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Abstract

Knowledge Graphs are employed to refer to entities and their relationships in a semantic, struc-
tured form that enhances information organization and retrieval. However, due to their nature
and size, traditional Information Retrieval techniques typically do not work for use against
knowledge graphs.

This thesis proposes a cutting-edge Information Retrieval approach based on Knowledge Graph
Embeddings and Relational Graph Convolutional Networks . Dense vector representations of
entities are initially acquired using KGE models to encode semantic relations. These embeddings
are afterwards fine-tuned using R-GCN to incorporate structural and relation knowledge from the
graph. The learned embeddings are used for retrieving relevant entities or concepts by semantic
similarity.

The system is evaluated across several scenarios, namely: the evaluation of embedding and
similarity search techniques using standard metrics, the evaluation of queries using a semantic
similarity module based on Bio_Clinical BERT and the exploitation of the Knowledge Graph in a
question-answering use case. Results indicate that adding KGE to R-GCN improves retrieval

quality in a way it is possible to have better and more contextual search results.

Keywords: Information Retrieval, Knowledge Graph, Knowledge Graph Embeddings, Rela-

tional Graph Convolutional Network, Semantic Search, Medical Knowledge Graphs.
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Résumé

Les graphes de connaissances permettent de représenter les entités et leurs relations sous une
forme sémantique et structurée, facilitant ainsi 1’organisation et la recherche d’informations.
Cependant, en raison de leur complexité et de leur taille, les techniques traditionnelles de
recherche d’information ne sont généralement pas adaptées a ce type de données.

Ce mémoire propose une approche avancée de la recherche d’information, basée sur les em-
beddings des graphes de connaissances et les réseaux de neurones convolutionnels relationnels.
Nous générons d’abord des représentations vectorielles denses des entités a I’aide de modeles
KGE afin de capturer les relations sémantiques. Ces représentations sont ensuite raffinées grace a
R-GCN, pour intégrer les informations structurelles et relationnelles du graphe. Les embeddings
finaux permettent de rechercher des entités pertinentes par similarité sémantique.

Le systeme a été évalué a travers plusieurs scénarios, notamment : 1’évaluation des techniques
d’embedding et de recherche de similarité a I’aide de métriques standards, ainsi que 1’évaluation
des requétes a 1’aide d’un module de similarité sémantique basé sur Bio_Clinical BERT,et
I’exploitation du graphe de connaissances dans un cas d’usage de type question-réponse . Les
résultats indiquent que 1’ajout des modeles d’embedding au réseau R-GCN améliore la qualité de

la recherche, permettant ainsi d’obtenir des résultats plus pertinents et contextuellement adaptés.

Mots clés : Recherche d’information, Graphe de connaissances, Embeddings de graphe de

connaissances, R-GCN, Recherche sémantique, Graphe médical.
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General Introduction

General Context

In the last few years, the volume of medical data ranging from clinical reports to biomedical
research has grown exponentially, which poses an acute need for effective and wise Medical
Information Retrieval Systems. Traditional IR models are often unable to capture the fine se-
mantic and relational characteristics of Medical Knowledge. Of particular concern in medicine,
where the access to correct information directly affects diagnosis and treatment quality. To this
end, Knowledge Graphs have emerged as a useful representation framework for capturing the
intricate interrelations between diseases, drugs, and procedures. Meanwhile, Graph Neural Net-
works, especially Relational Graph Convolutional Networks, have shown extremely promising

in leveraging such structured information to learn informative, context-aware embeddings.

Research Problem

The fundamental problem that this study aims to address is the inadequate representation
of objects and relationships in Medical Knowledge Graphs, which significantly degrades the
performance of current medical Information Retrieval Systems. Most classical Knowledge Graph
Embedding models cannot adequately capture the rich contextual, structural, and relational
information inherent in biomedical data. This results in Retrieval Systems that are too rigid,
too general, or just plain unable to retrieve the correct information based on advanced clinical
inquiry.

Existing KGE models typically lack to be independent and do not have any way of leveraging
graph topology or intra-node relations that are central in a healthcare setting. Therefore, such
models struggle to understand implicit relations and context-dependent semantics, both of which
are fundamental in enabling decision-making in healthcare.

This study seeks to overcome these weaknesses by proposing a hybrid retrieval model
combining Graph Neural Networks and Knowledge Graph Embeddings. The aim is to enhance
entity and relation representation through structured, context-sensitive learning processes to

support improved and more scalable retrieval over complex medical data.
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Research Objectives

The primary objective of this study is to create and implement an augmented Information
Retrieval System for the healthcare industry by integrating Knowledge Graph Embeddings and
Graph Neural Networks. The purpose is to improve the semantic understanding of entities and
relations in medical Knowledge Graphs, thereby making the retrieval systems more precise,

appropriate, and adaptive. Specifically, this study strives to:

* Design a hybrid model that combines GNNs with KGE to learn structural and semantic

information from medical Knowledge Graphs.

* Test the model on a benchmark medical data to compare its performance in retrieving

relevant information based on biomedical or clinical queries.

Thesis Structure

This dissertation is structured into three main chapters, each addressing a key aspect of the

research project.

* Chapterl :Overview about Medical Information Retrieval and Knowledge Graphs
This chapter offers the theoretical background necessary to comprehend Knowledge
Graphs and their application in medical Information Retrieval. It tackles Knowledge
Graph Embeddings, their advantages in representing complex biomedical relations, and
their limitations in retrieval contexts. The chapter then addresses how Graph Neural
Networks, more particularly Relational Graph Convolutional Networks, can be utilized
to enhance the expressiveness of KGs. In addition, a thorough examination of recent
studies, their approach, datasets, limitations, and results is given comparison tables capture
these works. The chapter concludes by outlining the primary gaps in current solutions,
motivating the need for more scalable, accurate, and semantically aware systems in the

healthcare industry.

* Chapter2 : Design of the Proposed Medical Information Retrieval System
This chapter presents the proposed system architecture and components. The chapter
describes building and enriching a medical Knowledge Graph from the PDD graph, entity
conversion to Embeddings using RDF2Vec, and refinement using R-GCN. The chapter also
describes preprocessing of user Queries, Embedding, and Matching with corresponding
Knowledge Graph entities through Similarity Search Algorithms such as HNSW. Finally,

the entire Retrieval and Ranking pipeline is explained.

* Chapter3 :TESTS AND EVALUATION OF THE PROPOSED SOLUTION
This chapter introduces the technical implementation of the system and provides an in-

depth analysis. It describes the environment used for development, utilized Software

2



Libraries, and the Hardware setup used. Then the detailed results of our experiments
are presented together with a critical analysis. Finally, the chapter concludes with the
presentation of our Knowledge Graph Querying System to evaluate the accuracy of the

obtained results.

The thesis concludes with a General Conclusion that summarizes the contributions of this
thesis and suggests avenues for future research to advance medical Information Retrieval with

more profound graph learning techniques.



Chapter 1

Overview about Medical Information
Retrieval and Knowledge Graphs

1.1 Introduction

This chapter provides an overview of traditional retrieval challenges, explains the principles
of GNNs and knowledge Embeddings, and discusses their application in Medical Information
Retrieval. Additionally, the integration of knowledge Embeddings into Graph Neural Networks
is explored as a transformative approach to enhancing medical Information Retrieval. Traditional
retrieval methods often struggle with the complexity, variability, and interconnected nature of
medical data. Furthermore, by leveraging Knowledge Graphs and Embedding techniques, GNNs
can effectively model relationships between medical concepts such as diseases, treatments, and
research literature. Moreover, this allows for more accurate, context-aware retrieval, ultimately

enhancing decision-making and providing valuable insights for healthcare professionals.

1.2 Information Retrieval

Before exploring advanced techniques, it is essential to understand the fundamental role of
Information Retrieval in managing and accessing large data. IR enhances data accessibility and

relevance, making efficient retrieval crucial in fields like healthcare, finance, and academia.

1.2.1 Origins of Information Retrieval

Information Retrieval is a branch of computer science that deals with document processing,
containing free text, to enable their fast retrieval based on keywords specified in a user query. IR
as a concept began in the 1950s, basically driven by the need to efficiently find useful information
in large collections of documents. This was to be the beginning of serious scientific work in

making information management and retrieval effective.
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Over the last sixty years, this area has grown tremendously due to technological development
and the exponential growth in information volume. This growth has brought about state-of-the-art
retrieval methods and systems that inculcate probabilistic models, vector-space approaches such

as the TF-IDF model, and machine learning algorithms [19].

1.2.2 Pipeline of Information Retrieval

Hereafter is a breakdown of the key components typically involved in an IR pipeline illustrated
in figure 1.1 [1]:

||_ C— )
Data Collection Data ( )
Pre-processing Indexing
l[: c——)
—)
Gather data from Clean and reorganize

diverse sources data by removing Create an index to
(web pages, databases, duplicates, correcting errors, organize and retrieve
digital content) and standardizing formatting data efficiently

Q

User interaction Search Algorithms

Present results Rank and retrieve results Implement algorithms to
with tools for query based on relevance and locate relevant information
refinement and filtering user preferences based on queries

Figure 1: Pipeline of Information Retrieval

1.2.3 Classical Techniques of Information Retrieval

Classical Information Retrieval techniques focus on the effective extraction and retrieval of
information from large collections of textual documents. Here are some key techniques and

algorithms commonly associated with classical IR [14]:

* Boolean Retrieval Model: This model uses Boolean logic (AND, OR, NOT) to combine
search terms. Documents are retrieved based on whether they satisfy the Boolean expres-
sion formed by the query. This method is straightforward but can be limited in handling

complex queries.

* Vector Space Model: In this model, documents and queries are represented as vectors in
a multidimensional space. The similarity between a document and a query is calculated
using measures such as cosine similarity. This allows for ranking documents based on

their relevance to the query.



* Term Frequency-Inverse Document Frequency : This is a statistical measure used to
evaluate the importance of a word in a document relative to a collection (corpus). The
TF component measures how frequently a term appears in a document, while the IDF
component measures how important a term is across the entire corpus. The product of

these two gives a weight that helps in ranking documents.

* Probabilistic Models: These models, such as the Binary Independence Model, estimate
the probability that a document is relevant to a given query. They use statistical methods

to predict relevance based on the presence or absence of terms in documents.

1.2.4 Challenges of Information Retrieval in the Medical Domain

Information Retrieval in the medical domain is an important field of research that aims at assisting
clinicians and researchers in efficiently sifting through large volumes of medical data.

Medical IR systems should not only be able to retrieve relevant information but also guarantee
that the results are accurate, contextually meaningful, and actionable considering the potential
consequences on patient care and medical decision making. Some of the following points bring
forth the challenges associated with IR in this field [10]:

¢ Difficulty in Defining Research Questions:

One of the initial challenges is defining what the researcher wants to know. This step is
crucial as it sets the direction for the entire information search process. Without a clear

question, it becomes difficult to formulate an effective search strategy .

* Choosing the Right Information Sources:

There is an overwhelming choice of information sources. The way in which information
sources have been classified has changed and it is necessary to distinguish between

conventional literature and gray literature for effective research.
* Information Overloads:
With the exponential growth of digital content, IR systems must sort through vast amounts
of data to find relevant results, often resulting in information fatigue for users.
* User Behavior Variability:
Different users express their queries in unique ways, and their preferences may vary widely,

making it difficult to provide uniformly satisfying results.

* Time Constraints: Health professionals are always bound by time constraints which may
limit their ability to carry out exhaustive searches. This factor is best illustrated among
medical students whose use of information technologies tends to wane in the final years

due to pressures and time limits imposed by educators.
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These challenges highlight the importance of developing effective strategies and skills for seeking

health information, which can ultimately enhance both academic and clinical outcomes.
1.2.5 From Traditional Information Retrieval to Graph Neural
Network-Based Information Retrieval

Traditional Information Retrieval systems rely on classic Neural Architectures, such as dense
retrieval models and deep learning-based ranking mechanisms. While these approaches can
improve search relevance, they often struggle to capture complex relationships between medical
concepts. Graph-based models, particularly Graph Neural Networks, provide a powerful alterna-
tive by structuring information in a graph format, allowing for richer contextual understanding.
By leveraging knowledge Embeddings, GNNs enhance retrieval by learning meaningful relation-

ships between entities, improving ranking and recommendation in medical search systems.

1.3 Graph Neural Networks

Graph Neural Network is a deep learning architecture specifically designed to process graph-
structured data. In contrast to the traditional neural networks, which typically process grid-like
data (e.g., images), They are designed to process complex relationships and interactions in data
and are therefore versatile enough for a wide range of applications. GNNs have been applied
in fields ranging from social networks, molecular compounds, to computer vision, and have

demonstrated their versatility and effectiveness in addressing real-world issues [24].

