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Abstract 

The rapid digitization of cultural heritage materials has led to the substantial growth of digital library 
collections, particularly large and heterogeneous archives of periodicals. This expansion has 
intensified challenges related to content discovery, accessibility, and user engagement, as users 
increasingly struggle to navigate and identify relevant materials in periodical collections. In this 
context, intelligent interaction with cultural content has become an essential aspect of effectively 
accessing and utilizing resources in modern digital libraries, highlighting the need for adaptive and 
user-oriented mechanisms that support navigation and discovery. Artificial intelligence–driven 
personalization offers promising solutions to these challenges; however, digital library environments 
are often characterized by sparse interaction data, evolving user interests, and the continuous 
introduction of new resources, which limit the effectiveness of standalone content-based or 
collaborative approaches. This work proposes an integrated personalization approach that combines 
behavioral interaction data with semantic relationships between documents to support adaptive 
content delivery in digital libraries. The approach facilitates the discovery of both established and 
newly digitized or rarely accessed materials, supporting more effective access, exploration, and reuse 
of large and diverse digital library collections. 

Keywords: digital libraries; item-based collaborative filtering; content-based filtering; personalized 
content 
 

1. Introduction 

In recent decades, digital transformation has profoundly reshaped the ways in which scientific 
and cultural heritage resources are preserved, disseminated, and accessed. The rapid growth of 
digital collections, together with the availability of broad remote access, has made digital libraries a 
cornerstone of scientific research, education, and public engagement [1]. Digital libraries are 
increasingly understood not as just digitized repositories, but as intelligent and adaptive knowledge 
management environments that integrate resources, infrastructure, and services to support diverse 
user needs [2–4]. They provide centralized and sustainable access to content of different formats and 
levels of structure, including texts, images, multimedia objects, and data [5–7]. 

However, the expanding scale and thematic diversity of digital cultural heritage collections 
introduce significant challenges related to information overload and hinder the effective content 
discovery of specific resources. Users are often confronted with large volumes of heterogeneous 
materials, limited explicit feedback, and the continuous introduction of new or rarely accessed 
documents, which complicates the discovery of most relevant resources. 

In response to these challenges, artificial intelligence–based personalization and intelligent 
content discovery approaches have gained increasing attention in digital library research [8–10]. In 
particular, hybrid approaches that combine collaborative filtering, content-based analysis, and 
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complementary signals have been identified as a promising direction for addressing data sparsity, 
cold-start conditions, and popularity bias, while improving robustness and coverage [11–13]. By 
leveraging behavioral data and access logs, such approaches support more adaptive navigation and 
exploration of digital libraries, improve the visibility of underutilized content, and contribute to more 
effective use and exploitation of rich and diverse digital cultural heritage collections [14,15]. 

This evolution aims to overcome information overload and to provide personalized services that 
are key to improving resource discoverability and user satisfaction [16,17]. Creating personalized 
intelligent content is establishing itself as a key mechanism for adapting content to the individual 
needs, interests, and behavior of the user, that can lead to a significant increase of user engagement 
and satisfaction [18,19]. 

The goal of this paper is to propose and evaluate a hybrid approach for intelligent and 
personalized content discovery in digital libraries, designed to support effective user-oriented access 
in large and heterogeneous cultural heritage collections. The proposed approach integrates 
behavioral interaction data with semantic content relationships to improve discovery quality under 
sparse and evolving interaction conditions. 

The following sections present an overview of current research directions in the field of 
personalized and intelligent content delivery in digital libraries. The related work section reviews 
recent advances and identifies existing research gaps. Subsequently, the proposed hybrid approach 
is described in detail, followed by the description and discussion of verification and validation 
experiments proving the adequacy and effectiveness of the approach. 

2. Related Work 

Research in the field of intelligent access and discovery mechanisms for digital libraries is based 
on classic approaches, initially established in e-commerce, where products are recommended based 
on previous user behavior, such as search and purchase history [20]. These principles are gradually 
being transferred and adapted to content management and learning systems, where two main 
methodological directions are emerging: content-based filtering and collaborative filtering. 

