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MOJUPIKALIA METOAY KOJIABOPATUBHOI ®LIbTPALIl TUITY ITEM-BASED

Y Oaniti cmammi npeocmaeneno 80ockomaneHuti nioxio 0o QopmyeaHHs pekomeHOayill HA OCHO8I
KonabopamugHoi ginempayii muny item-based, AKull iHmezspye ceMaHmMuyHi ma 4acosi YUHHUKU pA30M i3 Memooamu
Kkaacmepno2o  ananizy. OCHOHOIO Memol0  3anpOnOHOSAHUX YOOCKOHANEHb € 3HUMCEHHA  00YUCTIO8AIbHO2O0
HABAHMAICEHHA HA PEKOMEHOAYIUHULL MOOYIL Ma NIOBUWYEHHS PelesaHMHOC CHOPMOBAHUX PEKOMEHOAYIll WIAXOM
BUKTIIOYEHHS KOHMEHMY, WO He MA€E CMUCNI08020 HAGAHMAJICEHHS, I3 OOHOUACHUM 30epediCeHHAM KOHmeKcmy nio uac
2enepayii pekomenoayill 051 KOpUCMy8awig. Y meoicax peanizayii aneopummy GUKOPUCMAHO MEeMOOU KOAAbopamueHoi
@inompayii 6 xombinayii' 3 areopummom xkracmepusayii HDBSCAN, wo 3abesnewuno epekmueny o6poOKy 6eiuKux
00ca2i8 danux. 3acmocysants CeMAnMUUHUX Ma Yaco8ux Xapakmepucmux 06'eKmia 0ano 3mMozy icromuo nioguuumu
MOYHICMb ANPOKCUMAYIl OYIHOK KOpUCmMysauie i, 8iON0BIOHO, AKICMb NePCOHANI308aHUX pekomeHnOayil. Kpim moeo,
3anponoOHO8AHO Memoo onmumizayii 06poOKU OaAHUX 3 YPAXYBAHHAM OUHAMIKU 3MIH IHMeEpPecie KOPUCMYBAYI8 ) 4ACOBOMY
po3pisi. Pospobrena cucmema maxooic nepedbauae Mo*CIusicms Kiacu@Qikayii KOHmenmy 3a penesanmuuMuy O3HAKAMU,
wo cnpuse nioguwennio mounocmi ginompayii. Ilpoyedypa nonepednvoi 06podku nepeddbauae azpezayilo OAHUX i3
NOOANbLUUM 3ACMOCYBAHHAM Klacmepu3ayii, wo 0036014€ 3MEHWUMU OOHUUCTIOBANbHY CKAAOHICIb (QOPMYBAHHS
pexomenoayit. ObyucieHHs nodibHoCmi Midc 00'ekmamu 30iUCHIOEMbCS 3 YPAXYBAHHAM K YACOBUX, MAK | CEMAHMUYHUX
xapaxkmepucmux. Po3pobneno npozpammne 3abesneyenus O MeCcmy8anHs 3ANPONOHOBAHO20 ANCOPUMMY HA PI3HUX
Habopax danux. Excnepumenmanvha nepesipka 3anponoHo6aH020 ni0xo00y HA PI3HUX 0amacemax npooemMoHCmpy6aad
1020 nepesazu HA0 OA308UMU MEMOOAMU 3a KpUMeEPIAMU MOYHOCIT Ma NPOOYKMUEHOCMI.

Knrouosi cnosa: pexomenoayivini cucmemu, memoo KonabopamusHoi irtempayii muny item-based,
KIACMEePHUT QHAi3, Memoo ceManmuinol nodibnocmi, yacosuil paxkmop.

