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Abstract

This study addresses the essential need for personalized therapeutic exercise rec-
ommendations for individuals with knee osteoarthritis. Experimental evaluations
demonstrate the superior performance of the GNN model, achieving an RPS score
of 91.20%, compared to 64.70% for the MF model. These results highlight the
potential of GNNs to enhance health recommendation systems.

Keywords: Health-care Recommender Systems, Graph Neural Networks, Matrix
Factorization (MF), Collaborative filtering.

Résumé

Cette étude répond au besoin essentiel de recommandations personnalisées d’exer-
cices thérapeutiques pour les personnes souffrant d’arthrose du genou. Les évalua-
tions expérimentales démontrent la performance supérieure du modèle GNN, avec
un score RPS de 91,20%, contre 64,70% pour le modèle MF. Ces résultats soulignent
le potentiel des GNN pour améliorer les systèmes de recommandation de santé.

Mots clés : Systèmes de recommandation médicale, Réseaux de neurones gra-
phiques, Filtrage collaboratif.
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General introduction

Gonarthrosis, a common condition, significantly affects the quality of life of many
people around the world, particularly the elderly. Characterized by progressive wear
and tear of the cartilage covering the knee bones, it causes pain, joint stiffness, and
loss of mobility, hindering everyday movements such as walking or climbing stairs.
The complexity of the knee joint, composed of several bones, muscles, tendons, and
ligaments, requires a thorough understanding of its anatomy and function in order
to develop effective therapeutic strategies.

Traditional approaches to managing knee osteoarthritis often involve prescrib-
ing physical exercises aimed at strengthening the periarticular muscles, improving
mobility, and reducing pain. However, the effectiveness of these standardized ex-
ercise programs is often limited due to the specific needs of each patient, which
are influenced by their morphology, age, pain level, and biomechanical character-
istics. This variability highlights the crucial importance of personalizing exercise
recommendations to optimize therapeutic benefits and improve patient adherence
to treatment.

Recent technological advances, such as the KneeKG machine, allow for accurate
measurement of the dynamic movement of the knee during the walking cycle. These
objective, non-invasive, and radiation-free kinematic data provide an accurate pic-
ture of joint function, mobility, and limitations. The use of this dynamic data via
artificial intelligence techniques, and more specifically recommendation systems, rep-
resents a promising avenue for the design of highly personalized therapeutic exercise
programs.

Recommendation systems, widely adopted in various sectors such as e-commerce
and entertainment, are essential machine learning algorithms that predict, filter,
and identify items likely to interest a user. Their evolution has progressed from
traditional collaborative filtering methods to more advanced approaches based on
deep learning, notably graph neural networks (GNNs). GNNs are distinguished by
their ability to model complex relationships within graph-structured data, where
each node can have a variable number of connections and unique characteristics,
making them particularly well suited for healthcare recommendation applications.
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Nomenclature

The present study aims to develop a system capable of identifying the most
appropriate exercises for each patient with knee osteoarthritis based on their biome-
chanical data. To do this, we explore two main approaches: graph neural networks
(GNNs) and matrix factorization (MF). The GNN approach is designed to exploit
the complex relational structures between patients and exercises in a bipartite graph,
while MF serves as a comparative reference to evaluate its effectiveness in capturing
latent preferences from interaction data. A major challenge, the cold start problem,
is also addressed using a model that projects the characteristics of new patients into
the latent space learned by the models. This work thus lays the foundations for
optimized therapeutic intervention through exercise personalization.
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Chapter 1

Context and Problem Statement

1.1 Introduction

Gonarthrosis, or knee osteoarthritis, is a common condition affecting a large number
of individuals worldwide, particularly the elderly [1, 2]. It is characterized by the
progressive degeneration of the cartilage covering the bones of the knee joint [3].
This degeneration leads to pain, joint stiffness, reduced mobility, and discomfort
during daily activities such as walking or climbing stairs [2].

Osteoarthritis is a widespread disorder that significantly impairs knee function,
making an understanding of its anatomy essential for developing effective exercise
recommendations. Numerous scientific studies [4] highlight the prevalence and im-
pact of knee osteoarthritis, thus justifying the relevance of this study in establishing
a solid knowledge base on the affected joint.

To better understand this condition and its consequences, it is important to
examine the structure and functioning of the knee. The knee is a highly complex
joint composed of several bones, muscles, tendons, ligaments, and menisci. These
components work in unison to enable movements such as flexion, extension, and
rotation. When any of these structures are damaged, as in the case of gonarthrosis,
it can result in pain and loss of stability.

