60-s FObunelinas Hayunas Kongbepernuusa Acnupanmos, MazucmparHmos u CmydeHmos BEI'YUP,
MuHck 2024

44. THE EFFICACY AND CHALLENGES OF RECOMMENDATION SYSTEMS:
A FOCUS ON THE SBLO ALGORITHM

Novikova D.M.

Belarusian State University of Informatics and Radioelectronics
Minsk, Republic of Belarus

Sinkevich L.E. — Senior Lecturer

The aim of this paper is to examine the efficacy and challenges of recommendation systems, with a specific focus on the SBLO algorithm,
in order to gain a deeper understanding of their impact on user experiences. The potential issues such as privacy concerns, biases, and
content dependency are highlighted.

Recommendation systems have become an integral part of our digital landscape, providing personalized
guidance amidst the vast array of content and products. Employing intricate algorithms, these systems analyze
user preferences and forecast future interests, enhancing the user experience. Particularly prominent within
social networks, recommendation platforms facilitate content discovery, fostering social connectivity and user
interaction. These systems rely on complex algorithms to display relevant content and elements based on user
preferences and patterns. For example, content-based filtering algorithms analyze item attributes to provide
recommendations, while collaborative filtering algorithms leverage the experiences of similar users. The
evolution of recommendation systems brings forth considerations of privacy, fairness, and user control. By
advancing research, society can unlock the full potential of recommender systems to enrich digital
experiences.

Nonetheless, researchers emphasize that the utilization of recommendation algorithms in various
domains presents certain challenges that need to be addressed. One prominent concern revolves around
privacy, as the extensive collection and analysis of user data are often required for effective recommendations.
The potential risks associated with data security and unauthorized access to personal information raise valid
apprehensions among users and privacy advocates.

Another critical aspect to consider is the potential for recommendation algorithms to amplify existing
biases and contribute to discrimination. These algorithms heavily rely on historical data, which may reflect
societal biases and inequalities. If not carefully monitored, recommendation systems can perpetuate and
exacerbate these biases, leading to unfair treatment and limited opportunities for certain individuals or groups.

Furthermore, there is a growing concern about the impact of recommendation algorithms on content
dependency. By constantly tailoring recommendations to users' preferences and interests, these algorithms
can inadvertently limit exposure to diverse perspectives and a new content. This content homogenization may
hinder serendipitous discoveries and impede the exploration of alternative viewpoints, potentially leading to an
echo chamber effect. It represents a situation in which certain ideas or beliefs are reinforced by the
transmission of a message or its repetition within a closed system.

Recommender systems can be personalized or non-personalized, depending on how well they take into
account the individual preferences of users. There are four main types of personalized algorithms [1]. The first
type is content-based systems, which analyze information about the content of offers and recommend similar
ideas based on their characteristics. The second type is collaborative filtering, which takes into account the
experiences of other users with similar interests and recommends information that they rated positively. The
third type is knowledge-based systems, that is, recommendations are formed taking into account expert
opinion. And finally, hybrid recommender systems, which combine different approaches and methods to
provide more accurate and varied ideas.

To assess the quality of recommendation algorithms, a diverse range of metrics is employed [2]. Among
these, the Area Under the Precision-Recall Curve (AUPR) holds prominence, as it gauges ranking quality by
considering both precision and recall. Precision (Pre) quantifies the proportion of pertinent documents among
those selected by the model, while Recall (Rec) measures the proportion of selected documents by the model
in relation to all relevant documents. The F-score, which provides an aggregate measure considering both
precision and recall, is the harmonic mean of these two metrics. Information Gain (l) assesses the model's
ability to effectively separate positive and negative examples, while the Harmonic Mean Rank (H) is utilized to
evaluate ranking quality. Furthermore, Popularity (Pop) can be employed to gauge the frequency with which a
recommended item appears in the dataset. In Figure 1 the best results for all metrics are highlighted in bold.

From the table presented in Figure 1, you can see that the SBLO algorithm outperforms other algorithms
in terms of AUPR, precision, recall, and F-score for all users. It is also competitive with the CosRA+T algorithm
in terms of hamming distance and popularity. However, some algorithms that take into account both historical
behaviors and social relationships perform poorly in terms of intra-similarity, meaning that their
recommendation lists for individual users tend to be similar. WWhen social relationships are considered, the
probabilities of recommending objects from the same social community are increased. On the other hand, the
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CosRA+T algorithm excels in intra-similarity by recommending niche or unpopular objects with higher
probabilities [2].