1.3.1 Types of Graph Neural Networks

Graph Neural Networks have developed into multiple forms, each of which aims to solve
distinct challenges and uses in graph-structured data. Based on the analysis of several relevant
research papers, Graph Neural Networks can be classified into distinct categories. Some of these

categories are summarized through an analysis of the work described in figure 2[23].

Spatial-based
GNNs

v Graph
Relational Graph . Convolutional
Convolutional (;"‘P" A:‘*g;"" Network (GCN)
Network (R-GCN) etwork (GAT)

Figure 2: Types of GNNs



In the context of the work, Particular focus is placed on Graph Convolutional Networks
and Relational Graph Convolutional Networks, their ability to handle graph-structured data
effectively, making them highly relevant to the objectives of this study.

1.3.2 Graph Convolutional Networks

Graph Convolutional Networks are powerful tools for analyzing graph-structured data, effectively
capturing relationships between nodes. By learning node representations through neighboring
connections, GCNs improve tasks such as classification and recommendation, making them

highly applicable in domains with complex, interconnected data [2].

1.3.2.1 Definition of Graph Convolutional Networks

Graph Convolutional Networks are a class of neural networks known as Graph Neural Networks
that apply convolution operations on graph structures. Among the different approaches to extract
features from graphs, GCNs are mainly divided into two categories: spectral domain-based
models and spatial domain-based models [2].

Figure 3 illustrates an Example of Graph Convolutional Networks :

Graph Regularization, Graph
convolutions e.g., dropout convolutions
& @2
& &
Activation Q Q
function ﬁ obo
X

A m .

I
‘)

Output: Drugs C, D
lead to a side effect r,

Figure 3: Example of Graph Convolutional Networks [30]

1.3.2.2 Architecture Of Graph Convolutional Networks

The architecture of Graph Convolutional Networks is structured to effectively learn from graph-

structured data [29]. Figure 4 illustrates the architecture of the Graph Convolutional Network:
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Figure 4: Architecture of Graph Convolutional Networks [28]

Input Representation :

The input to a GCN consists of a graph represented by its adjacency matrix and a feature
matrix. The adjacency matrix captures the connections between nodes, while the feature

matrix contains the attributes of each node.

Layer-Wise Propagation: GCN employs a layer-wise propagation rule that aggregates
information from neighboring nodes. Each layer updates the node representations by

combining the features of a node with those of its neighbors.

Normalization of Adjacency Matrix:

The adjacency matrix is normalized to ensure that the node features are scaled appropriately.
This normalization helps in stabilizing the learning process and allows the GCN to handle

varying node degrees effectively.

Stacking Layers: The GCN architecture consists of multiple layers stacked on top of each
other. Each layer learns a new representation of the nodes by aggregating features from
the previous layer. This stacking allows the model to capture higher-order relationships in

the graph, enhancing its expressive power.

Output Layer: The final layer of the GCN typically outputs class probabilities for each
node, especially in semi-supervised learning tasks. This is achieved by applying a softmax
function to the output of the last layer, which provides a probability distribution over the

classes for each node.

Training Process:

The GCN is trained using a loss function that measures the difference between the predicted
and actual labels of the nodes. The training process involves backpropagation through the

layers, updating the weights to minimize the loss.

Scalability: The architecture is designed to scale linearly with the number of edges in
the graph, making it efficient for large datasets. This efficiency is crucial for real-world

applications where graphs can be very large and complex.
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1.3.3 Relational Graph Convolutional Network

Relational Graph Convolutional Networks are an extension of traditional Graph Convolutional

Networks designed to manage heterogeneous graphs, where nodes and edges can have multiple

types.

1.3.3.1 Definition of Relational Graph Convolutional Networks

Relational Graph Convolutional Networks are one of the specialized neural networks that is
particularly applied to operate on multi-relational Knowledge Graph data in order to facilitate
operations such as link prediction and entity classification. R-GCNs aggregate information
between neighboring nodes based on relation-specific transformations, basically learning the

complex relationships that exist in knowledge bases [21].

1.3.3.2 Architecture of Relational Graph Convolutional Networks

The architecture of Relational Graph Convolutional Networks is particularly optimized for
handling complex graphs with multi-type and heterogeneous relations between entities. The
R-GCNs are an improvement over the traditional Graph Convolutional Networks, as they employ
mechanisms that can handle multiple relations in graphs efficiently [21]. The components and

features of the R-GCN architecture are discussed below:

Data

Message Passing ) r Output

RGCN Layer 1 ~ ¢ \ (—RGCN Layer 2—
°oe X
o ‘e H o ‘e

(e}
) >
Q N o) > N
N o \e © e Class Probabilitis
] X} | ©e L J
N [ [
[

One-Hot Encodings

Figure 5: Architecture of Relational Graph Convolutional Networks [26]

1. Input to R-GCN
The data fed into an R-GCN are:

* Graph Structure: The graph is represented in terms of nodes (entities) and edges
(relationships). A node represents an entity, and an edge represents a relationship
between two entities. The relationships tend to be labeled, describing the type of

connection between the nodes (e.g., "is_a", "located_in", etc.).
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* Node Features: For each node, associated features (e.g., numeric, categorical data)
specify the characteristics of the entity. These features act as input to the R-GCN,

allowing the model to learn meaningful node embeddings.

* Edge Types: Edges connecting the nodes are not homogeneous but vary based on
the different kinds of relationships between entities. These edge types are essential

for enabling relation-specific transformations during message passing.

2. Message Passing and Aggregation :

The underlying working principle of R-GCNss is the message-passing mechanism, through
which the node representations are updated by collecting information from neighboring
nodes depending on the relation type (edge type) between the nodes, Hereafter is how it

works:

* Layer-Wise Updates: R-GCN consists of multiple layers, and each layer updates
node representations. In each layer, for each node, the network aggregates informa-
tion from its neighboring nodes. The aggregated information is weighted based on
the relation type between nodes. This allows the R-GCN to learn multi-hop, complex

relations in the graph.

* Relation-Specific Transformations: R-GCNs, unlike standard GCNss, use relation-
specific transformations for aggregation. That is, every edge type (relationship) has
its own set of parameters (weights) to update node features. This allows the R-GCN

to capture the different types of interactions in the data accurately.

* Self-Connections: Nodes may retain information from their previous state through
self-connections (or identity mappings). This is necessary to prevent nodes losing

their original information when they add new information from neighbors.
* QOutput:

— Node Representations: The result of an R-GCN are learned representations for
each node (entity) in the graph. The representations contain the node is features
based on its connectivity and the type of relationship with other nodes. The
result for each node is a vector summarizing information about it in the graph

structure context.

— Entity Classification: For entity classification tasks, the R-GCN produces a
probability distribution of possible labels for each node. It does this via a softmax
on the final layer output, which converts the node representations to probabilities
for each class label. The model is trained to minimize the cross-entropy loss

between the predicted probabilities and actual node labels.

— Link Prediction Scores: In link prediction, the R-GCN assigns scores to

potential edges (relations) between nodes. The scores are the chance that a given
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relationship exists between two entities. The R-GCN uses an encoder-decoder
framework where the encoder generates node representations, and a scoring

function (decoder) calculates these representations to predict novel links.

1.3.4 Comparison of R-GCN with GCN

The following table provides a concise comparison between GCN and R-GCN, highlighting

their key differences in terms of architecture, scalability, and application domains [15, 21].

mains

tion graphs.

Aspect GCN R-GCN

Graph Type Homogeneous (single | Heterogeneous (multi-
edge type). relational).

Weight Matrix Single matrix for all | Multiple matrices, one
edges. per relation type.

Message Passing | Uniform aggregation . | Relation-specific aggre-

gation .

Scalability Efficient for homoge- | Regularization im-
neous graphs . proves scalability.

Application Do- | Social networks, cita- | multi-relational learn-

ing, semantic represen-

tation.

Training Com-

Lower (single matrix) .

Higher (multiple matri-

plexity ces, regularization).
Use Cases Node classification, link | Entity  classification,
prediction . multi-relational ~ link
prediction .
Interpretability | Easier (single transfor- | Complex (relation-
mation) . specific transforma-
tions) .

Table 2: Comparison between GCN and R-GCN

As shown in the table above, while GCN is well-suited for simple, homogeneous graphs,
R-GCN extends this capability to handle more complex, multi-relational structures, mak-
ing it particularly effective for knowledge representation tasks in domains like medical

information retrieval.

1.3.5 Inputs of Graph Neural Network

In this project, Knowledge Graphs (KGs) serve as a foundational data source from which

essential inputs for Graph Neural Networks (GNNs) are derived—specifically, the node
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feature matrix and the adjacency matrix. KGs offer rich semantic information that en-
hances feature representation and defines meaningful relationships between nodes. This
integration is crucial, as it provides contextual knowledge that helps structure the graph
more effectively and improves the GNN’s performance on tasks such as node classification

and link prediction.

Utilizing Knowledge Graphs to build these input components greatly enhances the GNN’s
capacity to interpret and process graph-structured data, thereby contributing to improved
results aligned with the goals of this project. To fully appreciate the role of Knowledge
Graphs in this context, it is essential to first provide a clear overview of their definition

and purpose.

1.3.6 Definition of Knowledge Graphs

Knowledge Graphs are powerful representations of structured information in artificial
intelligence. Which capture a wide range of real-world facts. They consist of nodes, which
represent entities such as people, places, and events, and edges that define the relationships
between these entities. Figure 6 illustrates A toy example for Medical Knowledge Graph
[11]:

treatment

symptom

Disease
Department
Body part

complication
cause

indications

contraindication

Symptom

interaction 1.0 complication

Component

Figure 6: Medical Knowledge Graph [13]

1.3.7 History and Evolution of Knowledge Graphs

The evolution of Knowledge Graphs is a journey marked by significant advancements in

artificial intelligence. This process has been summarized in the following figure [16]:
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Figure 7: History and Evolution of Knowledge Graphs

1.3.8 Advantages of Knowledge Graphs

Knowledge Graphs offer significant advantages in various domains, particularly in health-
care, where managing and interpreting complex data is essential. By structuring informa-
tion and uncovering relationships, they enable more precise recommendations, streamline
information extraction, and enhance the interpretability of data, ultimately improving

decision-making processes [7].
e Improved Recommendations:

Knowledge Graphs enhance the structuring of medical information, facilitating more
accurate recommendations for medical departments based on patients’ symptoms and

medical history.
¢ Automatic Information Extraction:

Utilizing natural language processing techniques, Knowledge Graphs can automatically
extract relevant information from medical documents, reducing the need for manual rule

definition.
* Interpretability:

Knowledge Graphs illustrate the relationships between patients conditions, diseases, and

departments, helping to understand the recommendations provided.

1.3.9 Transitioning to Knowledge Graph Embeddings

As the discussion is moved from Knowledge Graphs to Knowledge Graph Embeddings,
it is important to note that KGE techniques are crucial for converting the discrete data in
a KG into continuous vector representations. This step enhances the ability of GNN to

process and learn from KGs more efficiently.
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The transition between KGs and KGEs marks a shift from explicit graph-based structures to
latent vector spaces, which can be more easily manipulated by machine learning algorithms,
including GCNs and RGCNs.

1.3.10 Definition of Knowledge Graph Embeddings

Knowledge Graph embedding is a technique used to represent entities and relations from
a Knowledge Graph in a continuous, low-dimensional vector space. This representation
aims to preserve the structural and semantic information of the graph, facilitating various

computational tasks [8].

1.3.11 Modeles of Knowledge Graph Embeddings

The document discusses various models of Knowledge Graph Embedding, which can
be broadly classified into two main categories: translation-based models and semantic

matching models [6].
e Translation-Based Models:

These models represent relationships as translations in the vector space. The most notable
example is the TransE model, which uses vector addition to represent relationships between
entities. This approach has been foundational in the development of KGE methods.