Content-based filtering generates recommendations by analyzing the similarity between objects 
and the individual user profile, built based on previous interactions with the system [21]. The 
effectiveness of this approach is highly dependent on the availability of sufficient data for the specific 
user and on the quality of the details of the resources, often implemented through metadata and 
semantic links [22]. A significant limitation is the dependence on already known resources, which 
can lead to a narrow scope of recommendations, especially in the absence of explicit ratings [23,24]. 
In such cases, the system suggests formally similar but not necessarily relevant items, a shortcoming 
that can be partially offset by including ratings or implicit indicators of interest, such as time spent 
on a given resource. 

Unlike this individually oriented approach, collaborative filtering is based on the collective 
behavior of multiple users and generates recommendations by identifying similarities between user 
profiles or between items [21,23]. Its main assumption is that users with similar preferences in the 
past are likely to have similar interests in the future. The literature distinguishes between two main 
variants: user-based collaborative filtering and item-based collaborative filtering [24]. The advantage 
of this approach is its ability to provide more diverse and personalized recommendations without 
requiring in-depth knowledge of the content of the items themselves. 

Despite its widespread use, collaborative filtering faces a number of well-known limitations, 
among which sparse data and cold start problems dominate, significantly degrading the quality of 
recommendations and the user experience [25,26]. Existing techniques often fail to make effective use 
of implicit user actions and rely on a single data source, which limits their accuracy and adaptability 
[11,27]. These limitations are exacerbated in large-scale digital libraries, where processing and 
combining large volumes of data pose significant computational and architectural challenges [23]. 
Practical implementations, such as the ShareTEC system [28], demonstrate the need for asynchronous 
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processing and separate storage of behavioral data to ensure timely and scalable recommendation 
delivery. 

In response to these problems, there is growing interest in hybrid approaches that combine 
content-based and collaborative filtering, as well as multiple sources of information. However, there 
are divergent views in the literature on the optimal way to integrate the two approaches. While some 
studies emphasize the advantages of hybrid models in terms of the balance between accuracy and 
diversity, others highlight issues related to the scalability and interpretability of these solutions 
[12,17]. 

In this context, there is a clear research gap related to the systematic understanding of how access 
logs and user interaction data can be used to improve collaborative filtering algorithms based on 
items in order to overcome the limitations mentioned [8,11,29]. The inability to address this gap leads 
to reduced user engagement and inefficient use of available resources [17]. 

The conceptual framework underlying contemporary research views access logs as structured 
repositories of data on user access and interaction. When integrated with collaborative filtering based 
on items, they can significantly increase the relevance and personalization of recommendations 
[8,11,30]. This framework combines user behavior analysis, techniques for dealing with sparse data, 
and hybrid recommendation strategies with the overall goal of improving services in digital libraries 
[27,31]. The theoretical basis relying on the principles of machine learning and information retrieval, 
emphasizes the synergy between user-oriented artificial intelligence and adaptive filtering 
techniques [8,9]. 

In summary, the analysis of existing research outlines a clear trend in the development of 
systems that provide intelligent personalized content fitted for the needs of the users for digital 
libraries towards hybrid models that integrate access logs, item-based collaborative filtering, and 
content-based approaches to increase the degree of personalization, improve search accuracy, and 
enhance user engagement. Despite the progress reported using heterogeneous data sources, 
behavioral analytics, ontologies, and sophisticated algorithmic solutions, a few challenges remain 
unresolved, among which the problems of sparse data, ʺcold start,ʺ scalability, and the ethical aspects 
of personalization. This necessitates more robust and interpretable architectures capable of 
overcoming the limitations of classical collaborative filtering methods. 

In this context, the present study adopts a hybrid methodological approach that combines item-
based collaborative filtering with a content-based component. The content part is constructed on the 
integration of global thematic proximity, local matches between documents, thematic distribution of 
content, and analysis of the factual context, including named entities such as personalities, places, 
and other significant objects. This combination aims to systematically address the limitations 
identified in the literature and achieve a more accurate, explainable, and practically applicable 
recommendation that conceptually and methodologically builds on contemporary hybrid paradigms 
in the field of digital libraries. 

3. Proposed Approach 

The digital library platform used in this study (National Library “Ivan Vazov”, Plovdiv [32]) is 
a web-based system designed for the management, organization, and access of heterogeneous digital 
cultural heritage resources. It supports the storage and description of diverse content types and 
provides advanced search, grouping, and analytical functionalities that facilitate access to large and 
complex collections [1]. Prior studies [1,7,10] have focused on enhancing content management and 
exploratory access through flexible organization and usage analysis, establishing a solid foundation 
for user-oriented interaction with digital cultural heritage content. Building on this foundation, the 
present work extends the platform’s capabilities by incorporating artificial intelligence–based 
personalized content discovery mechanisms, aiming to further improve access, usability, and 
adaptive interaction with rich and diverse cultural heritage collections [2]. 