Algorithms AUPR Pre Rec F I H Pop
MD 0.0204 0.0142 0.2355 0.0268 0.0968 0.9105 49
HHP 0.0210 0.0146 0.2390 0.0275 0.0920 0.9354 13
PD 0.0204 0.0145 0.2302 0.0272 0.0870 0.9515 39
CosRA+T 0.0224 0.0155 0.2444 0.0291 0.0947 0.9699 31
SocMD 0.0204 0.0142 0.2355 0.0268 0.0968 0.9105 19
RWR-based 0.0220 0.0150 0.2499 0.0282 0.1154 0.9178 47
SBLO 0.0239 0.0162 0.2682 0.0305 0.1047 0.9561 39
MD 0.0170 0.0149 0.1782 0.0275 0.0885 0.6627 170
HHP 0.0209 0.0171 0.1986 0.0314 0.0811 0.8453 122
PD 0.0197 0.0164 0.1878 0.0302 0.0746  0.8508 121
CosRA+T 0.0213 0.0175 0.2030 0.0323 0.0790 0.8849 107
SoeMD 0.0170 0.0149 0.1782 0.0275 0.0885 0.6627 170
RWR-based 0.0184 0.0153 0.1779 0.0282 0.0911 0.7831 144
SBLO 0.0220 0.0179 0.2059 0.0329 0.0816 0.9134 102

Figure 1 — Comparison of algorithms [2]

The Social Linear Optimization (SBLO) is a collaborative filtering algorithm that uses social and user-
object interaction networks to extract valuable social connections for recommendation purposes. The efficacy
of the SBLO algorithm is bolstered by employing linear optimization techniques in situations where no
relevance exists between social networks and user-object interaction networks. Exploring the relationship
between implicit factors and the probabilities of link formation between nodes holds significance, as it facilitates
the design of an objective function that aligns more aptly with the target dataset.

Algorithms considering social relationships alongside historical behaviors can enhance recommendation
performance for specific datasets, but not for all. The effectiveness of the SBLO algorithm relies on the
relevance between social networks and user-object interaction networks. Greater relevance leads to more
significant improvements in recommendation performance. However, if there is no relevance between the
networks, incorporating social relationships into SBLO does not enhance recommendation performance.

Figure 2 illustrates a simplified model for representing the influence of users' choices on their
recommendations. In this model, if a user i can influence a user j or if both users share similar interests, there
is a high probability that the user i will become friends with the user j's friend, denoted as | [2]. Simultaneously,
the useriis likely to select an object a, which has been collected by the user j. Implicit factors in this toy model
encompass common interests, peer influence, and other unidentified factors, all of which exhibit close ties to
users' social relationships and behaviors.
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Figure 2 — A toy model for the relevance between social relationships and interactions between users and objects [2]

Overall, the SBLO algorithm demonstrates superior performance compared to three classical algorithms
based on historical behaviors and three representative algorithms that incorporate both historical behaviors
and social relationships, as it is evidenced by accuracy metrics. Remarkably, SBLO also excels in providing
recommendations for inactive users and users facing the cold-start problem. Interestingly, SBLO proves to be
a worthy competitor to algorithms specifically designed to enhance diversity, such as Probabilistic Decoupling
(PD) and Hybrid Hierarchical Poisson (HHP).

It is important to note that the recommendation accuracy of the (CosRA+T) algorithm ranks second only
to SBLO. However, CosRA+T falls short in addressing the needs of cold-start users.

Thus, while recommendation systems offer significant benefits in terms of personalization and efficiency,
they also pose challenges related to privacy, bias, and content dependency. The SBLO algorithm emerges as
a promising approach to address some of these challenges. Nevertheless, further research is necessary to
optimize its performance and applicability in diverse contexts. Additionally, exploring alternative methods to
enhance privacy protection, mitigate bias, and promote content exploration and user control remains crucial in
the development of ethical and inclusive recommendation algorithms.
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