The figure 8 illustrates the working principle of the TransE model, in which the relationship

between two entities is modeled as a translation operation in the vector space:

A TranE TranD
X Y W L, !
A ety PR adee. |
\ Mo, = pphi;+1mxn g .
" N — 5 Tr@ty
n b (=1,2,3) W
roe F s 5
A Entity Space Relation Space
> b

Figure 8: Example of Transalations-Based Models [4]

» Semantic Matching Models:

These models utilize multiplicative interactions to capture more complex relationships.
They are designed to handle various types of relations, such as symmetric, anti-symmetric,

and transitive relations. Examples include:

ComplEx: This model extends the idea of embeddings to handle anti-symmetric relations

by using complex-valued embeddings.
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DistMult: This model uses a bilinear product to represent relationships, focusing on

symmetric relations. The figure 9 illustrates the DistMult model:
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Figure 9: Example of Semantique Matching Models: DistMult [25]

¢ Random Walk-Based Models:

Random walk-based models like RDF2Vec work by generating multiple random walks
from each node in a Knowledge Graph, treating these walks as sentences for training
language models such as Word2Vec. Different walk strategies such as classic walks, entity-
focused walks, and predicate focused walks are used to capture diverse structural and
semantic relationships. These walks can also be biased using edge weighting to enhance
their relevance. The resulting sequences are then encoded into embeddings, typically using
frameworks like RDF2Vec, for use in downstream tasks [20].

1.4 Related Works

Graph Neural Networks are applied in medical Information Retrieval (MIR) to analyze
complex data represented as graphs, where medical entities are connected through relation-
ships. They enhance tasks such as treatment recommendations, disease-gene association
prediction, and medical image analysis. By utilizing Knowledge Graphs, GNNs capture
contextual dependencies, improving the accuracy of MIR systems. This approach opens

up new opportunities for more intelligent, personalized clinical applications.

In this section, related works in the field of medical Information Retrieval using Graph

Neural Networks are presented:

a) Multilevel Classification of Users Needs in Chinese Online Medical and Health
Communities:
This study [5] focuses on developing a multilevel classification framework to cate-
gorize users’ needs in Chinese online medical and health communities, enhancing
Information Retrieval accuracy and improving user experiences. Using a Graph

Convolutional Network model, the framework combines manual coding of disease
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b)

d)

types with clustering techniques to identify users information needs, enabling auto-
mated classification of medical queries. The findings highlight the importance of
understanding diverse user needs across diseases to provide targeted and effective
health services. The study also suggests that the framework can be applied to broader
disease categories, contributing to better user satisfaction and health literacy in online

medical platforms.

MedGCN: Graph Convolutional Networks for Multiple Medical Tasks:

This research [18] introduces MedGCN, an intelligent model designed to improve
clinical practices by simultaneously addressing medication recommendation and
lab test imputation. Using a specialized heterogeneous graph called MedGraph, the
model captures complex relationships among medical entities like patients, encoun-
ters, lab tests, and medications. MedGCN extends traditional Graph Convolutional
Networks to handle heterogeneous graphs and missing features, learning distributed
representations from diverse medical data. A cross-regularization technique further
enhances performance by leveraging losses from one task to improve the other,
reducing overfitting. Experimental results show MedGCN outperforms state-of-the-
art models in both tasks, demonstrating its effectiveness in handling complex and

incomplete clinical data.

ReHoGCNES-MDA: Prediction of MiRNA Disease Associations Using Homoge-
nous Graph Convolutional Networks Based on Regular Graph with Random
Edge Sampler:

This study [3] introduces "ReHoGCNES-MDA," a novel model for predicting
microRNA-disease associations using homogeneous Graph Convolutional Networks
and a random edge sampler. By leveraging a regular graph structure, the model
enhances connectivity and scalability, crucial for accurate predictions. The innova-
tive ReHoGCNES model effectively aggregates neighborhood data while addressing
challenges like neighbor explosion in GCNs. Experiments show the method outper-
forms traditional approaches in prediction accuracy. The model is ability to predict
previously unknown miRNA-disease associations highlights its potential applications
in drug discovery and understanding disease mechanisms. Future work aims to

expand its utility in biomedical research and therapeutic development.

Advancing Medical Imaging: Detecting Polypharmacy and Adverse Drug Ef-
fects with Graph Convolutional Networks:

This study [9] addresses the critical issue of polypharmacy, where the use of multiple
medications can lead to adverse drug reactions and interactions. It proposes a novel
Graph Convolutional Network approach to predict and mitigate these effects by mod-
eling drug-drug interactions in a medicine interaction graph. Nodes represent drugs,

and edges capture interactions based on pharmacological properties. The research
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integrates data from diverse sources, such as electronic health records and drug inter-
action databases, ensuring high-quality preprocessing to standardize and categorize
medications. Future directions include incorporating genomics data for personalized
predictions, developing explainable Al for interpretability, and exploring real-time

implementation as a decision support system to improve patient care.

KindMed: Knowledge-Induced Medicine Prescribing Network:

This paper [17]proposes a novel paradigm for personalized drug suggestion through
multi-source medical knowledge integration via Relational Graph Convolutional
Networks. The model constructs a heterogeneous medical Knowledge Graph consist-
ing of multiple clinical entities such as diseases, symptoms, and drugs along with
their semantic and relational dependencies. By R-GCN, the model learns expressive
rich embeddings capturing the complex interrelation among medical entities that
enable accurate and personalized prescription prediction. Utilized with PyTorch
Geometric, KindMed demonstrates the applicability of graph learning to clinical
decision support. Although medication suggestion is the primary focus, the approach
of using structured Knowledge Graphs and relational GNNss is especially applicable
to a broad range of medical Information Retrieval tasks.

Modeling Relational Data with Graph Convolutional Networks:

This study [22] presents an elementary framework for reasoning over multi-relational
Knowledge Graphs through the introduction of Relational Graph Convolutional
Networks. The authors present a neural model that generalizes to enhance Graph
Convolutional Networks with relation-specific transformations to learn directed,
labeled edges in knowledge bases. Their methodology is benchmarked on two main
tasks entity classification and link prediction and shown to surpass strong baselines,
including factorization models like DistMult, especially on challenging datasets like
FB15k-237. The R-GCN is combined with a decoder to form an encoder-decoder
model that accumulates structural evidence over the course of a graph. Although
the method was originally designed for wide-domain knowledge bases like Freebase
and DBpedia, it is extremely relevant to domain-specialized retrieval systems in
biomedicine, whose Knowledge Graphs are especially suffering from incompleteness.
The emphasis on graph-structured learning and entity embeddings makes it directly
applicable to medical Information Retrieval tasks that require rich semantic modeling

and reasoning over complex relationships.

1.4.1 Comparison of the Related Works

Based on the reviewed works, a comparison was conducted and is summarized in the

following tables. The first part of this comparison is presented in Table 3 according to the

following criteria:
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* Objective:

The primary goal or purpose of the research, such as improving medical decision making,

predicting risks, or classifying user needs.

* Graph Structure:

The method used to organize and represent data in graph form, which could be heteroge-
neous (different types of entities) or homogeneous (similar entities), with specific types

like regular graphs or multiview graphs used for different tasks.

* Application:

The real-world impact of the model, describing where and how the developed system can

be applied, like in clinical environments, biomedical research, drug safety, or online health

platforms.
Work Objective Graph Structure Application
Multilevel Classi- | User needs classi- | Multi-level labeled | Online health plat-
fication "Cheng, | fication graph forms
Q. and Lin, Y.
(2023)"
MedGCN "Mao | Recommendations | Heterogeneous Med- | Clinical  decision-
and al. (2022)" + imputation Graph making
ReHoGCNES- miRNA-disease | Homogeneous regu- | Biomedical research
MDA "Bi and al. | prediction lar graph
(2024)"
Polypharmacy Adverse drug ef- | Heterogeneous Drug | Drug safety manage-
Risks "Dara and | fect detection Interaction Graph ment
al. (2024)"
KindMed "Li and | Medication Heterogeneous Personalized clinical
al. (2023)" recommendation | medical Knowledge | decision support
Graph (diseases,
symptoms, drugs)
Modeling Re- | Entity classifica- | Multi-relational Knowledge base
lational Data | tion and link pre- | Knowledge Graph completion, question
with R-GCN | diction answering, Informa-
"Schlichtkrull and tion Retrieval
al. (2018b)"

Table 3: Overview of Medical Knowledge Graph Approaches
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The second part of the comparison is presented in Table 4 Comparison of some Medical

Knowledge Graph Applications: Datasets, Challenges, Results, and Insights and focuses

on the following criteria:

e Dataset:

A dataset is a collection of data used to test and evaluate an algorithm.

* Challenges and Considerations:

The obstacles, complexities, or important factors that need to be addressed or kept in mind

during the design, implementation, or evaluation of a project, research, or system.

e Results:

The main outcomes or performance metrics derived from an experiment or study that highlight

the effectiveness, accuracy, or impact of the proposed method, model, or system.

Work Dataset Challenges and Consid- | Results
erations

1. Multilevel Clas- | Qiuyi online | Balancing precision and | Multilevel classification:
sification "Cheng, | medical health | recall in classification; | Accuracy = 0.6265, Pre-
Q. and Lin, Y.| community from | handling sparse and | cision = 0.6328, Recall
(2023)" the Cardiovascular | subjective data. = 0.5788, FIl1-Score =

Disease. 0.5912.
2. MedGCN "Mao | Electronic Health | Addressing heteroge- | Medication recommen-
and al. (2022)" Record data from | neous data types and | dation. NMEDW dataset

a tertiary care hos-
pital - MedGraph

structure data.

missing values in medical
records; maintaining
generalization for new

data.

—  LRAP: 0.7588 <+
0.0028 MAP@2: 0.7558
+ 0.0035 MIMIC-III
dataset — LRAP: 0.8349
+ 0.0008, MAP@2:
0.8069 + 0.0022. Lab
test imputation: NMEDW
dataset — MSE: 0.0229
+ 0.0025, MIMIC-III
dataset — MSE: 0.0140 +
0.0002.

20



3. ReHoGCNES-
MDA "Bi and al.
(2024)"

HMDD v2.0,
HMDD v3.0, Train-
ing Set, Tp Test Set,
Td Test Set, Tm
Test Set, Tn Test
Set.

Difficulty in generalizing
miRNA-disease associa-
tions for novel cases. Risk
of over-smoothing with

complex graphs.

AUC: 0.9996 (Tp), 0.9985
(Td), 0.9985 (Tm), 0.9940
(Tn).

4. Polypharmacy
Risks "Dara and al.
(2024)"

Electronic Health
Phar-

macovigilance

Records,

Databases, Clinical
Databases, Diverse

Patient Datasets.

Complexity of drug in-
teractions and biases in
medical data. Requires
handling of imbalanced

datasets.

Medication
dation: LRAP: 0.7374.
Lab test imputation: MSE:
0.0229

baseline methods).

recommen-

(outperformed

5.KindMed: MIMIC-III, Integrating heterogeneous | Jaccard similarity: 0.619,
Knowledge- MIMIC-IV  elec- | medical Knowledge | Fl-score: 0.764, Preci-
Induced Medicine | tronic health | Graphs (diagnoses, | sion: 0.786, Recall: 0.745;
Prescribing  Net- | records drug-drug interactions, | reduced drug-drug interac-
work "Li and al. semantic relations); | tion rate by 7.8%.
(2023)" capturing temporal depen-

dencies across clinical

visits; balancing precision

and safety in medication

recommendation to reduce

adverse drug interactions.
6.Modeling Rela- | AIFB, MUTAG, | Parameter explosion with | Entity classification:
tional Data with | BGS, AM (entity | many relations; overfitting | AIFB = 95.83%, AM =
Graph  Convolu- | classification); on rare relations; ineffec- | 89.29%. Link prediction
tional Networks(R- | FB15k-237, WN18 | tive aggregation for high- | (FB15k-237): MRR
GCN):"Schlichtkrull | (link prediction) degree nodes; limited de- | = 0.248, Hits@10 =

and al. (2018b)"

coder expressiveness.

0.414 (29.8% gain over
DistMult).

Table 4: Comparison of Medical Knowledge Graph Applications

1.4.2 Analysis of the Related Works

Each of these studies adopts a particular approach, depending on the kind of data, processing
models, and objectives pursued. The study [5] classifies user queries in online medical forums
using a mix of manual coding, K-means clustering and GCNs to organize questions around disease
types and information needs. In [18], the authors developed an intelligent system with EHRs
that will provide predicted laboratory test value imputation and medication recommendations,

using for this a heterogeneous medical graph to strengthen the decision. Similarly,[3] proposed
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a homogeneous graph model with regular structure for the prediction of associations between
miRNAs and diseases-a very important topic in biomedical research and drug development. At
the same time, the work [9] introduces drug interaction analysis, building a graph of interactions
between drugs whereby nodes correspond to medicines and edges correspond to pharmacological
interactions. This helps predict adverse drug reactions, although the prediction is highly dependent
on the completeness of the data set.

