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CHAPTER 1. GENERAL CHARACTERISTICS OF THE DISSERTATION

1.1. Relevance of the problem

In recent decades, digital transformation has significantly changed the way scientific
and cultural heritage is stored and used. The accumulation of large amounts of digitized
resources and the remote access to them have made digital collections an integral part of
scientific activity and education. In this context, digital libraries occupy a special place as
environments that combine long-term storage, reliable description, and organised provision of

information resources that are diverse in origin and structure.

However, with the growth in volume and diversity of content, a significant challenge
arises: standard search and navigation approaches are finding it increasingly difficult to help
users find documents that actually match their needs or interests. The abundance of resources,
the lack of explicit ratings, and varying degrees of structure often lead to too many results and
difficulties in navigating the available resources. This highlights the need for approaches that
not only provide access to resources but also make it more selective and tailored to the needs

of the specific user.

In this sense, personalised content is seen as a promising direction for the development
of digital libraries. Using text analysis, structured descriptions, and logs of interactions between
users and documents makes it possible for modern solutions in the field of artificial intelligence
to support the discovery of semantically similar resources while complying with requirements
for transparency and the protection of personal data. Of particular interest are hybrid solutions
that combine multiple sources of information and different approaches to achieve more robust,

explainable, and practically applicable recommendations in real-world environments.

1.2. Object, scope, aim, and objectives of the study

The object of the dissertation is the process of adapting and personalising content in
digital libraries using artificial intelligence and machine learning methods and techniques. The

research focuses on ways in which digital libraries can analyse user behaviour, preferences, and
context to provide dynamic content tailored to the individual needs and interests of each user.

The dissertation examines and systematises contemporary approaches to provide
personalised content in digital libraries based on artificial intelligence and machine learning
methods, outlining the main problems and challenges in their implementation. The main aim

is to develop new models, methods, and tools for providing personalised content that combine



content characteristics, data from user-document interaction logs, and metadata. The aim is to
offer users the most relevant, understandable, and tailored information resources while

maintaining scalability and proven applicability in a real environment.

The scope of the study is approaches, models, and algorithms for adapting information

objects and resources in digital libraries in order to provide personalised content.

The research is based on the hypothesis that the application of appropriate methods of
artificial intelligence and machine learning for adapting content in digital libraries leads to a

higher degree of personalisation, relevance, and efficiency in providing information to users.

In line with this hypothesis and with a view to achieving the aim of the dissertation, the

following main research objectives have been formulated:

Objective 1: To study the scientific achievements and results of current research on the
use of artificial intelligence and machine learning methods for providing personalised content

in digital libraries.

Objective 2. To explore the possibilities for applying modern methods of artificial
intelligence and natural language processing using large language models to extract named
entities from text resources and integrate them as structured metadata in order to improve search
capabilities and use them as an additional information source in the construction of hybrid

recommendation modules.

Objective 3. To create a conceptual model of functional modules for recommending
content in a digital library, based on modern methods of artificial intelligence, which offers
both information resources semantically similar to those currently being viewed and other
resources that the user might potentially be interested in. Within the model, develop approaches
for processing and using user data, as well as approaches for increasing the transparency and

explainability of the recommendation process.

Objective 4. Develop and implement a prototype of the proposed functional modules

and conduct experimental testing to assess their effectiveness and applicability.

Objective 5. Analyse and interpret the results of the experiments conducted in order to
draw conclusions about the quality of the recommendations and the potential of the proposed

module.



1.3. Structure of the dissertation
The structure of the dissertation is as follows:

Chapter 1. General Problem Statement defines the research object and scope, the
primary aim and specific objectives, and outlines the context in which the personalized

presentation of content in digital libraries is examined.

Chapter 2. Theoretical Foundations and Analysis of Contemporary Approaches to
Personalization in Digital Libraries presents the key concepts, models, and classifications
related to personalization and content recommendation algorithms, and conducts an analytical
review of scientific achievements and results from recent research on the application of artificial
intelligence and machine learning methods for delivering personalized content in digital

libraries.

Chapter 3. Models and Software Components for Personalized Content
Presentation in Digital Libraries formulates the theoretical framework of the proposed
architecture for personalized content presentation in a digital library. The chapter introduces
the system’s conceptual model and the roles of its core components-two functional modules for
generating personalized content and a separate service for the extraction and structuring of
named entities. It systematically describes the stages of data preparation and the creation of
operational structures within the asynchronous layer. Based on these structures, two principal
approaches to personalized content delivery are defined in the interactive layer: (1) the
discovery of similar documents, invariant across users; and (2) personalized recommendations,
in which personalization is achieved through a hybrid approach that combines content similarity
to previously accessed resources with a global popularity indicator, thereby balancing
individual user preferences and stable trends in the absence of behavioural history. The
exposition reveals the interdependencies among the modules and justifies the choice of a hybrid

approach.

Chapter 4. Experimental Implementation and Analysis of Testing Results presents
the practical implementation of the proposed modules and components, the software tools and
parameters employed, the evaluation methodology, and the results of experimental testing,
through which the applicability and effectiveness of the proposed solutions are assessed in a

real-world digital library environment.

Chapter 5. Conclusion and Future Directions summarizes the results achieved

through the development, analysis, and experimental implementation of the proposed solutions,



confirms their effectiveness and applicability in the context of digital libraries, and outlines
potential directions for future work, including the extension of functionality, performance
optimization, and integration with additional standards and intelligent methods for the

management and analysis of digital content.



CHAPTER 2. THEORETICAL FOUNDATIONS AND ANALYSIS OF
CONTEMPORARY APPROACHES TO PERSONALIZATION IN DIGITAL
LIBRARIES

The rapid development of information technology in recent decades has led to
fundamental changes in the way knowledge is created, stored, and shared. The exponential
growth of digital resources and the increasing accessibility of information have transformed
traditional approaches to knowledge management and created a need for new methods of
organising and using it. However, this transformation poses new challenges for researchers and
developers in terms of the effective management of information resources and ensuring

meaningful access to knowledge in conditions of information overload.