This chapter therefore presents the anatomical foundations of the knee, the dif-
ferent tissues involved, and their respective roles. It then introduces gonarthrosis
and its effects on the joint. Finally, it describes a modern tool called KneeKG,
which enables dynamic measurement of knee movements. These data, known as
kinematic data, will be highly valuable for the remainder of this work, as they al-
low for a more accurate analysis of each patient’s condition and the proposal of a
personalized treatment plan.
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Chapter 1. Context and Problem Statement

1.2 Knee Anatomy

The knee joint, the largest joint in the human body [5], connects the thigh and
the lower leg. It encompasses the knee articulation itself. This joint is a complex
biomechanical structure and is frequently affected by traumatic injuries and chronic
internal disorders [6]. To understand knee-related conditions such as osteoarthri-
tis—commonly referred to as gonarthrosis—it is essential to have a thorough un-
derstanding of this intricate anatomical structure [7]. In the following section, we
examine the anatomy of the knee by exploring its major components: bones, mus-
cles, tendons, ligaments, and menisci.

1.2.1 Bony Structures

The knee is generally considered to be composed of the femorotibial and femoropatel-
lar joints. The bony part of the knee consists of the femur, tibia, patella, and fibula
[7], as illustrated in Figure 1.1. Fractures may affect any of these four bones. Some
fractures require immobilization and a prohibition on weight-bearing, others neces-
sitate early rehabilitation, and some cases call for surgical intervention [8].

Figure 1.1. Bony structures of the knee [9].

The Femur

One of the largest bones connected to the knee is the femur. It is the longest and
strongest bone in the human body and plays a crucial role in posture and balance
[10, 11]. The femur articulates proximally with the ilium and distally with the tibia,
as shown in Figure 1.1 and Figure 1.2. It serves as an attachment point for major
thigh muscles, including the quadriceps femoris and the articularis genus [12].
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Chapter 1. Context and Problem Statement

Its distal end1 has specific anatomical features critical for knee articulation. The
medial and lateral condyles are rounded articular surfaces covered with hyaline car-
tilage that articulate with the tibial plateaus2 [5]. Fractures of the femur generally
occur only as a result of high-energy trauma, such as car accidents, unless the bone
is weakened by conditions like osteoporosis.

The complex anatomy of the distal femur highlights its essential role in the biome-
chanics of the knee joint and its vulnerability to arthritic changes. The condyles and
the femoral trochlea are directly involved in joint articulation and weight-bearing,
making their cartilage particularly susceptible to degeneration [13].

Figure 1.2. Knee bones from different angles [14].

The Tibia

The tibia, also referred to as the shinbone—as illustrated in Figure 1.3 and Fig-
ure 1.2—is one of the two longest bones in the leg and serves as the primary weight-
bearing bone [15]. It plays a fundamental role in knee joint function [6].

Its proximal end3 includes the medial and lateral condyles—flat or slightly con-
cave articular surfaces that articulate with the femoral condyles to form the tibiofemoral
joint [5]. The tibia is a robust bone, and its widened proximal extremity forms
the tibial plateau, which articulates with the femoral condyles to constitute the
tibiofemoral joint.

The tibial plateau consists of two distinct surfaces separated by the intercondy-
lar eminences, which serve as attachment points for the cruciate ligaments. The

1The distal end of the femur is the lower portion of the thigh bone that articulates with the
tibia and patella to form the knee joint.

2The tibial plateau is the upper articular surface formed by these condyles.
3The proximal end of the tibia, or proximal epiphysis, is the upper portion of the tibia that

articulates with the femur and the fibula to form the knee joint.
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Chapter 1. Context and Problem Statement

articular surfaces of the tibia are covered with hyaline cartilage, allowing for smooth
articulation with the femur [6].

Figure 1.3. Tibia anatomy [16].

The Fibula

The fibula4 is a long, slender bone located laterally to the tibia and does not bear
significant weight. Its proximal end consists of the head, which articulates with
the lateral tibial condyle at the proximal tibiofibular joint, and the neck, a narrow
region below the head that is a common site for fibular nerve injury [15]. It is
characterized by its delicate structure and smaller size, making it the thinnest bone
in the human body [17]. Although often overshadowed by the tibia, which plays the
main role in bearing body weight, the fibula is essential for lower limb biomechanics.
It significantly contributes to ankle joint stability and serves as an attachment site
for numerous muscles crucial for foot and ankle movements [5].

The Patella

The patella is a triangular sesamoid bone located at the front of the knee joint,
embedded within the quadriceps tendon [5], as shown in Figure 1.5. It has a superior
base, an inferior apex, and medial and lateral borders [19]. Its posterior surface is
covered with articular cartilage and divided into several facets: a small medial facet,

4Also referred to as the fibula in English.
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Chapter 1. Context and Problem Statement

Figure 1.4. The fibula [18].

a larger lateral facet, and an odd facet (inconstant, located at the medial edge).
These facets ensure optimal contact with the femoral trochlea during knee flexion-
extension movements [6]. The patella protects the anterior aspect of the knee joint
[20] and enables smooth movement during knee flexion and extension [21]. Its unique
position and function make it a key component of the knee extensor mechanism and
a frequent site of arthritic changes affecting the femoropatellar joint.