YEVHEN IVOKHIN, GLIB SHELYAKIN

Taras Shevchenko National University of Kyiv

MODIFICATION OF THE ITEM-BASED COLLABORATIVE FILTERING METHOD

This article presents an improved approach to generating recommendations based on item-based collaborative filtering,
which integrates semantic and temporal factors with cluster analysis methods. The main goal of the proposed improvements is to
reduce the computational load on the recommendation module and increase the relevance of the generated recommendations by
excluding content that has no semantic meaning, while preserving the context when generating recommendations for users. The
algorithm uses collaborative filtering methods in combination with the HDBSCAN clustering algorithm, which ensures efficient
processing of large amounts of data. The use of semantic and temporal characteristics of objects made it possible to significantly
improve the accuracy of user rating approximations and, accordingly, the quality of personalized recommendations. In addition, a
method for optimizing data processing was proposed, taking into account the dynamics of changes in user interests over time. The
developed system also provides for the possibility of classifying content according to relevant criteria, which contributes to increased
filtering accuracy. The preprocessing procedure involves data aggregation followed by clustering, which reduces the computational
complexity of generating recommendations. The similarity between objects is calculated taking into account both temporal and
semantic characteristics. Software has been developed to test the proposed algorithm on different data sets. Experimental verification
of the proposed approach on different datasets has demonstrated its advantages over basic methods in terms of accuracy and
performance.

Keywords: recommendation systems, item-based collaborative filtering method, cluster analysis, semantic similarity method,
time factor.
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Introduction
Collaborative filtering as a method of building recommendation systems emerged as a result of the rapid
development of the Internet, when it became almost impossible to extract the necessary information from all the available
information, and there was a need to search for mechanisms for its effective filtering. This search led to the development
of algorithms that could measure the “similarity” between the preferences of a particular person and the preferences of
others, and provide reasonable recommendations about what might interest a person in the future.
An example of such approaches is the method of using a collaborative filtering algorithm based on user
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information (user-based) and on comparisons of recommendation items (item-based). In our study, we decided to use the
item-based method because it not only allows for a more “robust” assessment, but can also speed up data processing,
since there are usually fewer products on the service than users, which in turn allows us to store less data.

However, given the growth in content and users, the computing power of servers may be insufficient for the
effective operation of the above method. This study proposes to take into account the fact that user interests may change
over time and that content can be divided in advance into subsets according to certain criteria (classified or clustered),
which will allow the recommendation system to process data faster. As part of the study, an attempt was made to improve
the item-based collaborative filtering method based on comparing objects using the time factor and semantic similarity
and through the application of cluster analysis techniques.

Analysis of recent research and publications

The relevance of the issue under consideration is confirmed by contemporary Ukrainian scientists (Kulyagin I.,
Narozhny V. [1]; Kucheruk V., Glushko M. [2]; Leshchynskyi V., Leshchynska I. [3]) and foreign studies (Berkovsky S.,
Cantador 1., Tikk D. [4]; Hinneburg A., Keim A.D. [5], Horasan F., Yurtttakal A., Gunduz S. [6], Lafia N., Capra L., Hailes
S. [7], Marappan R. [8], Natarajan S., Vairavasundaram S., Natarajan S.[9], Qin Lui [10], Sander J. [11]) and others.

In particular, Kulagin A.I., Narozhny V.V., Tkachov V.M., Kuchuk G.A. [1] investigated methods for building
recommendation systems to solve the problem of selecting the most relevant video when creating virtual art compositions.
Kucheruk V.Yu., Glushko M.V. [2] proposed an improvement to the “Item to Item” algorithm of the collaborative filtering
method for developing recommendation systems based on the cosine measure by assessing relevance. Leshchynskyi V.A.,
Leshchynska I.A. [3] improved the collaborative filtering method with implicit feedback based on ranking negative results
in the input data matrix.

Birkovsky S., Santador 1., and Tikk D. [4] conducted a thorough analysis of algorithms that can be used for
content recommendations, considered the challenges that may be encountered during the development of recommendation
systems, and proposed practical applications of optimization methods. In the work of Hinneburg A. and Keim A.D. [5]
propose a new algorithm based on kernel density estimation for clustering in large multimedia databases, in which clusters
can be identified by determining density attractors, and clusters of arbitrary shape can be easily described by a simple
equation of the total density function. Neil Laffia, Licia Capra, and Stephen Hailes [7] proposed the use of a time function
that gradually reduces the weight of older views when calculating the rating. This approach allows the system to focus on
more recent interactions, which better reflects users' current interests and increases the relevance of recommendations.
Qin Lui [10] proposed a new way of selecting users for the user-based method by dividing user features (attributes) into
linear and hierarchical ones. In addition, he developed a new quantitative assessment formula, which he called User
Attention, to calculate the similarity of users based on their preferences, as well as an index, which he called Project
Popularity. Sander J. [11] generalized the well-known DBSCAN algorithm (called GDBSCAN), which allows point
objects and spatially extended objects to be clustered according to their spatial and non-spatial attributes. In addition, he
presented four applications using 2D points (astronomy), 3D points (biology), 5D points (earth sciences), and 2D polygons
(geography), which demonstrate the applicability of GDBSCAN to real-world problems.

