
5.52.5

A Hybrid Approach for
Personalized and Intelligent
Content Recommendation in Digital
Libraries

Emanuela Mitreva, Desislava Paneva-Marinova, Vladimir Georgiev, Alexandra Nikolova and

Radoslav Pavlov

Special Issue
Intelligent Interaction in Cultural Heritage

Edited by

Dr. Tibor Szkaliczki, Prof. Dr. Desislava Paneva-Marinova, Dr. Detelin Luchev,

Dr. Nektarios Moumoutzis, Prof. Dr. János Demetrovics and Prof. Dr. Radoslav Pavlov

Article

https://doi.org/10.3390/app16062756

https://www.mdpi.com/journal/applsci
https://www.scopus.com/sourceid/21100829268
https://www.mdpi.com/journal/applsci/stats
https://www.mdpi.com/journal/applsci/special_issues/U3RKS53VT4
https://www.mdpi.com
https://doi.org/10.3390/app16062756


Academic Editor: Jose María Alvarez

Rodríguez

Received: 11 February 2026

Revised: 11 March 2026

Accepted: 12 March 2026

Published: 13 March 2026

Copyright: © 2026 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license.

Article

A Hybrid Approach for Personalized and Intelligent Content
Recommendation in Digital Libraries

Emanuela Mitreva 1 , Desislava Paneva-Marinova 1,* , Vladimir Georgiev 2 , Alexandra Nikolova 1

and Radoslav Pavlov 1

1 Institute of Mathematics and Informatics, Bulgarian Academy of Sciences (IMI-BAS), 8, Acad. G. Bonchev Str.,

1113 Sofia, Bulgaria; emitreva@gmail.com (E.M.); a.nikolova@math.bas.bg (A.N.); radko@cc.bas.bg (R.P.)
2 Computer Science Department, America University in Bulgaria, 1, Georgi Izmirliev Sq.,

2700 Blagoevgrad, Bulgaria; vgeorgiev@aubg.edu

* Correspondence: dessi@cc.bas.bg

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. Users increasingly struggle to navigate large periodical collections and

identify relevant materials. 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. However, digital library environments often contain sparse interaction data,

evolving user interests, and continuously growing collections. These characteristics 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 engage-

ment [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 [2,3]. They provide centralized

and sustainable access to content of different formats and levels of structure, including

texts, images, multimedia objects, and data [4–6].
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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 and limited explicit feedback. The continuous

introduction of new or rarely accessed documents further complicates the discovery of

relevant resources.

In response to these challenges, artificial intelligence-based personalization and in-

telligent content discovery approaches have gained increasing attention in digital library

research [7,8]. In particular, hybrid approaches that combine collaborative filtering, content-

based analysis, and complementary signals have been identified as a promising direction

for addressing data sparsity, cold-start conditions, and popularity bias, while improving

robustness and coverage [9–11]. By leveraging behavioral data and access logs, such ap-

proaches 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 [12,13].

This evolution aims to overcome information overload and to provide personalized

services that are key to improving resource discoverability and user satisfaction [14,15].

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 in user engagement and satisfaction [16,17].

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 discus-

sion 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 [18].

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 be-

tween objects and the individual user profile, built based on previous interactions with

the system [19]. 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 [20]. A significant limitation is

the dependence on already known resources, which can lead to a narrow scope of recom-

mendations, especially in the absence of explicit ratings [21,22]. 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.
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Unlike this individually oriented approach, collaborative filtering is based on the

collective behavior of multiple users and generates recommendations by identifying simi-

larities between user profiles or between items [19,21]. 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 [22]. 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 [23,24]. Existing

techniques often fail to make effective use of implicit user actions and rely on a sin-

gle data source, which limits their accuracy and adaptability [9,25]. These limitations

are exacerbated in large-scale digital libraries, where processing and combining large

volumes of data pose significant computational and architectural challenges [21]. Practi-

cal implementations, such as the ShareTEC system [26], demonstrate the need for asyn-

chronous 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 informa-

tion. 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 [10,15].

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 [6,9,27]. The

inability to address this gap leads to reduced user engagement and inefficient use of

available resources [15].

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 [6,9,28]. 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 [25,29]. The theoretical basis

relies on principles from machine learning and information retrieval. These approaches

emphasize the synergy between user-oriented artificial intelligence and adaptive filtering

techniques [6,7].