1.2.2 Muscles

Muscles are soft tissues composed of extensible fibers that contract to produce move-
ment [22]. Knee movements are primarily controlled by two major muscle groups in
the thigh: the quadriceps in the front and the hamstrings in the back [23].

The quadriceps femoris, located at the front of the thigh (see Figure 1.5), is
a powerful muscle group made up of four heads: the rectus femoris, vastus lateralis,
vastus intermedius, and vastus medialis [22]. The three vasti originate from the
femur, while the rectus femoris arises from the pelvis. The primary function of the
quadriceps is knee extension, i.e., straightening the leg. It is also the most important
muscle for stabilizing the knee joint. Its role in knee extension and stabilization is es-
sential for weight-bearing activities and exercises relevant for osteoarthritis patients
[23].

The hamstring muscles, located at the back of the thigh (see Figure 1.6),
include the biceps femoris, semitendinosus, and semimembranosus [22]. Except for
the short head of the biceps femoris, which originates from the femur, these muscles

7



Chapter 1. Context and Problem Statement

Figure 1.5. The quadriceps muscle [24].

arise from the ischial tuberosity and insert into the proximal parts of the tibia and
fibula. Their main function is knee flexion, i.e., bending the leg. The hamstrings
act as antagonists to the quadriceps, and balance between these two muscle groups
is essential for healthy knee movement [23].

Figure 1.6. The hamstring muscles [24].
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Chapter 1. Context and Problem Statement

Figure 1.7. Knee tendons [25].

1.2.3 Tendons

Tendons are very rigid fibrous structures that connect muscles to bones, transmitting
the force generated by muscle contraction to produce movement [23, 8]. Several
major tendons are associated with the knee muscles.

The patellar tendon connects the patella to the tibial tuberosity5 [23], as
shown in Figure 1.8. It constitutes the inferior extension of the quadriceps femoris
tendon and plays an essential role in the knee extension mechanism [26]. The patellar
tendon is a key component of the extensor apparatus, directly transmitting the force
generated by the powerful quadriceps muscles to straighten the leg.

Figure 1.8. The patellar tendon [27].

The quadriceps tendon connects the four quadriceps muscles to the superior
part of the patella [23], as illustrated in Figure 1.7. It works in synergy with the

5The tibial tuberosity is a bony prominence located on the upper anterior part of the tibia.
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patellar tendon to enable knee extension [26]. The quadriceps tendon constitutes the
proximal attachment point of the quadriceps muscles to the patella and represents
an integral component of the force transmission system required for knee extension.

The hamstring tendons insert around the knee joint, contributing to both
flexion and rotation [23], as shown in Figure 1.7. These tendons, attaching to
the posterior aspect of the knee, are responsible for leg flexion and also assist in
rotational movements.

It is important to note that the tendons surrounding the knee can be affected by
osteoarthritis, leading to tendinopathy6 (e.g., patellar tendinopathy) [28]. This may
constitute an additional source of pain, adding to the joint discomfort caused by
osteoarthritis [29]. Osteoarthritis may be associated with tendon disorders around
the knee, contributing to pain and functional limitations, which must be taken into
account when designing exercise recommendations.

1.2.4 Ligaments

Ligaments are strong fibrous bands of connective tissue that link bones together, en-
suring joint stability and limiting excessive or abnormal movements. The ligaments
of the knee are categorized into collateral ligaments and cruciate ligaments [22].

The collateral ligaments include [22]:

• The medial collateral ligament (MCL) — located on the inner (medial)
side of the knee, connects the femur to the tibia, as illustrated in Figure 1.7. It
stabilizes the medial side of the knee by preventing excessive valgus7 movement
and external rotation.

• The lateral collateral ligament (LCL) — located on the outer (lateral)
side of the knee, connects the femur to the fibula, as illustrated in Figure 1.7. It
stabilizes the lateral side of the knee by preventing excessive varus8 movement
and external rotation.

The cruciate ligaments, located inside the knee joint, cross each other to form
an “X” (see Figure 1.7) and control anterior-posterior movements of the knee. They
include [22]:

• The anterior cruciate ligament (ACL) — located at the front of the knee,
prevents anterior displacement of the tibia relative to the femur and posterior
rolling of the femur during flexion; it also resists rotational displacement [30].

6Tendinopathy is a general term for a painful condition affecting a tendon.
7A movement toward the inside.
8A movement toward the outside.
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• The posterior cruciate ligament (PCL) — located at the back of the
knee, behind the ACL, prevents posterior displacement of the tibia relative
to the femur and excessive anterior movement of the femur on the tibia; it is
often considered the primary stabilizer of the knee [23, 31].