The goal of the study was to improve the item-based collaborative filtering method by applying the time factor,
semantic similarity, and data clustering.

To achieve this goal, the following tasks were set:

1) To analyze the item-based collaborative filtering method.

2) To improve the item-based collaborative filtering method by applying time and semantic factors, as well as
the HDBSCAN data clustering method.

3) To develop software to verify the effectiveness of the proposed modification.

4) To verify and analyze the effectiveness and constructiveness of the results obtained for data from different
content areas.

Methods

The main research methods are based on the use of analytical techniques and conclusions regarding the impact
of semantic, temporal, and group indicators on the improvement of collaborative filtering algorithms and HDBSCAN
cluster analysis.

Problem statement

Let us consider the procedure for making a certain decision, taking into account the available set of
recommendations. Suppose that the objects of the recommendations are certain entities, the characteristics of which can
be divided into three groups:

1. Ratings. An assessment is understood to be a numerical value that is limited from below and above, for
example, from 1 to 5, from 0 to 1, etc.

2. Textual information. Textual information is considered to be a finite list of characteristics of each object.
Textual information includes, for example, descriptions, names, summaries, etc.

3. Time information. Time information refers to data about the time a user performs a certain action on an object.
For example, the time when a user left their verbal (verbal) or non-verbal (numerical) feedback.

The task is to develop an algorithm that can be used to obtain approximations of user ratings using the above-
mentioned characteristics without restrictions on the domain (problem) area, and which allows this to be done faster and
with less error than the naive collaborative filtering method.
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Results and discussion
First proposed by Goldberg in 1992 [12], the collaborative filtering method is based on user’s responses to
content. The main goal of the method is to calculate the rating of content that the user is not yet familiar with, using
information about their previous reactions. The closer the rating is to the actual rating, with a reduced margin of error, the
higher the quality of the final recommendation will be. As an example, let's consider any platform that provides
recommendations based on users’ preferences.

LinkedIn is a professional networking platform that allows users to create detailed profiles highlighting their
work experience, education, skills, and achievements. LinkedIn serves as a hub for professionals to connect, share industry
insights, and explore career opportunities.

LinkedIn's recommendation system personalizes content and connection suggestions to increase user
engagement. This system uses the following combination of methods:

1. Collaborative filtering: analyzes user interactions, such as profile views, connections, and endorsements, to
identify patterns and recommend relevant content or connections.

2. Content-based filtering: Checks user profile attributes, including job titles, skills, and industries, to suggest
connections and content that match the user's professional experience.

3. Natural language processing (NLP): Processes text data from user profiles, posts, and articles to understand
contextual connections and recommend relevant content.

4. Graph-based algorithms: Uses a network structure of connections to identify and suggest potential connections
within the user's professional circle.

By integrating these methodologies, LinkedIn provides personalized content feeds, connection suggestions, and
job recommendations, contributing to a more engaging and personalized users’ experience.

Collaborative filtering is also used by such well-known platforms as Amazon, Temu, YouTube, Netflix, Spotify,
Instagram, and others, as the advantages of this method are:

1. Independence from a specific domain area. The implementation of the method does not depend on the specifics
of its use, which allows it to be applied in any field with almost no changes to the mathematical apparatus.

2. Transparency of the method. Differences from machine learning models make it possible to verify the
correctness of the calculations and logic of the method at each iteration of the system, which greatly simplifies the
development of recommendation system software.

3. Does not require a large number of input parameters. For the method to work correctly, a feedback matrix
(user ratings) is sufficient, which distinguishes it from systems that require a significantly larger number of input
parameters.

To obtain the most objective assessment of a recommendation system, it is necessary to have as many user ratings
and methods for analyzing them as possible. Thus, the use of collaborative filtering allows for more accurate
recommendations to users based on their own reactions to content.

It follows from the above that the main concepts used in the methodology are user (a person who must be
registered on a certain service and has the ability to view, rate, purchase content on it, etc.); content (the content of the
site with which the user interacts within the service and which can be evaluated by users based on a set of metadata, such
as description, title, cost, tags, etc.); rating (determined by a numerical value from a set of natural numbers, which is
limited by zero at the bottom and some positive integer at the top) and recommendation (a set that may consist of a group
of meaningful suggestions (descriptions) that will be created by the recommendation system for the user).

