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Abstract. The object of the research is the process of selecting a content recommendation method in information services. The study's relevance stems from
the rapid development of informational and entertainment resources and the increasing volume of data they operate on, thus prompting the utilisation
of recommendation systems to maintain user engagement. Considering the different types of content, it is necessary to address the problem of data
filtration based on their characteristics and user preferences. To solve this task, we analysed content-based and collaborative filtering methods using
various techniques (model-based, memory-based, and hybrid collaborative filtering techniques), knowledge-based filtering, and hybrid filtering methods.
Considering each method's advantages and disadvantages, we chose a hybrid method using model-based collaborative filtering and content-based filtering
for the future development of our universal recommendation system.

Keywords: content-based recommender system, collaborative recommender system, hybrid recommender system

ANALIZA METOD REKOMENDACJI TRESCI W SERWISACH INFORMACYJNYCH

Streszczenie. Przedmiotem badan jest proces wyboru metody rekomendacji tresci w serwisach informacyjnych. Trafnos¢ badania wynika z szybkiego
rozwoju zasobéw informacyjnych i rozrywkowych oraz wzrostu ilosci danych, na ktérych dziatajq, dlatego w celu utrzymania uwagi uzytkownika
wykorzystywane sq systemy rekomendacyjne. Biorgc pod uwage roine rodzaje tresci, konieczne jest rozwigzanie problemu filtrowania danych
na podstawie ich charakterystyki i preferencji uzytkownika. Aby rozwigzaé problem, przeanalizowano metody filtrowania tresci, filtrowania
kooperacyjnego z wykorzystaniem roznych technik (technika oparta na modelu, technika oparta na pamigci i hybrydowa technika filtrowania
kolaboracyjnego), filtrowanie oparte na wiedzy oraz metody filtrowania hybrydowego. Biorgc pod uwage zalety i wady kazdej metody, wybrano metode
hybrydowg wykorzystujgcq filtrowanie kolaboracyjne oparte na modelu i filtrowanie oparte na tresci do przyszlego rozwoju proponowanego

uniwersalnego systemu rekomendacji.

Stowa kluczowe: system rekomendacji oparty na tresci, system rekomendacji oparty na wspolpracy, hybrydowy system rekomendacji

Introduction

Today, there is a multitude of informational and entertainment
services, such as social networks, messengers, streaming
platforms, and music services. Considering their commercial
interest and the expenses involved in maintaining hardware
and software, most of them have advertising and/or a paid
subscription system to monetise their businesses. Thus, there
is a need for a mechanism that encourages users to utilise
the resource for as long as possible. For this purpose, various
content recommendation models exist. However, taking into
account their diversity and the limited applicability of each
of them, there is a need to analyse the methods used in existing
models for the future development of a universal model capable
of meeting the needs of any information services, regardless
of the content suggested to the end user.

1. Review of recent research and publications

Modern information services and entertainment platforms
with different types of content were analyzed during the study
of content recommendation methods. In the work [1],
the recommendation system of the Netflix movie and series
streaming service (NRS) was investigated using reverse
engineering, and the main principles of its operation were
detained. The study's authors [2] compared various collaborative
filtering algorithms and proposed using the singular value
decomposition approach to improve the accuracy of NRS
prediction. The article [3] describes the basic principles
of operation and methods of recommendation systems, particularly
YouTube. At the same time, the research [4] provides a detailed
description of the recommendation diversification model based
on Determinantal Point Processes (DPP). The Meta corporation
has its own open-source deep learning recommendation model
(DLRM) [5] integrated into Facebook. The authors [6] developed
a ranking system for Facebook news feed items using the Group-
wise  Follow-the-Regularized-Leader  (G-FTRL)  learning
algorithm. The research [7] proposed a hybrid recommendation

model for Instagram, considering images' visual similarity detect-
ed by a neural network. An article [8] provides a detailed
description of collaborative filtering principles using the example
of the Spotify music service. While Reddit, an entertainment-
informational service, does not have a recommendation system,
research [9] describes methods for predicting the popularity
of individual posts on the platform using machine learning
techniques. Many studies are dedicated to comparing content
personalisation methods [10-14], as well as their improvement
[15, 17, 18].