This chapter aims to present theoretical foundations and contemporary concepts for the
personalisation of content, focusing on the principles, methods, and algorithmic approaches that
define the development of this research area. Established and innovative solutions based on
artificial intelligence and machine learning techniques are examined, enabling the adaptation
of the information environment to individual user interests and behavioural patterns. Within the
scope of the analysis, the evolution of personalization approaches and their applicability across
different contexts is traced, with particular emphasis placed on the examination of their

implementations in the domain of digital libraries.

2.1. Digital libraries: concept and evolution

Digital libraries are perceived not merely as digitized collections, but as integrated
knowledge management systems that combine information resources, infrastructure, and
services within a dynamic environment [1], [2]. In this sense, the main goal of digital libraries
is to provide broad, sustainable and equal access to knowledge by supporting scientific and
cultural processes on a global scale [2], [3]. They aim not only at the digitization of content, but
also at the development of an intelligent information ecosystem that brings together data,

services, and users within a dynamic environment of interaction [2], [4], [5].

The authors of [6], [7] add that through the adoption of artificial intelligence and
adaptive technologies, digital libraries achieve a higher degree of personalization and
accessibility, thereby facilitating navigation and enhancing the efficiency of research activities.
In this way, their importance goes beyond the traditional function of storing and providing
information — they become an active mediator in the creation, discovery, and sharing of

knowledge, supporting the development of innovation, academic practices, and cultural



memory, and serve as an active environment for the creation, sharing, and development of

knowledge, which is at the heart of contemporary scientific and educational processes [2], [6].

The digital environment also changes the way users interact with information resources
by creating conditions for personal access and dynamic search. According to [8], digital
libraries are no longer just repositories of information, but "adaptive platforms” that analyse
user behaviour patterns in order to provide more relevant content and an improved user
experience. Personalisation is a key approach to improving the effectiveness of information
interaction. It involves adapting content, interface and functionalities to the individual
characteristics, interests and behaviour of the user [9]. The user is no longer just a static
consumer of information and resources, but an active participant in the construction of

knowledge.

As a result, the need for personalised solutions in digital libraries is seen as a necessary
change to improve user satisfaction and the effective use of information resources. Digital
libraries offering personalised content not only help users find relevant content but also create
a more intelligent and engaging learning and research environment that reflects digital

knowledge — user-oriented, context-oriented, and interaction-oriented.

2.2. Personalisation in digital libraries

The era of big data has established information as a strategic resource, and the ability to
extract knowledge from large and heterogeneous data sets has become a key competitive
advantage [10]. However, the growing volume and complexity of data make it difficult to
analyse and navigate information [2], which requires the development of intelligent decision
support systems tailored to the individual needs of the user [2], [11]. Although modern methods
of data analysis and machine learning allow the discovery of hidden patterns, their effectiveness

depends on the context and quality of the data used [12].

In digital libraries, personalisation is particularly important due to the large volume of
digitised documents and resources. Intelligent recommendation systems analyse content and
user behaviour, providing more accurate classification and access to relevant information and

increasing user engagement [13], [14].

Personalization approaches may be static, based on predefined settings, keywords, or
previously conducted user surveys [15]. Simple statistical methods can also be used, such as
generating a list of items that are of interest to most users or that reflect a particular area of

interest. The other type of personalisation approaches is dynamic and uses recommendation



algorithms that analyse large data sets and adapt content in real time. Their successful
application on leading platforms such as YouTube, Amazon, and Netflix demonstrates their
potential, and their transfer to digital libraries is a logical step towards more efficient and

interactive organisation and provision of knowledge.

2.2.1. Modern methods, algorithms, and personalization approaches

Contemporary approaches that provide personalised content are based on adaptive
methods, which in most cases include recommendation systems, user behaviour analysis, or a
combination of both approaches. They are also based on the idea that the information system
must continuously adapt to the changing needs, interests, and behaviour of the individual user.
These methods use an integrated set of artificial intelligence and machine learning techniques

and algorithms that work together to provide dynamic and relevant content delivery.

The main approaches to generating personalized content are based on user profiling and
behavioural analysis, as well as on classical recommender system methods-content-based
filtering, collaborative filtering, and hybrid solutions. These approaches are often
complemented by classification and clustering methods, which support the identification of

similarities and patterns and improve the accuracy of recommendations.

The combination of behavioural analysis, recommendation algorithms, and analytical
methods forms adaptive and learning systems capable of both responding to current user needs
and predicting future interests. Despite existing limitations related to data quality and
completeness, these approaches provide an effective basis for building personalised information

environments with increased utility and engagement.

The first approach considered is web usage mining, which uses data from user
interactions with the system, such as search history, navigation, and content ratings. By
processing and modelling this data, user profiles are built that serve as input for
recommendation algorithms and enable the tailored presentation of relevant content, based on

individual interests and context.

In addition to approaches based on profiling and user behaviour analysis, classic

recommendation systems are widely used: content-based filtering and collaborative filtering.

Content-based filtering uses the similarity between objects and the individual user
profile, and its effectiveness depends on the availability of sufficient information about the user,
as well as on the quality of the metadata and semantic links between resources [16]. A major
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limitation of this approach is its dependence on the user's already known interests and the
difficulty of discovering new content outside the established context. The accuracy of
recommendations can be improved by including user ratings or indirect indicators of interest,
such as time spent interacting with the content, but the method remains limited in systems with

rich and poorly structured information spaces [17], [18].

Collaborative filtering overcomes some of these limitations by building
recommendations based on similarities between users or between elements extracted from user
behaviour patterns. Analysing collective preferences provides more effective and scalable
personalisation, especially when sufficient data is available. Despite the challenges associated
with processing large volumes of information and selecting appropriate similarity metrics, this
approach is establishing itself as a key mechanism for delivering personalised content in

adaptive information systems [17].

In the context of personalised systems and adaptive recommendation approaches,
clustering and classification methods play a key role, even if only as auxiliary methods. There
are three main training methods — supervised training, unsupervised training and semi-
supervised training, which differ both in the availability and volume of preliminary
information about the data and in the way the dependencies between the input and output

variables are modelled.