In this context previous work [33–35] has noted the advantages of hybrid personalization 
approaches, which combine multiple complementary techniques, which outperform standalone 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 February 2026 doi:10.20944/preprints202602.1144.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1144.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 13 

 

methods that rely on a single source of evidence. Individual approaches often exhibit inherent 
limitations, particularly in environments characterized by sparse interaction data, heterogeneous 
content, and continuous collection growth. By contrast, hybrid methods can mitigate these limitations 
and provide more robust, scalable, and context-aware personalization. 

In this regard, the proposed approach applies a hybrid AI-driven personalization framework 
that integrates three complementary sources of information: (1) item-based collaborative filtering on 
a sparse ʺuser-documentʺ matrix extracted from filtered access logs; (2) content transfer via a pre-
computed document similarity matrix constructed from semantic representations, thematic profiles 
and a factual layer of named entities; and (3) adaptive contribution of global popularity in cases of 
sparse or missing history. The architecture is divided into an asynchronous layer that performs 
computationally intensive operations and interactive layer that steps on the pre-calculated 
operational structures and generates personal recommendations with low latency and short response 
times. 

3.1. Content Layer 

Within the proposed hybrid architecture, the content layer constitutes a core component 
responsible for capturing semantic relationships among documents. Central to this layer is a 
document similarity matrix, which provides a stable and content-driven signal that remains 
independent of user interaction or behavioral data. This component is particularly important in 
digital library environments where interaction data may be sparse, incomplete, or unavailable. Given 
the specific characteristics of the underlying corpus—namely, periodical publications with 
heterogeneous topics and temporal structure—the construction of the similarity matrix presents 
distinct challenges and requires tailored modeling choices. 

Its construction begins with text normalization (lemmatization for Bulgarian text, removal of 
stop words, and synonym enrichment) and token-safe segmentation of long documents. Vector 
representations are derived through a multilingual transformer model, which aims to do two things. 
On the one hand, it vectorizes the data in a way that preserves the semantics — this is achieved by 
using contextual embeddings [36,37]. On the other hand, the model also performs data reduction, 
which eliminates the need for an additional approach to dimensionality reduction [38,39]. Given the 
substantial volume of data, the texts are processed in batches. Consequently, eliminating the need for 
dimensionality reduction constitutes a key advantage, as it lowers computational costs. Moreover, as 
noted in [40], incremental document processing can introduce systemic bias and lead to the 
degradation of representation quality unless periodic retraining is conducted which considering the 
amount of data is nearly impossible. 

After vectorizing the data, several complementary aspects of proximity are calculated and 
aggregated: (1) average cosine proximity between document vectors (global semantics), (2) ʺbest-
matchʺ between fragments (local matches, relevant for long/short texts and especially useful for 
periodicals) and (3) thematic profiles from Fuzzy C-Means, which capture the distributed 
membership to topics. In parallel, a sparse representation of the named entities, extracted from the 
texts and stored as metadata, is constructed, on which the Jaccard index is evaluated. The resulting 
components are integrated into a symmetric matrix with a stable shared index, which ensures 
compatibility with other operational structures. The role of the similarity matrix in personalization is 
twofold. On the one hand, it allows for content transfer: a limited or ʺsparseʺ user history can be 
expanded to semantically similar resources through proximity assessments to already viewed 
documents. On the other hand, the matrix addresses the ʺcold startʺ for new items: even in the 
absence of interactions, a new document can be suggested if it is content-wise close to resources with 
established interest from a user. Additional benefits include stabilization against popularity bias 
(introducing thematic diversity in mixed profiles) and increased explainability by decomposing 
contributions into global semantics, local matches, topics, and named entities. The full process of 
creating the similarity matrix and combining the different components of the similarity measure is 
shown on Figure 1. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 14 February 2026 doi:10.20944/preprints202602.1144.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.1144.v1
http://creativecommons.org/licenses/by/4.0/


 5 of 13 

 

 

Figure 1. The process of creating similarity matrix for content layer. 

