not
contain information about the system users themselves or
about products other than their names.

Therefore, we need an algorithm that could be
trained without access to the attributes of the user and the
product. This type of algorithms is called collaborative
filtration algorithms. For example, the assumption that
two users have similar tastes, because they are of the same
age, or from one city, it is not collaborative filtering. And
the decision that two people might like the same product,
as they appreciated whether they already bought many
identical or similar goods, is a good example.

A dataset for consumer goods can be enormous
because it contains tens of millions of ratings. But in
reality it is rather meager because it is sparse. Each user
scans and estimates a fairly small percentage — from a few
million. And some users can view and estimate only one
product

An algorithm is needed to provide acceptable results
for such users. Also, the algorithm must be able to scale,
because it will have to build large models and, at the same
time, quickly generate recommendations [4].

They are usually needed in the near future — within a
second. We choose an algorithm from the class of so-
called latent factors models, since we are developing a
system based on implicit estimates of users. Such
mechanisms attempt to explain the observed interactions
between a large number of users and products due to the
relatively small number of underlying reasons behind
them.

The most popular in this class are Alternating Least
Squares (ALS) and Singular VValue Decomposition (SVD)
algorithms. To begin, let’s look at ALS, then go to
SVD [5].

Two of the most popular recommendation
algorithms: “SVD” i “ALS” factorize ‘“user-product”
matrix A on two: matrix "user-property” U and “property-
goods" M.

SVD - “Singular Value Decomposition”, method of
decomposition of the matrix:

A=UDVT, 1)

where A — decomposition of the matrix;

U, V- orthogonal matrices;

C — orthogonal matrix.

Calculations by method SVD take more time and it’s
harder to parse them on a computer [6]. It also does not
process very well the matrix with the missing values.
When the dataset for the reference system is sparse, the
missing values are equal to zero, even if the user could
potentially give them the highest score.

In contrast to this mechanism, the algorithm ALS
(Alternating Least Squares) works much faster, but with
less precision [6]. This applies to any factorization
method:

A=~ XYT, 2

where A — factorization method,;

X, Y — matrices with low ranks.

One of the advantages of this algorithm is the fact
that it has the ability to precisely customize what will be
meant by the loss function. (The loss function is a function
which minimized in the model fitting process and
represents the chosen measure of disagreement between
the observed data and the data "predicted” by a fitted
function. For example, in most traditional methods for
building generic linear models, the loss function (often
called the smallest squares) is calculated as the sum of
squares of deviations from the fitted line or plane) [7]. It is
possible to ignore missed values. Since, it is necessary to
handle a rather abundant number of records, it will be
necessary to parallelize the calculation. Also very
important is the speed of the algorithm. And for this, the
ALS method is better.

Designing the Recommender System of consumer
goods. A software product which is developed in this
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project is a component of a complex large-scale system,
data collection and processing, which helps to make
profitable purchases of goods on various online resources
and an independent software product, to provide high-
quality recommendations to the user of the system.

The purpose of this project is to automate the
process of processing and analyzing data to provide users
with a system of up-to-date, high-quality, and non-trivial
recommendations contained in the system database. Data
in the system database can be entered by administrators of
this system, whether gathered with help of software
products from different sources of information, for
example such as trading platforms.

For complete operation, the software is developed
taking into account the ability to process a large number
of requests from users of the product in the context of
continuous updating of the data, as well as its reliability
and security, openness and convenience for further
improvements and parallelism.

This software product is developed as an
independent software, but can interact with larger
software systems by further developing REST services.
The component consists of two parts: the server part and
one web portal. The web portal will be used to provide
recommendations to the user and to view information
about them, and also used for information management.
The server part performs the creating of recommendations
and is responsible for the system as a whole.

The connection between the web portal and the
component being developed on the server is performed
through HTTP requests. During the initial request to the
server, the component receives information from the
database immediately about the existing
recommendations, and if the data is successfully received
— the information is returned to the client in response to
the request. The creating of recommendations occurs with
every update of the database to the actual data.

On the Fig. 1 component-deployment diagram is
shown.

This software has two modes of operation: the initial

provision of recommendations to the user when the user
has not published any reviews and recommendations
based on collaborative filtering, provided that the user has
published at least one review (fulfilled the grade) of the
product.

The user receives topical recommendations, but if he
is not satisfied with certain parameters or objects, it is
possible to edit the request using filters. In this way, the
software product can update its recommendations and
provide more relevant information for the user.

To store the finite data in this software was used
DBMS PostgreSQL, which based on SQL. Current
version is 9.5, there are the following restrictions in
PostgreSQL.