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 collab-

orative filtering, and content-based approaches to increase the degree of personalization,

improve search accuracy, and enhance user engagement. Despite the progress when using

heterogeneous data sources, behavioral analytics, ontologies, and advanced algorithms,

several challenges remain unresolved. These include sparse data, cold-start situations,

scalability, and ethical aspects of personalization. This necessitates more robust and in-

terpretable architectures capable of overcoming the limitations of classical collaborative

filtering methods.
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Notable mentions of recent research in recommender systems are deep learning archi-

tectures such as transformer-based sequential recommendation models and graph neural

network approaches [30,31]. Transformer-based models employ attention mechanisms to

capture contextual relationships in sequential interaction data, while graph-based meth-

ods represent user-item interactions as structured networks and apply graph neural net-

works to learn complex relational patterns [30,31]. These approaches have demonstrated

strong performance in large-scale recommendation environments with dense interaction

data [30,31]. However, such models typically require substantial training data and compu-

tational resources. In digital library environments, where interaction data is often relatively

sparse and collections evolve continuously, hybrid approaches that combine behavioral

signals, semantic similarity, and popularity-based mechanisms remain a practical and

effective solution.

In this context, the present study adopts a hybrid methodological approach that com-

bines 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 combina-

tion aims to systematically address the limitations identified in the literature and achieve

a more accurate, explainable, and practically applicable recommendation that concep-

tually 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”, Plov-

div [32]) is a web-based system designed for the management, organization, and ac-

cess of heterogeneous digital cultural heritage resources. It supports the storage and

description of diverse content types and provides advanced search, grouping, and an-

alytical functionalities that facilitate access to large and complex collections [1]. Prior

studies [1,8] 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 foun-

dation, the present work extends the platform’s capabilities by incorporating artificial

intelligence-based personalized content discovery mechanisms, aiming to further im-

prove access, usability, and adaptive interaction with rich and diverse cultural heritage

collections [1].

In this context, previous works [33,34] have noted the advantages of hybrid personal-

ization approaches, which combine multiple complementary techniques and outperform

standalone 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 “user-document” 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.

https://doi.org/10.3390/app16062756
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The architecture is divided into two layers. The asynchronous layer performs compu-

tationally intensive operations, while the interactive layer relies on precomputed structures

to generate personalized recommendations with low latency. In the asynchronous layer,

resource-intensive tasks such as document preprocessing, embedding generation, similarity

matrix construction, clustering, and aggregation of interaction logs are executed offline and

processed iteratively as new data becomes available. This design allows the system to incre-

mentally update internal representations without interrupting the recommendation service.

The interactive layer operates exclusively on these precomputed structures, including the

document similarity matrix, the sparse user-document interaction matrix, and the global

popularity vector. As a result, recommendation generation requires only lightweight sparse

operations and nearest-neighbor retrieval, ensuring fast response times while maintaining

scalability for growing digital library collections. The trade-off of this architecture is that

the interactive component may temporarily operate on slightly outdated data between

asynchronous update cycles; however, this compromise enables stable performance and

low-latency recommendation delivery while still allowing the model to incorporate newly

available data through periodic updates.

3.1. Content Layer

Within the proposed hybrid architecture, the content layer constitutes a core com-

ponent 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.

The similarity matrix is constructed by combining two complementary sources of

information that capture different aspects of document relatedness. One of the information

sources used in the similarity model is the factual context of documents represented through

named entities. Named entities such as persons, locations, institutions, and historically

significant objects are automatically extracted from the document texts using a named entity

recognition (NER) pipeline adapted for Bulgarian language content. The extraction process

employs two pretrained NER models compatible with the Bulgarian language, available

through the Hugging Face model repository. Because individual pretrained models did

not provide sufficiently reliable entity extraction, their outputs are combined to improve

coverage and robustness.

The extracted entities are stored as structured metadata associated with each re-

source in the digital library and are later used to compute named entity-level similarity

between documents using the Jaccard index, which captures overlaps in factual refer-

ences between texts. This named entity-based similarity forms one component of the

overall document similarity model. In the current configuration, the named entity sim-

ilarity contributes to the final similarity score through a weighted aggregation of the

different similarity signals.

After named entities are extracted, the process continues with text normalization, in-

cluding Bulgarian lemmatization, stop-word removal, synonym enrichment, and token-safe

segmentation of long documents. The textual representation of documents is then generated

using a multilingual transformer-based sentence embedding model (MiniLM) available

through the Hugging Face repository. The model produces contextual embeddings that
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capture semantic relationships between documents while simultaneously transforming the

original text into compact fixed-size vector representations [35,36].