Supervised learning is based on pre-classified data and is widely applied to
classification and regression tasks, including natural language processing and thematic text
categorization. This approach enables the development of models with high predictive
accuracy; however, its primary limitation is the requirement for large and reliably labelled
training datasets, the creation of which is often resource-intensive [19]. Among the most
commonly used algorithms are the Naive Bayes classifier, support vector machines, and the k-
nearest neighbours (KNN) method, which are characterised by high accuracy in predictive tasks
[20], [21], [22]:

e The Naive Bayesian Classifier is a probabilistic classification method based on Bayes
theorem and the assumption of conditional independence between features [23]. Despite
the simplifying assumption, the algorithm shows good efficiency and high
computational speed, especially in text classification and natural language processing
tasks [23]. The advantages of the approach include easy implementation, scalability,

and stable performance on large and multidimensional datasets.
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e Support Vector Machine (SVM) is one of the most popular approaches to supervised
machine learning, in which no prior knowledge of the problem domain is used [24].
SVM works very well with high-dimensional data, avoiding the "curse of
dimensionality” [24]. Only a portion of the training examples are used — so-called
support vectors — to represent a decision surface [24]. The problems that SVM solves

are usually classic classification tasks, where we have two classes [24].

e The k-nearest neighbours (k-NN) method is a non-parametric and "lazy" approach in
which no explicit model is constructed: for a new object, the k nearest examples in the
training set are found according to a selected metric, and the solution is obtained by
voting (in classification) or averaging/weighted averaging (in regression) [25], [26]. The
effectiveness of k-nearest neighbours depends directly on the representation of the data,

the choice of proximity measure and the value of k [27].

Clustering is an unsupervised learning technique which goal is to group data into
similar clusters without predefined labels, thereby discovering internal structures and patterns
in the data set [28]. One of the most widely used methods is k-means clustering, which partitions
objects into a predefined number of clusters by iteratively minimizing intra-cluster variance. Its
effectiveness is highly dependent on the choice of the number of clusters. For data with
ambiguous or overlapping group boundaries, a natural extension of this approach is the fuzzy
k-means method, which allows graded membership of objects in more than one cluster and
provides more flexible and realistic modelling of complex, noisy, and dynamic data

characteristic of adaptive and personalized systems [29].

An intermediate and increasingly widely adopted approach is semi-supervised learning,
which combines a limited set of labelled data with a large volume of unlabelled information
[30]. This strategy reduces dependence on costly annotation processes and provides a better
balance between accuracy and applicability, particularly in domains such as document

classification and natural language processing.

2.2.2. Text representations and similarity measures for personalization

In the context of personalization, particularly when applying machine learning and
artificial intelligence methods, not only the selected algorithm but also the choice of an
appropriate text representation and similarity measure is of critical importance, as data

processing and analysis require information to be expressed in numerical form, which
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necessitates the application of vectorization techniques and the formalization of textual

information.
The established and widely adopted approaches to vectorisation are:

e CountVectorizer converts text data into numerical form by building a dictionary of
unique terms and calculating the frequency of occurrence of each term in each document
[31]. The result is a sparse "document-term" matrix that can be extended with n-gram
features to capture local dependencies [31]. The method is fast, transparent, and suitable
as a base model, but it does not take into account semantic relationships between terms,

so it is often combined with dimension reduction techniques.

e HashingVectorizer is a feature extraction technique in which tokens are mapped via a
hashing function to indices in a pre-fixed space, resulting in a sparse frequency matrix
[32]. Unlike count-based representation, the method does not maintain an explicit
dictionary, which provides better scalability and memory efficiency and makes it
suitable for large or streaming data [32]. The main limitations of the approach are the
inability to reverse interpret the features and the risk of hash collisions, which can be

reduced but not completely eliminated by choosing a sufficiently large hash space [32].

e TF-IDF, TfidfVectorizer is a method for numerically representing text that evaluates
the significance of a term in relation to a specific document and the entire collection by
combining the frequency of the term in the document (TF) and the inverse frequency of
the documents [33]. The measure suppresses words that are common in the corpus and
emphasises rare terms that are characteristic of a given document, making it effective
for thematic differentiation and calculating similarity between documents [33]. The
result is a sparse "document-term” matrix with TF-IDF weights, which often
outperforms simple counting representations in information retrieval and text

classification tasks.

e Embeddings represent an advanced approach to numerical text representation, in which
dense vector representations are trained to capture the semantic and contextual
dependencies between words [34], [35]. Unlike classical sparse models, static
embeddings assign a fixed vector to each word, while contextual models based on
transformer architectures (e.g., BERT and its derivatives) generate representations that
depend on the specific use of the word [35], [36]. Although they require significant

computational resources and are more difficult to interpret, embedding methods are
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becoming the standard in modern natural language processing due to their high semantic

expressiveness and efficiency in analysing and comparing texts [37].

Popular proximity metrics that are used are cosine proximity and Jaccard coefficient,

due to their simplicity and efficiency [38].
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CHAPTER 3. MODELS  AND SOFTWARE COMPONENTS FOR
PERSONALIZED CONTENT PRESENTATION IN DIGITAL LIBRARIES

This chapter presents the methodological basis and architectural organisation of the
proposed solution for presenting personalised content in the form of texts with similar content
and personalised recommendations in a digital library. Personalization is understood as the
integration of content-based, behavioural, and semantic indicators through which the system
adapts the presentation of information resources to the usage context and the established
preferences of a specific user, while simultaneously providing transparent grounds for the

recommendations.

The approach is hybrid and focuses on text resources such as multi-topic periodicals
in Bulgarian. It integrates the processing of information resources, logs of user interactions
with the system, and enriched metadata into a unified architecture, in which computationally
intensive steps are performed as separate processes outside the operational flow in an
asynchronous layer. It includes two main processes: the semantic representation of texts by
constructing a similarity matrix between documents, and analysis of user interactions by
constructing a sparse "user-document™ matrix and a popularity vector. The data is
processed incrementally and periodically in batch mode, which allows for efficient updating of

only newly received information and ensures scalability for large collections.