In osteoarthritis, the ligaments around the knee may weaken or become over-
stretched, contributing to joint instability [4]. Ligament injury is considered a po-
tential cause of osteoarthritis [32]. Osteoarthritis may lead to ligamentous alter-
ations, inducing increased laxity and instability, which can further promote disease
progression and influence exercise recommendations.

1.2.5 Menisci

The menisci are two crescent-shaped fibrocartilaginous pads located between the
femur and tibia in each knee [23]. They act as shock-absorbing cushions, increasing
the congruence between the tibial articular surface and the rounded femoral condyles
[33].

The medial meniscus, situated on the inner side of the knee [23], as shown in
Figure 1.9, has a “C” shape and is less mobile. It covers 51% to 74% of the medial
articular surface [34]. Due to its shape and attachments, the medial meniscus plays
a crucial role in load transmission and stability on the medial side of the knee, and
its connection to the MCL makes it susceptible to injury in case of MCL trauma.

The lateral meniscus, located on the outer side of the knee, as illustrated in
Figure 1.9, is more circular and more mobile than the medial meniscus [23]. It
covers a larger portion of the tibial articular surface (75% to 93%) [34]. Thanks
to its greater mobility, the lateral meniscus contributes to load distribution and
stability on the lateral side of the knee, and its unique attachments provide it with
a greater range of motion compared to the medial meniscus.

Meniscal tears are common, especially with aging and in individuals suffering
from knee arthritis [23]. Degenerative tears may occur without specific trauma
and are frequently associated with osteoarthritis [36]. Meniscal lesions can lead to
cartilage wear and increase the risk of developing osteoarthritis or accelerate its
progression [37].

1.2.6 Knee Function

The knee joint primarily functions as a synovial hinge joint, allowing flexion and ex-
tension [22]. It also permits a slight degree of medial and lateral rotation, especially
when the knee is flexed [23]. The muscles, mainly the quadriceps and hamstrings,
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Figure 1.9. The knee menisci [35].

generate the primary movements of flexion and extension. Tendons transmit these
muscular forces to the bones (femur and tibia) via the patella. The ligaments,
both collateral and cruciate, play a crucial role in maintaining stability during these
movements by preventing excessive motion in various planes. The menisci serve a
vital function in shock absorption and load distribution when the knee moves and
bears weight, thereby protecting the articular cartilage. Osteoarthritis disrupts the
coordination of knee structures, reducing its mobility and the ability to perform
complex movements.

1.3 Diagnosis of Osteoarthritis and Knee Osteoarthri-
tis

Osteoarthritis is the most common form of arthritis worldwide, affecting a large por-
tion of the population and representing a major cause of chronic pain and disability
[38, 39]. Knee osteoarthritis, the most frequent form, specifically affects the knee
joint, which is the most commonly involved joint [40, 41]. Its prevalence increases
with age, impacting a growing proportion of elderly individuals [42], which poses a
significant challenge for healthcare systems. Approximately 20% of the global popu-
lation is affected, with regional variations [43]. Beyond physical pain, osteoarthritis
also causes psychological suffering and socio-economic consequences [44].

Clinically, knee osteoarthritis can be diagnosed using two main approaches. The
first relies on radiological (X-ray, MRI) or arthroscopic examinations, which evaluate
the structural integrity of the knee. However, these examinations are static and do
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not provide information on the dynamic function of the joint [45]. To overcome this
limitation, the KneeKG device allows dynamic analysis of the knee by extracting
kinematic components during the patient’s gait cycle.

1.4 KneeKG: The Device Used for Knee Diagnosis

KneeKG is a technology developed by the company Emovi (Emotion • Movement
• Vision [46]), representing the first method to accurately measure the dynamic 3D
alignment of the knee. This system provides objective data helping surgeons make
informed decisions to correct alignment and restore the knee’s three-dimensional
function [46].

The exoskeleton shown in Figure 1.10 is a fixation device designed to eliminate
artifacts related to skin and muscle movements. It is placed on the patient’s lower
limb. Through an optical system, the 3D kinematics of the knee is captured while
the patient walks on a treadmill at a comfortable speed chosen by the patient, in
a dynamic and weight-bearing context. Data are recorded along three planes of
motion.

The KneeKG system can be used in clinics, hospitals, or imaging centers. Af-
ter approximately five minutes of warm-up on the treadmill, the clinician fixes the
KneeKG components on the patient’s leg to track joint movements. After calibra-
tion, two walking trials of 45 seconds each are recorded, allowing observation of
multiple gait cycles. The collected data are then objectively analyzed, providing
reliable information on knee function.