Current version is 9.5, there are the following
restrictions in PostgreSQL:

e maximum database size — no restrictions;

e maximum table size — 32 TB;

e maximum recording size — 1,6 TB;

e maximum field size — 1 GB;

e maximum records in the table — no restrictions;

e maximum fields in the record — from 250 to

1600, depending on the types of fields;

e maximum of the indices in the table — there are

no restrictions.

The strong points of PostgreSQL are:

o high-performance and reliable transaction and

replication mechanisms;

o extensibility the  system

programming languages;

e inheritance;

o extensibility scalability [8].

Features of software implementation, the system
which is being developed. At present, the Python
programming language is very popular. The Python core
syntax is minimal. At the same time, the standard library
includes a large amount of useful features. Python
supports several programming paradigms, including
structural, object-oriented, functional, imperative and

of embedded

Web Server
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Fig. 1. Component-deployment diagram
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aspect-oriented. The main architectural features are
dynamic typing, automatic memory management, full
introspection, exception handling mechanism,
multithreaded computing support, and convenient high-
level data structures. The code in Python is organized into
functions and classes that can be merged into a module
(which in turn can be grouped into packages). Python with
packages NumPy, SciPy i MatPlotLib is actively used as a
universal environment for scientific calculations as a
substitute for common specialized commercial packages.
Matlab, IDL and others.

Also, with help of Python, was developed a popular
web framework that supports abstraction from low-level
databases — Django. Django — this is a high-level web-
based framework implemented on the basis of architecture
MVC. MVC (Model-View-Controller) — one of the most
fundamental architectures for applications, which
separates the basic functionality of the application into a
number of individual components. This achieves the main
goal: one model for many applications. Django has a
transparent design, provides for the rapid development of
web-based applications, allows the development of
dynamic web-sites [8].

In the area of distributed data analysis, the Hadoop
framework uses demand, but there are alternatives that
offer some important advantages over the typical Hadoop
platform. Spark is a scalable data analysis platform that
includes primitives for computing in RAM, and therefore
has some performance benefits in relation to the Hadoop
approach based on a clustered data storage scheme. Spark
is implemented on Scala and supports this language
Python and Java and provides a unique environment for
data processing [9]. Spark is a clustered open source
computing platform similar to the Hadoop, but with some
useful features that make it an excellent tool for machine
learning tasks. Namely, in addition to interactive queries,
Spark supports distributed data sets in RAM, optimizing
solutions for iterative tasks and reducing access time to
data. Spark is implemented in Scala, but freely uses
Python as an application development environment.
Unlike Hadoop, Spark and Python form a tight integration
where Python can easily manipulate distributed data sets
as local collective objects [10].

Based on the benefits listed above, the Apache Spark
framework and the Python language for creating the
recommendations and the framework for implementing
the web application for the development of the software
system were used [11].

Review of existing principles (approaches) and
problems. The content-based Recommender Systems try
to find a similarity between the goods that people valued
earlier, and only products that have a high degree of
generality ~with  consumer preferences will be
recommended. Modern approaches of obtaining
information require creating profiles of customers with
tastes, preferences, needs, etc. Information for profiles can
be obtained directly from the customer, for example,
through questionnaires, or indirectly by analyzing the
actions performed by the user.

The limitations of content techniques are related to
the objects of recommendations. Therefore, for an

adequate work progress of the system a form is available —
for automatic machine analysis, or manual assignment of
all parameters.

Another problem is that two different objects, with
the same set of properties, are indistinguishable. Although
text documents are usually represented by the most
representative keywords, content-based systems cannot
distinguish a well-written article from poorly written,
although they use the same words [12].

Also, the content-based Recommender Systems think
too narrowly. The user receives recommendations only for
those goods that are similar to goods that have already
received his evaluation. To solve this problem, the random
technique is used. In some cases, it is necessary to avoid
the recommendations of items that are too similar to those
already known, for example, another article on the same
topic.

As in all Recommender Systems, there is a “cold
start” problem. The user needs to evaluate a fairly large
number of different products before the system can
correctly understand his preferences and give him
appropriate recommendations. Therefore, the system will
not be able to give exact recommendations to a new
customer who has made very few estimates.

An alternative to the content approach can be the
collaborative  filtering. This is a method of
recommendation, in which only the reaction of users to
objects is analyzed. The ultimate goal of the method is to
as accurately as possible prediction of the estimation that
the current user would put to the previously unvalued
objects. The more estimates are collected, the more
accurate the recommendations are. It turns out that users
help each other in filtering objects. Therefore, this method
is also called joint filtration.