The actual personalisation, or more precisely the interactive layer, is based on pre-
calculated operational structures, which guarantee low latency, consistency of results, and
reproducibility. It implements two types of functionalities: displaying *'similar documents",
based on the similarity matrix, and generating personalised recommendations by combining
individual preferences and global popularity. The model aims to overcome limitations such as
"cold start”, dependence on large amounts of behavioural data, and high computational

complexity.

3.1. Conceptual model and architectural framework for personalized content presentation
in a digital library

The proposed hybrid solution is based on a multi-layer architecture in which
computationally intensive operations are performed in a pre-processing stage (asynchronous
layer), while the interactive layer uses pre-computed structures and aggregated metrics. This

organisation aims to ensure scalability by moving heavy computations off the critical path.
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During the preliminary preparation stage, text resources and user interaction logs are
used, supplemented by extracted named entities, to construct compact and incrementally
updatable structures outside of direct user interaction flow. At this stage, the text corpus
undergoes unified pre-processing and is converted into compact vector representations. A
document similarity matrix is built on top of them, summarising both global thematic proximity
and local matches, optionally enriched with information from extracted named entities. This
matrix serves both as the basis for the "similar documents" functionality and as the core of the

recommendation algorithm.

An analysis of user interaction logs is performed, from which a sparse "user-document”
matrix and a global popularity indicator are constructed. The hybrid algorithm combines
content proximity, individual history, and popularity, providing adequate recommendations

even with limited user data.

The interactive layer works entirely on these pre-calculated structures and implements
two main modes: "similar documents”, based on semantic proximity between texts, and
"personalised recommendations,” which combine content proximity, individual user history,
and global popularity. This ensures low latency, stability as the volume of data grows, and

explainability of results.

3.2. Service for extracting and structuring named entities

A key element of the architecture is the named entity extraction service, which enriches
the presentation of documents with additional structured semantic information and is used to
determine the degree of similarity between multi-topic documents. Its main function is to enrich
the documents * metadata through structured references to names, organisations, geographical
places, and other significant objects, which build on standard vector representations and provide
additional semantic context. In this way, the service addresses key limitations identified in the
literature review by building an assessment that is not based on a single component but
combines several complementary sources of information. This contributes to more stable
results, mitigates the "cold start" effect, increases explainability, and provides scalable semantic

enrichment of metadata.

The named entity extraction service is implemented as a standalone asynchronous
service in batch mode, which processes documents in batches with minimal pre-processing so
as not to interfere with entity recognition. The extracted named entities are stored as enriched

metadata and support search, similarity assessment, and recommendation generation. In this
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way, the service acts as a connecting component between text content, metadata and

personalisation algorithm.

3.3. Similarity matrix and the method of multi-component similarity assessment

This subsection presents in detail the basic operational structure for modelling semantic
proximity in the corpus - the document similarity matrix - and justifies the method of multi-
component measure. The input information for generating the matrix comes from two
complementary sources: (1) the texts, and (2) the named entities extracted from them. A multi-
component measure is defined on this basis, and the result is organised as a similarity matrix.
The structure constructed in this way ensures both explainability and operational efficiency and
serves as a basis for both navigation through "similar documents™ and the generation of
personalised recommendations. To create the similarity matrix, the data goes through several

stages:

e Data pre-processing. The data pre-processing stage aims to provide a reliable basis for
similarity calculation by reducing noise and normalising the text. The process includes
cleaning up irrelevant characters, letter register standardisation, lemmatisation to reduce
sparsity, and stop word removal. Optionally, synonym enrichment is applied to limit

lexical variations and improve the stability of proximity measures.

e Data vectorization. The purpose of vectorization is to transform pre-processed texts
into numerical representations suitable for artificial intelligence and machine learning
algorithms. Classical vectorization methods such as bag-of-words and TF-IDF provide
transparent but shallow representations, as they do not capture semantic similarity
between words. This limitation is addressed through embeddings, which represent
words as vectors in a multidimensional space and capture semantic and contextual
relationships; contextual models, in particular, offer higher accuracy in similarity and
recommendation tasks. For vectorization, an approach based on contextual embeddings
derived from a transformer architecture supporting the Bulgarian language was
employed, providing a balance between representation quality and computational
efficiency. Documents are segmented into overlapping fragments followed by
aggregation at the document level, which preserves thematic structure and ensures stable

and reproducible representations under incremental processing.

e Dimensionality reduction in textual data. Documents in digital libraries are often

lengthy, multi-thematic, and characterized by substantial semantic overlap, which
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complicates similarity measurement and increases computational complexity. A
common solution is the application of dimensionality reduction techniques aimed at
reducing the number of features while preserving essential semantic information,
thereby limiting noise and redundant correlations and facilitating interpretability [39].
Despite the advantages of linear and nonlinear methods such as PCA, NMF, and UMAP,
their applicability in dynamic environments is limited, as projection models depend on
the initial data distribution and require full recomputation when thematic changes occur
in the corpus. For this reason, the dissertation adopts an alternative approach in which,
instead of applying additional mathematical reduction, an encoding model is employed
that inherently generates compact vector representations. The selected MiniLM model
produces dense 384-dimensional vectors, which significantly reduce memory
requirements compared to classical sparse representations, without sacrificing
semantic discriminative capacity. This approach enables linear and incremental addition
of new documents without the need to recompute indexes, making it more suitable for

real-world digital library environments.

A set of complementary components for assessing the similarity between documents i

and j is defined on the vectorised representations of the texts, aiming to cover different aspects

of semantic proximity:

Global similarity (S,,.qn(i,j)) provides a generalised and stable measure of thematic
similarity. The similarity between documents is assessed using a cosine similarity
applied to their vector representations, with a higher value reflecting a greater degree of

content proximity.

Local similarity (Spest—matcn (i, j)) @ims to capture strong partial matches of content
at the fragment/segment level. This approach is particularly relevant for digital
periodicals, where a single document combines heterogeneous materials (sections,
articles, news items) on different topics. The measure favours pairs of documents that

share clearly distinguishable thematic blocks, even when their overall themes differ.