Authors [19] investigated the creation of a universal content
recommendation model, proposing the use of deep GRU networks.
At the same time, [12] utilised a classical item-based collaborative
filtering algorithm with its inherent “cold start" problem.

The study aims to analyse content recommendation methods
in contemporary information and entertainment services, taking
into account the diversity of data types of recommended items.

2. Analyze of Content-based filtering methods

2.1. Classification of filtration methods

Modern digital distribution services, online stores, social
networks, music platforms, news websites, and other information
and entertainment resources share a common goal - to attract more
users and increase interest in their product or service. On the one
hand, attracting potential users is a relatively easy task, having
interesting and, most importantly, necessary content, as targeted
advertising and marketing technologies are generally well-
developed and popular. However, on the other hand, it is not
enough to simply attract people to a specific website;
it is also necessary to satisfy their needs so that, based on
a positive experience, users return to the service in the future.
Users have different needs depending on the service type, such
as purchasing a specific product, watching a movie, or finding
relevant news. There are recommendation systems to enhance user
experience with such resources. They help find the necessary
information while considering the content consumer's needs
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and preferences. Examples of such systems include
recommendations of similar products, automatic music playlists,
unified social media feeds or news, and predictions of films
or series that you may like. This functionality is utilized
in the most popular modern web services.

Thanks to recommendation systems, the convenience of using
a service is enhanced, thereby improving the resource's
competitiveness. Given this, a lot of recommender systems have
been created for specific tasks. However, they can be classified
according to basic filtering methods (Fig. 1) [10].

Filtering methods

F 3 ¢ N i ¢ ™ ¢ R ¢
Content-based Collaborative Kneowledge-based [ Hybrid ]
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Model-based Memory-based Hybrid
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Fig. 1. Classification of content filtering methods
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2.2. Method of content filtering

Content-based filtering is based on the user's interaction with
the elements of the service, utilizing the objects’ properties
to improve future recommendations. Based on ratings or implicit
indicators (such as viewing time, comments left, or “share” button
usage), the system collects and accumulates data to create a list
of preferred content features. Considering the gathered data,
a dataset is formed with properties likable to the user. The method
is schematically depicted in Fig. 2.

Content-based recommender systems use various models
to find similarities between elements, such as vector-based models
(for example, Term Frequency Inverse Document Frequency-
TFIDF; latent semantic analysis [21]) or probabilistic models
(decision trees; neural networks or Naive Bayes Classifier) [11].
Properties used for similarity analysis may include object
category, genre (of a movie), author, duration (of video or audio),
textual description, and other metadata. In addition to this data,
user data may also be used, such as region, gender, age,
and others, if provided by the service.

Considering the characteristics of the content-based
filteringmethod, there is a dependency between the type of content
and the associated metadata inherent to it. Therefore, there
is a scalability issue in recommendation systems. As a result, its
usage is often limited to specific domains, making the method
narrow-focused [22].
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Fig. 2. Scheme of recommendation using a content filtering method

2.3. Collaborative Filtering Method

Unlike content-based filtering, the collaborative filtering
method accumulates and uses data on user interaction with system
elements to predict recommendations. This method is popular
among online stores because rating and reviews systems are
prevalent in e-commerce services, making the method more
efficacious [23].

According to the algorithms used, collaborative filtering
methods are classified as Memory-Based, Model-Based,
and hybrid methods.

Memory-based techniques (also known as neighbourhood-
based approaches) rely on finding similar elements or users based
on their usage experience. The system stores user-item
relationships in an interaction matrix, from which K nearest
neighbours (K-Nearest Neighbours) are selected, and N objects
are generated based on their weighted average ratings [14].
Notably, explicit user ratings are used within this technique,
represented by a rating scale most often.

Model-based collaborative filtering methods use a specific
model of user interaction with content. These models are based
on statistical methods or machine learning techniques, such
as clustering, Bayesian, dimensionality reduction, probabilistic
matrix  factorization, and latent variable models [14].
The technique involves constructing a model based on user rating
data or a system dataset for further recommendations without
referring to the actual content data during service usage.