Methods of collaborative filtering also face problems
during operation. The first problem is that new products
are regularly added to the Recommender Systems. Such
systems in the development of recommendations are
guided only by the preferences of users. Therefore, the
Recommender System cannot recommend the product
until it receives a sufficient number of estimates [12].

In any Recommender System, the number of
estimates to be predicted is usually much larger than the
number of estimates. It is important that the system is able
to effectively predict estimates based on a small number
of examples. It is also necessary to have a critical number
of users. For example, in advisory systems dealing with
movies, a large number of films can only be evaluated by
a small number of users, and then these films will be
recommended very rarely, even if the estimates of these
few users were high. A small number of recommendations
can be made to the owners of unusual tastes in comparison
with the taste of the majority, for which there are no
similar users in the system. Overcoming the problem of
sparse estimates can, if searching for similar users use the
information about the user, contained in his profile. Most
of the recommendations are based on a limited
understanding of users and goods, the analysis of which is
mainly limited to the information contained in the profiles.
Outside the analysis remain information contained in
records of wuser transactions and other available
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information. For example, traditional collaborative
algorithms do not use information from user and product
profiles at all, but they are limited only to information
about the assessments made. The profiles themselves are
still too primitive [13].

Most of Recommender Systems require a fairly
active participation from the user. For example, before
issuing a recommendation on a newsgroup, the system
needs to obtain estimates of a large number of previously
read articles. Since this way of obtaining information is
not very user-friendly, methods of indirect evaluation of
articles are created. For example, you can analyze the time
that a user spent for reading an article, which would
indirectly correspond to one or another evaluation.
However, indirect estimates often suffer from inaccuracy.
Thus, the problem of reducing the obsession of
evaluations while maintaining the high quality of
recommendations is quite acute for the developers. In
particular, it is necessary to understand what the minimum
number of evaluations is required from the user, so that
this is sufficient for the development of accurate
recommendations.

In addition, the current recommendation systems
operate in the two-dimensional user-commodity space.
This means that they issue recommendations based solely
on the information about the user or product and bypass
the party contextual information that may be of paramount
importance in some applications (and in some special
conditions). For example, in many cases, the utility of a
product or service may depend on when the consumption
occurs (time of year, day of week, time of day). Utility
can also depend on who, in what company, under what
conditions of the product is consumed.

In such cases, a simple product recommendation to
the customer is not enough; when developing the
recommendation, the system should refer to additional
contextual information about the time and conditions of
the intended consumption. In addition to the traditional
methods of building a customer profile (such as reliance
on keywords and questionnaire demographic information),
new techniques have recently emerged, based on
automatic word processing, network behavior analysis,
etc. These methods allow you to take into account the
interests and preferences of users and thereby expand the
user profile [13].

In the literature, other approaches of collaborative
filtration based on different models were proposed. Other
models of collaborative filtering include Bayesian
analysis, probabilistic relativistic model, linear regression
model, maximum entropy model. Recently a large number
of papers have been devoted to the search for more
sophisticated probabilistic models of collaborative
filtering.

As a results, such problems of Recommender
Systems was defined:

e ahuge amount of data;

e unfair user’s estimations;

e “cold start” — no data about recently added users

or objects to the system;

o rarefied ratings;

o (difficulty in calculations while the process of

working with large databases;

e recommendations of something fundamentally

different.

Conclusions. In recent years, significant progress
has been made in the development of Recommender
Systems. Content-based, collaborative filtering and hybrid
algorithms for developing recommendations were
proposed. Some systems have found practical application
in the commercial industry. Nevertheless, despite the
progress, for a more efficient work in a large list of
applications, the current generation of Recommender
Systems requires further improvements. In this paper,
various constraints faced by modern recommendatory
methods were considered, and a review of necessary
improvements was made that should make the work of the
recommendation  systems more  effective.  Such
improvements include, among others, improved modeling
of wusers and goods, the inclusion of contextual
information in the recommender process, the possibility of
multi-criteria assessments, the availability of more flexible
and less intrusive recommendations.

In this work, the analysis of the subject area and the
urgency of the problem of creating a recommendation
system for consumer goods was carried out. The task was
formulated and methods of creating recommendations
were considered: Alternating Least Squares (ALS) and
Singular Value Decomposition (SVD) algorithms.

The stage of designing was carried out and the
information support of the creation of the Recommender
System was developed.

The result of the work is the prototype software of
the Recommender System of consumer goods, which can
be used to demonstrate the main functions of the system.
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