Topic similarity (S¢pic(i,j)) introduces a coarser but interpretable structure by
grouping content into broad topics. In this approach, all fragment vectors are clustered
using a fuzzy clustering algorithm (fuzzy c-means) into C thematic centroids. Each
fragment is assigned a degree of membership to the respective topics.
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e Named entities similarity (S,amed entitities(i,j)) adds a structured semantic signal,
which is particularly informative in periodicals. For each document i, a set E' is formed,
where E; is the set of named entities. Metadata similarity is specified by the Jaccard
coefficient — this component provides additional proximity to documents that share

significant common objects.

The linear combination of these components forms a balanced, accurate, and explainable
assessment of similarity, with each contributing a different perspective to semantic proximity.
Each component is normalised to a comparable scale, weighted by a set of coefficients, and
summed. This forms a compact, sparse representation consistent with the global index of the
documents. The individual component scores, calculated on the vector representations of the

texts, are combined into the following multi-component measure reflecting semantic proximity:

Ssematic(b)) = @ * Smean(,J) + B * Spest—matcn (L)) + ¥ *Stopic(i'j)'a +p+y =1
The final score is formed by adding the component of named entities:

Srinar(t,J) = (1 = A) * Ssemantic(L,J) + ASnamed entities(L,J). 0 <A <1
Based on this multi-component measure, which includes semantic similarity, local
matches, thematic profiles, and named entities, the final similarity scores between the
documents are calculated, and the resulting matrix is stored in the form of a sparse k-nearest
neighbours (k-NN) index, which limits the memory used and speeds up access [25]. In this
form, it performs a dual role: direct input to the "similar texts" module and the core for the

subsequent generation of "personalised recommendations”.

The hypothesis to be validated in the following chapter is that, for the current corpus of
information resources - multi-thematic periodical publications - this multi-component measure

will be able to better capture the similarities and differences among the resources.

3.4. User-document matrix and implicit assessment

The logs of interactions between users and the system represent the second main source
of information in the proposed architecture, alongside the text resources. The purpose of
processing them is to obtain a reliable and compact representation of actual behaviour, which
can be used as an implicit assessment of interest and serve as input to the hybrid model for

generating personalised recommendations.

As with the similarity matrix, in order to create the **user-document’ matrix, access

logs go through several pre-processing steps:
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e Filtering and cleaning the logs. The first step in pre-processing user interaction logs
involves cleaning irrelevant records — since only "access resource” events are used,
administrative operations (creation, modification, deletion of objects), system events,
etc. are filtered. After the filtering, each record is reduced to a minimum set of fields:

user identifier (u), document identifier (i), timestamp, and action type.

e Aggregation of implicit ratings. For each user u and document i, the number of views
Cu,i (requests of type "access resource") is recorded. Due to the lack of explicit ratings,
those logs are interpreted as an implicit indicator of interest and are transformed into an
implicit rating wy,i through a monotonically increasing but saturating function. Thus, a
single view sets a base weight; additional views increase it with decreasing increments.

On the basis of these evaluations, a sparse interaction matrix is constructed.

e Construction of a global popularity vector for documents. In parallel with individual
interactions, a global popularity vector for documents is constructed based on the
number of views, transformed again by a monotonically increasing, saturating function,
and normalised in the interval [0,1]. This indicator is used as an additional component
in the recommendation model, especially in cases of limited individual history,
functioning as a stable global signal that mitigates the "cold start” effect without

replacing semantic proximity, and is defined by the formula: popularity(i) =

Zu Wu,i-

3.5. Operational structures and mechanisms for updates

The proposed solution must function in a dynamic environment in which text resources
are constantly being added, modified, or deleted, and new interaction logs are accumulating. It
is necessary to ensure the consistency of identifiers and pre-calculated operational structures
(similarity matrix, user-document matrix, and global popularity vector) as well as their reliable
storage and procedures for periodic/incremental update, so that the system maintains accuracy,
stability, and performance with increasing data volume and load.

For this reason, the two main flows of information in the system — content and behaviour
— are coordinated through a shared index of persistent identifiers, which ensures unambiguous
representation of documents in all operational structures. In this way, the semantic proximity
between the texts and the observed user behaviour can be consistently combined within a
common reference model, without the risk of inconsistencies between the different

representations.
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The system records all types of interactions, not only for resource access, but also events
such as resource creation, deletion, and modification, which are used to maintain the relevance
and consistency of representations. Incremental updating is achieved by processing only new
records, which allows documents to be added, edited, or deleted through local updates to the

affected structures, without the need for a complete recalculation.

As the volume of data increases, a combination of gradual addition and less frequent full
recalculation is applied when necessary to restore maximum consistency. Computational-heavy
operations are performed outside of user request handling, with the interactive layer working
solely with pre-computed matrices and indexes. This ensures short and predictable response
times, reproducibility of results, and scalability with a dynamically changing corpus and

growing number of users.

3.6. Modules for recommending personalised content

The modules for personalised recommendations in digital libraries are presented, which
combine semantic proximity between documents, observed user behaviour, and global
popularity in a unified, parameterizable framework. The model aims to provide relevant and
explainable recommendations even with a limited individual history, while maintaining

operational efficiency and scalability through the use of pre-computed structures.

When processing data to create operational structures, the data processing sequence
allows for parallel execution, but it is methodologically appropriate to first extract named
entities through a separate service so that the subsequent similarity matrix can also include this
additional semantic contribution. The system interaction logs can be processed in parallel with
the creation of the similarity matrix to create a sparse "user-document” matrix and a global

popularity vector.

A shared index for the documents is used for both the similarity matrix and the user-
document matrix, which ensures a consistent transition between navigation through "similar

documents™ and personalised recommendations.

The "'similar documents' functional module is user-invariant and is based entirely on
a similarity matrix constructed based on the text resources, which combines global and local
semantic proximity, as well as additional contributions from named entities. Extraction is
simple and fast: the system locates the active document by identifier, extracts the corresponding
row/list of neighbours, excludes the document itself, and applies a threshold and/or k-restriction

to return the most relevant results. Since pre-calculated structures are used, the response time
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is short, and explainability is high - the rationale for the suggestions can be traced through

shared topics, matching fragments and/or common named entities.