3.2. Behavioral Layer 

The behavioral layer represents the second core component of the proposed hybrid architecture 
and is responsible for modeling user interaction patterns within the digital library environment. This 
layer transforms resource access logs into a formal and inherently sparse representation of user 
preferences, capturing implicit behavioral signals that complement the content-based similarity and 
popularity indicators. By incorporating observed usage behavior, the behavioral layer contributes an 
adaptive signal that reflects evolving user interests and interaction dynamics. 

From an architectural perspective, the behavioral layer is also organized according to a two-tier 
design. Computationally intensive operations, such as log processing, filtering, aggregation, and the 
construction of matrices and indexing structures, are executed asynchronously and outside the 
critical request-processing path. The interactive component operates exclusively on precomputed 
representations, enabling low-latency responses at runtime. This design reduces reliance on extensive 
individual interaction histories by leveraging the content signal, supports scalability through 
asynchronous computation, and enhances interpretability by maintaining a clear separation between 
content-based, behavioral, and popularity-driven contributions. 

The process of analyzing the logs, generated from the interactions between the user and the 
system, starts with filtering and cleaning the logs from administrative, system, and automated 
requests and normalizing to a minimal, unambiguously interpretable format. The purpose of 
transforming them is to obtain a reliable and compact representation of actual behavior, which can 
be used as an implicit assessment of interest and serve as input to the hybrid model for generating 
personalized recommendations. 

Due to the lack of explicit ratings, the behavioral signal is derived from the number of validated 
accesses of a ʺuser-documentʺ pair. To avoid oversensitivity to navigational repetitions and 
anomalies, the raw counts are converted into weights using a monotonically increasing but saturating 
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function (single access - base weight; subsequent access - decreasing increment up to an upper 
bound). The resulting implicit weights reflect ʺconfidenceʺ in interest and are suitable for sparse 
linear algebraic treatment. w୳,୧ ൌ ቊ 0, c୳,୧ ൑ 0min ሺ1 ൅  0.3 ∗ ൫c୳,୧ െ 1൯, 2ሻ, c୳,୧ ൐ 0 (1)

Based on these weights, a sparse ʺuser-documentʺ matrix is created, where the non-zero 
elements are only the observed interactions. Due to its extreme sparsity, the matrix is stored in 
Compressed Sparse Row (CSR) format, which preserves only the non-zero values and their 
coordinates and allows for efficient multiplication, sorting, and incremental updates on standard 
hardware. Maps are maintained simultaneously for unambiguous mapping of user and document 
identifiers to matrix indices. The column row of the ʺuser-documentʺ matrix is synchronized with the 
index of the documents used by the similarity matrix, which ensures compatibility in hybrid 
calculations. 

In parallel, a popularity vector is calculated that summarizes the audienceʹs interest in each 
document (including anonymous sessions) by aggregating the implicit weights and normalizing 
them in the interval [0,1]. This signal is used adaptively as a ʺfallback mechanismʺ in cases of sparse 
history or anonymous users and stabilizes the ranking without dominating when the personal signal 
is sufficient. 

The result of asynchronous processing (shown in Figure 2) includes three operational structures: 
(i) a sparse ʺuser-documentʺ matrix, (ii) a global popularity vector, and (iii) index maps for users and 
documents. These are published in compact file formats for fast loading from the interactive layer 
and are maintained incrementally: new interactions update the relevant rows and popularity 
components; adding/changing a document is reflected through the common index, without a 
complete recalculation. 
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Figure 2. The process of creating document-user matrix and global popularity vector. 

This procedure ensures reproducibility, traceability, and operational stability with growing 
volume. In the interactive layer of the ʺpersonalized recommendationsʺ functionality, the system 
aggregates three sources of information: (1) content transfer of history through the similarity matrix, 
(2) behavioral proximity, implicitly encoded in the sparse ʺuser-documentʺ matrix, and (3) adaptive 
contribution from the global popularity vector, active in sparse data. The evaluation is decomposable 
into components, which facilitates explainability (ʺwhyʺ a given resource is recommended) and 
ensures predictable behavior in edge cases: cold start for users (global popularity prevails, and the 
similarity matrix assists in the current context), exhausted history (smooth fallback to global 
popularity), thematic shift (a single new interaction acts as an ̋ anchorʺ through the similarity matrix), 
poorly represented behavioral data (the content component dominates). 

Built this way, the behavioral layer provides a compact, scalable, and explainable representation 
of actual consumption. Its consistency with the similarity matrix and document indexes allows for 
hybrid ranking with low latency and stability as data volume increases, while maintaining clarity in 
the rationale for each recommendation. 