Users’ ratings for objects on a registered service are conveniently presented in the form of a matrix R = {R,},

u =1,n,i =1,m, n-number of users of the service and m - number of objects.

Let us consider an arbitrary user of the service, which is identified by a certain serial number u, u = 1,n. The
task is to approximate the possible user rating u in terms of an object i, i = 1, m.

The approximation procedure can be described as follows:

1. For each object i, we calculate how similar it is to object i.

2. We form a set of objects that are most similar to object i.

3. Calculate the rating of object i based on the ratings from the set of most similar objects.

Now let's describe each of the steps in this procedure in more detail. Since each object corresponds to a column
of the matrix, we will calculate the similarity measure by columns, using, for example, the normalized sample correlation

coefficient. The formula for estimating similarity sim(i, 1) of the objects i and { can be presented as:
Sii=1(Riy ~Ruw)(Rjy~Ru)

Jm:l(kiu—iuﬁ}zﬁ=1(Riu—Eu)2

2

+1

(1)

sim(i,1) =
where R, — average user’s rating u.
The resulting similarity value has the following properties:
- sim(i,7) € [0,1];
- sim(i,7) = 0, in the absence of user’s ratings or any similarity between objects, or equal to 1 if the objects
are as similar as possible in terms of ratings.
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We then select a specified number of objects s > 0,that are most similar to the selected object i. To do this, we
need to sort the obtained values in descending order and select s of the first objects. Sorting will ensure that the first s
objects will have the highest similarity values, which are close to 1.

By renumbering these objects, we will calculate what possible rating a user # would give to the object i. This can
be done using the weighted average formula:

_ Y, Riysim(id)
Piu = Z§=1sim(i,i) . (2)

The essence of this assessment is that the greater the similarity between objects i and i , the greater the
contribution of object i to the final assessment is.

A key improvement in the study is the introduction of an “aging” function, which increases the system's
adaptability to changes in user preferences. Thanks to this, greater weight is given to recently viewed content, while the
influence of outdated interactions (e.g., views made a week, month, or year ago) gradually decreases. This mechanism
avoids generating irrelevant or outdated recommendations. The “aging” function is used in the form of f(t) = e~¢, 0 <
t <o, f(t) € [0,1] and ensures a smooth decrease in value over time, which corresponds to the natural change in the
relevance of data. Thus, the further back in time an event is, the less influence it has on recommendations.

The algorithm for using the aging function is as follows:

1. Calculate the value of the “aging” function for the time information indicator for each object.

2. Sort the obtained values in descending order. This will ensure that objects that have been viewed recently will
have a greater impact on the recommendation.

3. Chose first v > 0 objects objects that are currently trending with the user and, accordingly, have a greater
influence on what they want to see.

The proposed modification will also contribute to improving the quality of recommendations, as the system will
focus on user’s interests, which change during content viewing, thereby expanding the thematic diversity of the proposed
materials. Of particular importance is the identification of the trend toward novelty — the tendency of users to consume
current content. In this context, taking time characteristics into account allows the system to provide recommendations
focused on the latest materials that meet the current demands of the audience.

Semantic analysis plays a key role in the development of modern recommendation algorithms, as textual
information contains multidimensional semantic characteristics that allow for deeper modeling of user preferences. Often,
traditional metrics such as rating, duration, or viewing frequency cannot accurately reflect users' true attitudes toward an
object. For example, a situation where a user does not watch a movie to the end but leaves a positive review may indicate
that they liked the plot or the acting, even though they did not finish the movie itself. In another case, a user may give a
product a low rating not because of its quality, but because of problems with delivery or service. Similarly, on social
networks, the number of “likes” on posts does not always correspond to the actual popularity of the content, since “likes”
can be artificial, provided by accounts that are not real users.

Text data provides a deeper understanding of user preferences, which significantly improves the relevance and
personalization of recommendations and helps to generate recommendations that correspond to the user's sociocultural
context. In order to take into account the semantic factor, let us introduce the following concepts: M — a set of textual
information that reflects the essence of a certain object i. Each element of the set is a vector (a,, a, ..., ag), where a; is

some textual representation of the j attribute of the current object j = 1, K. As mentioned earlier, these can be descriptions,
reviews, technical specifications, testimonials, and more. Then the measure of proximity between two objects ¢ and i
can be represented by the following formula:
vK sim(iq.iq.)