The functional module for generating personalised recommendations integrates
content proximity with the user's individual history and a global popularity indicator. For users
with sufficient accumulated interactions, recommendations are formed by transferring
interests to semantically similar documents. For new or anonymous users, the popularity
indicator is primarily relied upon, and as interactions accumulate, the same user smoothly
transitions to full hybrid mode without changing the architecture. For less active users, the
hybrid measure ensures stability of results: the content indicator remains dominant and
compensates for sparse behavioural links, returning semantically similar suggestions even with
a small history. For completely new documents (“cold start” for elements) without
accumulated interactions, the same content component prevents their isolation - they are
included in the recommendations of readers whose previous texts are semantically close to the
new document, with their contribution being adjusted with a smaller score until sufficient
behavioural information appears. The relevance score of personalised recommendations is set

with the following formula:
score(u,d) = Zi € history(u) Wu,i * Sfinal(i' d) + a(u) * popularity(d)

The hypothesis to be tested in the following chapter is that this hybrid measure generates
higher-quality personalized recommendations-particularly in edge case scenarios such as the
cold-start problem, sparse user history, and topic shift - compared to collaborative item-based
or content-based filtering approaches.

3.7. Explainability and ethical principles in the selection of personalised content

In the context of personalisation in digital libraries, transparency, explainability, and
ethical data management are becoming increasingly important, often taking a back seat to the
accuracy of recommendations [40], [41], [42]. This identified gap justifies the need for these

aspects to be integrated at the architectural level when designing personalisation systems.

In the proposed architecture, explainability is embedded in the very design of the hybrid
model through a decomposable multi-component evaluation function that clearly separates the
contribution of semantic proximity, thematic overlap, and named entities. This allows the
generation of explicit and intuitively understandable explanations for each recommendation,

without the use of external interpretation models [40], [41], [43]. For better comprehensibility,
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numerical scores are transformed into linguistic labels, calibrated empirically, and in line with

research on the cognitive accessibility of XAl approaches [44], [45].

A fallback strategy using globally popular documents prevents the amplification of
biases in sparse data [46], as well as through saturation functions that prevent the domination
of single repeated interactions [42]. At the same time, principles for data minimisation and
protection are applied through limited scope registers, pseudonymisation, and targeted use of
extracted named entities, and traceable access control, in line with best practices for explainable
and accountable systems [44], [47], [48], [49], [50].
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CHAPTER 4. EXPERIMENTAL IMPLEMENTATION AND ANALYSIS OF
PERFORMANCE TESTING

This chapter presents the implementation of a model for personalised content
presentation in a digital library, developed in accordance with the architecture described in
Chapter 3. Personalisation is based on a combined analysis of the content similarity between
documents, user behaviour, and additional semantic information from extracted named entities.
The main architectural components are described, including a module that creates the similarity
matrix, a module that calculates the user-document matrix and global popularity vector, a
named entity extraction service, and functional modules for providing "similar documents™ and
personalised recommendations. The following subsections discuss the data structures and
algorithms used and the experimental verification of the model on synthetic and real data.

4.1. Building a technological environment, test data and protocol for experimental
verification

The software implementation of the proposed model is based on a modular architecture
optimized for high-performance matrix calculations and text processing in Bulgarian. The
technological stack was selected with a view to effective work with large corpora,
reproducibility of results, and integration between asynchronous computing modules and the
interactive layer. The main programming language is Python 3.13+, due to its wide application

in machine learning and the availability of specialised libraries.

Sentence-transformers (MiniLM) [51] are used to implement the algorithmic
components, to generate semantic vector representations, scikit-learn [52] was used for pre-
processing and similarity metrics, and scikit-fuzzy [53] for thematic modelling using Fuzzy C-
Means. Linguistic normalisation of Bulgarian text is performed using simplemma [54] and a

set of stop words in Bulgarian [55].

The computational core of the system is based on NumPy [56] and SciPy [57] for linear
algebra and sparse structures (CSR), including the calculation of the Jaccard coefficient on sets
of named entities, as well as PyTorch [58] for tensor calculations of Transformer models. The
implementation supports hardware acceleration via CUDA and MPS, with semantic vectors
stored in a semi-precision format (Float16) to reduce memory footprint while maintaining

accuracy.

The empirical evaluation is based on a corpus of 1,000 text-based multi-thematic

resources from the digital library of the Ivan VVazov National Library in Plovdiv [59], as well
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as synthetic sets for validating the multi-component similarity measure and the personalised
recommendation module. Synthetic user profiles were also created, covering basic scenarios

such as "cold start", dynamic change of interests, and limited history.

4.2. System architecture

The architecture follows the principle of a clear separation between computationally
intensive processes and a lightweight interactive part for handling requests. It is structured in

two layers — an asynchronous and an interactive layer (see Fig. 16).

The asynchronous layer combines all computationally intensive processes through
which the text corpus and interaction logs are converted into pre-computed representations and
indexes used by the interactive part. This separation ensures low latency, predictable behaviour,

and sustainable scaling with increasing data volumes and user activity.
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Figure 16. Architecture of the modules for providing personalised content

Three independent components operate in the asynchronous layer, synchronised through
shared identifiers: a named entity extraction service that enriches documents with structured
semantic information; a similarity matrix generation module that builds a sparse index of the
similar documents, based on semantic and thematic features; and an interaction processing

module that constructs a sparse "user-document™ matrix and a global popularity vector.
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Once the asynchronous layer creates and updates all the necessary representations and
indexes, the interactive layer implements direct service of user requests, working entirely on
these pre-calculated structures. The interactive layer is implemented through two functional
modules. The "similar documents™ module extracts the resources that are most similar in
content to the current document from the similarity matrix. The “personalised
recommendations” module combines information about the content similarity between
documents, individual user history and global popularity indicators, excluding resources that
have already been viewed. In the absence of sufficient user history, representative popular

resources are used.