3.3. Integration of the Behavioral and Content Layer 

The integration of content-based and behavioral signals is realized through a unified scoring 
mechanism that combines semantic proximity between documents, observed user interaction 
patterns, and global popularity indicators. This formulation corresponds to an item-based 
collaborative filtering approach augmented with content-based similarity, allowing complementary 
sources of evidence to be jointly exploited within a single personalization scheme. The resulting 
combination is formalized by the following formula: scoreሺu, dሻ =  ∑ w୳,୧ ∗  S(i, d)୧ ∈ ୦୧ୱ୲୭୰୷(୳) +  p(d)  (2)

The mechanism for generating personalized recommendations according to the formula works 
in two main modes. The first mode is activated for users who have a history of interactions with the 
system, where the algorithm attempts to generate personalized suggestions that are close to the userʹs 
current history. In this mode, it is possible that the available history has exhausted the possible 
recommendations, in which case the fallback mechanism is automatically activated, and globally 
popular documents are displayed, which is explicitly noted. If this is not the case, the operational 
procedure includes the following steps: 

1. A set of candidates is formed by combining the k-nearest neighbors according to the similarity 
matrix of each document in the userʹs history. 

2. For each candidate document, a weighted score is calculated relative to the history of the viewed 
and similar documents. 

3. Documents already viewed by the user are excluded. 
4. The results are sorted by score, and the top k are returned. 

The second mode of operation is for unregistered users or those without an accumulated 
interaction history, in which case the fallback mechanism is activated, and globally popular 
documents are displayed. Those cases are displayed in Figure 3. 
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Figure 3. Basic flow for displaying personalized recommendations. 

4. Experimental Setup, Results and Discussion 

This section presents the experimental setup and discusses the results obtained from a series of 
evaluation scenarios designed to assess the behavior and robustness of the proposed approach. Both 
typical usage conditions and critical edge cases are examined in order to verify that the system 
responds in a stable and predictable manner across a range of realistic interaction patterns. The 
evaluated scenarios focus on conditions that are particularly relevant for large and heterogeneous 
digital library collections. 

The formulation embodies a hybrid approach by jointly exploiting complementary signals: 
content-based similarity ensures semantic relevance and covers new or rarely visited documents; 
behavioral signals personalize results based on user history; and popularity provides a stable fallback 
in cold-start or sparse-data scenarios without overriding strong personal signals. 

To validate the correct behavior of the hybrid approach and to isolate random influences from 
real data, a synthetic set with three thematic groups of documents (clusters A, B, and isolated C) has 
been constructed. A strong co-occurrence has been deliberately introduced between the documents 
in A and B (they are read together by the same users), while B remains without co-occurrences to 
observe the reaction in the absence of neighbors. A document with a high number of anonymous 
visits was also added, which functions as a ʺglobally popularʺ reference point in the absence of 
interaction history. In all experiments, the standard restriction applies that text documents already 
viewed by a given user are excluded from the possible recommendations. The resulting lists are 
compared with the expected behavior according to the scenario. 

The following scenarios were tested and demonstrated: 

1. ʺCold startʺ for a user. The profile represents a new or anonymous visitor with no registered 
interaction history; its vector in the ʺuser-documentʺ matrix is zero. The resilience of the system 
in the complete absence of personal signals, as well as its ability to deliver useful and consistent 
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results, is evaluated. This scenario is critical in real-world settings, where a substantial 
proportion of users are new or unregistered, and empty result lists negatively affect trust and 
retention. The expected and confirmed result is a switch to a fallback strategy based on global 
popularity without simulating personalization; recommendations are clearly marked as 
ʺpopularʺ rather than ʺpersonal,ʺ thus maintaining transparency and basic usefulness until there 
are enough personal signals to form personalized recommendations. 

2. Exhausted isolated cluster. The user has consumed all available documents in a closed, loosely 
connected topic (e.g., cluster B) that has no joint readings with other topics. The test checks 
whether the model correctly recognizes a ʺsemantic dead endʺ and avoids trivial or cyclical 
suggestions of already seen content. The scenario is critical for systems with thematic ʺpocketsʺ 
where the joint signal does not lead to new neighbors. The confirmed expectation is that the 
system recognizes the lack of valid personalized candidates and triggers a controlled fallback 
mechanism (global popularity) by offering relevant but non-personalized alternatives outside 
the niche, without ʺinventingʺ personalization. 