Because the embedding model already produces compact representations, additional

dimensionality reduction techniques such as PCA or SVD are not required [37,38]. Avoid-

ing these transformations is particularly beneficial in the proposed architecture, where

documents are processed incrementally in batches during the offline preprocessing stage.

Dimensionality reduction methods typically require recomputation over the full document

collection whenever new data is incorporated. Moreover, as noted in [39], repeated di-

mensionality reduction on incrementally processed data may introduce systemic bias and

degrade representation quality unless periodic retraining is performed, which is impractical

for large-scale collections. By generating compact embeddings directly, the system reduces

preprocessing complexity while maintaining stable semantic representations suitable for

similarity computation.

After vectorizing the data, several complementary aspects of proximity are calculated

and aggregated:

• Global semantic similarity—average cosine similarity between document embedding

vectors.

• Local fragment similarity—a best-match measure capturing correspondences between

document segments, particularly useful for long or heterogeneous periodical texts.

• Thematic similarity—derived from Fuzzy C-Means clustering applied to the document

embedding space, where documents are represented by soft membership vectors

across multiple thematic clusters.

• Factual similarity—based on overlaps between the extracted named entities.

The final similarity score between documents is obtained through a weighted linear

aggregation of these components. The coefficients controlling the contribution of each simi-

larity signal were determined empirically during the development of the model through an

ablation study designed to evaluate the impact of the individual components. A detailed

analysis of the parameterization of the similarity model is presented in a complementary

study focusing on multi-component similarity modelling.

The resulting similarity values are organized into a symmetric similarity matrix with

a stable shared document index, ensuring compatibility with other operational structures

used in the recommendation process. The similarity matrix plays a dual role in the per-

sonalization mechanism. First, it enables content transfer, allowing a limited or sparse

user history to be expanded with semantically related resources based on proximity to

previously accessed documents. Second, it supports cold-start situations for new items:

even without recorded interactions, a document can be recommended if it is semantically

close to resources associated with user interests.

Additional benefits include improved robustness against popularity bias by introduc-

ing thematic diversity in mixed profiles and increased explainability, as recommendations

can be traced to contributions from global semantics, local matches, thematic similarity, and

named entities. The overall process of constructing the similarity matrix and combining

the similarity components is illustrated in Figure 1.

https://doi.org/10.3390/app16062756
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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 com-

plement 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 asyn-

chronously 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 analysis of interaction logs begins with filtering and cleaning. Administrative, sys-

tem, and automated requests are removed, and the logs are normalized into a minimal and

unambiguous 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.

https://doi.org/10.3390/app16062756
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Due to the lack of explicit ratings, the behavioral signal is derived from the num-

ber of validated accesses of a “user-document” pair. To avoid oversensitivity to navi-

gational repetitions and anomalies, the raw counts are converted into weights using a

monotonically increasing but saturating function (single access—base weight; subsequent

access—decreasing increment up to an upper bound). The resulting implicit weights reflect

“confidence” in interest and are suitable for sparse linear algebraic treatment.

wu,i =

{

0, cu,i ≤ 0

min (1 + 0.3 ∗ (cu,i − 1), 2), cu,i > 0
(1)

Based on these weights, a sparse “user-document” 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, sort-

ing, and incremental updates on standard hardware. Maps are maintained simul-

taneously for unambiguous mapping of user and document identifiers to matrix in-

dices. The column index of the “user-document” matrix is synchronized with the in-

dex of the documents used by the similarity matrix, which ensures compatibility in

hybrid calculations.

In parallel, a popularity vector is calculated that summarizes the audience’s 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 “fallback

mechanism” 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 opera-

tional structures: (i) a sparse “user-document” 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.

This procedure ensures reproducibility, traceability, and operational stability with

growing volume. In the interactive layer of the “personalized recommendations” func-

tionality, the system aggregates three sources of information: (1) content transfer of his-

tory through the similarity matrix, (2) behavioral proximity, implicitly encoded in the

sparse “user-document” matrix, and (3) adaptive contribution from the global popu-

larity vector, active in sparse data. The evaluation is decomposable into components,

which facilitates explainability (“why” 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 “an-

chor” through the similarity matrix), poorly represented behavioral data (the content

component dominates).

Built this way, the behavioral layer provides a compact, scalable, and explainable rep-

resentation of actual interactions. 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.

https://doi.org/10.3390/app16062756
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Figure 2. The process of creating document-user matrix and global popularity vector.