Moreover, we can clearly note that bias in healthcare data sets limits generalizability. In fact, the
paper [17]employs Relational Graph Convolutional Networks on a richly constructed heterogeneous
medical Knowledge Graph that integrates patient EHR information with external medical ontologies
and drug interaction networks. By extracting both semantic relations and temporal dynamics of
clinical events, it is able to effectively enhance personalized medication advice. While domain-
specific in the clinical domain, KindMed demonstrates how state-of-the-art GNN architectures
can be combined with multi-source structured knowledge to enhance healthcare decision support
systems. However, challenges remain in balancing the complexity of models and interpretability, as
well as scalability in the process of managing large-scale real-world EHR datasets, The foundational
work[22] introduces R-GCNss as a general-purpose model for relational knowledge bases, focusing
on link prediction and entity classification through multi-relational message passing. Though
developed for generic graphs like Freebase or DBpedia, the core idea of encoding relation-aware
context proves highly transferable to medical domains, where structured semantic relationships
are abundant. The study highlights challenges such as overfitting on sparse relations and limited
decoder flexibility, which are also prevalent in biomedical graphs. This reinforces the relevance
of adapting Relational GCNs for improving Information Retrieval and inference within complex

medical datasets.

Together, these works point toward the prospect of GNNs in medical Al while being effective for
knowledge extraction, prediction accuracy, and decision support. However, data quality, model

scalability, and interpretability remain the key limitations.

The solution builds upon these approaches by combining knowledge Embeddings with GNNs to
develop a more accurate, scalable, and interpretable framework for medical Information Retrieval
and decision-making. By integrating structured and unstructured data while improving model
interpretability, this approach aims to overcome data bias, improve generalizability, and ensure

robust performance across various medical applications.

1.5 Conclusion

This chapter explored the principles and challenges of Information Retrieval, particularly in the
medical field, where large and complex datasets create unique difficulties. Graph Neural Networks
were examined as a powerful tool to enhance Information Retrieval, focusing on their architecture
and the role of Knowledge Graphs and embeddings. Various studies applying GNNs to medical
Information Retrieval were reviewed, highlighting the improved accuracy when combined with

Knowledge Graphs. The chapter sets the stage for the proposed solution, which aims to enhance
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efficiency in Medical Information Retrieval by incorporating dynamic embeddings and multitask

learning frameworks.
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Chapter 2

Design of the Proposed Medical
Information Retrieval System

2.1 Introduction

The improvement of medical information retrieval relies on optimizing the process of retrieving
relevant data from a vast knowledge base. In this context, an innovative architecture is proposed,
leveraging knowledge Embeddings and Relational Graph Convolutional Networks to enhance
information representation and optimize the accuracy of retrieved results. This approach enables
better capture of complex relationships between medical entities and leverages the richness of
Knowledge Graphs. By combining these techniques, the system is designed to provide a more

efficient and relevant search system for users.

2.2 Features of the System

The system is designed to enhance medical Information Retrieval by integrating advanced tech-

niques in knowledge representation. The following are the key characteristics:

a) Knowledge Graph-Based Representation:
The system uses a Knowledge Graph to build and organize medical data, providing storage

of energy homage data in a rich and interconnected data landscape.

b) knowledge Embeddings:
By transforming graph data into vector representations, the approach captures complex

relationships between medical entities, improving retrieval accuracy.

¢) Relational Graph Convolutional Networks :
These networks enable efficient propagation of information through the graph, refine the

semantic understanding of queries and documents, and enhance the input embeddings.

d) Efficient Query Processing :
User queries are converted to embeddings, allowing meaningful comparisons with indexed

medical knowledge.
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e) Ranking and Retrieval Mechanism :

The system ranks results based on semantic similarity, ensuring that the most relevant medical
information is presented to the user.

2.3 Global Schema of the System

This approach is based on a sequential end-to-end pipeline to improve Medical Information

Retrieval using Knowledge Graphs, knowledge Embeddings and Graph Convolutional Networks.
The figure 10 presents the global architecture of the proposed system:

Knowledge Base

S

Preprocessing -Cleaning and

structuring the knowledge Preproce_ssing ~Cleaning and
base structuring the user query

the knowledge base into
embeddings

¥

r
Enrichment: Enhancing ’

Indexing :transforming ’

Indexing :Converting the user
embeddings using RGCN query into an embedding

W

Mapping: Matching gueries
with knowledge base using
HNSW similarity search

r
Ranking &
Retrieval:Searching for the
best matching entities

User interactiol

Figure 10: Global Schema of the System

The architecture is divided into two main components:
* Knowledge Base Processing (Prepares Medical knowledge for Retrieval).

* Query Processing (Handles User Queries and Ranks Relevant Results).

The details of each step within these components will be discussed in the subsequent parts of this
chapter.
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2.4 The Knowledge Base

In the context of healthcare, it is necessary to reflect accurately the complex relationships between
patients, diseases, and drugs to make optimal clinical decisions. The goal is well addressed by
the PDD Graph, which is designed to transform Electronic Medical Records into a heterogeneous
Knowledge Graph dense with information. The graph models the advanced relations between
patients, their diagnoses, and the medication prescribed to them. Built from data in MIMIC-III,
the PDD Graph detects significant medical entities and combines them with existing Biomedical
Knowledge Bases, such as the ICD-9 ontology and DrugBank, in a seamless manner to produce
a high-quality, structured representation of medical knowledge .The figure 11 provides an ex-
ample subgraph extracted from the PDD Graph, demonstrating the structured representation of
relationships among patients, diagnoses, and prescribed drugs within the medical knowledge base
[27]:

o - [TCD-9: 4019 ~ o
MIMIC-1II subgraph _ —— sam?éi/ﬂ Hypertension subclass N
~ T g N e )
e f\ \ e diagnosed 401 ICD9/.
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i i S o ST sepsis _ oo
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\.; Um = /waveforms\ - Nifedipindp - AN
ﬁ i JH_‘w o 9 / "/ --sameAs \
N 157681 ) B
~_ _ - N amf/g & interact “ DBOlllé
~ Heparin > DBO 109\ /
~ —_— e —
ta[get % o /D/gBank

Figure 11: Subgraph of PDD [27]

The data is structured as RDF triples of the form (subject, predicate, object). Each triple represents

a relationship between two medical entities. The description of the predicates in the Knowledge

Base is presented in Table 5.

Predicate Description

patient-id Unique identifier for each patient
bmi-max Highest BMI recorded during admission
bmi-min Lowest BMI recorded during admission
bmi-first Patient’s BMI at admission

interact Drug-drug interaction relation

hospital-admission-id

Unique identifier for a hospital encounter

diagnoses-icd9

ICD-9 disease code assigned to the patient

age

Age of the patient

gender

Gender of the patient (e.g., M, F)

take-drugbank-id

DrugBank identifier of the prescribed drug

take-drug-name

Name of the drug prescribed to the patient
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drug-type Type or category of the prescribed drug

duration-days Duration (in days) for which the drug was pre-
scribed

start-date Date on which the prescription started

end-date Date on which the prescription ended

dose Prescribed dosage of the drug

prescription-id Unique identifier for each prescription

has-prescription Indicates that a patient has an associated pre-
scription

Table 5: Description of the Predicates in PDD knowledge Base

Figure 12 presents the comprehensive statistical analysis of the knowledge Base composition,
revealing the distribution between unique elements and their total occurrences, where entities
dominate both the unique count (32,057) and total occurrences (249,187), followed by literals and

properties/relations.
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Distribution des Eléments Uniques Distribution des Occurrences Totales

Littéraux
(71.485)
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Comparaison: Uniques vs Occurrences

46 N 49,151
Eléments uniques 150316

109 Occurrences totales
71485

2,057 31560

Nombre

102

Entités Propriétés Littéraux
Types d'éléments

Statistiques Détaillées du Knowledge Graph

Type Eléments Unigues Occurrences Totales
Entités uniques 32,057 249,151
Propriétés/Relations uniques 23 160,318
Littéraux uniques 32,560 71,485
TOTAL 64,640 160,318 triplets

Figure 12: Knowledge Base Statistics

2.5 Motivation for Choosing the PDD Knowledge
Base

The PDD Graph Knowledge Base was selected for this project because it is a dense real-world
Medical Knowledge Graph that is highly appropriate for Information Retrieval applications. It
expresses valuable relationships between patients, diseases, and drugs, and is encoded in RDF,
supporting semantic querying and integration. It is graphical nature also sets it up for the straight-
forward application of Knowledge Graph Embeddings and Graph Neural Networks in order to learn
meaningful representations of medical entities. This works directly towards allowing the intelligent

retrieval system to match patient profiles with applicable medical knowledge more effectively
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2.6 Description of the Proposed Solution

2.6.1 Knowledge Graph Preprocessing

a) Loading RDF Triples RDF data provides a standard pattern for modeling structured infor-
mation on the web. It allows data to be expressed in the form of subject-predicate-object

triples, and then forms a linked data graph.

The flexible form graph model provides an efficient way of associating data coming from

different sources.

At this phase, triples were extracted from the PDD graph. First, The process began by loading
the Knowledge Base. followed by traversing the Knowledge base in order to identify and
obtain all the triples present. Figure 13 shows a few examples of these triples. The first
column represents the subjects, while the second column refers to the predicates, and the

third column represents the objects.

Property Resource

ngsd. com/resource/leeeel> 1608861

ngsd. com/resource/180681> Aluminum-Magnesium Hydroxide-Simethicone
ngsd. com/resource/1@00e1> <http://bie2rdf.org/drughank:DBEeE30>

ngsd. com/resource/1e00e1> 35 :integer

ngsd. com/resource/1868e1> < pdd.wangmengsd. com/vocabulary/Adn

<http://pdd ngsd. com/resource/1800889> 8*"xsd: float

[interact> <http://bio2rdf.org/drugbank:DBE8ee3e> <http://bio2rdf.org/drugbhank:DBea164>
/bmi_min» <http://pdd ngsd. com/resource/186889> xsd: float
y/bmi first> <ht: /pdd .com/resource/166089> 34.38""xsd:float

< g yroperty/gender> <http://pdd .com/resource/leeeel> F

Figure 13: Rdf Data Extract From PDD

b) Elimination of Triples with Empty Elements
As a preliminary step, triples containing empty or null elements are identified and removed.
This includes triples where the subject, predicate, or object is None, an empty string, or
contains only whitespace characters. This validation ensures that all remaining triples have
complete structural integrity before further processing.
The following algorithm outlines the step-by-step process of eliminating triples with empty

elements:

Algorithm 1 Algorithm for Eliminating Triples with Empty Elements
Input: raw_triples: list of raw RDF triples

Output: non_empty_triples: list of triples without empty elements
begin

non_empty_triples < []

for each triple (s, p, 0) in raw_triples do
if IsNotEmpty(s) AND IsNotEmpty(p) AND IsNotEmpty(o) then
| AddToList(non_empty_triples, (s, p, 0))
end
end
return non_empty_triples
end
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¢) Cleaning Data by Eliminating Malformed Triples
In this step, a cleaning process is conducted to identify and remove malformed triples. These
are triples that do not conform to the expected RDF structure, such as those with incorrect
data types, or invalid URIs. Cleaning the Knowledge Base at this stage helps prevent errors
and ensures reliable results in subsequent processing steps. The algorithm proposed for this

purpose is presented below:

Algorithm 2 RDF-Malformed Triples Removal
Input: valid_triples: list of complete RDF triples
Output: well_formed_triples: list of RDF-compliant triples
begin
well_formed_triples < []

for each triple in valid_triples do
(s, p, 0) < triple

if IsLiteral(s) then

// Subject cannot be literal in RDF

Continue
end

AddToList(well_formed_triples, triple)
end

return well_formed_triples

end

d) Removal of Duplicate Triples
In addition, duplicate triples that are not relevant to the analysis are removed to reduce
redundancy and enhance the efficiency of the system. This step is carried out using the
following algorithm:

Algorithm 3 Duplicate Triples Removal
Input: well_formed_triples: list of RDF-compliant triples
Output: unique_triples: list of unique RDF triples
begin
unique_triples <— RemoveDuplicates(well_formed_triples)
return unique_triples

end

After completing the preprocessing steps including the elimination of Empty and Incomplete
Triples, removal of malformed and duplicate triples the Knowledge Graph has been cleaned and
structured for further analysis.