Figure 1.10. KneeKG exoskeleton fixed on the patient’s leg [47].
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1.5 Kinematic Data

Kinematic data of the knee joint correspond to dynamic movement measurements
obtained during gait cycle analysis, as illustrated in Figure 1.11, thanks to the
KneeKG system. These data are increasingly used to quantify knee function [48],
understand pathological alterations [49], and evaluate disease progression and its im-
pact on gait [50, 51, 52]. They also offer opportunities for diagnosis [53], classification
[54], and treatment of musculoskeletal knee pathologies, particularly osteoarthritis
[55].

Several studies [51, 54, 56, 57] have used these data to differentiate knees affected
by symptomatic osteoarthritis from asymptomatic subjects [58] and classify levels
of disease severity.

Figure 1.11. Standard human gait cycle [59].

Kinematic data include ground reaction forces (GRF), decomposed into three
orthogonal components Fx, Fy, Fz (antero-posterior, medio-lateral, and vertical), as
illustrated in Figure 1.12, as well as relative tibia and femur displacements along
three axes. These measurements characterize knee movements (flexion/extension,
abduction/adduction, internal/external rotation) in dynamic conditions [56].

These data present several major advantages:

• Reflect the functional state of the knee: unlike static images, they reveal the
real dynamics of the moving knee, its mobility, limitations or compensations,
offering a precise view of joint function.

• Objective, non-invasive, and radiation-free measurements : collected by exter-
nal sensors (see Figure 1.13), they avoid subjective interpretation biases and
radiation risks.

• Allow personalized care: healthcare professionals can monitor disease progres-
sion, adapt treatments, and propose individualized care pathways based on
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Figure 1.12. The three components of kinematic data [60].

the knee’s dynamic data.

In summary, these data allow for more precise, safe, and tailored management
of patients suffering from knee osteoarthritis [61].

Figure 1.13. The sensors of the KneeKG machine [62].

1.6 Problem Statement

Knee osteoarthritis is a chronic disease affecting the joint, causing pain, stiffness,
and loss of mobility, significantly reducing quality of life. Physical exercises are often
prescribed to strengthen periarticular muscles, improve mobility, and reduce pain.
However, each patient has specific needs related to their morphology, age, pain level,
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and biomechanical characteristics. Providing the same exercise program to all may
therefore be ineffective.

Personalization of exercises based on individual data is essential. Today, thanks
to technologies such as KneeKG, it is possible to accurately measure dynamic knee
movement. These data can be exploited by artificial intelligence techniques, detailed
in the following chapters, to design a personalized exercise recommendation system.
This work aims to develop a system capable of identifying the most suitable exercises
for each patient based on their biomechanical data. Inspired by recommendation
systems used in other fields, this approach seeks to optimize therapeutic benefits
and adherence.

1.7 Conclusion

This chapter presented the anatomy and function of the knee, as well as knee os-
teoarthritis, a disease damaging the joint causing pain and motor difficulties. We
introduced the KneeKG technology, which finely analyzes joint movement to better
understand patients’ specific needs. Finally, we highlighted the necessity to adapt
physical exercises, using dynamic kinematic data, to improve the care of people
affected by osteoarthritis.

The next chapter will be devoted to a review of existing work on recommendation
systems in rehabilitation, relevant artificial intelligence algorithms, and methodolog-
ical bases to design a system adapted to this medical context.

16



Chapter 2

Recommendation Systems

2.1 Introduction

In today’s digital landscape, individuals frequently face an overabundance of in-
formation and options across various domains, ranging from e-commerce platforms
to streaming services and online resources. This information overload complicates
users’ tasks when it comes to identifying content or products that match their specific
needs and preferences. Recommendation systems have thus established themselves
as an essential class of machine learning algorithms designed to address this chal-
lenge by predicting, filtering, and identifying items likely to interest a user among a
vast array of possible choices [63].

These systems enable the personalization of exploration within information spaces
by prioritizing relevant items for a given user, thereby reducing search effort while
enhancing the overall interaction experience. The evolution of recommendation sys-
tems has witnessed significant progress, moving from classical collaborative filtering
methods to more advanced approaches based on deep learning. Among these ad-
vances, Graph Neural Networks (GNNs) stand out for their ability to model complex
relationships within data, representing a paradigm shift in how recommendations are
generated.

2.2 General Context of Recommendation Systems

2.2.1 Definition of a Recommendation System

A recommendation system, or RS, aims to generate recommendations for a set of
users. These recommendations can be in the form of products such as books, movies,
songs, etc. (Often the terms used are users to designate the users, and items to
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designate the objects to recommend) that may interest the user. The creation of a
recommendation system depends on the domain and the particular characteristics
of the available data [64]. The recommendation system uses users’ historical data
in order to generate recommendations, so this data plays an important role [65].

Ricci et al. [66] defined a recommendation system as follows:

“Recommendation systems (RS) are software and technical tools that
provide suggestions of useful items to a user [67, 68, 69]. The suggestions
concern various decision-making processes, such as which items to buy,
which music to listen to, or which online news to read."