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 similar-

ity, allowing complementary sources of evidence to be jointly exploited within a single

personalization scheme. The resulting combination is formalized by the following formula:

score(u, d) = ∑i∈history(u)
wu,i × S(i, d) + β(u)× p(d) (2)

The popularity component p(d) is not applied with a fixed global weight. Instead,

its contribution is controlled through an adaptive coefficient β(u), which determines

the relative influence of popularity in the final score. The value of β(u) depends on

the amount of interaction data available for the user. When the total interaction weight

∑i∈history(u) wu,i is below a predefined threshold Hmin, the popularity signal contributes

to the recommendation score to stabilize the results in situations with limited interaction

https://doi.org/10.3390/app16062756
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history. As the interaction history grows and sufficient behavioral information becomes

available, β(u) is set to zero so that the recommendation score is determined entirely

by the behavioral similarity component. In this way, the popularity signal functions

primarily as a cold-start support mechanism rather than as a permanent influence on

personalized recommendations. The parameters Hmin and the base coefficient β(u) act as

system configuration parameters that define when the popularity signal becomes active.

The mechanism for generating personalized recommendations according to the for-

mula 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 user’s current history. The operational procedure includes

the following steps:

1. A set of candidate documents is formed by aggregating the k-nearest neighbors of

each document in the user’s interaction history according to the similarity matrix. In

the current configuration, k = 5, meaning that the five most similar documents are

considered during candidate generation.

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.

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.

The second mode of operation is for unregistered users or those without an accumu-

lated interaction history, in which case the fallback mechanism is activated, and globally

popular documents are displayed. Those cases are displayed in Figure 3.

Figure 3. Basic flow for displaying personalized recommendations.
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3.4. System Implementation

The implementation of the proposed hybrid recommendation framework follows the

architecture described in Sections 3.1–3.3. Document texts undergo normalization, includ-

ing Bulgarian lemmatization, stop-word removal, synonym enrichment, and token-safe

segmentation of long documents prior to embedding generation. Semantic representations

are produced using a multilingual transformer-based sentence embedding model available

through the Hugging Face ecosystem.

User interaction signals are derived from filtered access logs and transformed into

implicit preference weights according to Equation (1). The resulting sparse user–document

interaction matrix is stored in Compressed Sparse Row (CSR) format. During recommen-

dation generation, candidate documents are obtained from the k-nearest neighbors of the

user’s interaction history, and final ranking scores are computed using the hybrid scoring

function defined in Equation (2). Configuration parameters used in the similarity model

and recommendation process were determined empirically during system development

and remain fixed across all experiments reported in this study.

From a computational perspective, the architecture separates resource-intensive pre-

processing from the interactive recommendation stage. Operations such as embedding

generation, similarity matrix construction, clustering, and log aggregation are executed

asynchronously in an offline layer and processed in batches. At runtime, the interactive com-

ponent operates exclusively on precomputed structures, including the document similarity

matrix, the sparse user-document matrix, and the global popularity vector. Recommenda-

tion generation therefore consists primarily of lightweight sparse vector operations and

nearest-neighbor retrieval.

In terms of algorithmic complexity, the offline preprocessing stage includes document

embedding generation and similarity matrix construction. For a collection of N documents

with embedding dimension d, embedding generation scales approximately as O(N*d),

while pairwise similarity computation for the similarity matrix has theoretical complexity

O(N2). Processing of interaction logs and construction of the user-document matrix scale

linearly with the number of log events E, resulting in complexity O(E). Since these opera-

tions are executed asynchronously and updated periodically, they do not affect the runtime

performance of the recommendation service.

Empirical measurements were conducted using the evaluation dataset consisting of

500 documents, 870 users, and 26,000 interaction events. The most computationally inten-

sive preprocessing step is the extraction of named entities from document texts. Using the

NER pipeline described in Section 3.1, processing 500 documents required approximately

20 min (≈2.46 s per document). However, this operation is performed only once for each

document during ingestion and is required only for newly added resources. Subsequent

similarity computations reuse the extracted entities and therefore do not repeat the full

NER processing.