The hybrid technique of collaborative filtering combines
approaches from memory-based methods with those based on
models to address the drawbacks of both approaches and enhance
the accuracy of recommendations. However, it is more complex
to implement. The main drawback of collaborative filtering

methods is the "cold start" problem [12], which arises due
to the lack of information about preferences for new users or the
scarcity of features for new items in the system. Additionally,
there are problems with data sparsity, as many users do not
provide explicit ratings, resulting in sparse rating matrices that
complicate finding the nearest neighbours and forming
recommendations.  Model-based  systems help  alleviate
the negative impact of data sparsity by incorporating implicit
item evaluations. Furthermore, the problem of "grey sheep"
is prevalent, wherein a user's preferences do not align with those
of their neighbours.

One of the methods to solve the "cold start" and "grey sheep"
problems is knowledge-based filtering. This method allows
to recommend new items in the system, or those that do not have
enough interactions or user rating, by using deep knowledge
of the subject area and user requirements. Knowledge-based
recommendations are generated based on two approaches: case-
based and constraint-based. In the first case, objects similar
to those that meet the user requirements are recommended, formed
from experience and represented by "cases", which, in turn,
consist of a "problem-solution" pair. Regarding the second
approach, recommendations are formed using rules that define
the relationship between user requirements and object
characteristics. Such recommendation approaches are suitable
for systems where the user is willing to spend more time
defining rules to obtain more accurate and personalized
recommendations [24].

Thus, a knowledge-based method addresses the problem
of diversity, enabling the broadening of recommendations.
However, it is narrow-focused and requires the creation of rules
or case formation dependent on the service domain and demands
deep knowledge about the recommended objects.
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2.4. Hybrid Filtering Method

Hybrid methods involve using two or more methods within
a single recommendation system to reduce the disadvantages
of individual methods while simultaneously leveraging their
strengths. For example, this could entail combining content-based
and collaborative filtering methods or integrating collaborative
filtering with a knowledge-based approach, among other
combinations.

Work [14] mentions three aspects of the operation
of the hybrid model: content and collaborative filtering work
independently of each other, and their evaluations are combined;
some characteristics of collaborative filtering are used
in the content model, and the content model calculates the final
rating; or the use of content-based filtering characteristics
in the collaborative model to determine recommendations.
However, in work [16], seven aspects of using the hybrid model
are mentioned, such as combining ratings of each method using
weights for each of the results; switching between models
depending on the situation (which in turn adds flexibility
to services with different types of represented content);
simultaneous display of elements using different methods within
the same service; combining functions of different approaches into
a single recommendation; cascading refinement of the results
of one method by another; expanding the array of input data
of one approach by the output results of another; and the meta-
level, where the entire model created using one method is used
by another.

It is evident the use of multiple filtering methods within
a single recommendation system allows for the usage
of all available information regarding both content units
and the entire service system. Hence, there are discrepancies
in the classification of hybrid recommendation system usage
aspects.

Along with the wide variability in the use of hybrid methods
comes complexity in implementation, namely developing
a mathematical model, considering all necessary parameters
and factors during implementation, and  scalability
of the developed system. Considering the wide possibilities
of using different approaches and system data, it is possible
to develop a custom recommendation system that will be free from
the main known drawbacks of individual content filtering methods
while simultaneously leveraging their advantages. At the same
time, using data regarding the type and properties of content units
allows for flexible use of the developed model without being
limited solely to knowledge about content or interaction between
users and system elements.

Therefore, for the future developed recommendation system,
which will be designed as an API for web service developers,
it is advisable to use a hybrid method, combining collaborative
filtering based on the model of user interaction with content,
combined with content-based filtering considering the content
properties including searching for similar items based on both
explicit and implicit indicators.

3. Conclusions

The result of the research is a description and analysis
of methods used for content filtering and recommendation forma-
tion in recommendation systems. The usage of recommendation
systems in modern information services and entertainment
platforms with different types of content was analyzed.
Classification of content filtering methods based on basic filtering
techniques was presented, detailing the operation principle of each
(content-based filtering, collaborative filtering, knowledge-based
filtering, and hybrid filtering methods) with their advantages and
disadvantages. To meet the need for a filtering method for further
development of a universal recommendation system that can be
used by any service regardless of the content type to recommend,
a hybrid content recommendation model combining collaborative
filtering based on the model and content-based filtering
was chosen.
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