Recommendation systems have become widespread in many fields: e-commerce
(Amazon), entertainment (Netflix, Spotify), social networks (YouTube, Facebook),
education (MOOCs), and health (treatment recommendations, personalized moni-
toring).

2.2.2 Classification of Recommendation Approaches

There are several approaches1 to recommendation systems. Among the most well-
known are content-based recommendation systems, collaborative systems, as well as
hybrid systems that combine multiple approaches. Moreover, there are also more
specific recommendation systems tailored to particular application domains, as il-
lustrated in Figure 2.1.

Figure 2.1. Recommendation system approaches [71].

1A “recommendation approach” is a model for implementing a recommendation [70].
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Content-Based Approach

Content-Based Filtering (CBF) is one of the most common approaches in recom-
mendation systems [66]. It relies on analyzing a user’s past interactions to model
their preferences — a process called user modeling — by inferring interests from
items already viewed or liked [70]. The key principle is that users tend to like con-
tent similar to what they have already liked, as illustrated in Figure 2.2 [72]. This
approach allows for fine personalization without depending on other users’ prefer-
ences [70]. However, it has some limitations, such as low serendipity 2 and a risk
of overspecialization, where recommendations become too similar to already con-
sumed content [66]. Moreover, it usually does not consider the quality or popularity
of items, which can harm the diversity of suggestions. Despite these limitations,
CBF remains widely used, especially in fields such as scientific article recommenda-
tion [70].

Figure 2.2. Content-based approach [73].

Collaborative Approach

Collaborative Filtering (CF) is based on the idea that users generally like items
that others with similar tastes have also liked, as illustrated in Figure 2.3. Two
users are considered similar when they give close ratings to the same items. Once
these profiles are detected, items liked by one user can be recommended to the other
[70, 72].

Compared to Content-Based Filtering (CBF), CF offers several advantages [70]:

• (i) It does not depend on item features [74].

• (ii) It exploits real subjective judgments made by users [75].
2The ability of the system to recommend relevant but unexpected items.
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• (iii) It fosters more surprising and personalized recommendations, thanks to
similarities between users [74].

However, this approach is not without limitations. It is sensitive to the cold-start
problem3, and may fail for so-called gray sheep users4, whose tastes are not shared
by any clear segment [72, 79].

Figure 2.3. Collaborative approach [73].

Hybrid Approach

To combine the advantages of content-based filtering and collaborative filtering,
several hybrid approaches have been developed, as illustrated in Figure 2.4. A
simple method consists of letting each technique generate its recommendations, then
merging the results to produce a final list [80]. Hybrid recommender systems (Hybrid
RS) thus combine multiple strategies to strengthen their advantages and compensate
for their weaknesses.

One of the earliest examples is Fab, a meta web recommendation system com-
bining CF (to find users with similar tastes) and CBF (to identify similar content)
[81].

For instance, the "companies you may want to follow" feature on LinkedIn com-
bines both approaches: CF evaluates similarity with companies already followed,
while CBF checks that the sector or location matches the user’s interests [82].

3Cold-start refers to the inability to make relevant recommendations in the absence of sufficient
data on new users or items [76, 77].

4Users with atypical preferences that do not correspond to any identifiable group [78].
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Figure 2.4. Hybrid approach [83].

2.3 Application of Recommender Systems in Health-
care

Healthcare Recommender Systems (HRS) leverage the recommendation system ap-
proaches previously mentioned, such as collaborative filtering (CF), content-based
filtering (CBF), and hybrid methods, to propose personalized treatments, medica-
tions, or care plans [84]. These systems rely on a variety of clinical data — medical
history, symptoms, diagnoses, ongoing prescriptions, and even test results — to
identify patients with similar profiles and recommend therapeutic options that have
proven effective in analogous cases [85].

An example of an HRS is IBM Watson [86, 87], which analyzes large sets of
clinical data and suggests relevant treatments using machine learning methods. Ac-
cording to IBM, 81% of healthcare executives familiar with Watson acknowledge
its positive impact on their decision-making, highlighting the growing role of data
analytics in medical practice [72, 79].

Beyond traditional techniques, HRS also incorporate advanced algorithms such
as ant colony optimization [81], clustering, decision trees, logistic regression, support
vector machines (SVM), as well as more recent approaches like matrix factorization,
medical ontologies, semantic reasoning, and natural language processing (NLP) [84,
85, 88]. These techniques are crucial for representing the complexity of medical data
and modeling patients’ specific preferences or needs.

Among these methods, knowledge-based approaches5 play a central role. They
5Knowledge-Based Recommender Systems rely on explicit rules and prior knowledge about users

and items to recommend. Unlike collaborative or content-based approaches, they do not require

21



Chapter 2. Recommendation Systems

allow the integration of explicit information about patients, such as allergies or drug
interactions, into the recommendation process [89]. According to Sadasivam et al.
[88], these approaches also help overcome the cold-start problem — one of the biggest
challenges in recommender systems [76, 90] — by generating suggestions even in the
absence of rating history or similar data.

