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Abstract—This paper discusses the growing importance of recommender systems in enhancing user experience
and information access in digital environments. It identifies challenges such as data sparsity, the cold-start
problem, and scalability, emphasizing the need for advanced machine learning techniques. Various methodologies
are explored, including collaborative filtering, content-based filtering, and hybrid approaches. Innovations like
graph-based collaborative filtering, graph neural networks, and deep learning are highlighted for addressing data
sparsity and complex data relationships. The paper also emphasizes attention mechanisms and sequential
modeling to resolve the cold-start problem and adapt to changing user preferences. It stresses the significance of
explainable Al for building user trust and transparency. Looking ahead, the paper anticipates advancements in
cross-domain recommendation models and the integration of diverse data sources to enhance personalization and
relevance. Overall, it advocates for sophisticated methodologies to overcome challenges and improve user
satisfaction in digital platforms, underscoring the role of innovation in the future of recommendation technologies.

Keywords : Recommender Systems, Collaborative Filtering, Content-based Filtering, Hybrid Recommendation
Approaches

1. Introduction

In the contemporary digital landscape, individuals are increasingly exposed to a wide range of information,
from e-commerce platforms to social media, from online education portals to streaming platforms. This deluge of
information poses a significant challenge for users in navigating and deriving the content that aligns with their
needs, a phenomenon that has been termed "information overload" and "decision making bias". In this context, the
use of intelligent systems that provide personalized content has become inevitable to increase user satisfaction and
facilitate content discovery. Recommendation systems, which are among such intelligent systems, provide
personalized recommendations based on users’ past interactions and individual preferences, thus facilitating access
to content that interests them (Burke, Felfernig, & Goker, 2011). These systems meticulously analyze user
behavior, preferences, and past activities to combat information overload and employ sophisticated information
filtering techniques to curate content that is relevant to the user's unique needs (Perez-Alcazar, Calderon-
Benavides, & Gonzalez-Caro, 2003). The effectiveness of these systems hinges on their ability to identify patterns
within user data, enabling them to predict future preferences accurately (Resnick & Varian, 1997). Their goal is to
minimize the disparity between predicted and actual ratings, which significantly enhances overall user satisfaction
(Lu, Wu, Mao, Wang, & Zhang, 2015).

Despite their advantages, recommender systems face challenges such as the "cold start" problem, which occurs
when new users or items lack sufficient historical data, making it difficult to generate accurate recommendations
(Lika, Kolomvatsos, & Hadjiefthymiades, 2014). Additionally, scalability issues arise when dealing with high-
dimensional datasets, leading to potential inefficiencies (Amer-Yahia, Lakshmanan, Vassilvitski, & Yu, 2009). To
overcome these hurdles, advancements in machine learning are crucial. These systems must be developed to adapt
to limited data scenarios and efficiently scale as more information becomes available. To overcome the limitations
of traditional recommender systems, the integration of advanced machine learning techniques such as deep
learning, graph-based structures, and contextual modeling into recommender systems has accelerated in recent
years. These advancements have led to significant improvements in accuracy, context sensitivity, multimodal data
processing capabilities, and the ability to generate recommendations in real time.
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A variety of techniques are employed to make recommendations and to enhance the accuracy and relevance of
recommendations. Conventionally, two such techniques are recognized: collaborative filtering, which utilizes the
behavior of similar users, and content-based filtering, which focuses on the attributes of products (Gupta, Rao,
Bhavsingh, & Srilakshmi, 2023). Furthermore, the employment of hybrid approaches, integrating these two
methods, has emerged as a preferred strategy to develop recommendation systems that are more powerful and
effective (Sarne, 2015).

Overall, recommender systems are integral to creating personalized experiences across diverse fields, driving
both user satisfaction and business success (Huang, Zeng, & Chen, 2007; Wang, Tan, & Zhang, 2010; Fengou,
Athanasiou, Mantas, Griva, & Lymberopoulos, 2013; Yanes, Ayman, Ezz, & Almuayqil, 2020). As technology
advances, the capabilities and applications of these systems are expected to expand, changing how users interact
with platforms (Polatidis & Georgiadis, 2013). The ongoing development of machine learning technologies
promises to create more sophisticated recommender systems, further improving user experiences in digital
environments (Lu, Wu, Mao, Wang, & Zhang, 2015).

In consideration of the aforementioned factors the aim of this study is to provide a comprehensive review of
the traditional, hybrid, and advanced methods employed in recommender systems. By examining the theoretical
foundations, advantages, and limitations of these methods, the study proposes future research directions for
enhancing the performance, scalability, and explainability of recommender systems. Also, the study provides a
comparative summary of empirical results from the literature. By compiling widely used performance metrics such
as Precision, Recall, NDCG, MAE, RMSE, and Hit Ratio on various model types, problem domains, and datasets,
the study contributes a structured understanding of how recent methods perform in practice.

2. Types of Recommender Systems: Key Challenges and Recent Solutions
2.1. Collaborative Filtering (CF)

Collaborative filtering (CF) is a widely adopted technique in recommender systems that generates personalized
suggestions by leveraging the preferences and behaviors of users who share similar interests. It relies on the
assumption that users with comparable tastes will continue to express similar preferences in the future (Zhang,
Qidong, Chun, Wei, & Huiyi, 2014). CF utilizes a user-item interaction matrix, where rows represent users and
columns represent items, with entries indicating the level of interaction or preference. The interaction matrix,
denoted as R, represents the interactions between users and items. Mathematically, the interaction matrix R is
defined as follows (Zhang, Qidong, Chun, Wei, & Huiyi, 2014):

R={n,LuelU; iel

Where 1,,;, represents the interaction between user u and item i where U'is the set of all users and [ is the set
of all items. The matrix is typically sparse, as most users engage with only a limited number of items (Kim & Ahn,
2011). Inputs can include user ratings, clicks, views, and purchase history (Kim & Ahn, 2011). The goal is to
predict a user's potential interest in items they haven't interacted with yet (Kim & Ahn, 2011). Collaborative
filtering is broadly divided into two methodologies: user-based collaborative filtering and item-based collaborative
filtering.

2.1.1. User-based Collaborative Filtering (UBCF)

User-based collaborative filtering (UBCF) is one of the earliest approaches to recommender systems that
predicts user preferences by identifying similar users, known as "nearest neighbors” (Verma & Aggarwal, 2020).
It assumes that users who agreed on certain items in the past will continue to have similar preferences (Verma &
Aggarwal, 2020). UBCF involves identifying users with similar preferences and recommending items they liked
that the target user hasn't interacted with (Yun & Youn, 2010). The similarity between users is calculated using
interaction matrix where each user is represented as a vector consisting of their interactions with items. Similarity
is typically computed through metrics such as Cosine Similarity or Pearson Correlation. Cosine similarity
evaluates the similarity between users by measuring the cosine of the angle between their rating vectors. It is
computed as follows (Yun & Youn, 2010):

Zielw(ru,i Ti)
\/Zielu,, T2 \/Zielu,, T2
In this formula, I,,,, is the set of items co-rated by users u and v, while r;,; and r,,; represent the ratings or
purchases of users u and v. Cosine similarity is widely used in applications where ratings are less important than

relative similarities (Sarwar et al., 2001). Pearson correlation, on the other hand, accounts for individual rating
scales by centering the ratings around their user-specific means. It is computed as follows:

Similarity osine (W, v) =
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Here, 7, and 7;, are the average rating of user u and user v. This similarity measure normalizes the ratings,
making the system more robust to users with different rating scales (Resnick et al., 1994). Once user similarities
are computed, the predicted rating 7, of user « for an item i can be estimated as a weighted average of the ratings
from similar users. The prediction is calculated as follows:

Similarityyeqrson (W, v) =

ZveNuiSimilaTity(u, 17) * (rv,i _ 7_};)

Yven,; [Similarity (u, v)|

o~

L, =hh+

Here, N, ; is the set of users similar to user u and have rated item i; 7,; is the rating of user v for item i; 7, and
7, are the average rating of user u and user v; Similarity(u,v) is the similarity score between users u and v.

However, UBCF faces challenges such as scalability, as calculating similarities among many users can be
difficult, and sparsity, since most users rate only a few items (Sharma, Gopalani, & Meena, 2017). Additionally,
the cold-start problem arises when new users or items lack sufficient data for reliable recommendations (Sharma,
Gopalani, & Meena, 2017). Addressing these challenges necessitates developing algorithms that can manage
sparse data and enhance recommendation accuracy.

Recent advances in user-based collaborative filtering (UBCF) have sought to address limitations associated
with data sparsity, cold start problems and noise in user-item interactions. These enhancements improve the
precision and personalization of recommendations through the utilization of novel methodologies, including graph
convolutional networks, deep learning and hybrid models. The integration of neighborhood knowledge and
dynamic user information enables the capture of more nuanced collaborative inputs, thereby enhancing the
precision of user item interaction predictions. Table 1 summarizes recent user-based collaborative filtering (UBCF)
studies, addressing challenges like sparsity, cold start, and scalability with innovative techniques. Notable
advancements include the utilization of graph-based models, adaptive techniques and enhanced similarity
calculations. Also, Table 1 reports the best performance improvement metric along with the corresponding dataset.
A comprehensive set of results, including all datasets and evaluation metrics, is provided in the Appendix Al.

The advancements in user-based collaborative filtering between 2019 and 2024 presented in the Table 1
demonstrate a remarkable diversification in methodological approaches, driven by the need to address key issues
such as sparsity, cold-start, and scalability. Several studies have successfully achieved considerable performance
gains through the integration of deep learning, graph-based modeling, attention mechanisms, and cross-domain
information.

In terms of metrics, substantial improvements were observed in recommendation quality. For example, Wu et
al. (2020) reported a 197.24% increase in NDCG@20 on the Yelp dataset, showcasing the power of deep neural
architectures in learning implicit user-item correlations. Similarly, Zhou et al. (2022) achieved a 158.46%
improvement in Recall@10 using trust-aware graph-based methods. Models addressing cold start problems (e.g.,
Fan et al., 2019; Liu et al., 2020) reduced MAE by up to 26.95%, indicating that context modeling and feedback
fusion significantly enhance prediction accuracy in low-data environments.

When compared across methodologies, graph-based approaches (e.g., Wang et al., 2019; Zhou et al., 2022)
and deep learning-based techniques (e.g., Ji et al., 2020; Wu et al., 2024) consistently yielded high relative
improvements in ranking metrics such as NDCG and Recall. Notably, hybrid strategies and context-aware
representations also contributed to consistent yet moderate enhancements in precision and error reduction,
demonstrating their robustness in real-world settings.

Furthermore, several studies such as Ma et al. (2022) and Jain et al. (2020) highlighted the value of combining
multiple data modalities such as metadata, social signals, or contextual variables resulting in NDCG@5
improvements exceeding 37% or precision gains above 43%, respectively.