SiMpmera (i, 1) = %‘1]"-] (3)
where sim(ia]., ia].) — similarity coefficient of ; characteristics of the objects i and I by using, for example,

Siamese neural networks as evaluators.

Siamese neural networks are a class of neural networks used to compare two inputs and determine their
similarity. These networks are called Siamese because they consist of two identical subnetworks, each of which processes
one of the inputs and then combines their outputs.

Let's take a closer look at their structure and how they work. During training, the network accepts three values
as input (wy, w,, s), where w;, w,— vector representations of a text,s € {0,1}— expected similarity index between w,
and w, (1 — similar, 0 — different). Each subnetwork receives one vector, and both vectors undergo the same processing
(the number of layers in the networks, their type, and parameters are completely identical). The last, common layer
receives two resulting features at the input and determines their similarity by measuring the Manhattan distance between
the two features: e(~1"17v2l) € [0,1], where v, and v, — signs obtained at the output of subnets. The goal of training is to
minimize the distance between similar objects and maximize it between dissimilar objects.

Siamese network architecture is a powerful tool widely used in tasks such as text similarity assessment, image
comparison, etc. In the context of text similarity analysis, a Siamese network takes two text fragments as input,
simultaneously encodes them using a shared embedding layer, and then compares the encoded vectors to evaluate their
similarity or difference.

The main advantage of Siamese networks is their ability to learn from pairs of data with known similarity, making
them ideal for tasks where similarity needs to be measured using labeled data. During training, the network minimizes
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the contrastive loss function, which encourages the model to distinguish between similar and dissimilar pairs of input
data, ensuring high accuracy in detecting differences or similarities between objects.

Research shows that Siamese networks effectively solve various tasks related to similarity measurement,
including searching for similar texts and images. In addition, they have been adapted to more complex architectures, such
as triplet networks, which use three inputs instead of two. In this case, the network learns to evaluate the distance between
a positive and negative example, allowing for even more accurate results in complex comparison tasks. Triplet networks
add another level of complexity and accuracy, allowing them to work effectively with more complex and
multidimensional data.

Let us formulate a data preprocessing (data aggregation) procedure for the collaborative filtering method based
on object comparisons using the clustering method. The procedure consists of the following steps:

1. A similarity matrix of objects is constructed using the available data in the sample.

2. A clustering algorithm is used to divide the set of objects into corresponding clusters.

3. Data about the corresponding clusters is stored for future use.

Let's define a square symmetric matrix S = {S;;}, i,j = 1,m,S; i = Sji , where m — a number of objects on the
service, S;; — similarity assessments i-th and j-th objects. This allows to store assessment results in a database and
calculate assessments offline, taking into account that the number of objects is growing rather slowly. This also has a
positive effect on the speed of data updates.

Another approach to improving the recommendation process is to use clustering methods to group information.

The HDBSCAN algorithm is a powerful tool for data clustering that successfully addresses issues related to
determining the number and shape of clusters, as well as filtering out noise points. One of the key advantages of this
method is the use of the density-based clustering principle, which has become popular due to its ability to process complex
data structures and provide accurate results.

HDBSCAN has a built-in automatic parameter tuning system that allows it to independently determine the
optimal values for parameters such as minimum density and cluster radius. This greatly simplifies the process of using
the algorithm and reduces the need for manual tuning, making the method accessible even to users without in-depth
knowledge of parameter tuning. In addition, HDBSCAN is quite fast and scalable, allowing it to work effectively with
large amounts of data.

One of the features of HDBSCAN is its ability to detect clusters of any shape, including complex structures with
intertwining or narrow gaps. In addition, this method is good at detecting noise points and can separate them from real
clusters, providing even greater clustering accuracy. This approach allows you to obtain high-quality results in a variety
of tasks, including creating personalized recommendations for users based on information similarity.

Let's consider how the algorithm works.

1. A “neighborhood matrix” is constructed—the distances between each pair of points are calculated and a
neighborhood matrix is created. This allows denser areas to be separated from less dense areas.

2. A “minimum spanning tree” is constructed — a minimum spanning tree is calculated based on the neighborhood
matrix. A minimum spanning tree is a graph that connects all points but has the smallest possible total weight.

3. A “segmentation tree” is constructed — a segmentation tree is calculated from the minimum spanning tree. The
segmentation tree divides clusters into subclusters and increases the accuracy of clustering.