Thus, the deployment and integration of intelligent algorithms in healthcare sys-
tems not only improve the relevance of recommendations but also support healthcare
professionals in complex decision-making by providing objective assistance based on
clinical and statistical evidence [91].

2.4 Collaborative Recommender System

At its core, a collaborative recommender system is designed to predict a user’s
interest in new items based on the collective preferences of a community of users
[92, 93]. The fundamental components of such a system include a set of users, a
set of items, and a mechanism to represent users’ preferences for these items, often
called a utility function [93, 94]. This utility function can take various forms, such
as explicit ratings on a numerical scale or implicit indicators of preference, like
purchase history or viewing time. Typically, these preferences are organized into
a user-item matrix as illustrated in Figure 2.5, where each row represents a user,
each column represents an item, and the entries indicate the user’s preference for
that item [95]. An important characteristic of this matrix in real-world applications
is its sparsity, meaning most users have only interacted with a small subset of the
total available items [96]. This sparsity presents a major challenge for collaborative
filtering algorithms, as they must infer missing preferences based on a limited amount
of observed data.

Collaborative filtering differs from other recommender system approaches by its
primary reliance on user-item interactions [98]. Content-based systems, on the other
hand, focus on the attributes or features of items, recommending items similar to
those a user has liked in the past [99]. This approach requires detailed informa-
tion about the items themselves to determine similarity [100]. Hybrid systems aim
to combine the strengths of both collaborative and content-based methods, often
resulting in improved accuracy and coverage of recommendations [93].

Within the domain of collaborative filtering, several key problem formulations
exist [93]. User-based recommendation involves identifying users who have prefer-

interaction histories. Instead, they use explicit constraints (e.g., "a diabetic patient should not
receive drug X") to generate precise recommendations, often in critical contexts such as healthcare
or expert systems
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Figure 2.5. The user-item matrix [97].

ence patterns similar to a target user, then recommending items that these similar
users have liked but the target user has not yet encountered [100], as illustrated
in Figure 2.6. Item-based recommendation, conversely, focuses on identifying items
similar to those the target user has liked in the past and recommending those similar
items [93], as illustrated in Figure 2.6.

Figure 2.6. User-based recommendation and item-based recommendation [101].

Another formulation consists of predicting individual ratings, where the system
aims to estimate the utility or specific rating that a user would give to an item they
have not yet rated [93]. Finally, many systems aim to generate top-N recommen-
dations, providing a ranked list of the N items that a user is most likely to find
interesting [102]. In the context of exercise recommendations for patients with OA
(Osteoarthritis), user-based approaches (finding similar patients and their preferred
exercises) and item-based approaches (finding exercises similar to those a patient
has liked) could be relevant [100], and this will be the focus of our design.
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2.4.1 Types of collaborative filtering approaches

Collaborative filtering techniques can be broadly classified into three categories:
memory-based methods, model-based methods, and hybrid approaches [103].

We present below these methods and some of the techniques they use.

Memory-based methods

These approaches directly exploit the entire set of user-item interaction data to
generate recommendations. They rely on identifying users or items similar to the
target user or item, then using the preferences of these neighbors to predict the
utility of items for the target [103].

• User-based collaborative filtering is a memory-based technique that rec-
ommends items to a target user based on the preferences of other users who
have exhibited similar behavior [96]. The algorithm identifies users whose
tastes and preferences are close to those of the target user, then predicts the
utility of an item based on the ratings given to that item by these similar users
[93] as illustrated in Figure 2.7. Similarity between users is generally calcu-
lated by comparing the rows of the user-item matrix using measures such as
cosine similarity or Pearson correlation coefficient [96]. In our case, kinematic
data can be used to identify similarity between users.

Figure 2.7. User-based collaborative filtering
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• Item-based collaborative filtering is another memory-based technique that
recommends new items to a target user based on how this user has interacted
with similar items [96]. The algorithm identifies items similar to those the
user has liked in the past, then predicts the utility of a new item based on
the degree of appreciation shown towards similar items [96] as illustrated in
Figure 2.8. Similarity between items is determined by analyzing the users
who have interacted with them, and is generally calculated by comparing the
columns of the user-item matrix [93]. In our case, this approach would consist
of suggesting exercises presenting characteristics similar to those the patient
has already practiced or rated positively, taking into account criteria such as
intensity, exercise type, or the body parts involved [104].

Figure 2.8. Item-based collaborative filtering [105].

Model-Based Methods

These approaches use user-item interaction data to learn a model, which is then
used to make predictions [93]. The goal is to capture the underlying patterns and
relationships in the data [106].