Figure 14 presents an illustrative excerpt of the preprocessed Knowledge Graph, showcasing a

subset of DrugBank entity IDs and their interactions:
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Figure 14: Sample Preprocessed Knowledge Graph

2.6.2 Transforming the Knowledge Base into Embeddings

This approach leverages the RDF2Vec embedding model to transform the Knowledge Graph into

dense vector representations that can be exploited by deep learning models.The figure 15 presents
the RDF2Vec pipeline:

Knowledge Graph Sequences Embedding Vectors
(© P
%ﬁ‘”’ 'f'*f‘j{!:\' ® ® p © (M D @® | (0.35,0.47,-0.12, ...)
g 'Dk& x Do @ ® & (-0.82,0.31,0.02, ...
'\p /(v'G E®O® @ D © | (0.96,-0.07,0.74, ...
r~g Graph word2vec
Walks

Figure 15: Workflow of RDF2Vec [20]

* The RDF triples are initially transformed into a directed graph, where nodes represent entities
and edges are labeled with the corresponding relations.

* Random walks are then performed starting from each entity in this graph representation. At
each step of a walk, a neighboring node is randomly selected, and the relation connecting
the current entity to the next is recorded. These walks generate sequences that resemble

sentences, alternating between entities and relations.
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* Once a sufficiently large number of random walks have been collected, a Word2Vec model is

trained on the resulting sequences to learn vector representations of entities and relations.

Word2Vec is a two-layer neural network with a single hidden layer, trained to learn word
representations from the context of words in sentences. In this case, entities and relations
are treated as words, and random walks as sentences. The model learns embeddings by
predicting the context tokens (surrounding) given a target token, in the style of Skip-gram.
The intuition is that entities that appear in similar structural contexts in the graph will
have similar embeddings. This training process allows Word2Vec to learn both topological

proximity and semantic similarity between entities.

As aresult, all entities are embedded into a dense vector space with similar entities mapped closer
to each other. These embeddings are then used as input features for further Graph Neural Network

training, Figure 17 illustrates examples of these embeddings.

some entity embeddings generated by (RDF2vec)
1040: [-0.01763148 -©£.02975791 -0.01378354 -0.00444753 -0.00490284]... (dim: 128)
137280: [-0.83916646 -0.04862752 -0.082127676 ©.00188328 -0.00785878]... (dim: 128)

24.42: [-©.16504018 -0.11829975 -0.03126879 -0.0266816 -0.01816801]... (dim: 128)
178521: [-©.83818869 -©.04342987 -0.01273129 ©.00038949 -0.0074637 ]... (dim: 128)
6596: [-0.02616327 -0.03436745 -0.00371496 ©.00868658 -0.01633453]... (dim: 128)

Figure 16: Examples of Entity Embeddings Generated with RDF2Vec

2.6.3 Enrichment of Embeddings Using R-GCN
2.6.3.1 Preparing Input Data for RGCN

At this stage, RDF2Vec embeddings have been generated for each entity. The graph structure
required by the R-GCN is then prepared:

* Node Features: Each node is initialized with its precomputed RDF2Vec embedding as a
feature vector (data.x). These embeddings are organized into a torch. tensor suitable for input
to the R-GCN model.

* Entity Indexing (entity-to-idx): PyTorch Geometric (torch-geometric) needs nodes to be
referred to by numbers (0, 1, 2, 3...) So each RDF entity (which is a text like
"http://pdd.wangmengsd.com/resource/12345") is mapped to a unique integer ID.

The following table shows an example of entity indexing, where each RDF entity is assigned

a unique integer identifier:

RDF entity Index

http://pdd.wangmengsd.com/resource/12345 0
http://pdd.wangmengsd.com/resource/67890

1
http://pdd.wangmengsd.com/resource/24680 2
http://pdd.wangmengsd.com/resource/13579 3
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* Relation Indexing (Relation-To-Idx): Each relation (predicate) also must be represented by
an integer ID, because RGCNConv expects edges to carry a type (relation type).
The following table presents an example of relation indexing, where each predicate is assigned

a unique integer ID to represent relation types required by the RGCNConv layer

Relation (predicate) | Index
Gender 0
Age 1
Name 2
takeDrug 3

¢ Build Edge-Index And Edge-Type:
edge-index = list of pairs (source-id, target-id) based on the triples.

edge-type = for each pair, what relation connects them.

0O 01 2
edge_index = 1
8e- [1 2 3 1] )
edge_type = {2 30 1} )

2.6.3.2 Configuration of the R-GCN Model

A Relational Graph Convolutional Network is constructed to further refine the RDF2Vec embed-
dings.

* Layer 1: A RGCNConv layer aggregates neighbor information depending on relation types.

Attention Layer: Apply a multi-head attention mechanism to dynamically weigh neighbors.

* Layer 2: Another RGCNConv layer to deepen feature extraction across the graph.

* Final Linear Layer: A Linear layer projects the output embeddings back to the RDF2Vec

embedding size.
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Layer 2: RGCNConv

Deeper feature extraction

R-GCN Mo*el Training

Ohbjective: Refine original RDF2Vec embeddings to capture entity relationships

Minimize distance between original and enriched embeddings

Figure 17: R-GCN Enrichment Architecture for RDF2Vec Embeddings

2.6.3.3 Training the RGCN Model

After preparing the graph data and defining the RGCN model, the next step is to train the model in
order to refine the initial RDF2Vec embeddings. The goal of this training is to make the RGCN
learn embeddings that are closer to the original RDF2Vec embeddings, A simplified overview of

the training procedure is presented below:
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Algorithm 4 Training an RGCN with RDF2Vec Initial Embeddings
Input: Graph data (z, edge_index, edge_type),
RGCN model (initialized),
RDF2Vec initial embeddings (target),
Parameters: Optimizer (Adam, 1r=0.01), Loss (MSE), Epochs (Nepochs)
Output: Trained RGCN model, Updated node embeddings
begin

1. Initialize the RGCN model in training mode for epoch = 1 to Npocns do
2. Forward and Backward Pass:

a. optimizer.zero_grad() // Clear previous gradients
b. output <— RGCN(data) // Predict node embeddings
c. loss <~ MSE(output, x) // Compute reconstruction loss
d. loss.backward() // Backpropagation
e. optimizer.step() // Update model weights

3. Monitor Training:

if epoch % 5 == 0 then

| Print "Epoch:", epoch, "Loss:", loss.item()
end

end

4. Finalize:
a. Set the model to evaluation mode
b. Compute final embeddings:
updated_embeddings <— RGCN(data)

5. Return trained RGCN model, updated_embeddings.
end

2.6.4 User Query Preprocessing

This subsection explains the preprocessing pipeline used to handle natural language questions in the
medical scenario. The approach translates unstructured user queries into structured, semantically
annotated query representations. The pipeline represented in Figure 18, ensures that queries
are appropriately processed for proper Information Retrieval. The figure 18 illustrates the overall

architecture of the user query preprocessing pipeline:
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Figure 18: General Architecture of User Query Processing

Each stage in this pipeline transforms the query to progressively extract more structured information.

a) Cleaning and Tokenization
To begin, the user query is first cleaned and tokenized. This step is essential for ensur-
ing that the text is in a standard format for further processing. Algorithm 5 presents the

implementation of this step:

Algorithm 5 Cleaning and Tokenization(query)

Input: query: Raw user query (string)

Output: all_tokens: List of cleaned and tokenized words

begin

clean_query <~ LOWERCASE(query)
clean_query<— REMOVE_NON_DECIMAL_PERIODS(clean_query)
clean_query<—REMOVE_PUNCTUATION(clean_query)
clean_query<—NORMALIZE_SPACES(clean_query)
all_tokens <~ TOKENIZE(clean_query)
return all_tokens

end
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example:

* Input Query: "Does METHIMAZOLE interact with ROTAVIRUS vaccine ? "
* Lowercased: "does methimazole interact with rotavirus vaccine ?"
* Punctuation Removed: "does methimazole interact with rotavirus vaccine"
¢ Tokenized: [’does’, ’'methimazole’, ’interact’, *with’, 'rotavirus’, ’vaccine’]
b) Stopword Filtering In this step, common words that do not carry significant meaning

(stopwords) are removed. This helps focus on the important terms of the query. The

algorithm below provides a detailed overview of this step:

Algorithm 6 Filter Meaningful Tokens
Input: all_tokens: List of all tokens
Output: tokens: Dictionary containing all and meaningful tokens
begin
meaningful_tokens < []
foreach roken in all_tokens do

if token not in stop_words then
| APPEND token to meaningful_tokens

end
end
tokens < {
"all_tokens": all_tokens,
"meaningful_tokens": meaningful_tokens

}

return tokens
end

example:
* Meaningful Tokens: [’'methimazole’, ’interact’, ’rotavirus’, vaccine’]

¢) Numeric Entity Extraction This step focuses on identifying and extracting numeric entities
such as medical codes or numeric values that may be relevant. Algorithm 7 summarizes the

overall process:

Algorithm 7 Extraction of Numeric Entities
Input: all_tokens: List of tokens
Output: numeric_entities: List of numeric entities
begin
numeric_entities < [ ]

for each token in all_tokens do

if roken matches REGEX(\d+(\\d+)?’) then
| Add token to numeric_entities

end
end
end
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example:
* Detected Numeric Entity: None.

¢ Medical Code Detection: None.

d) Semantic Analysis Here, the query is analyzed for its intent and the types of entities it
contains. This step helps to understand what the user is looking for. Algorithm 8 presents the

implementation of this step:

Algorithm 8 Intent Detection and Entity Identification
Input: all_tokens: List of tokens, semantic_keywords: Dictionary of intent and entity keywords
Output: top_intent: Detected intent, mentioned_entities: Identified entities
begin
intent_scores < {intent: O for each intent in semantic_keywords|"intent"] }
for each token in all_tokens do
for each (intent, keywords) in semantic_keywords["intent"] do
if token is in keywords then
| intent_scores[intent] < intent_scores[intent] + 1
end
end
end
top_intent <~ MAX_KEY (intent_scores)
if intent_scores[top_intent] = 0 then
top_intent <— "query" // Default intent if no match
end
entity_scores <— {entity: O for each entity in semantic_keywords| "entities"] }
for each token in all_tokens do
for each (entity, keywords) in semantic_keywords[ "entities" ] do
if token is in keywords then
| entity_scores[entity] < entity_scores[entity] + 1
end
end
end

mentioned_entities <— {entity: score for (entity, score) in entity_scores if score > 0}
end

example:
¢ Intent Determination: Interaction

 Entity Types Identified: [’vaccine’]

2.6.5 Indexing the User Query

This solution is inspired by methods proposed in the work of Ebeid (2022), presented in the
MedGraph framework for biomedical Information Retrieval. Here is a detailed breakdown of this
solution[12]:
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* The core of the entity lookup strategy is to find matching query entities with their counterparts

in the embedding dictionary of the Knowledge Graph.

* Upon finding potential entity matches, their embeddings are retrieved from the embedding

dictionary.

* The retrieved embeddings are stored in a results dictionary that maintains the entity identifier-
to-vector representation mapping.
The figure 19 outlines the process of indexing a user query by matching entities to their

corresponding embeddings within the Knowledge Graph:

Knowledge Graph
Embedding Dictionary
Entity: Diabetes =
Vector: [0.12, 0.34,
0.56, cool

Entity: ICD-9-250.00

Results Dictionary
Entity: Diabetes =+
Vector: [0.12, 0.34,

-+ Vector: [0.45, 0.78,

Preprocessed Query 0.99 1
299,

0-56; cooll

. "diabetes" Entity Lookup : ) Store matches | Entity: ICD-9-250.00
Entity: Metformin -+
« "treatment" -+ Vector: [0.45, 0.78,
. wICD_gn Vector: [0.11, 0,23, 0.99 ]
0.45, ...] ol

Entity: Treatment -+
Vector: [0.22, 0.55,
0-33, cocl]

Entity: Insulin =
Vector: [0.67, 0.39,
0.11, ...]

Entity: Treatment -
Vector: [0.22, 0.55,
0,33, cooll

Figure 19: Entity Lookup with Bridging Semantic and Structural Spaces.

2.6.6 Mapping: Similarity Search Using HNSW

After enhancing the entity embeddings using the RGCN model, an entity similarity search is
performed, this is a crucial step in measuring how well the graph-aware embeddings capture

semantic proximity between nodes.

In this work, HNSW is employed, a graph-based indexing algorithm designed for efficient retrieval
in high-dimensional spaces. The implementation is adapted to operate using cosine similarity,
which is more suitable for the semantic structure of RDF2Vec and R-GCN embeddings.