Overall, this collection of studies indicates that user-based collaborative filtering can be substantially improved
through methodological innovation, particularly when latent representations are enriched via deep neural
architectures or structured side information. However, the wide variation in improvement percentages across
datasets and metrics also underscores the importance of tailoring the model architecture and input modalities to
the specific nature of the recommendation task.
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Table 1. Literature Review on UBCF Advancements (2019-2024)

Study Problem Method Solution Dataset Metric Improvement
(Wang, He, Graph-based Modeling high-order
Wang, Feng, & Sparsity Collaborative connectivity with Yelp2018 Recall@20 112.89%
Chua, 2019) Filtering graph embeddings
Cold Start Combining Analyzing social
(Fan, et al., 2019) Multiple Data and | connections with Epinions MAE 126.95%
Problem .
Feedback deep learning
. Optimizing with self- ..
(Zou, et al., 2020) | Scalability Adap tive attention networks MovieLens-1M Precision@40 17.91%
Techniques .
and Q-learning
o Scalability, Enhanced Re-ranking user-item .
(Joorabloo, Jalili, Cold Start Similarity similarities based on Movielens- Precision@20 | 139.68%
& Ren, 2020) : 100K
Problem Calculations trends
(Wu, Wei, Yin, Deep Learnin Learning user-item
Liu, & Zhang, Sparsity P g correlations with Yelp NDCG@20 1197.24%
Approaches .
2020) deep learning
R . . Learning interactions
(Ji, Xiang, & Li, . Deep Learning - . )
2020) Sparsity Approaches with dual neural MovieLens-IM | NDCG@10 177.07%
networks
Dynamic and Representing
(Li, et al., 2020) Sparsity Contextual User dynamics with neural | LastFM MRR 134.3%
Characteristics network layers
. . Combining custom
(Ortal & Edabhiro, . Hybrid and Cross- | ...~ . . . o
2020) Sparsity Domain Models s1m}1ar1ty w1.th. MovieLens-1IM | MAE 16.17%
regional statistics
(Liu, Jiyong, & Cold Start Dynamic and Deriving latent
Chenggang, Problem Contextual User representations with Douban Book MAP 15.39%
2020) Characteristics contextual factors
(Jain, Nagar, Cold Start Hybrid and Cross- Active learning with
Singh, & Dhar, Problem, yoric a 5" | non-linear similarity MovieLens-1M | Precision 143.1%
: Domain Models
2020) Sparsity model
(Bae, Kim, Shin Sparsity. Indirect Standardizing ratings | MovieLens
> > > > : - - [)
& Kim, 2021) Scalability Nelghbpr Based using neighbor scores | 100K MRR 123.81%
Strategies
(Chen, Xin, Sparsity, Enhanced Capturing nuances
Wang, & Ding, Cold Start Similarity with factor-level Book-crossing NDCG@20 120.80%
2021) Problem Calculations attention
(Zhou, Du, Duan, Graph-based Enhancing with trust-
Ul Haq, & Shah, Sparsity Collaborative aware deep neural Yelp Recall@10 1158.46%
2022) Filtering networks
(Zheng, Chen, Combining hG(:ff: S:erl,;;han d
Du, & Song, Scalability Multiple Data and s MovieLens IM | LogLoss 18.38%
heterogeneous
2022) Feedback
feedback
(Ma, Pan, & Combining Structured CF with
Min’ 5 0’22) Sparsity Multiple Data and | heterogeneous Alibaba2015 NDCG@5 137.18%
& Feedback feedback
(Wang, Chen, Xi, | Sparsity, . Acquiring cross-
Huang, & Xie, Cold Start Hybrl(_i and Cross- domain knowledge Amazon Phone NDCG@10 129.3%
Domain Models . .
2022) Problem with deep learning
Enhanced Incorporating user .
(Ma_hesh, Kumar, Sparsity Similarity confidence and Movielens- MAE 11.33%
& Lim, 2023) : 100K
Calculations temporal factors
gl"(s}la lﬁer,-gaaglli;r}’ Sparsit Dynamic and ?ederlgstlerrlfations with
pory-samue, parsity, Contextual User P Yahoo! Music | HR@10 1170.5%
& Koenigstein, Scalability . context-target
Characteristics .
2023) attention
. . . Analyzing past
(Wu, Xia, Min, & | g 1apility Deep Learning interactions with MovieLens IM | NDCG@10 | 14.63%
Xia, 2024) Approaches . .
attention mechanisms
(Gong, Song, Li Indirect Enhancing
& W E%I; 5 ng’ 4) ’ Sparsity Neighbor-Based propagation with Amazon Books NDCG@20 163.5%
& Strategies high-order GCN

2.1.2. Item-based Collaborative Filtering (IBCF)

Item-based collaborative filtering (IBCF) is a technique in recommender systems that focuses on relationships
between items rather than user preferences. Unlike UBCF, which identifies similar users, IBCF recommends items
based on their similarity to those that the target user has previously liked or interacted with (Sarwar, Karypis,
Konstan, & Riedl, 2001). IBCF is particularly useful in scenarios with limited user data or systems with many
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items, as it can generate recommendations without requiring detailed user profiles. The system first computes item-
to-item similarity scores, then predicts the user’s preferences by leveraging their historical interactions with similar
items (Pirasteh, Jung, & Hwang, 2014). The underlying assumption behind IBCF is that items co-rated similarly
by users tend to be similar. As in UBCF, IBCF also relies on the interaction matrix R. However, in this case, items
are treated as vectors rather than users. Similarity scores between items are computed using metrics such as Pearson
correlation or cosine similarity (Sarwar, Karypis, Konstan, & Riedl, 2001). Cosine similarity measures the
similarity between two items by computing the cosine of the angle between their rating vectors. It is calculated as:

Zueuij(ru,i -ru,j)
\/ZHEUU rzu,i . \/ZMEUU rzu,j

Here, Uy, is the set of users who rated both items i and j, while 7, ; and ;, ; denote the ratings or purchases of
users u for items i and j, respectively. The other commonly used similarity metric is Pearson correlation, which is
computed between items as follows:

Similarity osine (i, J) =

ZueUU(ru,i - fu)(ru,j - 7_31)

\[zueui,.(ru,i — 1)+ \/zueuu(ru,,- 77

Similarityyeqrson(i,J) =

Here, 7, is the average rating given by user u. Once item similarities are calculated, the predicted rating 7, for
a user u on a new item 7 is computed using a weighted average of the ratings of similar items that the user has
previously rated:

_ Yjes;, Similarity(i,j) * 1 ;

Tt = 7Y s, ISimilarity i, )|

Here, S;,, is the set of items similar to item 7 that user u has rated; 7, ; is the rating of user u on item j and
Similarity (i, j) is the similarity score between items i and j. Unlike UBCF, this formula does not include rating
normalization through user-specific means. This is because IBCF relies solely on the target user’s own ratings,
and not on the ratings of other users. Therefore, normalization is less critical unless user rating bias is explicitly
present. In contrast, UBCF must adjust for user-specific rating scales by centering around the mean.

Item-based CF (IBCF) has several advantages over user-based CF (UBCF), including enhanced scalability,
stability, and computational simplicity (Pirasteh, Jung, & Hwang, 2014). It is more scalable because the number
of items is usually smaller than the number of users, making item similarity calculations less resource intensive.
Item relationships are also more stable over time compared to user preferences, which can fluctuate. Additionally,
item-based CF allows for faster real-time recommendations due to the pre-computation and storage of item
similarities (Seng, Chen, & Zhang, 2020). However, challenges such as the cold start problem for new items,
difficulties with extremely sparse datasets, and popularity bias can affect its effectiveness (Abdollahpouri, 2019).
Popular items may be recommended more frequently, limiting the diversity of recommendations and the ability to
suggest niche items.

Current research to address challenges in item-based collaborative filtering (IBCF) focuses on tackling
scenarios involving complex user-item interactions and dealing with data sparsity issues. Table 2 summarizes item-
based collaborative filtering (IBCF) studies, focusing on solutions to sparsity, cold start, and popularity bias using
a range of methods such as graph convolutional networks, deep learning and variational auto-encoders to improve
the accuracy and effectiveness of recommendations. Also, Table 2 reports the best performance improvement
metric along with the corresponding dataset. A comprehensive set of results, including all datasets and evaluation
metrics, is provided in the Appendix A2.

The recent developments in item-based collaborative filtering (IBCF) from 2018 to 2024 presented in Table 2
reflect a substantial diversification in algorithmic strategies aimed at mitigating classical limitations such as
sparsity, popularity bias, and the cold start problem. As shown in Table 2, a significant number of approaches have
shifted from traditional similarity-based heuristics to deep learning architectures and graph-based representations,
particularly Graph Convolutional Networks (GCNs), which dominate post-2019 literature.

The performance improvements reported across diverse datasets highlight the efficacy of these techniques. For
instance, Zhu et al. (2020) report an outstanding 126.0% improvement in NDCG@10 by combining item- and
social-based signals on Yelp. Similarly, Walker et al. (2022) achieve a 191.1% gain in NDCG@20 using a
Variational Autoencoder, showing that generative models can robustly address data sparsity. Choi et al. (2021)
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and Wang et al. (2019) show that GCN-based models consistently perform well, with recall improvements
exceeding 50%, even in cold start conditions.

Table 2. Literature Review on IBCF Advancements (2018-2024)

Study Problem Method Solution Dataset Metric Improvement
(Dacrema, Cold Start Graph-based f:r;tl?agtr)?)trl;%ve
Gasparin, & Problem, Collaborative . Netflix MAP 147.34%
. . . o similarity into
Cremonesi, 2018) | Popularity Bias Filtering
content
(Shams & Popularity Bias, Deep Personalized item MovieLens-
Haratizadeh, Diversity of Learning ranking with 100K NDCG@5 19.68%
2018) Recommendations | Approaches neural networks
(da Costa, Sparsity. Deep iﬁggﬁ}e of
Manzato, & Do, Learning FilmTrust F1 19.87%
Popularity Bias recommender
Campello, 2019) Approaches
systems
Capturing high-
Sparsity, Cold Deep level relations .
(Xue, et al., 2019) ? Learning MovieLens-IM | NDCG@10 148.55%
Start Problem from past
Approaches . .
interactions
. Graph Improving quality
(Wang, et al., Sparsity, Cold Convolutional | with GAN-based | Amazon. HR@20 150.0%
2019) Start Problem . Electronics
Networks data augmentation
(Zeng, Lin, Li, Cold Start Deep qugl‘;‘:fiv“gth Movielens.
Pan, & Ming, Problem, Learning e NDCG@5 160.0%
. . bidirectional 10M
2019) Popularity Bias Approaches s
similarity
(Xin, He, Zhang, Sparsity, Graph P:’Zt(?;:;r;ges with
Zhang, & Jose, Diversity of Convolutional | P KKBox MRR@10 140.7%
. two-stage
2019) Recommendations | Networks .
attention
Random Enhancing
(Nikolakopoulos Sparsity, Walks and diversity with Amazon o
& Karypis, 2020) Popularity Bias Similarity random walk Electronics NDCG@10 157.0%
Prediction methods
Optimizing with
(Wang, Wang, Sparsity. Graph multi-component
Shi, Song, & Li, Do, Convolutional . . Yelp MAE 134.5%
Popularity Bias GCN in user-item
2020) Networks
graph
. . . Deep Combining item
(Zhu, Liu, & Popul_a rity Bias, Learning and social filtering | Yelp NDCG@10 1126.0%
Chen, 2020) Sparsity
Approaches models
Graph Extending GCN
(Choi, Jeon, & Cold Start . with learnable o
Park, 2021) Problem, Sparsity Convolutional differential Amazon Books Recall@10 176.8%
Networks .
equations
(Walker, Zhou, . . Encoding hard-to- . _
Baagyere, Ahene, gga;sllgi’t Bias X{alﬁ)aet:;r(l)?ilers detect feedback Il\/([)(])\zleLens NDCG @20 1191.1%
& Zhang, 2022) P Y with autoencoders
(Liang, Junhao, & Popularity Bias, Deep g/i[\(f)grzliltng o
& : Diversity of Learning v MovieLens-IM | NDCG @10 114.34%
Zhou, 2022) . preferences with
Recommendations | Approaches
neural nets
Cold Start Graph f?ﬁi’éﬁ;"fmh
(Li, Liu, & Yang) . Convolutional | . . Amazon Precision@10 164.6%
Problem, Sparsity item attribute-
Networks
aware GCN

Models addressing popularity bias (e.g., Nikolakopoulos & Karypis, 2020) often employ random walks or
ensemble-based strategies, demonstrating the necessity of diversification in neighbor exploration. Deep learning
models (e.g., Liang et al., 2022; da Costa et al., 2019) further contribute to personalization through adaptive
learning, with NDCG@10 and F1 improvements often exceeding 10%.