The remaining stages of the offline preprocessing pipeline, including semantic embed-

ding generation, clustering, and construction of the document similarity matrix, required

approximately 4 min for the evaluation dataset (500 documents). The resulting similarity

matrix and associated semantic vectors occupy approximately 1–2 MB of storage in this

configuration, thus have a small memory footprint. Aggregation of interaction logs and

construction of the sparse user-document interaction matrix required approximately 0.15 s

for the evaluation dataset (500 documents). A larger-scale test was performed, processing

5,000,000 log events, and the test completed in 15.8 s, demonstrating stable performance

under significantly larger workloads. Due to the use of sparse matrix representations, the

resulting interaction structures require only a small fraction of the storage required by

dense matrices.

https://doi.org/10.3390/app16062756

https://doi.org/10.3390/app16062756


Appl. Sci. 2026, 16, 2756 12 of 18

Because candidate generation uses a fixed number of nearest neighbors, the run-

time complexity per recommendation request grows primarily with the size of the user

interaction history rather than with the size of the full document collection. In prac-

tice, recommendation generation involves only sparse vector operations and nearest-

neighbor retrieval, with observed response times below 50 ms per request. This archi-

tectural separation between offline computation and lightweight online inference enables

the system to scale to larger digital library collections while maintaining low-latency

recommendation responses.

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

to verify that the system responds in a stable and predictable manner across a range of

realistic interaction patterns.

The formulation embodies a hybrid approach by jointly exploiting complementary sig-

nals: 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.

The evaluation is organized into two complementary parts. First, a quantitative evalu-

ation based on real interaction logs is conducted to measure recommendation performance

under normal system usage. This is followed by a set of controlled synthetic scenarios

designed to examine the behavior of the hybrid model under specific edge cases that are

difficult to systematically reproduce in real datasets.

4.1. Quantitative Evaluation Using Real Interaction Logs

The quantitative evaluation of the hybrid approach and the comparison with pure

collaborative filtering and content-based filtering were conducted using interaction logs

collected from the digital library platform of the National Library “Ivan Vazov” in Plovdiv.

The logs record document access events generated during normal system operation and

include the document identifier, the user identifier (when available; anonymous interactions

do not contain a user identifier), and the timestamp of the access. Each record corresponds

to an event (login, access of resource, add resource, delete resource, etc.) and represents an

implicit interaction between a user and a specific document or the platform.

For the purposes of controlled experimentation, the evaluation was performed on

a representative subset of the digital library collection. In preliminary experiments, sev-

eral document subsets ranging between 200 and 1000 documents were used to analyze

the behavior of the recommendation methods under different collection sizes and to

assess the impact of collection size on document similarity calculation and similarity

matrix construction.

In the evaluation presented in this study, a subset of 500 documents was selected from

the digital library collection, and the interaction logs were filtered to include only user

interactions (access of resources) associated with these documents. The subset was selected

in order to enable controlled experimentation and efficient similarity computation, while

preserving realistic interaction patterns derived from the operational system logs.

It should be noted that restricting the candidate space to a document subset may

slightly influence the absolute values of ranking metrics, since the recommendation task is

performed over a smaller item set. However, in highly sparse digital library interaction

datasets, controlled subsets are frequently used in order to maintain sufficient interaction
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density for meaningful evaluation. In this case, the selected subset preserves the original

user behavior patterns while enabling reproducible experimentation and stable comparison

between the evaluated recommendation approaches.

The dataset used for quantitative evaluation contains 870 users, approximately 12,000

interaction events, and 500 documents. As is typical for digital library environments, the

resulting user-document interaction matrix is highly sparse because each user interacts with

only a small fraction of the available resources. Such sparsity is characteristic of real digital

library interaction datasets and represents a realistic condition for evaluating recommen-

dation systems in cultural heritage collections. Anonymous access events were excluded

from the quantitative evaluation because the evaluation protocol requires identifiable user

histories to construct user profiles and generate recommendations.

To assess the recommendation quality of the proposed approach and the baseline

methods, a leave-one-out evaluation protocol was applied, which is commonly used in

recommender system research. For each user with multiple interactions, the most recent

interaction was reserved as the test instance. The remaining interactions were used to

construct the user profile. The recommender system then generated a ranked list of

candidate documents for each user while excluding the documents already present in the

user’s interaction history.

Three recommendation approaches were evaluated:

• Collaborative filtering (CF) based on item-based similarity derived from the user-

document interaction matrix.

• Content-based (CB) based on the semantic similarity matrix constructed from docu-

ment representations.

• Hybrid approach, corresponding to the proposed approach that integrates collaborative

filtering signals, semantic document similarity, and the global popularity component.