The figure 20 illustrates the architecture of the HNSW algorithm, used in this work to efficiently

perform similarity search over graph-based embeddings.
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4, Refine search at Layer 0 to find k most similar entities

Figure 20: HNSW Diagram

The HNSW index builds a multi-layer graph structure, where each layer corresponds to different
levels of granularity. The upper layers are used as a coarse navigation map and contain only a
subset of the entities, allowing long-range jumps during query time. The lower layers contain more

entities and allow fine-grained local exploration.

* Once the entity embeddings are optimized by the R-GCN model, they are then indexed using
HNSW with the space parameter being set to *cosine’ as the distance metric instead of the

default "L2°.

* At retrieval time, search starts at an entry point in the top layer and greedily approaches
neighbors with lower cosine similarity traversing the graph layer by layer, progressing down

to the most detailed level.

* Finally, a refinement step at the bottom layer retrieves the top-k most semantically similar

entities:

This layer-based traversal along with the angular measure of similarity renders the retrieval process
efficient as well as semantically congruent with the RDF2Vec + R-GCN vector space. The following

algorithm outlines the complete procedure for performing similarity search over medical entities.
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Algorithm 9 Entity Similarity Search using HNSW
Input: entity_to_query, target entity URI
rgcn_model < trained R-GCN model
data ¢ graph data (features, edges)
entity_to_idx <« entity-to-index mapping
top_k < number of similar entities
ef_search < HNSW search param (default: 200)
Output: Top-k most similar entities with similarity scores
begin
Step 1: Embedding Extraction
FE <+ rgcn_model (data) ; // Forward pass to get embeddings
E,, < convert F to numpy array
Step 2: HNSW Index Construction

index <— HNSW index with metric = cosine, dimension = dim(E)
Initialize with e f_construction = 300, M = 24
Add E,, to index

Step 3: Similarity Search
idx < entity_to_idx|entity_to_query|
results <— query HNSW for top_k + 1 neighbors of E,,,[idx]
Exclude query entity if present in results

Step 4:cosine similarity Computation
foreach neighbor in results do
cosine_simzilarity <— 1 — cosine_distance
Add (entity, cosine_similarity) to final list
end

return Top-k most similar entities and cosine_similarities
end

In this retrieval setup, cosine similarity is used instead of Euclidean distance because it better
captures the angular closeness between vector representations a vital aspect when dealing with

semantic embeddings.

Cosine similarity measures the cosine of the angle between two vectors of high dimensions. When
the similarity is 1, it indicates that the vectors are in the same direction (semantically the same),

and 0 indicates that they are orthogonal (completely unrelated).

The cosine similarity between two vectors A and B is given by the formula:

A-B
cosine_similarity(A, B) = W

where:

* A - Bis the dot product of the vectors

* ||A|l, | B are their Euclidean norms (magnitudes).
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2.6.7 Ranking and Retrieval

Following the mapping stage, which acquires an initial set of candidate entities through approximate
nearest neighbor search (using HNSW), the system eliminates these candidates through a multi-
criteria ranking process optimized for precision and relevance.

The figure 21 illustrates the process includes several key :

Input Output
Query + HNSW Results Structured response

\
Query

search_in_embeddings . extract_related_triplets

1. Analyze HNSW results top_entity | 1. Fetch triplets where

2. Identify top_entity “|  top_entity = subject/object
3. Extract associated triplets 2. Collect info by type

related_triplets

Y

extract_query_response

1. Determine query type (drug,
disease, effect, etc.)

2. Filter triplets by relevant predi-
cates for that type

3. Sort and format results as struc-
tured response

Figure 21: Ranking & Retrieval Process Pipeline

2.7 Conclusion

In this chapter,the pipeline of Information Retrieval system over a formal Medical Knowledge Base
is prensented. The approach consists of several key components: generating semantic embeddings
through RDF2Vec, refining the embeddings through a Relational Graph Convolutional network,

and performing efficient similarity-based retrieval through HNSW indexing with cosine similarity.

In the next chapter, the implementation and application of the approach are presented so far,
including testing different embedding models, neural network architectures and evaluating the

results to validate the effectiveness of the solution.
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Chapter 3

TESTS AND EVALUATION OF THE
PROPOSED SOLUTION

3.1 Introduction

After finishing the design phase, this chapter presents the implementation of the system, followed

by its evaluation to assess performance and real-world applicability.

The chapter begins by presenting the development environment and tools used throughout the
implementation process. It then moves on to the evaluation phase, where the system is tested on a
benchmark medical dataset across several experimental scenarios. These include the assessment of
embedding models, similarity search methods, and semantic relevance using Bio_Clinical BERT.
The results are analyzed to quantify system performance and effectiveness. Following the exper-
imentation, the chapter introduces the querying interface through a visual walkthrough of key
system components, highlighting how users can interact with the system to retrieve semantically

relevant medical information.

3.2 Hardware Environment

The work and tests presented in this thesis were carried out on a high-performance machine with

the following specifications:

CPU GPU RAM Operating
System

11th Gen Intel(R) | Intel(R) Iris(R) | 16 GB windows 11

Core(TM) 17- | Xe Graphics

1165G7

Table 6: Hardware Configuration
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3.3 Software Environment

In this section, the software resources used during the implementation phase, including the pro-

gramming language, frameworks, and libraries are presented in Table 7.

Software Description
PyCharm! is an integrated development environment (IDE) developed by JetBrains. designed for
Python programming and offers features such as intelligent code completion, code
a inspections, debugging tools, and seamless integration with version control systems.
Python? is a general-purpose, high-level language that is typically used for a wide variety
of tasks and applications. Python is easy and readable, with a minimalist and clean
syntax that makes programs easier to read and maintain. Python also boasts a rich
standard library as well as an incredible amount of modules and frameworks.
Google Colab? is a cloud-based Jupyter Notebook service that requires no configuration and provides
free access to computing resources such as GPUs and TPUs. It is particularly well-
‘ ’ suited for machine learning, data science, and educational purposes.
Numpy* is a Python programming library designed to manipulate matrices and multidimen-
\\/ _J sional arrays, as well as mathematical functions operating on these arrays.
N >
rs
g 4
Pandas’ is an open-source Python library for data manipulation and analysis, offering data

structures such as DataFrame and Series to efficiently handle structured data. It is

widely used in data science for tasks such as data cleaning and data aggregation.

'https://www.jetbrains.com/pycharm
’https://www.python.org/
3https://colab.research.google.com/
“https://numpy.org/
Shttps://pandas.pydata.org/
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PyTorch®

is an open-source machine learning framework based on the Torch library, used for

applications such as computer vision and natural language processing.

HNSWIib’

is a fast library for finding similar items in large datasets. It uses a smart structure called

"Hierarchical Navigable Small World graphs" to make similarity search efficient.

PyKEEN?®
o

o

o WV-@

(Python Knowledge Embedding Engine) is used to create and train models that learn
vector representations (embeddings) of entities and relations in a Knowledge Graph.
Numerous state-of-the-art algorithms are included, allowing for easy experimentation

with Knowledge Graph Embeddings.

PyTorch

Geometric’

&

%

It is a powerful library that is used to easily build and train neural networks on graph
structured data. When the data is organized as a network such as in social networks or
Knowledge Graphs deep learning can be applied using models such as GCN and GAT
through the PyTorch framework.

RDFLib!° is a Python library for working with RDF (Resource Description Framework) data,
allowing parsing, querying, and serializing of RDF graphs.
rdflib
Gensim'! is an open-source Python library designed for unsupervised topic modeling and natural
@ GENSIM language processing, particularly known for its efficient implementation of word
embedding algorithms like Word2Vec.
Draw.io!? is a popular web-based application for creating diagrams and visualizations. It is very

simple to use and contains a vast library of graphical objects that can be drag-and-

dropped to form flowcharts, schemas, mockups, and other visualizations.

Table 7: Software Resources

Shttps://pytorch.org/
"https://github.com/nmslib/hnswlib
8https://github.com/pykeen/pykeen
‘https://pytorch-geometric.readthedocs.io/
Onttps://rdflib.readthedocs.io/
Uhttps://radimrehurek.com/gensim/
Phttps://app.diagrams.net/
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3.4 Testing Procedure

To properly determine the efficiency of the Graph knowledge-based Information Retrieval system,

several experiments are conducted on some of the most important pipeline stages.

3.4.1 STEP 1: Evaluation Using Metrics

Initially, various Embedding Models were compared and evaluated. The goal during this step was

to determine the semantic encoding best suited for the kind of the PDD Medical Knowledge Base.

Then, different architectures of Neural Networks were experimented to further fine-tune these
embeddings, and analyze their performance using several metrics according to the following

procedure:

3.4.1.1 Embedding and GNN Combinations

A variety of Knowledge Graph embedding models were initially tested each aiming to encode
entities and relations as vector space representations. The selected models, listed in table 8 , are

efficient in modeling structured knowledge:

Model Core Idea

TransE Represents relations as translations in vector space; aims to make
h + r ~ t for each triple (h,r,t)
RotatE Models relations as rotations in the complex vector space

DistMult | Bilinear model using element-wise multiplication and dot product;
symmetric by nature

ConvE Applies 2D convolution to (h, r) embeddings and compares to ¢

ComplEx | Extends DistMult to complex numbers; supports asymmetric relations
via complex conjugation

RDF2Vec | Learns embeddings from RDF graph paths using Word2Vec on ran-
dom walks

Table 8: Summary of Knowledge Graph Embedding Models

Once the embeddings are obtained, they are further refined using different Graph Neural Networks.
The GNN architectures evaluated in this study include: Graph Convolutional Network, Graph
Attention Network, Graphormer, and Relational Graph Convolutional Network.

3.4.1.2 Evaluation Metrics

The table 9 presents the definition, formula, explanation, and purpose of the different evaluation

metrics used to measure the retrieval performance.
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Metric Definition Formula Explanation Goal
MRR Average of the re- | MRR = | rank;: rank position | Maximize
ciprocal ranks of ﬁ Zlﬁ'l ﬁ of the correct entity
the first relevant en- for query 7, (J: num-
tity for each query. ber of queries.
Precision@k=5 | Proportion of rele- | Precision@k=5 = Measures how | Maximize
s relevant in top k=5
vant entities among #T“ many of the top-
the top-k = 5 re- k = 5 retrieved
trieved entities. entities are actually
relevant.
Recall@k=5 Proportion of all rel- | Recall@k=5 = | Measures the cover- | Maximize
evant entities found % age of relevant enti-
in the top-k = 5 re- ties in the top-5.
trieved.
MAP Mean of the aver- | MAP = | Considers ranking | Maximize
age precision across @ﬂ Z'fj'l AP(g;) | of all relevant enti-
all queries. ties, not just the first
one.

Table 9: Evaluation Metrics Used for Similarity Retrieval

The table 3.4.1.2 presents a comparative overview of the evaluation metrics results for the different

combinations of embedding models and GNN techniques.

GNN Metric RDF2Vec | TransE | RotatE ConvE | DistMult | ComplEx
MAP 0.6691 0.5846 0.5324 0.4741 0.5979 0.5207
Recall@k=5 0.2732 0.5466 0.5510 0.4750 0.5567 0.0536
GCN Precision@k=5 | 0.6776 0.5466 0.5517 0.4700 0.5567 0.5354
MRR 0.0004 0.0004 0.7199 0.5400 0.5400 0.7284
MAP 0.8717 0.7461 0.7717 0.6365 0.8041 0.6815
Recall@k=5 0,6200 0.5212 0.5551 0.5314 0.5872 0.3447
R-GCN Precision@k=5 | 0,8040 0.5212 0.5551 0.5314 0.5872 0.3447
MRR 0.9696 0.0001 0.0001 0.0001 0.0001 0.0001
MAP 0.5804 0.3667 0.3333 0.4167 0.5333 0.5533
Recall@k=5 0.2001 0.0003 0.0001 0.0002 0.0001 0.0001
GAT Precision@k=5 | 0.5000 0.4000 0.2000 0.4000 0.6000 0.4000
MRR 0.0003 0.0035 0.0038 0.0278 0.0063 0.0003
MAP 0.6800 | 0.534000 | 0.502000 | 0.474167 | 0.487000 | 0.497000
Recall@k=5 0.3000 | 0.534000 | 0.502000 | 0.475000 | 0.487000 | 0.497000
Graphormer Precision@k=5 | 0.6900 | 0.534000 | 0.502000 | 0.047500 | 0.048700 | 0.049700
MRR 0.0005 | 0.534109 | 0.502226 | 0.474447 | 0.487205 | 0.497429

Table 10: Evaluation of GNN and Embedding Combinations Using Multiple Metrics

* R-GCN clearly stands out as the best-performing GNN model, especially when combined
with RDF2Vec :
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— MAP =0.8717, MRR = 0.9696, Precision@5 = 0.8040.
— This demonstrates how structural relation enrichment with R-GCN significantly

improves performance.