Overall, IBCF has been significantly enhanced through the adoption of deep neural networks, graph-based
reasoning, and data augmentation strategies. These developments demonstrate that item-based recommendations
are not limited to static similarity measures but can leverage contextual, structural, and user-behavioral signals to
achieve substantial performance gains.
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2.2. Content-based Filtering (CBF)

Content-based filtering in recommender systems suggests items to users based on the features of items they
have previously liked, distinguishing it from collaborative filtering which relies on user interactions (Van Meteren
& Van Someren). This method builds a user profile reflecting the characteristics of items the user has engaged
with, aiming to recommend similar items (Pazzani & Billsus, 2007). It is commonly used in domains like film,
music, and documents, where items can be categorized by attributes such as keywords (Wan, Rubens, Okamoto,
& Feng, 2015). At the heart of CBF lies the idea that both users and items can be represented in the same feature
space. Formally, an item i is modeled as a feature vector:

7= [x1, Xz e, %]

Where each component x;, represents a content-related attribute. Similarly, a user’s profile is constructed as a
vector i, which aggregates the features of items the user has interacted with positively:

Here, I, is the set of items that user u has rated or consumed, and the aggregation may involve weighting
schemes such as TF-IDF to emphasize more informative features (Nath & Ahmad, 2022). Once the user profile
vector U and the item vector I are defined in the same feature space, the user’s interest in a new item can be
predicted by calculating the similarity between these vectors. One of the most widely used methods for this purpose
is cosine similarity, which measures the angle between the user and item vectors (Pazzani & Billsus, 2007):

—~ — similarity (. D) uxT
Ty, = Similarity(U,1) = —=—5-
e ]+ 1171}

Where; U * Tis the dot product between user and item vectors, ||| * ||7]| are the Euclidean norms of the
vectors and 7, is the predicted preference score of user u for item i. This similarity score reflects how close the
new item’s attributes are to the user’s historical preferences. Higher values indicate a stronger match and a higher
likelihood of user interest. CBF operates under the assumption of user preference consistency that users tend to
prefer items with attributes similar to those they previously liked. This forms the theoretical backbone of the
method. The typical workflow involves (Pazzani & Billsus, 2007):

1. Item Representation: Extract feature vectors for each item.

2. User Profile Construction: Combine feature vectors of positively rated items.

3. Similarity Computation: Calculate similarity between the user vector and all item vectors.

4. Ranking and Recommendation: Rank items based on similarity scores and recommend the top-N items.

The main difference between collaborative filtering (CF) and content-based filtering (CBF) is the type of data
used for recommendations. CBF relies on users' past behaviors and preferences, identifying similar users and
recommending products based on shared preferences (Basilico & Hofmann, 2004). It also considers the
characteristics of content associated with previously preferred items to derive new recommendations (Basilico &
Hofmann, 2004). CBF offers advantages like customized recommendations and addressing the cold start problem
for items since it doesn't rely on user ratings (Nath & Ahmad, 2022). However, it faces challenges such as
overspecialization, where recommendations become too similar and limit diversity (Nath & Ahmad, 2022). The
effectiveness of CBF depends on well-defined item attributes, and it struggles with new users who have limited
interactions or poorly defined attributes, leading to a cold start problem for users (Nath & Ahmad, 2022).

Table 3 summarizes recent studies in the domain of content-based filtering (CBF). These works primarily
aim to address the inherent limitations of traditional CBF techniques, such as poorly defined features, data
sparsity, cold start, and overspecialization, by integrating deep learning models, hybrid frameworks, temporal
dynamics, and context-aware embeddings. As seen in the studies, the convergence of collaborative signals with
content features and advanced neural models has proven to enhance recommendation quality and personalization
in various application domains. Also, Table 3 reports the best performance improvement metric
along with the corresponding dataset. A comprehensive set of results, including all datasets

and evaluation metrics, is provided in the Appendix A3.

The developments in content-based filtering (CBF) between 2018 and 2024, as illustrated in Table 3, reflect a
significant methodological evolution driven by the need to mitigate problems such as cold start, overspecialization,
and poorly defined item features. Unlike collaborative methods, CBF focuses on analyzing item attributes and user
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profiles directly, which makes it inherently robust against user interaction sparsity. However, it historically
struggled with adaptability and contextual relevance.

Table 3. Literature Review on CBF Advancements (2018-2024)

Study Problem Method Solution Dataset Metric Improvement
Combining RNN
(Dong, Zheng, Repetitive Cross- with matrix
Zhang, & Wang, Poorly Defined Domain factorization for Netflix NDCG@10 129.61
Features .
2018) Approaches sequential
modeling
Poorly Defined Content-Aware Integrating user-
(Hu G., 2019) Y Collaborative item interactions Amazon MRR@10 1171.6%
Features . X
Filtering with textual data
- . Combining CF and
(Song, Li, Jiang, Cold Start Hybrid and . . . N
Qin, & Liao, 2019) Problem Temporal Models CC(Ell:e\;(thth temporal | CiteULike NDCG@100 | 12095.0%
C s Personalized Ranking items with .
(Wu, Li, Hsieh, & Cold Start Transformer personalized MovieLens- NDCG@10 1164.19%
Sharpnack, 2020) Problem IM
Models transformers
(Slvarama‘krlshnan, Two-stage hybrid
Subramaniyaswamy, Cold Start Content-Aware deep learning with Amazon-
Viloria, Collaborative P X & Precision@10 | 1219.35%
.. Problem o Bayesian Books
Vijayakumar, & Filtering toencoder
Senthilselvan, 2021) autoencoders
. Deep Social Privacy-preserving .
(Mazeh & Shmueli, | Poorly Defined Collaborative architecture with MovieLens- Precision@10 | 112.62%
2020) Features o 10M
Filtering personal data stores
(Hansen, Hansen, Cold Start Content-Aware Generating binary
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Recent studies have addressed these weaknesses through the integration of deep learning, natural language
processing (NLP), and hybrid modeling. For instance, Hu (2019) achieved a remarkable 171.6% improvement in
MRR@10 on Amazon by incorporating textual user-item interactions. Similarly, Song et al. (2019) reported an
exceptionally high 2095% improvement in NDCG@ 100 by combining collaborative and content-based filtering
with temporal data.

The increasing adoption of Transformer-based architectures is also noteworthy. Wu et al. (2020) implemented
personalized transformers to capture nuanced item ranking dynamics, leading to a 164.19% increase in NDCG@10
on MovieLens-1M. Other studies focused on overspecialization, such as Wang et al. (2022), achieved striking
performance gains (F1@10 15436.45%) by modeling temporal and multi-dimensional item graphs.

Hybrid strategies continue to dominate content-based advances. Channarong et al. (2022) integrated CBF with
collaborative filtering using a BERT-based model, improving NDCG@10 by 41.96%. In the domain of privacy,
Mazeh & Shmueli (2020) proposed a privacy-preserving architecture using personal data stores, showcasing how
ethical design can coexist with improved Precision@10 (112.62%).

Overall, the diversity of techniques ranging from Bayesian autoencoders to temporal graph propagation
demonstrates how CBF has evolved into a highly flexible paradigm. These innovations emphasize personalization,
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contextual adaptation, and semantic understanding, addressing longstanding challenges and dramatically
improving performance in complex recommendation settings.

2.3. Hybrid Methods

Hybrid recommender systems have emerged as a robust solution to overcome the inherent limitations of
traditional recommendation approaches. These systems combine various techniques to enhance the quality,
diversity, and robustness of recommendations (Jannach, Zanker, Felfernig, & Friedrich, 2010). They utilize
content-based information to provide initial suggestions despite limited user interaction data and introduce diverse
items to counteract over-specialization (Jannach, Zanker, Felfernig, & Friedrich, 2010). Empirical evidence shows
that hybrid methods outperform traditional techniques in accuracy and user satisfaction, creating a dynamic user
experience by refining recommendations as user engagement increases (Cano & Morisio, 2017). There is various
hybridization strategies designed to integrate multiple recommendation models within a unified framework. One
of the most commonly used strategies is weighted hybridization, in which recommendation scores from different
methods are linearly combined to produce a final prediction score. This can be represented as follows:

~ — -CF +CBF
Ty = A1y + (1 - O() Ty

Here, r;C:Fdenotes the predicted score obtained from CF, EE{TF represents the CBF prediction, and « is a tunable
parameter within the range 0 < a < 1, determining the relative contribution of each component. In contrast,
switching hybridization selects the most appropriate recommendation technique depending on specific contextual
factors. For instance, CBF may be used in cold-start scenarios, while CF can be applied once sufficient user-item
interaction data is accumulated. Another strategy, feature augmentation, involves using the output of one method
to enrich the input features of another. A typical example is incorporating content-based user profiles into the latent
factor model of CF, thereby enhancing the representational capacity of collaborative models. Lastly, cascade
models employ a two-step approach where one technique generates an initial candidate list of recommendations,
which is subsequently re-ranked or refined by a second model for improved accuracy.

The motivation behind hybridization is to enhance recommendation accuracy and personalization while
addressing challenges like data sparsity, cold start issues, scalability, and over-specialization (Jannach, Zanker,
Felfernig, & Friedrich, 2010). Despite their advantages, hybrid systems are more complex to implement due to the
need for integrating multiple algorithms and balancing their parameters, which requires substantial data volumes
(Jannach, Zanker, Felfernig, & Friedrich, 2010). Successfully merging CF and CBF demands comprehensive user
interaction data and detailed item attributes, posing challenges in poorly defined domains, while achieving a
balance between different methodologies is crucial for maintaining recommendation accuracy (Cano & Morisio,
2017).

Recent advancements in hybrid recommender systems have focused on overcoming key limitations, including
data sparsity, the cold-start problem, user engagement challenges, and interpretability needs. These advancements
employ diverse methodologies, including deep learning, autoencoders and attention mechanisms, to enhance the
effectiveness and applicability of hybrid recommender systems. The following Table 4 summarizes studies on
hybrid recommender systems, addressing challenges including sparsity, cold start, and scalability through the
integration of collaborative and content-based techniques. Also, Table 4 reports the best performance improvement
metric along with the corresponding dataset. A comprehensive set of results, including all datasets and evaluation
metrics, is provided in the Appendix A4.

Several studies showcase remarkable advances in dealing with sparsity and noise by employing variational
autoencoders (VAEs). For instance, Zhang et al. (2021) achieved an outstanding Recall@20 improvement of
5093.98% on the Tmall dataset by integrating Bi-LSTM, GRU, and attention into VAE frameworks. Similarly,
Tanuma and Matsui (2022) combined VAE with Poisson factorization, leading to a 4.77% reduction in mean
squared error (MSE) on the Million Song dataset.

In the domain of explainability and dynamic user behavior, hybrid approaches combining session-based
modeling and gradient boosting have been particularly effective. Bauer and Jannach (2024) demonstrated a 67.8%
improvement in Recall@1 by modeling short-term session interactions using feature-based architectures.

Attention-based mechanisms also proved to be highly effective in sequential and contextual recommendations.
Zhu and Chen (2021) reported a 72.58% improvement in NDCG@100 by encoding item attributes with a
variational bandwidth autoencoder. Hu et al. (2024) leveraged past behaviors using an attention-based model,
achieving a 71.25% increase in NDCG@10 on the XMarket dataset.

Additionally, cross-domain hybrid models addressing scalability and cold start challenges showed substantial
gains. Ibrahim et al. (2023) achieved a 98.11% reduction in RMSE in cross-domain settings by integrating
hierarchical attention into deep learning frameworks. Furthermore, Gatti et al. (2023) highlighted the impact of
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combining deep autoencoders with social graphs, resulting in a 287.5% improvement in Precision@10 for the
WikiArt dataset.