4. Based on the segmentation tree, a set of clusters that best describe the data is determined.

After using the HDBSCAN algorithm, it is necessary to save the obtained clusters, thereby performing
preliminary data processing/aggregation, which can reduce the time required to generate recommendations and the
complexity of the necessary calculations before the algorithm starts working. When using raw data, the recommendation
algorithm must perform additional data processing and grouping during execution. This usually takes a long time and
requires significant computing resources.

Based on the above similarity assessment methods, we can derive the final algorithm for calculating the object
rating, which will look like this:

Let’s take

UQ, 1) = a * simpary (0, D, “4)

where simy, .. (i,1) € [0,1] — the degree of similarity between objects assessed by users, and @ € [0,1] —

weighted coefficient responsible for the magnitude of the assessment's impact sim,, 4., (i, 1) on the final assessment of
the object.

Similarly, we define

V(l, i) = .8 * Simmetu(i' i)5 (5)

where simy, .., (i, 1) € [0,1] — measure of similarity between objects based on comparison of their metadata, and

B € [0,1] — weight coefficient responsible for the magnitude of the assessment's impact Sim,eqq (i,7) in the final
assessment of the object.

Then, the final similarity (proximity) score of objects i and f, can be recorded using the above values:

SiMyypria (LD = (UG D +V(Q,D)/2. (6)

It is evident that the proposed similarity assessment fully coincides with the properties of the collaborative
filtering method based on object comparisons.

Now let's construct the final formula for calculating the user rating u for an object i taking into account aging
and semantic factors:
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To verify the proposed improvement, experiments were conducted based on the developed software, which was
created using the Python programming language and the free VS Code code writing environment.

The adequacy of the proposed method was verified using data sets from various problem areas, and the speed of
recommendation calculations was measured.

The diagram (Fig. 1) shows the average speed of calculations for the corresponding approximations (the dotted
line indicates the time required to execute the modified algorithm, taking into account the number of elements in the
clusters, and the solid line indicates the time required to execute the naive algorithm. Since the naive method does not
take into account our modifications, the execution time does not depend on the number of elements in the cluster). These
data confirm that the modified algorithm demonstrates a faster mode of operation compared to the naive method.

Execution Times of Nalve and Modifled Tmplementations
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Fig. 1 Comparison of the speed of naive and modified methods

As an example of the practical application of the proposed method, a movie rating service was considered and
possible errors in the results of recommendation formation were analyzed.

The results of statistical observation of the procedure for evaluating various recommendation objects by users
were obtained. Figure 2 shows the number of objects involved in the recommendations on the x-axis. The y-axis shows
the corresponding error value in the form of the root mean square deviation. The number of users involved in the
experiment is 200. The values obtained for the modified method are marked with a dotted line, and for the naive method
— with a continuous line. As can be seen from Fig. 2, the modified algorithm gives a smaller error than the naive method.
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RMSE of Nalve and Modifiod Implementations
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Fig. 2 Comparison of error values between the naive and modified methods

In another example (generating recommendations in the field of music tapes), statistical observation results were
also obtained for the calculated error comparison results for the modified and naive methods. Here, the number of users
involved in the experiment was 150. As can be seen in Fig. 3, the modified algorithm gives a smaller error than the naive
method.
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RMSE of Noive and Modifled Implomentations
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Fig. 3 Comparison of error values between the naive and modified methods

Conclusions

The described approach to modifying the item-based collaborative filtering method by introducing a time factor,
semantic similarity, and data clustering is relevant for modern recommendation systems, as its goal is to improve
algorithms that allow recommendation systems to more accurately predict user interests by applying new methods that
take into account not only the similarity between objects, but also semantic analysis of content and changes in user
interests over time.

The developed software made it possible to use the proposed modification in various problem (domain) areas.
The results of the study show that applying modifications to collaborative filtering significantly improves the speed of
calculations and the accuracy of recommendations. The modified algorithm has fewer errors, which improves the quality
of service for users in various areas, such as movie or music track ratings.

Based on the experiments conducted, it can be concluded that the proposed methods work effectively on real
data. An important feature is that the modification significantly reduces processing time and improves the accuracy of
results, confirming the effectiveness of the proposed modification of collaborative filtering algorithms and its usefulness
for modern recommendation systems that work with large amounts of data and changing user interests.
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