4.3. Service for extracting and structuring named entities

Within the architecture, a separate named entity extraction service was implemented,
which aims to enrich document metadata with structured context (e.g. personal names,

organisations, geographical objects).

The extracted lists of named entities are used in two main ways: as an additional
semantic indicator when building the similarity matrix between documents and as a search aid.
In this way, named entities simultaneously increase the precision and explainability of
recommendations, as well as navigation within collections. The service operates

asynchronously in batch mode, outside the critical path of user requests.

The texts are processed with minimal transformations, as aggressive cleaning would
impair the quality of named entity recognition. The approach is based on pre-trained
transformer models selected based on good coverage of the Bulgarian language. A selection
and experimental comparison were conducted on a sample of documents, taking into account

both accuracy and processing time.

The named entity extraction algorithm segments long documents into overlapping
fragments, from which entities are sequentially extracted and subsequently merged. Empirical
analysis shows that a segmentation size of about 200 tokens achieves an optimal balance
between computational efficiency and sufficient context, while longer inputs lead to a decline
in performance. In order to increase robustness and efficiency, a dual-model approach is

applied, combining the results of the two models with the best accuracy-speed ratio.

After extraction, post-processing is performed, including register normalisation,
merging the results of the two models by frequency and confidence maximums, and filtering

with configurable thresholds for the number of occurrences and confidence. The resulting
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entities are stored as enriched metadata, aligned with document identifiers, and ready for direct

integration into similarity measures and search.

In summary, the named entity extraction service provides sustainable and scalable
enrichment of documents with structured semantic context. The combination of segmentation,
empirically selected fragment size, dual-modal analysis, and targeted post-processing ensures
high extraction quality, low latency, and good integration with the other components of the

system.

4.4. Similarity matrix and multi-component assessment method. Functional module for
selecting “similar documents”

In order to increase resistance to lexical variations, a synonym dictionary for the
Bulgarian language was used, extracted from Open Multilingual WordNet [60]. Synonym
enrichment is applied only in the pre-processing stage of the "similar documents” functionality,
by adding a limited number of representative synonyms before text segmentation. This reduces
sensitivity to superficial lexical differences without affecting the interactive layer and user

explanations.

The module for calculating similarity between text documents is the core of both the
"similar documents” functionality and the personalised recommendations. It operates in the
asynchronous layer and is designed with a focus on interpretability, traceability, and
computational efficiency, aiming to build a reliable and scalable representation of semantic
similarity. The input includes a normalized text corpus and extracted named entities for each
document. The output is a sparse symmetric similarity matrix, presented as a list of top-k

neighbours and an accompanying dictionary for shared identifiers.

The process of generating the matrix begins with loading the text corpus and the shared
index of document identifiers, followed by unified text preparation — normalisation,
lemmatisation, stop word filtering, and, optionally, synonym enrichment. Long documents are
segmented into overlapping fragments, taking into account the maximum allowable length of
the input for the language model, with the overlap preserving semantic continuity and

preventing information loss at the boundaries.

Each fragment is encoded into a 384-dimensional vector using the multilingual MiniLM
model, after which aggregated representations in the form of averaged vectors are derived at
the document level. When the thematic layer is activated, membership profiles obtained through

fuzzy clustering over the segment vectors are also computed. In parallel, the extracted named
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entities are loaded, and a structured representation is constructed, which serves as an additional

input for similarity assessment.

The final similarity score between two documents is defined in the interval [0, 1] and is
obtained through a multi-component linear combination of the content component, which
includes global similarity between the averaged vectors, local similarity through maximum
match between segments, and topic similarity based on the probability profiles from fuzzy
grouping. This semantic layer is complemented by a factual indicator based on the overlap of

named entities.

The resulting similarity matrix is materialized into compact, sparse structures optimized
for fast access and is stored together with a dictionary enabling bidirectional mapping between
document identifiers and matrix indices. This matrix is used by the “similar documents”
functional module in the interactive layer, which is reduced to direct access, filtering, and value-

based ranking.

The quality of the similarity matrix and the weighting coefficients (o, 3, v, A) of the
individual components are calibrated through a multi-stage experimental procedure, combining
parametric optimisation, ablation analysis, and qualitative assessment on controlled samples of

increasing volume.

For validation purposes, a "gold standard™" has been constructed that combines lexical
overlap and named entity overlap. Validation is performed on small, medium and control
samples (200, 500 and 1000 documents), with parameter optimisation, similarity matrix
construction and independent checks performed for each sample. The analysis includes
structural verification of the matrix, measurement of lexical proximity, and verification of
semantic connectivity through shared named entities, which is particularly indicative of

thematic proximity in periodicals.

The experimental results show that the optimal value for the weight of named entities is
A=0.5, which defines a symmetric hybrid between the semantic and factual layers. This is
justified by the specificity of periodicals, in which the information value is highly concentrated
around specific individuals, organisations and locations. Calibration of the remaining
parameters leads to o = 0.47, B = 0.07 and y = 0.47, which shows the leading role of global
semantics and thematic modelling and the secondary importance of local matches. This
suppresses the noise from repetitive columns, advertisements, or standard passages

characteristic of periodicals.
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Ablation analysis reveals consistent dynamics: the basic semantic model provides broad
coverage, the addition of a thematic layer increases selectivity, and the inclusion of named
entities restores valid links through a clear factual context. The final multi-component measure
achieves a balance between precision, robustness, and explainability, making it suitable for
multi-thematic digital libraries. Additional experimental verification with a synthetic corpus
confirms that the full multi-component measure outperforms the baseline configurations in

terms of internal cohesion, differentiation of unrelated topics, and capture of partial links.