3. Shift of interest. The user has a dominant history in one topic (e.g., cluster A) but performs a 
single, new interaction in a different topic (cluster B). Here, the modelʹs sensitivity to new signals 
and its ability to reorient recommendations without ignoring accumulated history are tested. 
The scenario is important because real interests are dynamic and require rapid adaptation 
during thematic transitions. The expected result is for the single signal to act as an ʺanchorʺ: the 
hybrid approach brings out candidates from the new topic through content proximity and 
available joint readings, while limiting the dominance of the old topic; the list is filled mainly 
with resources from cluster B. 

4. Mixed profile. The user has a balanced history distributed between two or more independent 
thematic clusters (e.g., A and B). The aggregating behavior of the model is tested: that the 
contributions from different interests are combined proportionally, without one cluster 
suppressing another and without ʺleakageʺ to unrelated topics. The scenario is important for 
maintaining diversity and avoiding the ʺtunnel effect.ʺ The result is a balanced list of 
recommendations in which the relative share of elements from A and B reflects the strength of 
historical signals; the system demonstrates stable mixing of content and collaborative 
contributions and be resistant to asymmetric but non-priority variations. 

5. ʺCold startʺ for items. The synthetic data that was generated also includes a test resource that is 
a new document with no observed readers and, therefore, no collaborative links. The goal is to 
verify whether the content component of the hybrid approach overcomes the lack of 
collaborative readings and makes the document visible to an audience with similar thematic 
preferences. The scenario is key to introducing new resources and reducing their time to being 
offered as recommended items. The result is that the new document will appear in the 
personalized list of recommendations for users which previously read texts that are semantically 
close, with a moderately lower initial weight. A control check with the purely collaborative 
method shows the absence of this document in the recommendations. 

6. Scarce behavioral history. The profile includes interactions with rare, lightly read resources that 
have few shared readers; the collaborative signal is weak or unstable. The test measures the 
robustness of the model under conditions of sparse data and the ability of the content layer to 
provide semantic relevance. This scenario is particularly relevant for institutional collections 
with a large number of niche resources and heterogeneous consumption patterns. The expected 
result is a leading role for content proximity (the similarity matrix) in forming recommendations 
that remain thematically consistent; in the purely collaborative control variant, the fallback 
mechanism is activated, and popular but less thematically close elements dominate. 

In summary, these six scenarios cover the full spectrum of main cases especially the edge cases 
— lack or exhaustion of personal data, dynamics and competition of interests, lack of co-readings for 
new or rare resources — and validate that the hybrid model responds predictably, transparently, and 
stably in conditions typical of digital libraries. 
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The evaluation summarizes two types of checks: (1) qualitative – whether the lists match the 
expected logic of the scenario and (2) quantitative – share of results in the first k suggestions and 
relative contribution of the two clusters in a mixed profile. Thus, the test results give a clear picture 
that the module create proper personalized recommendation, remains useful in the absence of data, 
and reacts predictably when interests change. 

5. Conclusion and Future Work 

The growing volume and diversity of digitized resources in modern digital libraries make it 
increasingly difficult for users to locate relevant documents within large cultural heritage collections. 
Addressing this challenge, a hybrid approach for intelligent and personalized interaction was 
presented, aimed at improving content discovery and user-oriented access in digital library 
environments. The approach integrates multiple sources of information to support effective 
navigation and discovery, particularly in the presence of sparse interaction data and continuously 
expanding collections, while remaining robust and scalable for practical use. 

Empirical validation using scenario-driven synthetic tests shows that the hybrid approach 
exceeds item-based collaborative filtering and content-only baselines in terms of stability and 
relevance, mitigating popularity-driven spurious recommendations while maintaining coverage 
when user interaction history is sparse or unavailable. The explicit separation of content, behavior, 
and popularity also enhances explainability: each recommendation can be traced to its constituent 
contributions, supporting user trust and explainability in production environments. 

Future work will enrich interaction logs with signals such as time spent and depth of access, 
enabling the model to distinguish strong interest from weak or negative interactions rather than 
treating all accesses as implicitly positive. While incremental model updates are already supported, 
future work will also explore temporal weighting of interactions to better reflect evolving user 
interests. At the system level, approximate nearest-neighbor indices will be introduced to further 
reduce latency and infrastructure costs. 
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