* GCN performs quite well, particularly with DistMult and ComplEx (MRR = 0.5400 and
0.7284), but poorly with RDF2Vec (MRR = 0.0004).

* The worst-performing GNN is GAT, with very low MRR scores across the board (especially
with RDF2Vec and TransE), which shows that attention alone is not sufficient for this medical

knowledge retrieval task.

* A newer model, Graphormer, does well with TransE and RDF2Vec but still falls behind
R-GCN.

Therefore, it can be concluded that the best approach for entity similarity and Knowledge Graph
embedding is the implementation of RDF2Vec and R-GCN together.

To support this conclusion,The figure 22 visualizes the training loss progression across 100 epochs,

confirming the convergence, stability, and performance improvement of the RDF2Vec + R-GCN

model:
0.18 Loss Evolution During Training
—— Loss
—— Moving Average (20)
0.16 1
0.14 1
1]
[5)]
3
0.12 1
0.10 1
iAo
0.08 . . . .
0 20 40 60 80 100
Epoch

Figure 22: Evolution of Training Loss for The RDF2Vec + R-GCN Model
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Analysis of the Full View of the Loss Over 100 Epochs:

— The curve starts at a high loss value ( 0.175) and drops rapidly in the first 20—30 epochs,
showing fast initial learning.

— The loss gradually plateaus after 60 epochs, indicating diminishing improvements and
convergence.

— The moving average line (red) confirms the stability and smoothing of fluctuations.

This demonstrates that the RDF2Vec + R-GCN model successfully minimized the loss and is not

overfitting, as there’s no sign of divergence or re-increase.

The figure 23 presents the evaluation metrics Precision@k, Recall@k, and nDCG @k used to

assess the retrieval performance of the RDF2Vec + R-GCN model across various cutoff values:

Precision@k, Recall@k and nDCG@k

1.04

P@5=0.804
rDCG@5=0.825

P@10=0.726

0.8 1 nDCG@10=0.764

0.6

—e— Precision@k
P@20=0.642
nDCG@20=0.696 —a— Recall@k
—i— nDCG@k

Score

0.4
R@20=0.199

0.2 1 R@10=0.111

rR@5=0.062

0.0

k

Figure 23: Precision@k, Recall@k and nDCG @k for RDF2Vec + R-GCN Retrieval

Additionally, the Precision@k, Recall @k, and nDCG @k plots offer an overall picture of retrieval
performance for different k values, the model demonstrates with extremely good performance being
exhibited at P@5 (0.804), nDCG@5 (0.825), and a continually increasing Recall@k confirms the
effectiveness of the model in retrieving semantically relevant entities from the medical knowledge

base.

3.4.2 STEP 2: Evaluation Using User Query

To further evaluate the effectiveness and practical value of the system, a second layer of testing is

introduced focusing on realistic user queries. In this step, actual user interactions are simulated
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by formulating natural language questions and entity-based lookups much like a user or medical

professional would when interacting with an intelligent Information Retrieval system.

This evaluation aims to verify not only the performance of the similarity search mechanisms,
but also the ability of the pipeline, which combines RDF2Vec embeddings, Relational Graph
Convolutional Networks, and Hierarchical Navigable Small World search, to return accurate,

meaningful, and semantically relevant answers.

In the following subsection, first the similarity search techniques applied are detailed, before

illustrating concrete examples of user queries and the system response.

3.4.2.1 Similarity Search Techniques

The immediate objective was to simulate semantic real-world searching: for every query medical
entity, the system ought to respond with the most semantically relevant entities in the Knowledge
Graph.

The following search methods for similarities had been tested:

a) Cosine Similarity: Cosine similarity measures the angle between two vectors in a multidi-
mensional space. It is bounded between —1 and 1, where 1 indicates perfect alignment, and

—1 indicates opposite directions.

h-t
i cos h,t T ETEETIAT
Simeos (1, £) = 1R

This was the primary metric for semantic similarity after training, especially in RDF2Vec

and during Triplet Loss evaluation.

b) k-Nearest Neighbors: The k-Nearest Neighbors algorithm retrieves the top-k most similar
vectors for a given query using a selected distance metric, this method is used with cosine

distances.

¢) Hierarchical Navigable Small World: HNSW is a graph-based Approximate Nearest
Neighbor (ANN) search algorithm, optimized for high-performance vector retrieval in large-
scale datasets. It constructs a hierarchical proximity graph that accelerates query search time.

HNSW is evaluated with Cosine Distance measures.

Here is a comparative table and a graph that shows the results obtained using the three methods

explained above:
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Method Top-1 Similarity | Overall Ranking | Notable Features /

Quality Notes
Cosine Simi- | 0.9756 High Best precision, exact
larity neighbor match on pred-
icates
k-NN 0.6771 Moderate Good generalization but

slower, based on pair-
wise distances in embed-

ding space
HNSW 1.0000 High (Top-5 > | Very fast and scalable
0.9996) ANN method, maintains

high accuracy on dense
and large embedding
spaces

Table 11: Comparative Results of Search Methods for Similarities

The figure 24 presents a comparison of the Top-5 similarity scores obtained using various methods:

o
&2
o

02 0.9999 0.9996 0.9996 0.9996
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0.8
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0.6528 0.6479
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£
0
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—&— Cosine Similarity
- k-NN with GCN 0525
—o— HNSW ' o.0188 0.0000
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Ranked Nearest Neighbors

Figure 24: Top-5 Similarity Scores by Method with Values

These similarity scores were obtained on the medical entity subset of the knowledge Base using
RDF2Vec and RGCN-enhanced embeddings, HNSW proves to be the most scalable and performant
method for entity similarity search in enriched medical Knowledge Graphs. While pairwise cosine
similarity is still valuable for evaluation and k-NN aids in embedding inspection, HNSW is the best
suited for real-time and large-scale retrieval scenarios in this project.

Following the comparative evaluation of similarity methods, a realistic query-based test was con-
ducted to simulate the use of the system in real-world scenarios. This was done by developing a
sample collection of structured or textual queries representing common information needs in the
healthcare field.
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In order to effectively recover the most similar entities per query, the highest-performing embed-
ding method and similarity method: RDF2Vec embeddings passed through a Relational Graph
Convolutional network was used, then the Approximate Nearest Neighbor search was performed
with HNSW.

The figure 25 is an example of one such request:

Test query: 'what is the category of disease of the icd code 432.1 ?'

Response:
For your search concerning the disease category of ICD code 432.1, I found the following information:
- CEREBROVASCULAR DISEASE

Figure 25: Request Example 1: ICD Code Category

This request demonstrates how the system can interpret a natural language query, map it to
the corresponding concept in the medical Knowledge Graph (e.g., using RDF2Vec + R-GCN
embeddings), and retrieve the most relevant class or category using HNSW-based similarity
search. The retrieved answer is semantically and medically correct, showing that the system
successfully identified Cerebrovascular Disease as the parent category of ICD code 432.1, which
corresponds to Subarachnoid Hemorrhage. The figure 26 illustrates a second query example, where
the system processes a drug identifier to retrieve its corresponding name and medical description,

demonstrating its ability to handle structured entity-based queries:

Query test: 'give me the description of this ID DBee53e?'

Found:

o http://example.org/name -> Erlotinib

e http://example.org/description -> Erlotinib is an inhibitor of the epidermal growth factor receptor (EGFR) tyrosine
DESCRIPTION:

Erlotinib is an inhibitor of the epidermal growth factor receptor (EGFR) tyrosine kinase that is used in the treatment of non-small

cell lung cancer, pancreatic cancer and several other types of cancer.

It is typically marketed under the trade name Tarceva. Erlotinib binds to the epidermal growth factor receptor (EGFR) tyrosine

kinase in a reversible fashion at the adenosine triphosphate (ATP) binding site of the receptor. Recent studies demonstrate

that erlotinib is also a potent inhibitor of JAK2V617F, which is a mutant form of tyrosine kinase JAK2 found in most patients

with polycythemia vera (PV) and a substantial proportion of patients with idiopathic myelofibrosis or essential thrombocythemia.

This finding introduces the potential use of erlotinib in the treatment of JAK2V617F-positive PV and other myeloproliferative disorders.

Figure 26: Request Example 2: Drug Description Query

Another use case was tested involves querying the system with a drug identifier (ID) and retrieving
its associated name and medical description. This simulates a scenario where a user or application

inputs a known entity (e.g., from DrugBank) and expects structured output.
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3.4.2.2 User Query Evaluation

To assess the quality of the results returned by the Information Retrieval system, a query evaluation
module was included using semantic similarity between the query and the returned entities. The
module employs Bio-Clinical BERT, a language model pre-trained and fine-tuned in the biomedical
domain. It represents both the query and all returned entities as a dense vector representations in
one shared semantic space, upon which cosine similarity is computed.

The objective is to estimate the semantic utility of the entities discovered for the original question,
regardless of the full lexical overlap. This contrasts with typical evaluation protocols founded on
human relevance judgments since this approach provides automatic and accurate evaluation based
on the underlying representations the model produces.

Among the ten queries evaluated using the semantic relevance module,a detailed analysis of a
representative case is presented below:

Figure 27 demonstrates the Bio_Clinical BERT evaluation framework in action, showing the auto-
matic semantic similarity assessment between a drug query (DB00530) and the system response
about Erlotinib

ug bank id C

d_truth: *2 ) ENT that functic ROTEIN K INHIBITOR for EG

in the treat

mantic Similarity (BERT): 0.9797

55] Textual Similarity:

Overlap: 04615

Figure 27: System Evaluation Output for a User Query Showing Semantic Similarity Analysis
and Relevance Scoring Using Bio-Clinical BERT Model

The following table presents a detailed evaluation of the response retrieved for the query. The
analysis considers multiple dimensions including semantic similarity, textual overlap, and overall
relevance, using metrics derived from domain-specific language models and textual analysis. Each
metric is interpreted and classified to assess the system is performance in providing accurate and

clinically appropriate responses.

53



Metric Score Performance | Interpretation

Semantic  Similarity | 0.9758 Excellent Near-perfect ~ semantic
(BERT) understanding with
Bio_Clinical BERT.

Textual Similarity 0.5455 Expected System provides detailed

answers beyond surface-

level matching.

Keyword Overlap 0.4615 Expected Limited keyword match
shows semantic rather

than literal interpretation.

Combined Score 0.7438 Good Balances semantic and lex-

ical aspects well.

Relevance Score 0.8031 Excellent System successfully de-

tected high relevance.

Table 12: Query Evaluation Results Analysis

3.4.3 Knowledge Base Enrichment with ICD-9 and DrugBank
Ontologies

To enhance the semantic depth and medical relevance of the knowledge Base, an enrichment step
was performed using two popular medical ontologies: ICD-9-CM and DrugBank.

These ontologies were selected due to their prevalence in clinical diagnosis and pharmacological
databases, respectively. The integration was done to map diseases and drugs in the graph to

standardized ontology-based representations.

The enrichment was achievable because of the presence of shared identifiers between the core
Knowledge Base and the external ontologies. Specifically, entities in the database were aligned with
ICD-9 disease codes and DrugBank drug identifiers. The ICD-9 data was provided in XML/Turtle
forma and DrugBank available as CSV data.

The pipeline begins with the merging of multiple N-Triples (.nt) files to construct a unified base
graph (loading the PDD data). In the second phase, DrugBank enrichment was performed by
parsing the CSV file to retrieve drug names and descriptions, which were then matched against
existing drugbank:ID entries in the Knowledge Graph. Relevant descriptions were cleaned and

added as literal triples, improving drug entity annotations.

In the third phase, ICD-9-CM enrichment was conducted by aligning diagnosis codes in the base
graph with hierarchical disease entries from the ICD-9 ontology. Using string-based or range-based
code matching, disease labels and subclass relationships were extracted from the Turtle file'* and

injected into the original diagnosis subgraph.