Overall, these findings highlight the growing complexity and versatility of hybrid recommender systems. By
incorporating multiple feedback types, domain information, and dynamic contextual signals, hybrid models
significantly enhance recommendation accuracy, robustness, and interpretability across diverse application
environments.

Table 4. Literature Review on Hybrid Advancements (2019-2024)

Study Problem Method Solution Dataset Metric Improvement
Attention Combining dee
(Huang, et al., - Mechanisms in . & deep o
2019) Scalability Sequential learr.n.ng with Amazon HR@10 115.63%
. traditional ML
Recommendations
Generating
(Duong, Vuong, Item variational MovieLens
Nguyen, & Sparsity, Noise Representations with | representations 20M MAE 14.36%
Dang, 2020) Autoencoder with 3-layer
autoencoder
. Lo Combining matrix | Movie
Dong, Zhu, Li, Cold Start Explainability and L . .
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’ ? dual autoencoders | 10K
. L. Encoding user-
(Zhang, Wong, Sparsity, Cold Variational . S . . o
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2.4. Methodological Contribution

This section not only provides a theoretical overview but also delivers a comprehensive comparative analysis
of recent empirical advancements in recommender systems. By systematically categorizing methodologies
including graph-based, deep learning-based, hybrid, and context-aware approaches; this review elucidates the
practical strengths of each method in solving prominent recommendation challenges, such as sparsity, cold start,
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scalability, and contextualization. Through detailed examination of recent literature from 2018 to 2024, empirical
performance improvements across diverse datasets and widely recognized evaluation metrics (e.g., Precision,
Recall, NDCG, MAE, RMSE, Hit Ratio) have been analyzed.

By clearly defining and consistently applying these metrics, this study provides clarity on how each
methodological innovation contributes to overcoming specific challenges within recommendation scenarios. The
following subsections first summarize which types of methodologies -effectively address particular
recommendation problems, followed by a detailed comparative analysis of the relative performance improvements
observed. Finally, visual representations of these comparative analyses (Boxplot distributions and model-type
performance comparisons) are provided to facilitate a clearer understanding of methodological efficacy.

2.4.1. Datasets Overview and Their Roles in Performance Evaluation

In the comparative review, a diverse range of datasets were utilized to evaluate methodological advancements
across different recommender system challenges. These datasets vary considerably in terms of sparsity, domain,
user behavior complexity, and interaction types, thus providing a robust ground for assessing model effectiveness
under different conditions. The key datasets used in the literature and their corresponding characteristics are

summarized in Table 5.

Table 5. Dataset Characteristics and Usage in Literature

Dataset Domain Challenges Addressed Typical Usage

MovieLens (100K, 1M, 10M, 20M) Movies Sparsity, Cold-start CF, Deep Learning, Hybrid Methods

Amazon (various) E-commerce Sparsity, Metadata Integration |Content-Aware, Graph-based, Hybrid

Yelp (2018) Services, Sparsity, Context Context-aware, Graph Neural
Restaurants Networks

CiteULike Research Papers Cold-start, Content Sparsity Content-based, Hybrid

Netflix Movies Scalability, Sparsity Graph-based, CF

Pinterest, KKBox

Multimedia, Music

Sequence Dynamics

Sequence-aware, Attention

CiaoDVDs

Mechanisms
LastFM Music Cold-start, Temporal Context  [Deep Learning, Contextual Models
Goodreads, Book-Crossing, Epinions, Books & Reviews | Cold-start, Social Influence Hybrid, Social CF

Tmall, Diginetica, Adressa, XMarket

E-commerce, News

Dynamic Preferences

Session-based, Sequential Models

Million Song, WikiArt

Music, Art

Content-awareness, Cold-start

Content-based Filtering

The MovieLens datasets (including 100K, 1M, 10M, and 20M versions) are among the most widely used
benchmarks for recommender systems, consisting of movie ratings collected from users (Harper & Konstan, 2015).
These datasets primarily challenge models with sparsity issues and cold-start scenarios, providing varying density
levels across different versions. They serve as critical testbeds for collaborative filtering (CF), deep learning, and
hybrid recommendation methods.

Building upon these traditional movie-focused benchmarks, the Amazon datasets (e.g., Electronics, Books,
Fashion, Digital Music) offer real-world e-commerce environments characterized by highly sparse interaction
matrices and rich textual metadata (McAuley et al., 2015). They are essential for evaluating the ability of
recommender models to handle sparsity, integrate auxiliary side information, and manage diverse user-item
relationships through content-aware and hybrid techniques.

Similarly, the Yelp datasets, particularly Yelp2018, contain user-generated reviews and ratings for local
businesses and services (He & McAuley, 2016). With their sparsity and abundance of textual and contextual
information, Yelp datasets are ideal for testing graph-based and context-aware recommendation models.

In the domain of academic content, CiteULike focuses on research article recommendations and is
characterized by challenges related to cold-start problems and content sparsity (Wang et al., 2011). It has been
extensively used to evaluate hybrid models and content-aware collaborative filtering techniques that require
efficient handling of limited interaction histories.

Moreover, the Netflix Prize dataset introduced a large-scale recommendation challenge that initiated significant
advancements in collaborative filtering research (Bennett & Lanning, 2007). It remains a standard benchmark for
testing the scalability, generalization, and robustness of recommender models under extreme sparsity conditions.
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For sequence-aware modeling, datasets like Pinterest and KKBox capture user behavior sequences such as
pinning activities and music listening habits, respectively (Zhao et al., 2019; Ying et al., 2018). They are
particularly suited for models that exploit temporal dynamics and evolving user preferences.

The LastFM dataset, enriched with user listening histories, timestamps, and social tags (Celma, 2010), supports
research on integrating social influences, contextual temporal information, and sequence modeling into
recommendation tasks.

Furthermore, datasets such as Goodreads, Book-Crossing, Epinions, and CiaoDVDs, primarily centered around
book reviews and product ratings, facilitate the exploration of cold-start solutions, social influence modeling, and
sparsity mitigation strategies (Ziegler et al., 2005; McAuley & Leskovec, 2013).

In e-commerce and news domains, datasets such as Tmall, Diginetica, Adressa, and XMarketIN emphasize
session-based behavior, dynamic user preferences, and sequence modeling (Ludewig et al., 2018; Gulla et al.,
2017). They are commonly used to evaluate models that require handling rapidly evolving user intents and session-
level personalization.

Finally, the Million Song Dataset and WikiArt dataset contribute to recommendation research by focusing on
content-rich domains such as music and visual arts (Bertin-Mahieux et al., 2011; Saleh & Elgammal, 2015). These
datasets are instrumental for testing content-based filtering models, especially under cold-start and metadata-
driven recommendation scenarios.

2.4.2. Metric-based Performance Improvements

When evaluating the effectiveness of methodological advancements in recommender systems, a set of widely
adopted evaluation metrics were employed. These metrics measure various aspects of system performance,
including ranking quality, prediction accuracy, and user engagement. Table 6 summarizes the major performance
metrics utilized in the evaluation of recommender system methodologies, alongside their typical improvement
ranges and the key observations associated with each metric category.

Table 6. Performance Metrics, Improvement Ranges, and Observed Trends Across Methodologies

Metric Type Common Metrics Improvement Range |Notes

Ranking Metrics NDCG, Recall, Precision, HR | 50% —200% Major gains in deep learning and graph-based methods
Error Metrics MAE, RMSE 5% —35% Moderate improvements, critical for score prediction
Engagement Metrics | Fl-score, MRR 20% — 100% Better early ranking and balanced retrieval

Ranking-based metrics assess how well a recommender system orders relevant items ahead of irrelevant ones.
They are crucial for evaluating user satisfaction in top N recommendation settings. Normalized Discounted
Cumulative Gain (NDCG measures the ranking quality by penalizing relevant items that appear lower in the
recommendation list. It is calculated as follows (Jarvelin & Kekaldinen, 2002):

npcGak = 258k DCG@k—-ﬁ rel
~ IDCGk’ _,1w@a+n
i=

where rel; is the relevance of the item at position 7, and /DCG is the ideal DCG.

Recall measures the proportion of all relevant items that are successfully retrieved among the top-k
recommendations (Herlocker et al., 2004):

Number of relevant items retrieved
Recall@k =

Total number of relevant items

Precision evaluates the proportion of recommended items that are actually relevant among the top-k results
(Herlocker et al., 2004):

Number of relevant items retrieved
k

Hit Ratio checks whether at least one of the relevant items is among the top-k recommendations (Zhang et al.,
2019), serving as a binary indicator of success:

Precision@k =

HR@k={

1, if at least one relevant item is in top — k}
0, otherwise
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These metrics typically demonstrated the largest improvements in recent studies, often exceeding 50%—-200%,
especially for graph-based and deep learning models.

Error-based metrics evaluate the accuracy of rating or score predictions by measuring the deviation between
predicted and actual values. Mean Absolute Error (MAE) calculates the average absolute difference between
predicted and true ratings (Herlocker et al., 2004):

L&
MAE =5 > 17—
i=1
where 7; and r; are the predicted and true ratings, respectively.

Root Mean Square Error (RMSE) computes the square root of the average squared differences between
predictions and actual ratings (Herlocker et al., 2004):

RMSE =

Improvements in MAE and RMSE were moderate but important, generally ranging from 5% to 35%, reflecting
better predictive precision, particularly in hybrid and context-aware models.

Engagement and diversity metrics capture user interaction quality, balancing relevance and diversity. F1-score
is the harmonic mean of Precision and Recall, balancing false positives and false negatives (Sammut & Webb,
2010):

Precision X Recall

F1=2x
Precision + Recall

Mean Reciprocal Rank (MRR) measures the ranking quality by considering the position of the first relevant
item (Voorhees, 1999):

N
MRR ! Z !
- N Lirank;
=1
where rank; is the rank position of the first relevant item for user i.

Substantial improvements in F1 and MRR were observed (20%—100% increases), particularly for models
integrating attention mechanisms and sequence-aware architectures.

Thus, the adoption of diverse modeling techniques, particularly graph-based, deep learning, and hybrid
models, led to substantial improvements across multiple critical evaluation dimensions, reinforcing the progress
in contemporary recommender systems.

2.4.3. Methodology Types and Problem-Solving Effectiveness

This section systematically evaluates the effectiveness of major methodological families in addressing key
challenges within recommender systems. These families include Graph-based models, Deep Learning-based
models, Hybrid models, and Content/Context-aware systems. Instead of listing methods in isolation, we provide
an empirically grounded comparison that draws on metric-based performance improvements observed across
2018-2024 studies. This enables a deeper understanding of which models succeed under which conditions, and
for which evaluation objectives. Each methodology group consists of multiple techniques:

= Graph-based models include Graph Convolutional Networks (GCNs), Trust-aware Graph Embeddings, and
Dynamic Graph Learning.

= Deep Learning-based models encompass Neural Collaborative Filtering (NCF), Autoencoder architectures,
Recurrent Neural Networks (RNNs), and Transformer-based designs.

= Hybrid models combine Collaborative Filtering (CF) with Content-Based Filtering (CBF), cross-domain
transfer, and variational inference such as Variational Autoencoders (VAEs).

= Content and Context-aware models enhance representation learning using textual data, metadata, temporal
features, and contextual embeddings.

As illustrated in Figure 1, graph-based models yielded the highest average improvements (approximately 95%),
particularly on ranking metrics under sparsity and cold-start conditions. This substantial gain can be attributed to
their capacity to model high-order connectivity patterns and capture complex user-item relations within sparse
interaction networks.
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Figure 1. Average Performance Improvement by Methodology Type

Deep Learning-based methods followed closely (~85% improvement), thanks to their proficiency in modeling
nonlinear user behavior and sequence dependencies. Hybrid models achieved ~78% average improvements by
fusing strengths of multiple strategies, often yielding top performance in error metrics and engagement-focused
tasks. In contrast, Content-Based and Context-Aware systems, while trailing in total gain percentages (=55%—
50%), performed particularly well in cases of overspecialization, diversity, and poor feature spaces.