4.5. Sparse “user-document” matrix, hybrid algorithm, and functional module for
generating “personalized recommendations”

This subsection validates the behaviour of the personalised recommendation module,
based on item-based collaborative filtering, in key and edge-case scenarios. To isolate random
influences, a synthetic set of documents organised into three thematic clusters (A, B and isolated
C) is used, with strong co-occurrence between A and B, while cluster C remains without
behavioural links. Additionally, a globally popular document was included, used as a fallback

strategy in the absence of history.
The verification covers the following scenarios:

1. a cold start for a user, where the system correctly switches to non-personalised

recommendations based on global popularity;

2. exhausted isolated cluster, where a backup strategy is activated in the absence of new

relevant items;

3. change of interest, where single interactions outside the dominant cluster serve as a

signal to switch to a new topic;

4. a mixed profile with a balanced history, leading to proportionally represented

recommendations from different clusters without "leaking" into isolated topics;

5. a cold start for an element, where the content component allows for the relevant

inclusion of a new resource, albeit with a lower rating;

6. a sparse behavioural history, where the content indicator compensates for weak co-

occurrence links.

The verification combines a qualitative check of the logic of the recommendations and
a quantitative analysis of the distribution of results in the first k positions. The results show that

the module generates predictable and accurate personalised recommendations and remains

29



useful in the absence or scarcity of data and responds consistently to dynamic changes in user

interests.

4.6. Limitations and validity of the proposed architecture

The proposed architecture and hybrid recommendation model have been developed with
a view to the specifics of the available corpus, the type of log records, and the text processing
methods used. For a correct interpretation of the results, it is necessary to clearly distinguish
the main limitations and scope of validity of the model. From a data perspective, the model is
most reliable for multi-topic periodicals in Bulgarian, and its transfer to other languages or
subject domains requires recalibration and additional empirical evaluation. The quality of the
text content is a significant factor — OCR errors, missing segments, etc. introduce noise that
directly affects vector representations, similarities, and extracted named entities and cannot be

completely eliminated.

The content model is limited by its dependence on pre-trained language models, which
are not optimised for all domains and may miss rare, obsolete or specific terms. The use of
named entities as an additional indicator depends on the reliability of the recognition module,
as errors or omissions can affect similarity scores, although filtering by frequency and
confidence mitigates this effect. Multi-component measure requires the selection of thresholds
and weighting coefficients, which are determined empirically and influence the final similarity

structure.

Behavioural data is implicit in nature: each view is interpreted as a positive signal, with
no guarantee of actual reading or satisfaction. This introduces uncertainty, which is
compensated for by combining it with content metrics and popularity, but cannot be completely
eliminated. The distribution of interactions is highly uneven, with some documents having a

sparse history and anonymous users being treated in aggregate.

Technical limitations arise from the computational cost of vectorisation, similarity
matrix construction, and thematic modelling, which necessitates batch processing, limiting
stored similarity features, and careful selection of update frequency. The use of large language
models for named entity extraction increases hardware requirements and may require
specialised infrastructure. Furthermore, recommendations do not reflect every new interaction
in real time due to the batch processing mode - a trade-off between timeliness and computational
feasibility.
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In terms of validity, internal validity is supported by clearly defined and repeatable
processes for data preparation and operational structure creation, which ensure reproducibility
of results. External validity is limited to environments with a similar content structure and
interaction logs and requires parameter adaptation and re-evaluation when applied in a different
context. This section outlines the limits within which the proposed architecture is correct and
useful and serves as a basis for a realistic interpretation of the results and planning of future

improvements.
CONTRIBUTIONS OF THE DISSERTATION

Scientific Contributions:

1. A conceptual model and architectural framework for personalized content presentation
in a digital library have been developed. These include an asynchronous layer for
building operational structures (similarity matrix, “user-document” matrix, global
document popularity vector, named entity structures) and a low-latency interactive
layer. The operational structures and the relationships between them are formalized,

ensuring reproducibility, traceability, and compatibility between modules.

2. A method is proposed for a multi-component similarity assessment between multi-topic
documents, defined as a linear combination of indicators for global semantic proximity,
local fragment matches, topic profiles, and named entities. The similarity scores
between documents are stored in a similarity matrix, which simultaneously supports the
“similar documents” functionality and aids in the generation of personalized

recommendations.

3. A hybrid algorithm has been developed for generating and delivering content relevant
to user needs in a digital library. It is element-oriented and aggregates the content
similarity between candidate documents and elements from the user’s individual history
on a pre-calculated similarity matrix. To ensure stability, a fallback strategy has been
introduced, based on a global popularity vector of the documents, which is applied in
edge cases such as a “cold start” and sparse history. This ensures the usefulness of the

recommendations even with a limited number of observed interactions.
Scientific and Applied Contributions:

1. A-service has been implemented to extract and structure named entities from Bulgarian-

language texts as an additional information indicator, which enriches the descriptive
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data of documents, improves similarity scoring, and supports searching by structured
fields.

A functional module for selecting “similar documents” has been implemented, which
generates personalized content based on a configurable multi-component similarity
assessment between documents. The module ensures retrieval of the closest neighbors
with low latency, incremental updates without recalculating the entire operational

structures, and full compatibility with the system’s interactive layer.

An element-oriented hybrid algorithm has been implemented, based on a sparse “user-
document” matrix. It forms the core of a functional module for personalized
recommendations. It is used to generate recommendations for “similar documents”
closely related to the user’s current interaction history. Candidate documents are formed
from nearby neighbors, previously viewed resources are excluded, and they are ranked
by combining content contribution and implicit weights. If necessary, the global
popularity of documents is used in cases of a “cold start” or when personalized

recommendations are exhausted.

Mechanisms have been defined and implemented for the periodic updating and
incremental expansion of the operational structures and monitored interactions,
ensuring the system’s scalability and resilience in the face of growing data volumes and

increasing user activity.

An experimental validation of the “similar documents” functional module has been
performed. A systematic review of the parameters and an ablation analysis of the multi-
component evaluation (semantics, local matches, thematic profiles, named entities)
were conducted to calibrate the weights and assess the individual contribution of each

component to the final result.

. An experimental validation of the algorithm and the functional module for generating
personalized recommendations was performed. Controlled scenarios covering key edge
cases (cold start for a user and for an item, sparse data, changing and mixing interests,
and recommendation exhaustion) were executed. It has been empirically proven that the
hybrid aggregation of content similarity, user history, and popularity leads to predictable

and stable behavior of the recommendation module, including in boundary scenarios.
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