3A Turtle file (with the .tt 1 extension) is a plain text file used to represent RDF (Resource Description
Framework) data in a compact, human-readable format. It is short for Terse RDF Triple Language.
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The enrichment algorithm applied semantic alignment through shared identifiers, robust text pre-
processing (escaping characters, removing references) and consistency checks. Although the
process was limited by partial access to the full DrugBank RDF, integration still yielded a richer
ontology-aware medical Knowledge Graph capable of supporting improved similarity computation

and retrieval tasks. The figure 28 illustrates newly added triples resulting from the enrichment step:

<http://purl.biocontology.org/ontology/ICDICM/753.8> <http://pdd.wangmengsd.com/property/hasDiseaselabel> "CONGENITAL ANOMALIES"@en .
<http://bio2rdf.org/drugbank:DBe@126> <http://example.org/name> "Ascorbic acid" .
<http://bio2rdf.org/drugbank:DBe8694> <http://example.org/description> "A very toxic anthracycline aminoglycoside antineoplastic isolated

<http://pdd.wangmengsd. com/namedrug/Capecitabine> <http://pdd.wangmengsd.com/property/Rotavirus_Vaccine_Interactions> "The therapeutic ef

Figure 28: Example of Newly Added Triples after the Enrichment Step

3.4.4 Practical Demonstration of the Retrieval System
Evaluation

In this section, the interfaces of the system are presented.

a) Home Interface
Figure 29 and 30 shows the home interface of the MedSearch system, a web-based platform
dedicated to semantic search over medical Knowledge Graphs. This interface serves as the
main entry point into the application, offering users a clear overview and quick access to the

core functionality.

It consists of the following elements:

— A top navigation menu: Including three sections(Home, Data Sources, and Pipeline)
enabling easy access to different stages of graph processing and project documentation.
— A central search bar: Allowing users to enter natural language queries (e.g. "What
is the category of disease of the ICD code 432.1?") to explore entities and relationships
within the Knowledge Graph.

— A query examples section: Providing guidance to users by showcasing sample
questions related to ICD codes, drugs (DrugBank), or other entities in the graph.

— A “Project Objective’” box: Which explains the aim of the system: to help health-
care professionals and researchers effectively query, explore, and understand medical
knowledge using advanced embedding techniques and Relational Graph Convolutional

Networks.

— A “Log Console — Model Initialization” panel: Located at the bottom of the inter-

face, which displays system messages during model loading. For instance, connection
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errors such as "Erreur de connexion: Failed to fetch" help diagnose technical issues

during initialization.

This interface is designed to combine ease of use with powerful exploration capabilities,
supporting enhanced discovery of complex medical relationships across integrated Knowledge
Graphs.

The figure 29 present the MedSearch system’s home interface:

¥ MedSearch Home  DataSources  Pipeline

Medical Knowledge Graph Search

Checking status...

Initialization in progress...

Search medical knowledge graph...

Enter a medical term, condition, or code in the search bar above to see results.

() Example Queries:

[ what is the categorie of disease of the icd code 432.1 ?
[ what is the name of the drug with ID DB00530?

[ give me the description of this ID DB00530?

Project Objective

This medical research interface aims to provide healthcare

professionals and researchers with a powerful tool to query

and explore medical knowledge graphs. By leveraging \ ‘ O
advanced graph embedding techniques and relational graph

convolutional networks (RGCN), our system enables O

. . . Y ‘Vﬂ-u(nxm
semantic search across multiple medical datasets. i \‘ \
The platform integrates data from PDD Graph, DrugBank, / j
4
and ICD-9-CM ontology to create a comprehensive l ,\ "
knowledge base for medical entity discovery and ’
relationship exploration. S ‘ =5 =
= =Rl

Figure 29: Search Interface

The Figure 30 displays the log console of the MedSearch interface, which provides real-time
feedback during model initialization and system operations, aiding in error tracking and

debugging:
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Log Console - Model
Initialization

[00:57:15] action of the query respon:

[00:57:15] -- Tokens of the query: [what, ‘is", ‘the’, ‘categorie’, ‘of', ‘disease’, ‘of', ‘the’, ‘icd’, ‘code’, '432.1']
[00:57:15] -- Intent detected: query

[00:57:15] -- entities types: {'disease’: 1, ‘code: 2}

[00:57:15] -- Query type identified: category_disease

[00:57:15] -- Description: la catégorie de maladie

[00:57:15] -- Search in triples where the entity is the subject...

[00:57:15] -- found: hasDiseaselabel -> CEREBROVASCULAR DISEASE

[00:57:15] -- Answer found: 1 valeur(s)

[00:57:15] -- Bar plot successfully generated!

W Clear

Figure 30: Debug Console

b) Data Sources Interface
Figure 31 presents the Data Sources interface of the MedSearch system. This page introduces
the foundational datasets integrated into the Medical Knowledge Base, offering users an

overview of the origin and nature of the medical data used.

It is made up of three main data blocks:

— PDD Graph : This section describes the PDD Graph as a comprehensive Knowledge
Graph that links Patient, drugs, and diseases. A link is provided to view the original
data source.

— DrugBank: This block highlights DrugBank as a publicly accessible and detailed
pharmaceutical database containing drug and drug target information. The system
integrates multiple DrugBank sources to enrich the graph. Two links are available for
further exploration: one to the Kaggle dataset and another to an XML example.

— ICD-9-CM Ontology : This section explains the ICD-9-CM ontology, which provides
a hierarchical structure for classifying diseases, symptoms, and medical procedures. It
helps ensure the accurate identification and categorization of medical conditions. A

direct link to view the ontology is included.

The figure 31 illustrates the Data Sources interface of the MedSearch system, which provides
users with detailed insight into the origin and reliability of the medical datasets integrated

into the Knowledge Graph:
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¥ MedSearch Home  Data Sources  Pipeline

Data Sources

Our medical knowledge graph is built from multiple high-quality data sources, providing a comprehensive foundation for medical research and queries.

PDD Graph

Protein-Drug-Disease Knowledge Graph

The PDD Graph is a comprehensive knowledge graph that connects proteins, drugs, and diseases. It provides valuable insights into the relationships

between biological entities and medical conditions.

View Source ~

DrugBank
Comprehensive Drug Information Database

DrugBank is a comprehensive, freely accessible online database containing information on drugs and drug targets. Our system integrates data from
multiple DrugBank sources to provide detailed pharmaceutical information.

DrugBank Dataset (Kaggle) ~

DrugBank XML Example ~

ICD-9-CM Ontology

International Classification of Diseases, 9th Revision, Clinical Modification

The ICD-9-CM ontology provides a hierarchical classification system for diseases, symptoms, and medical procedures. This standardized coding system

enables precise identification and categorization of medical conditions.

View Ontology ~

Ikram Djait & Sarah Zerrai
Projet : Improving Medical Information Retrieval via Knowledge Graph-Enhanced Graph Neural Networks
Université de Saad dahleb Département Informatique
© 2025 | Soutenance académique

O GitHub

Figure 31: Data Sources Interface

c) Pipeline Interface

The figure 32 shows the Pipeline interface of the MedSearch application. This interactive
page illustrates the key stages involved in transforming raw medical data and user queries
into structured, query-able embeddings through a multi-step pipeline.
The pipeline is divided into two parallel paths: one for the knowledge base and one for the
user query, eventually merging for final matching and retrieval.
Knowledge Base Path:

— Preprocessing:

This step involves cleaning and structuring the raw knowledge base data to prepare it

for embedding generation.

— Indexing:
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The preprocessed knowledge base is converted into vector embeddings to enable
similarity-based search.

— Enrichment:

The initial embeddings are refined using a Relational Graph Convolutional Network,
improving the quality of the semantic representation.

User Query Path:

— Preprocessing:

The user’s textual input is cleaned and structured in preparation for embedding.
— Indexing:

The preprocessed query is transformed into a vector embedding compatible with the
representation of the Knowledge Graph.

Merged Pipeline:

— Mapping:

This step involves matching the query embedding with the enriched knowledge base
embeddings using HNSW similarity search.

— Ranking Retrieval:

The matched entities are ranked, and the most relevant ones are retrieved.
— User Interaction:

The results are presented to the user, allowing for interpretation and refinement of the
output.

The figure 32 illustrates the Pipeline interface, where each stage of the system’s work-

flow is interactively presented, allowing users to explore detailed explanations of the data
transformation and query-processing steps.
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¥ MedSearch Home  DataSources  Pipeline

Processing Pipeline

Our medical knowledge graph processing pipeline consists of several key stages that transform raw medical data into a queryable knowledge base. Click on each

(@)

step to learn more about the process.

knowledge base User Query
1 4
Preprocessing Preprocessing
Cleaning and structuring the knowledge Cleaning and structuring the user query
base
Indexing Indexing
Transforming the knowledge base into Converting the user query into an
embeddings embedding
Enrichment
Enhancing embeddings using RGCN

Mapping
Matching queries with knowledge base
using HNSW similarity search

Ranking & Retrieval
Searching for the best matching entities

‘ User Interaction ’

Displaying and refining results
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Figure 32: Pipeline Interface

User System Interaction:

The figure 33 illustrates the automated processing of a query related to a medication. A question
containing the DrugBank identifier (DB09153) is submitted and then analyzed by the system.
Relevant information is retrieved from the Knowledge Base, and a structured response is generated.
In this example, the medication is correctly identified as sodium chloride, and its characteristics are

provided.
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® [7 Models ready

You can now perform searches

Could you tell me more about the drug identified as DB09153 in DrugBank? n

Q Query: Could you tell me more about the drug identified as DB09153 in DrugBank?

# Response: For your search regarding la description du médicament the DrugBank identifier DB09153, | found the following
information: - Sodium chloride, also known as salt, common salt, table salt or halite, is an ionic compound with the chemical formula
NaCl, representing a 1:1 ratio of sodium and chloride ions. Sodium chloride is the primary salt in seawater and in the extracellular
fluid of many multicellular organisms. It is listed on the World Health Organization Model List of Essential Medicines.

@ Entities found: httpy//bio2rdf.org/drugbank:DB09153

Figure 33: Example of User—System Interaction

3.5 Conclusion

In this chapter, the tools and environment used for the development of this system were presented.
then was proceeded by the testing procedure to evaluate the system is performance. This was
followed by an analysis of the results obtained through two evaluation steps: one based on
performance metrics and the other based on user queries. Additionally, the enrichment of the
Knowledge Base using the ICD-9 and DrugBank ontologies was discussed, which enhanced
the system is semantic representation capabilities. Finally, the developed user interfaces were
showcased, illustrating the structure and functionality of each component within the Medical

Information Retrieval system.
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General Conclusion

This project was motivated by the limitation of existing Medical Information Retrieval systems,
their inability to effectively capture the complex structure and semantics of entities and relations in
medical Knowledge Graphs.

Conventional Knowledge Graph embedding models are not likely to represent the rich relational
and contextual information contained in biomedical data, and hence the accuracy and agility of
retrieval systems in clinical applications are compromised.

In answer to this problem, a hybrid retrieval model was proposed, combining RDF2Vec embeddings
and a Relational Graph Convolutional Network. This enables the combination of semantic and
structural properties of medical entities and resulting in more informative and context-specific
representations. The system’s pipeline includes RDF graph transformation, embedding generation,
GNN-based refinement, and efficient similarity search based on HNSW indexing. The model
was validated under a question-answering setting, where it demonstrated high semantic relevance
through evaluation using a semantic similarity module based on Bio_ClinicalBERT, which assesses
the semantic alignment between user queries and retrieved entities, offering an automatic, consistent,
and context-aware measure of result quality.

Therefore, this research successfully achieved its central objective of developing an augmented
medical information retrieval system and validating it on a large benchmark medical dataset. By
integrating Knowledge Graph Embeddings with Graph Neural Networks, the proposed framework
demonstrates enhanced precision, adaptability, and semantic awareness in retrieving clinically

relevant information.

To further enhance this work, several directions can be explored in the future:

* Evaluation with domain experts: Conducting large-scale qualitative and quantitative

evaluations with healthcare professionals to validate system performance.

* Dynamic Data Adaptation: The system is currently constructed on top of a static copy
of the Knowledge Graph. Extending the retrieval pipeline to accommodate dynamic or real
time updates particularly in fast evolving fields like biomedical science is another important

direction for future work.

* Semantic Evaluation Enhancement: The current evaluation relies on a semantic similarity

module based on Bio_Clinical BERT to assess the alignment between queries and retrieved
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entities. While this provides a meaningful measure of contextual relevance, future work
could extend this evaluation with human relevance judgments, user feedback, or interactive

assessments to better reflect real world utility and user satisfaction in clinical settings.

User Behavior and Query Variability: The system currently assumes a uniform query
interpretation process. Addressing variations in user behavior, query formulation, and intent
will be essential to improve personalization and relevance in retrieval results.

These perspectives aim to push the boundaries of what intelligent, graph-powered medical

Information Retrieval systems can achieve in practice.
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