Furthermore, Figure 2 demonstrates that different methodological families contribute distinctively across
metric categories. Specifically, graph-based models tend to achieve the largest improvements in ranking metrics
such as Recall and NDCG, whereas hybrid and deep learning-based models show broader enhancements across
both ranking and engagement metrics, including F1-score and MRR. This pattern highlights that methodological
effectiveness is often metric-specific rather than universally consistent.
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Figure 2. Average Metric Improvements by Methodology Type

Graph-based and Deep Learning models dominate in ranking-based metrics (Recall, NDCG), with gains up to
120-140%. Hybrid approaches outperform others in error metrics (MAE, RMSE), benefiting from regularization
and side information. Context-aware models lead in engagement metrics (F1, MRR), with mean improvements
exceeding 100% due to their ability to capture user intent and session context.

To further highlight the variation and robustness of metric improvements, the distribution of performance gains
across the three primary metric categories is illustrated in Figure 3. This visualization captures how ranking-based
metrics (e.g., NDCG, Recall) exhibit the widest range and highest median improvements, while error-based metrics
(e.g., MAE, RMSE) show relatively moderate but consistent gains. Engagement metrics (e.g., MRR, F1-score),
on the other hand, fall between these two extremes, reflecting balanced enhancements in user interaction quality.
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Figure 3. Distribution of Improvement Percentages Across Metrics

The highest variance and magnitude are observed in ranking metrics, where improvements often exceed 150%,
indicating their sensitivity to model expressiveness. In contrast, error metrics remain relatively stable (typically
10%-35%), while engagement metrics demonstrate moderate variance and high interpretability in user-centric
applications.

Based on the results presented above and cross-referenced with extensive literature evidence (see Appendix

A1-A4), the following specific mappings between methodological types and problem domains are represented in
the Table 7.

Table 7. Mappings Between Methodological Types and Problem Domains

Methodology Type Strengths

Graph-based Models Data sparsity, cold-start, multi-hop connectivity

Deep Learning-based Models | Non-linear preference modeling, sequential behavior, complex interactions

Hybrid Models Robustness to noise, sparsity, dynamic preferences

Context-aware Models Overspecialization, explainability, diversity, feature incompleteness

In conclusion, these findings clearly suggest that no single methodology is universally superior. Instead,
problem-specific alignment of model capabilities with system goals (e.g., personalization, scalability,
explainability) is the key to high-performing recommender systems. Building on these empirical insights, the
following chapter delves into the theoretical underpinnings, algorithmic designs, and implementation strategies
that explain how different recommendation models achieve their respective performance gains across diverse
evaluation dimensions.

3. Current Innovations and Applications

As user expectations have evolved and data structures have become increasingly multifaceted, recommender
systems have had to transcend conventional architectures. Recent innovations address fundamental limitations,
including data sparsity, cold start, and rigid modeling, by introducing flexible, adaptive, and intelligent frameworks
that integrate deep learning, contextual awareness, graph theory, and user-centric privacy mechanisms. Although
these methods have demonstrated significant advancements, challenges such as computational efficiency and
practical implementation remain areas of concern.

3.1. Graph-based Recommendation Systems

Graph-based recommender systems have become a prominent approach in addressing data sparsity and
improving the accuracy of recommendation tasks (Wang, He, Wang, Feng, & Chua, 2019; Zou, et al., 2020).
Unlike traditional matrix-based models, these systems represent users and items as nodes in a graph, with edges
denoting interactions such as clicks, ratings, co-purchases, or shared attributes. A graph in this context is a data
structure used to represent relationships between entities, enabling the modeling of user-item interactions beyond
direct pairings. This graph representation enables models to capture both direct interactions and higher-order
relational patterns through neighborhood structures (Wu, Wei, Yin, Liu, & Zhang, 2020; Ji, Xiang, & Li, 2020).
In particular, Graph Neural Networks (GNNSs) have gained prominence for their ability to propagate information
through nodes (Ji, Xiang, & Li, 2020). GNNSs are deep learning architectures designed to perform iterative message
passing between nodes in a graph, thereby updating node embeddings based on their neighbors’ information. The
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fundamental operation in GNN-based recommenders involves aggregating features from a node’s neighbors to
iteratively update its representation. At each layer /, a node v’s embedding is computed as follows:

W =g <W(l) - AGGREGATE® ({h{f‘”: ueEN (v)}))

Here; IV (v) is the set of neighbors of node v, h,(,l) is the embedding of node v at layer /, W® is a trainable
weight matrix for layer /, ¢ is an activation function, and AGGREGATE is a neighborhood aggregation function.
Once user and item embeddings are computed, the recommendation score for user # and item 7 is often calculated
via a dot product:

—~ T
ru,l = €y€;

Here, e, and e; are the learned embeddings of the user and item after several GNN layers. This process allows
the recommender system to propagate information across multi-hop neighborhoods, which is especially beneficial
in sparse datasets where direct user-item interactions are limited (Li, et al., 2020). This capacity to capture high-
order connectivity distinguishes GNN-based approaches from traditional matrix factorization or shallow neural
models.

Moreover, their inductive nature enables generalization to unseen users or items, making them well-suited for
cold-start scenarios. Several models such as Neural Graph Collaborative Filtering (Wang et al., 2019) and HN-
GCCEF (Gong et al., 2023) have demonstrated state-of-the-art performance by efficiently modeling the structural
and semantic relationships within recommendation graphs. Recent literature has highlighted the efficacy of graph-
based models in collaborative filtering, content-based approaches, and hybrid systems, due to their capacity to
represent complex, high-dimensional interactions. NGCF model by Wang et al. (2019) enhances collaborative
feedback by leveraging high-order user-item connectivity. Gong et al. (2023) introduced HN-GCCF, which
incorporates indirect neighbors into message propagation, preserving richer collaborative signals in sparse
environments. Li et al. (2020) proposed Dynamic Graph CF, incorporating user interest evolution over time using
dynamic graph structures. Zheng et al. (2022) presented a multi-view GNN model integrating both homogeneous
signals such as ratings and heterogeneous signals such as reviews and metadata. Dai et al. (2024) proposed a joint
contrastive learning strategy integrating semantic and structural representations, improving robustness against
noise and data imbalance. These examples illustrate how graph-based recommender systems are increasingly
designed to integrate diverse feedback types such as explicit, implicit, social, textual and handle contextual or
sequential dynamics.

Despite their strengths, GNN-based recommender systems face several critical challenges that limit their
practical deployment. One of the primary issues is over-smoothing, where node representations become
increasingly similar as the number of layers grows, reducing the model’s ability to distinguish between different
users or items (Li, Han, & Wu, 2018). Additionally, scalability poses a significant concern; operating on large-
scale graphs requires considerable memory and computational resources, especially when deep message-passing
or personalized inference is involved (Wu et al., 2020). Furthermore, the training complexity increases in
environments with noisy, incomplete, or dynamically evolving graphs, such as real-time e-commerce platforms
(Ji, Xiang, & Li, 2020). These factors can negatively impact convergence stability and overall recommendation
accuracy. Nonetheless, the strong theoretical foundation of GNNs in graph representation learning, combined with
their empirical success across a wide range of recommendation tasks, has solidified their position as a core
component of modern recommender system research.

Building upon graph-based representations, the field has also seen an extensive adoption of deep learning
models, which offer enhanced capacity to capture non-linear user-item interactions and semantic relationships
within the data. These approaches span a wide range of techniques from latent factor modeling to sequential
prediction, many of which now form the backbone of modern hybrid recommendation pipelines.

3.2. Latent Factor Modeling with Deep Architectures

Latent factor modeling has been a foundational technique in recommender systems, aiming to uncover hidden
dimensions that explain user-item interactions. These models embed users and items into dense, continuous vector
spaces where their interaction can be modeled. With the advent of deep learning, these methods have evolved into
more expressive and flexible architectures, capable of uncovering complex, non-linear relationships within sparse
and noisy data (Jain, Nagar, Singh, & Dhar, 2020). Deep latent factor models enhance traditional matrix
factorization by embedding users and items into dense, high-dimensional spaces and optimizing them through
neural networks. A prominent example of this evolution is Neural Collaborative Filtering (NCF), which replaces
the dot product used in matrix factorization with a multi-layer perceptron (MLP) to capture non-linear user-item
interactions (He et al., 2017). In NCF, the predicted rating 7, , for a user u and item 7 is computed as:

ﬁ;l = f(ew ei)
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Here, e, and e; denote user and item embeddings and f is a neural network parameterized to learn their
interaction function. Extensions like Deep Cooperative Neural Networks further improve expressiveness by
employing outer products to capture pairwise feature interactions (Wu, Wei, Yin, Liu, & Zhang, 2020). Similarly,
Dual Relations Network (Ji, Xiang, & Li, 2020) simultaneously models both user-item and item-item relations
using two neural pathways, improving accuracy by learning rich co-interaction signals. These methods enhance
latent factor modeling by capturing higher-order dependencies beyond first-level user-item affinities.

To further reduce noise and overfitting in sparse environments, autoencoder-based architectures have gained
traction. Autoencoders are neural networks designed to learn compressed representations of data by reconstructing
inputs from lower-dimensional latent spaces. Variational Autoencoders (VAEs) extend this idea with a
probabilistic framework that imposes a prior distribution on the latent space, enhancing regularization. The
objective function in VAEs is typically given by:

LVAE = Eq(z]x)[logp (x|2)] — KL[q(z]x)||p(2)]

where x is the observed interaction vector, z the latent variable, and KL denotes Kullback—Leibler divergence
between the posterior and prior distributions. For instance, Zhang et al. (2021) proposed a Hybrid Variational
Autoencoder that incorporates both user and item metadata into the VAE framework to improve performance
under cold start and sparse conditions. Likewise, Tanuma and Matsui (2022) combined Poisson Factorization with
VAEs to model implicit feedback while maintaining recommendation robustness.

In addition to encoding user behavior, latent factor models have been extended to integrate heterogeneous data.
For example, Ma, Pan, and Ming (2022) proposed a Structured Collaborative Filtering framework that utilizes
implicit feedback from various sources to form a richer representation space. Similarly, Dai et al. (2024) introduced
a Joint Contrastive Graph Learning framework that jointly captures both semantic and structural relations between
users and items using a contrastive loss objective. These hybrid deep latent models address the limitations of
shallow collaborative filtering by embracing auxiliary signals such as text, metadata, and user context.

Despite these advancements, deep latent factor models face several challenges. Their high model capacity
makes them prone to overfitting, especially in scenarios with limited supervision (Zhang, Wong, & Chu, 2021).
Additionally, training such models requires significant computational resources and can be complex to integrate
with contextual or temporal information (Tanuma & Matsui, 2022; Ma, Pan, & Ming, 2022). The black-box nature
of the learned embeddings also raises concerns about interpretability, which is particularly important in explainable
recommendation settings (Ji, Xiang, & Li, 2020). Nevertheless, the expressive power, improved performance, and
ability to integrate multiple data modalities make deep latent models a core component of next-generation
recommender systems.

3.3. Sequence-aware Recommendation Models

Sequence-aware recommendation models aim to capture the temporal dynamics and evolving nature of user
preferences by analyzing the order and context of user interactions. Unlike static recommendation approaches that
treat interactions as unordered sets, sequence-aware models consider the sequential patterns in user behavior such
as the order of product views, clicks, or purchases to model both short-term intents and long-term interests. These
models have proven especially effective in domains like e-commerce, news, and multimedia where user behavior
is temporally rich and context-sensitive (Bauer & Jannach, 2024; Gaiger, Barkan, Tsipory-Samuel, & Koenigstein,
2023).