The evaluation focuses on classical collaborative filtering and content-based baselines

because the objective of this work is to analyze the behavior of the proposed hybrid

integration of behavioral and semantic signals in digital library environments. More

complex recommendation models typically require substantially larger interaction datasets

and different training assumptions, which fall outside the scope of the present system-

oriented study.

For each user, the system generated a ranked list of the top 10 recommended doc-

uments, and the recommendation quality was evaluated by comparing the list with the

held-out interaction from the test set.

Recommendation performance was assessed using three widely used ranking metrics

in recommender system evaluation. Hit Rate at 10 (HR@10) [21] measures whether the

relevant document appears among the top 10 recommended items; if the held-out docu-

ment is present in the recommendation list, the recommendation is considered successful.

Precision at 10 (Precision@10) [21] measures the proportion of relevant items among the top

10 recommendations and reflects how frequently relevant documents appear within the rec-

ommendation list. Normalized Discounted Cumulative Gain at 10 (NDCG@10) evaluates

the ranking quality of the recommendation list by assigning higher scores when relevant

documents appear closer to the top of the ranked list [40]. These metrics are commonly

used for evaluating recommender systems operating on implicit feedback data [12,21,40].

The quantitative results obtained from the evaluation on real interaction logs are

summarized in Table 1.
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Table 1. Quantitative evaluation results for collaborative filtering, content-based, and hybrid ap-

proaches on real digital library interaction logs.

Model Precision@10 HR@10 NDCG@10

Collaborative Filtering 0.0306 0.3057 0.1775

Content-Based 0.0051 0.0506 0.0237

Hybrid (Proposed Approach) 0.0321 0.3207 0.1888

The results show that the hybrid approach achieves the slightly higher values across

all evaluated ranking metrics than the other approaches. Although the improvement over

the collaborative filtering baseline is modest, it is consistent across Precision@10, HR@10,

and NDCG@10. This behavior reflects the complementary nature of the hybrid formula-

tion, where behavioral signals capture collective usage patterns while semantic similarity

contributes additional contextual information. The content-based method alone shows

considerably lower performance, indicating that semantic similarity by itself does not suffi-

ciently capture the collective reading patterns reflected in user interactions. Collaborative

filtering captures these behavioral patterns but can be affected by sparse interaction histo-

ries. By combining both sources of information, the hybrid model maintains the strengths

of collaborative filtering while improving robustness in sparse interaction scenarios.

While evaluation on real interaction logs provides quantitative evidence of recom-

mendation performance under normal usage conditions, some behaviors of recommender

systems are difficult to observe using real datasets alone. Situations such as cold-start

users, isolated thematic clusters, abrupt shifts in user interests, or the introduction of new

documents without interaction history occur relatively infrequently and cannot always be

systematically reproduced in real usage logs.

For this reason, additional controlled synthetic evaluation scenarios were constructed.

These scenarios make it possible to examine how the proposed hybrid approach behaves

under well-defined conditions that represent common edge cases in digital library environ-

ments. The following subsection therefore focuses on analyzing these scenarios to illustrate

the situations where the hybrid formulation provides its main advantages.

4.2. Synthetic Evaluation Scenarios for Edge Cases

To validate the correct behavior of the hybrid approach and to isolate random influ-

ences 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 was deliberately introduced

between documents in clusters A and B, meaning that they are read together by the same

users. Cluster C remains without co-occurrences in order to observe system behavior when

no neighbors exist. A document with a high number of anonymous visits was also added,

which functions as a “globally popular” 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. “Cold start” for a user. The profile represents a new or anonymous visitor with

no registered interaction history; its vector in the “user-document” 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 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
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without simulating personalization; recommendations are clearly marked as “popular”

rather than “personal,” 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 “semantic dead end”

and avoids trivial or cyclical suggestions of already seen content. The scenario is

critical for systems with thematic “pockets” 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 “inventing” personalization.

3. Shift in 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 model’s

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 “anchor”: 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 “leakage” to unrelated topics.

The scenario is important for maintaining diversity and avoiding the “tunnel effect.”

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. “Cold start” 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 collabora-

tive 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.
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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.

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 demonstrate that the module generates appropriate personalized recommendations,

remains useful in the absence of data, and reacts predictably when interests change.

5. Conclusions 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 evaluation using real interaction logs and scenario-driven synthetic tests

shows that the hybrid approach produces stable recommendation behavior and achieves

modest but consistent improvements in ranking performance compared with the indi-

vidual collaborative filtering and content-based baselines. 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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