A major advancement in this domain is the Recurrent Neural Networks (RNNs). RNNs are a class of neural
networks designed to handle sequential data by maintaining a hidden state that captures information from previous
time steps. In recommender systems, Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU)
architectures, both specialized forms of RNNs, are widely used to model dependencies across time-stamped user-
item interactions. These models enable the prediction of the next likely item based on a user’s interaction history.
The predicted interaction score for time t + 1 is often computed as:

Taer = f (e he)

Here, e;, is the embedding of the item interacted with at time 7, and h; is the hidden state summarizing the
user’s history up to time 7. The function f is typically a nonlinear transformation using LSTM or GRU units.
However, RNNs have limitations in modeling long-range dependencies and parallel processing. To overcome
these challenges, Transformer-based architectures, originally introduced for natural language processing, have
been successfully adapted to recommender systems. Transformers use attention mechanisms to compute relevance
scores between all items in a sequence, allowing the model to selectively focus on past interactions based on their
contextual importance. A representative example is SSE-PT (Wu, Li, Hsieh, & Sharpnack, 2020) which employs
personalized attention mechanisms to capture user-specific transition patterns, enabling the model to highlight
relevant past actions for real-time predictions. In a related approach, HybridBERT4Rec (Channarong, Paosirikul,
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Maneeroj, & Takasu, 2022) combines content-based and collaborative filtering using a BERT-style encoder to
model user-item sequences with high contextual fidelity. The attention mechanism used in these models is defined
as:

KT
Attention(Q,K,V) = softmaX(Q/d_/V
k

Here Q, K,V are the query, key, and value matrices derived from the user’s interaction history. This mechanism
enables the model to weigh past items differently based on their relevance to the current context.

To better handle session-level variability and capture both global and local preferences, hybrid approaches
such as Attentive Hybrid Recurrent Neural Networks (Zhang et al., 2021) integrate multiple sequence modeling
techniques. These include Bi-LSTM and GRU layers augmented with attention modules, allowing for dynamic
adjustment based on user behavior. Additionally, session-aware models like the one proposed by Bauer and
Jannach (2023) incorporate short-term user interactions and contextual side information using feature-based
architectures, thereby improving real-time personalization.

Despite their advantages, sequence-aware recommendation models face several notable challenges that can
limit their effectiveness in real-world applications. One major issue is data sparsity, as long and informative
interaction sequences are often unavailable for infrequent users, thereby constraining the ability to personalize
recommendations (Hu, Zhang, & Yang, 2019). Moreover, scalability remains a pressing concern; training deep
architectures such as RNNs and Transformers over long sequences demands substantial computational resources,
which may hinder their deployment in large-scale systems (Wu et al., 2020). The cold start problem also persists,
as new users or items with insufficient sequential data are difficult to model accurately, often requiring the
incorporation of auxiliary information like user demographics or item metadata to improve prediction accuracy
(Sejwal & Abulaish, 2020; Mahesh, Kumar, & Lim, 2023). Finally, sequence data often includes noisy or outdated
interactions, which can obscure the user’s current intent. Attention-based mechanisms address this issue by
dynamically identifying and emphasizing the most relevant segments of user behavior, thus improving the
contextual fidelity of recommendations (Gaiger, Barkan, Tsipory-Samuel, & Koenigstein, 2023).

Nevertheless, the ability of sequence-aware recommendation models to capture the temporal evolution of user
interests, handle contextual interactions, and personalize results in real time has positioned them as a cornerstone
of modern recommender systems. Their integration with attention mechanisms, hybrid architectures, and
contextual embeddings continues to yield substantial improvements in both accuracy and user satisfaction.

3.4. Context-aware Recommendation Models

Context-aware recommendation models aim to enhance personalization by incorporating situational factors,
such as time, location, device type, or user mood, into the recommendation process. Unlike traditional systems
that treat user preferences as static and context-independent, these models recognize that user behavior often varies
depending on external conditions. (Liang, Junhao, & Zhou, 2022). The core advancement of context-aware systems
lies in transitioning from a traditional user-item matrix, which maps preferences in two dimensions, to a user-item-
context tensor. A tensor is a multi-dimensional array structure that enables the system to represent and model the
influence of contextual variables on user preferences. In this framework, typical formulation for context-aware
recommendation involves predicting the score 7;,, .for a user u, item i, and context c as:

T;:,c = f(ewei ec)

Here e, e; and e, represent the learned embeddings for the user, item, and context respectively, and f is a non-
linear function such as an MLP or attention-based module. This modeling enables the system to account for
temporal shifts in preferences. Building on this framework, recent research has explored a range of techniques for
effectively integrating contextual data. For instance, Liu, Zhang, and Yan (2020) proposed a latent factor model
that learns context-aware embeddings by incorporating auxiliary variables such as time and device type. Their
method avoids rigid context constraints while maintaining personalization, making it adaptable for dynamic
environments. Similarly, Mahesh, Kumar, and Lim (2023) address the cold-start problem by modeling context as
confidence-weighted signals, improving recommendation accuracy with minimal historical data. Gaiger et al.
(2023) further enhance context modeling by introducing dynamic user representations through context-target
attention mechanisms, improving the model’s adaptability to shifting user intents.

Hybrid and deep learning-based methods have also proven valuable in context-aware recommendation. Dong
et al. (2018) introduced a recurrent collaborative filtering framework that captures both global preferences and
session-specific behaviors over time, while Hu, Zhang, and Yang (2019) leveraged memory networks to
incorporate contextual cues dynamically during recommendation generation. More recently, Huang et al. (2023)
implemented feature-level attention to selectively weigh contextual attributes like time-of-day and platform,
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yielding more responsive and explainable recommendation outcomes. These approaches highlight the diversity of
modeling strategies, ranging from embedding-level fusion to temporal-aware hybridization, that enable systems to
adapt to real-world variability in user behavior.

Despite their advantages, context-aware models face significant implementation challenges. Capturing and
modeling diverse contextual variables require rich metadata and careful feature engineering. Additionally, real-
time context acquisition raises privacy and latency concerns. Balancing model complexity and computational
efficiency remains crucial, especially in mobile or latency-sensitive applications (Sejwal & Abulaish, 2020; Bauer
& Jannach, 2024).

Nevertheless, context-aware recommendation systems have become essential for delivering personalized,
situation-sensitive experiences. Their integration with latent factor models, attention-based mechanisms, and
hybrid frameworks continues to advance the field, offering richer and more adaptive user modeling in modern
recommender systems.

3.5. Multi-source and Cross-domain Integration

Modern recommender systems increasingly rely on the integration of multiple data sources and cross-domain
knowledge to overcome the limitations of sparse interaction matrices, narrow-domain overfitting, and poor
generalizability. Unlike traditional systems that primarily exploit user-item interactions, these approaches enhance
performance by incorporating diverse auxiliary signals such as reviews, metadata, social networks, domain
ontologies, and interaction histories across different platforms.

One line of research focuses on the fusion of heterogeneous implicit feedback. For instance, Ma, Pan, and Ming
(2022) proposed the Structured Collaborative Filtering (SCF) model, which utilizes structured signals from item
features and neighboring user behaviors to better represent user preferences in sparse environments. This approach
demonstrates the benefit of modeling feedback heterogeneity for more accurate recommendations. Cross-domain
transfer techniques are also widely adopted to address the cold-start problem and expand coverage. Sejwal and
Abulaish (2022) presented the RecTE framework, integrating topic embeddings with collaborative filtering to
improve rating prediction in low-data settings. Their model highlights how semantic-level transfer enhances
recommendation quality when domain-specific data is limited. Likewise, Ibrahim et al. (2023) developed a hybrid
neural collaborative filtering model that leverages deep interaction modeling and hierarchical attention to learn
cross-domain user behaviors, showing improved accuracy in multi-platform scenarios. Another research direction
emphasizes explainability and robustness during multi-source integration. Gatti, Diaz-Pace, and Schiaffino (2023)
proposed a hybrid recommender for artworks by combining deep autoencoders with a social influence graph,
allowing the system to consider both visual preferences and social interactions. Their method underlines the
importance of combining content and social signals in explainable recommendation contexts. Additionally, Dai et
al. (2024) introduced a joint contrastive learning approach that simultaneously encodes semantic and structural
relations between users and items, tackling the issue of data imbalance and noise a common problem in systems
aggregating multiple sources.

Despite their advantages, multi-source and cross-domain systems face several technical and conceptual
challenges. These include the need for feature alignment across domains, user identity matching, transfer learning
stability, and privacy-preserving mechanisms. Moreover, designing architectures that can scale efficiently across
datasets with varying distributions and modalities remains a central concern in practical deployments.

Nonetheless, the integration of diverse data sources and knowledge transfer across domains has proven to
significantly improve the adaptability, robustness, and personalization of modern recommender systems. As the
boundaries between platforms continue to blur, these techniques are poised to play a pivotal role in delivering
unified and context-aware recommendations.

3.6. Privacy-preserving and Explainable Recommendation Systems

With the increasing reliance on personalized services, recommender systems are now expected to balance
predictive accuracy with ethical responsibilities such as user privacy and transparency. The massive collection and
processing of user data raise concerns around surveillance, data misuse, and opaque decision-making (Mazeh &
Shmueli, 2020). To address privacy issues, several architectures have been introduced. Personal Data Store (PDS)
frameworks decentralize data ownership, enabling users to control access to their information (Mazeh & Shmueli,
2020). Federated Learning (FL) also helps mitigate risks by allowing model training on decentralized devices,
avoiding raw data aggregation. Moreover, adversarial training and differential privacy techniques aim to prevent
re-identification and inference attacks. Zhu & Chen (2022) proposed a Variational Bandwidth Autoencoder that
dynamically regulates latent representations, enhancing robustness and limiting leakage. In cross-domain settings,
Hu et al. (2024) integrated attention-based transfer mechanisms to avoid exposing sensitive co-occurrence patterns
that may reveal user traits. In parallel, explainable recommendation systems strive to make model decisions
transparent. Feature-based hybrid methods like those by Bauer & Jannach (2023) combine side information with
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gradient boosting to provide traceable recommendations. Attention visualization and rule-based post-hoc
techniques also contribute to increasing user trust by offering understandable justifications.

Despite these innovations, notable challenges persist. Privacy-preserving models often reduce personalization
performance due to limited data access (Mazeh & Shmueli, 2020; Zhu & Chen, 2022). Explainability-focused
models, while more transparent, can require extensive computational resources and rely heavily on rich side data,
which may not always be available (Fan et al., 2019; Wu et al., 2020). Further, approaches such as Gaiger et al.
(2023), which use attention to enhance interpretability, still depend on consistent behavioral signals challenging
in cold-start scenarios. Broader issues such as data sparsity, popularity bias, and overspecialization also continue
to limit the effectiveness and scalability of both privacy-aware and interpretable systems (Sejwal & Abulaish,
2022; Gatti, Diaz-Pace, & Schiaffino, 2023).

4. Discussion
4.1. Literature Gaps and Research Opportunities

Despite the extensive research conducted on recommender systems, there are still several gaps in the existing
literature. The identification of these gaps is crucial for the development of more robust, efficient, and user-oriented
recommendation models. The following are the main areas where further research is needed.

4.1.1. Gaps in Data Diversity and Integration of Multiple Data Sources

Recommendation systems primarily rely on user-product interaction data, which limits their understanding of
user preferences by neglecting other influential factors. Recent research suggests augmenting these systems with
additional data sources like social media interactions, demographic profiles, and contextual variables such as time
and location (Chen, et al., 2018; Wayne, et al., 2016; Puspitaningrum, 2019). However, challenges remain in
effectively integrating these diverse data streams. Future research should focus on developing advanced models
that combine these data types to enhance recommendation accuracy and relevance, particularly in cold-start
scenarios where user interaction data is scarce. Effectively addressing integration gaps could enable the
development of more robust, adaptive, and user-centric recommendation systems that better align with individual
preferences.

4.1.2. Scalability and Computational Efficiency Issues

Deep learning techniques and graph-based models have improved recommendation accuracy, but they face
significant challenges, primarily high computational costs when processing large-scale datasets (Fakhfakh, Ben
Ammar, & Ben Amar, 2017). Moreover, this challenge is further exacerbated in real-world scenarios due to the
volume and complexity of data. Scalability becomes a concern as these models may struggle to handle growing
data sizes without increased computational resources. Consequently, there is a need for more efficient architectural
designs and optimization strategies that reduce computational demands while maintaining high recommendation
accuracy, facilitating the development of robust and scalable recommendation systems for complex user
interactions and large datasets (Singh, Mishra, & Singhal, 2023).

4.1.3. Challenges in Balancing Diversity and Innovation

The current state of recommendation systems prioritizes accuracy, often at the expense of diversity and
innovation. This focus results in users receiving repetitive suggestions of familiar products, limiting their exposure
to new experiences and diminishing engagement and satisfaction (Sharma & Mann, 2013). To improve this
situation, future research could focus on developing methodologies that integrate accuracy with diversity and
innovation, enhancing user experience and fostering exploratory interactions with content. A balanced framework
in recommendation systems can better cater to users' nuanced preferences, leading to a more enriching discovery
journey.

4.1.4. Contradictions between Privacy Concerns and Disclosability

The rise of recommender systems across digital platforms has raised significant privacy concerns due to their
dependence on personal data for personalized suggestions. This has created a conflict between delivering tailored
experiences and protecting user privacy (Zhang & Sundar, 2019; Goncalves, Gomes, & Aguiar, 2015). Current
research focuses on balancing trustworthy recommendations with strong protection of sensitive information.
Innovative solutions like federated learning, differential privacy, and explainable artificial intelligence (XAI) are
being explored. Federated learning enables algorithms to learn from decentralized data sources, enhancing privacy
without sacrificing recommendation accuracy (Li, Chen, Zhao, & Hu, 2021; Wang, et al., 2022). Differential
privacy adds noise to data to keep individual information confidential, while XAl aims to clarify how
recommendations are made, building user trust (Miillner, Lex, Schedl, & Kowald, 2023). However, further
research is needed to assess the effectiveness of these methods in real-world applications and their impact on user
experience, as the goal is to create systems that respect privacy while improving user satisfaction and engagement.
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Ongoing studies at the intersection of privacy, security, and user-centric design are crucial for the future of
recommender systems.

4.1.5. Inadequate Modeling of Dynamic User Preferences

User preferences are dynamic and change over time due to various factors, yet many recommender systems
struggle to adapt, resulting in stale recommendations that can reduce user engagement (Kunde, et al., 2020; Chalyi
& Leshchynskyi, 2020). To improve this, advanced systems should capture both long-term preferences and short-
term interest fluctuations. Sequential modeling techniques can analyze user interactions over time to identify
trends, while attention mechanisms can highlight relevant recent interactions (Zhao, et al., 2020; Ying, et al., 2018).
By integrating these methodologies, recommender systems can become more adaptive, offering personalized
recommendations that align with users' current needs and established tastes, ultimately enhancing user experience
and loyalty.

4.2. Future Research Directions

These cutting-edge methodologies tackle a variety of challenges aimed at enhancing the precision, adaptability,
and overall user experience associated with collaborative filtering, content-based filtering, and hybrid
recommender systems. Each of these techniques offers distinct advantages and is suited for specific applications,
enabling the optimization of recommender systems to cater to diverse use cases, from e-commerce to content
streaming platforms.

4.2.1. Scalability and Computational Efficiency

Advancing the scalability of recommendation systems while minimizing computational costs is crucial for
handling growing volumes of user data and complex interactions. These cutting-edge methodologies tackle a
variety of challenges aimed at enhancing the precision, adaptability, and overall user experience associated with
collaborative filtering, content-based filtering, and hybrid recommender systems. Each of these techniques offers
distinct advantages and is suited for specific applications, enabling the optimization of recommender systems to
cater to diverse use cases, from e-commerce to content streaming platforms. Looking ahead, further research
should prioritize the development of efficient architectural designs, model compression techniques, and distributed
computing strategies. Moreover, the innovation of streamlined, mobile-optimized neural network variants could
facilitate the effective operation of recommendation systems on portable devices, supporting real-time, large-scale
recommendation tasks while conserving energy and resources.

4.2.2. Dynamic User Behavior Modeling

Capturing and adapting to fluctuations in user behavior over time remains a significant challenge for current
recommender systems. User preferences are dynamic and change due to various factors, yet many systems struggle
to adapt, resulting in stale or irrelevant recommendations. Sequential modeling techniques and attention-based
mechanisms offer promising solutions by dynamically adjusting recommendations based on evolving user
preferences. Future research should focus on making sequential and attention-based recommendation models more
dynamic, thereby facilitating real-time predictions that better align with users’ current contextual needs and
preferences. The integration of large-scale, real-time adaptive systems with distributed data storage frameworks
could empower recommendation engines to continuously learn and update their predictions.

4.2.3. Privacy-Preserving Techniques

Ensuring user privacy without compromising recommendation quality is expected to remain a critical research
direction. The rise of recommender systems across digital platforms has intensified concerns regarding the
collection, storage, and processing of personal data. Methodologies such as federated learning, differential privacy,
and homomorphic encryption are gaining traction for their potential to protect sensitive user information while
maintaining model accuracy. Future research should emphasize the refinement of privacy-preserving machine
learning techniques and the ethical design of systems that prioritize user consent, transparency, and compliance
with emerging privacy regulations. Building recommender systems that foster user trust while ensuring robust
personalization remains an essential challenge.

4.2.4. Multi-Source Data Integration and Cross-Domain Recommendations

Incorporating additional data streams beyond traditional user-item interactions such as social media activity,
user-generated reviews, and demographic attributes offers a promising pathway toward more comprehensive
personalization. However, the effective fusion of heterogeneous data sources still poses considerable challenges.
Future developments are expected to focus on enhancing the efficiency of multi-source data integration techniques
and advancing cross-domain recommendation models. Such advancements would enable recommendation systems
to capture the multifaceted nature of user preferences and deliver richer, more contextually aware suggestions.

4.2.5. Explainability and Transparency
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Enhancing transparency and explainability in recommendation systems is vital for fostering user trust and
engagement. While high prediction accuracy is important, understanding why a specific item is recommended is
equally crucial for user satisfaction. Employing explainable Al (XAI) methodologies will not only improve users’
comprehension of recommendation outcomes but also assist developers in diagnosing, refining, and validating the
system’s decision-making processes. Future research should aim to create recommendation models that balance
performance with interpretability, contributing to a more trustworthy and user-centric recommendation landscape.

4.2.6. Towards a Transformative Future

Progress in these domains heralds a transformative era for recommendation systems, characterized by greater
personalization, transparency, scalability, and ethical sensitivity. As technological advancements continue to
unfold, recommender systems are poised to become increasingly ubiquitous across diverse aspects of everyday
life, from online retail and streaming services to education and healthcare. Thus, recommender systems stand at
the threshold of a new generation, where personalization, privacy, explainability, and ethical responsibility
converge to redefine user experiences across digital platforms.

5. Conclusion

This study has provided a comprehensive and critical review of the recent methodological advancements in
recommender systems between 2018 and 2024. By systematically analyzing a wide range of approaches ranging
from graph-based models and deep learning architectures to hybrid methods and content-aware systems the study
has highlighted not only the substantial progress achieved in addressing classical challenges such as data sparsity,
cold-start, and scalability but also the increasing attention devoted to emerging concerns such as user privacy,
diversity, and dynamic preference modeling.

The empirical evidence gathered across diverse datasets and evaluation metrics demonstrates that no single
methodology universally outperforms others. Instead, the effectiveness of methodological approaches appears to
be highly context dependent. Graph-based models consistently exhibited superior performance under sparsity
conditions; deep learning techniques excelled at capturing complex and nonlinear user-item interactions; hybrid
approaches successfully combined multiple signals to address noise and dynamic behaviors; and content- and
context-aware methods significantly enhanced recommendation quality by leveraging auxiliary information such
as metadata and user reviews.

In light of these findings, future research must prioritize the development of recommender systems that
integrate multiple data modalities, enhance scalability without compromising accuracy, foster diversity alongside
precision, and uphold privacy and explainability as core design principles. As recommender systems become
increasingly integrated into everyday digital life, the imperative to balance technological sophistication with user-
centric values grows ever more critical.

Ultimately, sustained interdisciplinary innovation spanning computer science, behavioral sciences, ethics, and
human-computer interaction will be essential for advancing the field towards the creation of recommendation
systems that are not only more accurate and adaptive but also more transparent, ethical, and empowering for users
in diverse real-world contexts.
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Appendix Al. Literature Review on UBCF Advancements with All Metrics
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Appendix A2. Literature Review on IBCF Advancements with All Metrics

Study Problem Method Solution Dataset Metric Imprl:)tveme
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RMSE 1 1.90%
CiaoDVD
F1 12.47%
RMSE 1 1.29%
MovieLens-2K
Ensemble of N
g/i[zncz(;f;a’ P Sparsity, Deep Learning multiple Fl 12.30%
Campello, 2019) Popularity Bias Approaches recommender RMSE 10.31%
systems Jester
Fl1 11.57%
RMSE 12.18%
Book Crossing
Fl1 12.15%
Amazon Digital RMSE L1.21%
Music Fl 12.06%
RMSE 1 1.87%
Yahoo Music
F1 13.70%
HR @10 123.89%
MovieLens-1M
. . B 0,
(Xue, et al., Sparsity, Cold Deep Learning g?f&ﬁg%rgﬁhpz\;el NDCG @10 148.55%
2019) Start Problem Approaches interactions HR @10 12.59%
Pinterest
NDCG @10 15.76%
Amazon o
Electronics HR @20 150.0%
(Wang, et al., Sparsity, Cold Graph Convolutional g?&rg;%_gzizy Amazon Health HR @20 148.3%
2019) Start Problem Networks data augmentation Amazon Beauty HR @20 132.3%
Amazon Games HR @20 131.6%
(Zeng, Lin, Li, Cold Start . S . Precision@5 147.8%
Pan, & Ming, Problem, geegolgi;g;mg gﬁlzﬁéilgﬁ\rth MovieLens-10M
2019) Popularity Bias pp Recall@5 148.1%
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bidirectional

A Fl@5 148.2%
similarity
NDCG@5 160.0%
Precision@5 142.4%
Recall@5 141.9%
Netflix
Fl@5 141.7%
NDCG@5 147.0%
HR @10 125.0%
MovieLens-100K | MRR @10 139.1%
. . . o
(Xin, He, Zhang, Sparsﬁy, Graph Convolutional Predicting ' NDCG @10 127.9%
Zhang, & Jose, Diversity of Networks preferences with
2019) Recommendations two-stage attention HR @10 118.7%
KKBox MRR @10 140.7%
NDCG @10 133.3%
HR @10 118.97%
MovieLens-1M
NDCG @10 132.38%
HR @10 141.65%
Yahoo
NDCG @10 154.20%
HR @10 113.9%
Pinterest
1 1 1 0,
(Nikolakopoulos | Sparsity, Random Walks and Er_lhancmg diversity NDCG @10 116.6%
& Karypis, 2020) | Popularity Bias Similarity Prediction with random walk
YPIS, pulanty y methods Amazon HR @10 124.7&
Movies&TV NDCG @10 | 128.4%
HR @10 123.2%
Amazon Books
NDCG @10 129.6%
0,
Amazon HR @10 148.4%
Electronics NDCG @10 | 157.0%
RMSE 14.1%
Yelp
MAE 134.5%
Optimizing with .
(Wang, Wang, . Sparsity, Graph Convolutional | multi-component RMSE 15.0%
Shi, Song, & Li, Popularity Bi N " GON i . Amazon
2020) opularity Bias etworks in user-item MAE 19.6%
graph
RMSE 15.9%
MovieLens-100K
MAE 16.7%
HR @10 154.4%
CiaoDVD
NDCG @10 163.4%
S o
(Zhu, Liu, & Popularity Bias, Deep Learning Cor_nbmlng.ltem and . HR @10 143.7%
Chen. 2020 Sparsi A h social filtering Epinions
en, ) parsity pproaches models NDCG @10 163.3%
HR @10 187.9%
Yelp
NDCG @10 1126.0%
Recall @10 145.2%
Gowalla
. . N
(Choi, Jeon, & Cold Start Graph Convolutional Extending .GCN W.lth NDCG @10 141.9%
Park. 2021 Problem. Sparsity | Network learnable differential
ark, ) roblem, Sparsity ctworks equations Recall @10 TSS-O%
Yelp
NDCG @10 155.1%
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Recall @10 176.8%
Amazon Books
NDCG @10 173.9%
Recall @20 1187.7%
MovieLens-10M NDCG @20 1191.1%
Precision @20 | 1162.3%
Recall @20 1160.9%
(Walker, Zhou, Sparsit Variational Encoding hard-to-
Baagyere, Ahene, parsity, 0 detect feedback with | MovieLens-1M NDCG @20 1155.1%
Popularity Bias Autoencoders
& Zhang, 2022) autoencoders
Precision @20 | 1124.7%
Recall @20 181.0%
Amazon o
Electronics NDCG @20 191.4%
Precision @20 | 1100.0%
HR @10 10.42%
MovieLens-1M NDCG @10 114.34%
F1 @10 12.14%
HR @10 17.10%
. Popularity Bias, . Modeling user
(Liang, Junhao, Diversity of Deep Learning diversity preferences | MovieLens-10M NDCG @10 17.19%
& Zhou, 2022) . Approaches .
Recommendations with neural nets
F1 @10 18.62%
HR @10 12.16%
MovieLens-20M NDCG @10 13.14%
F1 @10 12.92%
Precision @10 | 164.6%
Amazon Recall @10 154.3%
F1 @10 161.5%
Precision @10 | 116.0%
Douban Book Recall @10 115.1%
F1 @10 115.6%
Precision @10 | 17.9%
Douban Movie Recall @10 114.4%
. Enhancing accuracy F1 @10 111.2%
(Li, Liu, & Yang) golt()ilStarTS it Srz:ph ionvolutlonal with item attribute-
roblem, Sparsity | Networks aware GCN Precision @10 | 127.8%
Yelp Recall @10 124.2%
F1 @10 127.1%
Precision @10 | 114.8%
KKBox Recall @10 119.2%
F1 @10 17.2%
Precision @10 | 17.2%
IMDB Recall @10 19.1%
F1 @10 19.7%
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Appendix A3. Literature Review on CBF Advancements with All Metrics

Study Problem Method Solution Dataset Metric Improvement
HR @10 17.24%
. MovieLens-1M
. Combining RNN o
(Dong, Zheng, Zhang, | Poorly Defined Repet{tlve Cross- with matrix NDCG @10 122.40%
& Wang, 2018) Features Domain factorization for o
’ Approaches : . HR @10 111.26%
sequential modeling Netflix
NDCG @10 129.61
HR @10 1164.6%
Amazon NDCG @10 1169.7%
Content-Aware Integrating user-item MRR @10 1171.6%
(Hu G., 2019) Eg;)tri}rfeg)eﬁned Collaborative interactions with
Filtering textual data HR @10 130.0%
Cheetah NDCG @10 19.94%
MRR @10 18.73%
. . . )
(Song, Li, Jiang, Qin, | Cold Start Hybrid and SOBIEE;]?:;I %eill;iifl CiteULike NDCG @100 12095.0%
& Liao, 2019) Problem Temporal Models context MO;’(I)%LIEEHS- NDCG @100 1222.1%
Amazon Recall @10 125.59%
Beauty | \pog @10 | 147.94%
Amazon Recall @10 164.20%
. . . Games 0
(Wu, Li, Hsich, & Cold Start Personalized Rankmg.ltems with NDCG @10 1103.70%
Sharpnack, 2020) Problem Transformer personalized
TpRack, Models transformers Recall @10 122.32%
Steam
NDCG @10 140.59%
Recall @10 192.61%
MovieLens-1M
NDCG @10 1164.19%
Precision @10 | 1158.16%
: : . : Book-Crossing
(Slvarama}(rlshnan, Content-Aware Two stage_hybrl_d Recall @10 1206.14%
Subramaniyaswamy, | Cold Start . deep learning with
Viloria. Viiavak Probl Collaborative B .
iloria, Vijayakumar, roblem Filtering ayesian Precision @10 | 1219.35%
& Senthilselvan, 2021) autoencoders Amazon Books
Recall @10 1203.23%
Precision @10 | 112.62%
. Deep Social Privacy-preserving . )
(Mazeh & Shmueli, Poorly Defined Collaborative architecture with MovieLens Recall @10 111.16%
2020) Features o 10M
Filtering personal data stores
AUC 13.64%
NDCG @10 12.59%
Yelp
(Hansen, Hansen, Content-Aware Generating binary MRR @10 12.70%
. Cold Start . .
Simonsen, Alstrup, & Problem Collaborative hash codes with
Lioma, 2020) Filtering autoencoders NDCG @10 11.25%
Amazon
MRR @10 11.49%
. Combining CF and
(Sharma, Rana, & Cold Start Hybrid and . o
Malhotra, 2022) Problem Temporal Models CBEF for 1mpr9ved Books Dataset | MAE 15.04%
recommendations
HR @10 157.69%
MovieLens-1M
NDCG @10 141.96%
(Channarong, . Combining CBF and
Paosirikul, Maneeroj, gr";glzf“ ?eyr';“g;‘l“iﬂo 4els | CF with BERT- HR @10 128.11%
& Takasu, 2022) P based deep learning Yelp
NDCG @10 114.62%
Goodreads HR @10 127.01%
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NDCG @10

125.15%

MovieLens- | Recall @10 11445.82%
Probabilistic 100K o
(Wang, Han, Qian, Overspecialization Metadata-Based propagation with Fl@10 11477.07%
Xia, & Li, 2022) P Recommendations 'temp(.)ral multi- Recall @10 15390.72%
dimensional graphs Last.fim
F1 @10 15436.45%
. Content-Aware Extracting content s
%;%ron & Févotte, Ic)r";glitj“ Collaborative info with deep M‘g:tgsse?“g NDCG @10 | 138.41%
Filtering learning for music
Precision @10 | 130.95%
Hybrid and A:r?(iylf:rlr% Etzltls;/el;) ' Recall @10 126.32%
(Chen & Huang, 2024) | Overspecialization T 1 Model ith aleorithmi Unshared
emporal Models with algorithmic RMSE 119.13%
techniques
MAE 118.48
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Appendix A4. Literature Review on Hybrid Advancements with All Metrics

Study Problem Method Solution Dataset Metric Improvement
HR @10 11.75%
Mobile News NDCG @10 12.32
Attention -
(Huang, et al Mechanisms in Combining deep MRR @10 12.47
2019) ? ” Scalability Sequential learning with
Re?:ommendations traditional ML HR @10 115.63%
Amazon NDCG @10 19.43%
MRR @10 17.34%
(Duong, v Generating RMSE 13.93%
uong, Vuong, . variationa
Nguyen, & Sparsity, Noise &T{E }:ﬁfgz;i?)?:rons representations MovieLens 20M
Dang, 2020) with 3-layer MAE 14.36%
autoencoder
RMSE 14.55%
MovieLens-100K
MAE 14.93%
- . .
(Dong, Zhu, Li, | Cold Start Explainability and Sortnb_l nl?_g mat_glx MovieTweetings- RMSE 142.60%
& Wu, 2020) Problem, Noise User Interaction actorization wi 10K o
dual autoencoders MAE 144.85%
RMSE 15.16%
FilmTrust
MAE 13.14%
. _ 0,
(Zhang, Wong, | Sparsity, Cold Variational E:;Oﬁi?fiﬁzr CiteULike Recall 11.54%
& Chu, 2021) Start Problem Autoencoders latent space NDCG 14.67%
Recall @20 12766.21%
MovieLens IM NDCG @10 1292.52%
(Zhang, Wang, . . Integrating Bi- Precision @10 | 1114.93%
Lo i, i s | o {51 nd G
2021) with attention Recall @20 15093.98%
Tmall NDCG @10 316.13%
Precision @10 | 11812.5%
(Tanuma & Variational Combining VAE NDCG 11.64%
Matsui, 2022) Noise, Sparsity Autoencoders with Poisson Million Song
? factorization MSE 14.77%
Precision 16.46%
YelpNYC Recall 18.15%
NDCG 19.40%
Precision 124.73%
- Deep Learning and . .
(Sejwal & Cold Start Integrating topic YeloZi Recall 1 o
Abulaish, 2020) | Problem, Sparsity E‘;?r“er:en ation modeling with CF | * ©P~'P cea 119.96%
NDCG 121.17%
Precision 19.71%
TripAdvisor Recall 111.57%
NDCG 114.74
) Recall @20 129.44%
Attention Encoding CiteULike-a
(Zhu & Chen Mechanisms in attributes with NDCG @100 124.37%
2021 ? Noise, Sparsity S tial variational
) dequential bandwidth Recall @20 147.40%
ecommendations autoencoder CiteULike-t
NDCG @100 140.74%
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0,
Amazon Toys & Recall @20 164.77%
Games NDCG @100 | 172.58%
MRR 123.92%
Toutiao
1 1 1 0,
(Huang, t al., Diversity of Topic Embedding Fusing user ) NDCG @5 133.94%
2023) Recommendations and Contextual preferences with
Information timeliness effects MRR 188.53%
Adressa
NDCG @5 174.26%
(Ibrahim, Cold Start Integrating IMDb RMSE 195.67%
Ba_].\')ve'l, Sarwar, Problem, Cross-Domam' hlerar.chlca! Yelp 2013 RMSE 198.11%
Hajjej, & Sakr, o, Recommendations attention with
2023 Scalability 4 deli
) eep modeling Yelp 2014 RMSE 196.32%
Recall @1 137.0%
MAP @10 124.0%
Retailrocket
MRR 124.1%
. Combining o
(Bauer & Dynamic User Explainability and session-based NDCG 119.4%
Jannach, 2024) Preferences, Cold User Interaction modeling with
’ Start Problem eung with Recall @1 167.8%
gradient boosting
MAP @10 141.6%
Diginetica
MRR 138.3%
NDCG 128.2%
%Gaz::n:&DlaZ- Multiple Data Singular Value Erne};?;(:)lrrll 3 ith
o Integration, su e P w WikiArt Precision @10 | 1287.5%
Schiaffino, S Parsing Extensions | deep autoencoders
Personalization .
2023) and social graphs
(Kumar,
> . for Collaborative L . Last.fm Recall @50 122.73%
Herencsar, & Problem, Sparsity P factorization with
. roposals . P
Srivastava, link probabilities
2023)
Recall @10 112.93%
XMarket DE
NDCG @10 126.30%
Recall @10 131.56%
XMarket JP
NDCG @10 158.30%
Recall @10 112.30%
. . XMarket IN
(Hu, Nakagawa, , Attention Leveraging past NDCG @10 | 171.25%
Cai. Ren. & Dynamic User Mechanisms in behaviors with
Der;g 20’2 4) Preferences Sequential ' attention-based Recall @10 112.59%
? Recommendations model XMarket FR
NDCG @10 127.30%
Recall @10 113.97%
XMarket MX
NDCG @10 135.42%
Recall @10 117.17
XMarket CA
NDCG @10 119.03
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