• Matrix factorization is a popular technique that consists of decomposing the
user-item matrix into the product of two lower-dimensional matrices represent-
ing the latent factors of users and items [93]. Methods such as singular value
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decomposition (SVD) and non-negative matrix factorization (NMF) are com-
monly used [107] as shown in Figure 2.9. These latent factors can represent
unobserved attributes that influence user preferences or item characteristics
[108]. In our case, it can be used to identify latent preferences for certain
types of exercises or specific benefits related to certain therapeutic routines.

Figure 2.9. Matrix factorization [109].

• Clustering techniques consist of grouping users or items into clusters6 based
on their similarity [110], as illustrated in Figure 2.10. Once clusters are formed,
predictions for a user can be established based on the preferences of other
members in their cluster [111]. In our case, clustering could allow grouping
patients who exhibit similar behaviors or responses to certain exercises, thus
facilitating the recommendation of exercises within the cluster to which a new
patient is assigned.

Figure 2.10. Clustering [112].

• Deep neural networks, which are illustrated in Figure 2.11, have been in-
troduced for collaborative filtering in order to replace the linear dot product of

6A cluster refers to a group of elements (e.g., users or items) that share similar characteristics
according to a certain distance or similarity metric.
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matrix factorization with nonlinear architectures capable of modeling complex
interactions between users and items [113]. In this framework, variants such
as GMF, MLP, or NeuMF use multi-layer perceptrons to directly learn the
user–item interaction function from implicit data [114].

Figure 2.11. Deep neural networks [115].

More recently, Graph Neural Networks (GNN), see Figure 2.12, have been
applied to collaborative recommender systems: by considering the user–item
information as a graph, GNNs aggregate messages from neighbors to cap-
ture structural and relational dependencies. Studies show that these models,
thanks to their message-passing mechanism, achieve significant performance
gains over traditional approaches on standard datasets [116].

Figure 2.12. Graph Neural Networks (GNN) [117].

2.4.2 Advantages and Limitations of Collaborative Filtering

Collaborative filtering is one of the most proven and widely adopted approaches in
the field of recommender systems, due to its numerous functional and methodological
advantages [118]. One of its main strengths lies in its ability to generate unexpected
or non-trivial recommendations, thus allowing users to discover new interests not
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explicitly expressed in their previous interactions. Unlike content-based methods,
which tend to suggest items similar to those already liked, collaborative filtering
exploits the preferences of users sharing analogous behaviors, thereby facilitating
the recommendation of items popular among similar profiles, even in the absence of
common characteristics [119].

A substantial advantage of this approach is that it does not rely on explicit
knowledge of item attributes or content, making it particularly suitable for contexts
where feature extraction is imprecise, costly, or subjectively biased [100]. By relying
exclusively on actual user interactions, collaborative filtering reflects individual pref-
erences more faithfully than manually produced descriptions [120]. It also stands
out for its ability to identify latent or niche preferences within a user community,
often imperceptible to other techniques.

Par ailleurs, la performance de ces systèmes tend à s’améliorer avec l’accroissement
du volume de données collectées, rendant les recommandations progressivement plus
personnalisées et précises au fil du temps. Cette approche présente aussi une flexi-
bilité remarquable, en identifiant des préférences croisées entre genres ou catégories,
tout en restant sensible aux évolutions dynamiques des goûts des utilisateurs. En-
fin, le filtrage collaboratif offre un rapport coût-efficacité favorable, en réduisant
la nécessité d’une annotation manuelle des données, tout en assurant la diversité
et la pertinence des recommandations, ce qui en fait une solution particulièrement
adaptée à notre cas [120].

2.5 Introduction to Graph Neural Networks

The evolution of recommender systems has seen progression through various tech-
niques, ranging from basic collaborative filtering methods to more sophisticated deep
learning-based approaches. Recently, Graph Neural Network (GNN) techniques have
emerged as a powerful tool for capturing complex relationships within data, and they
have been widely used in recommender systems [121], because most of the informa-
tion in recommender systems essentially has a graph structure [122, 123], and GNNs
have superiority in learning graph representations, thus bringing a paradigm shift
in how recommendations are generated [121]. At the level of academic research, nu-
merous studies attest that models based on GNNs outperform previous approaches
and establish new state-of-the-art results on public datasets [124, 125].
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2.5.1 Definition of GNNs

Graph Neural Networks (GNNs) are a class of deep learning algorithms specifically
designed to handle data that can be represented as graphs [126]. A graph is a data
structure composed of nodes 7 and edges 8 connecting these nodes, representing
entities and their relationships, respectively [126], as illustrated in Figure 2.13.

Figure 2.13. Example of a graph structure [127].

Generally, graphs can be classified as follows:

• Directed / Undirected Graph: A directed graph is a graph in which all
edges are oriented from one node to another. An undirected graph can be
considered a special case of a directed graph, where each link between two
nodes is represented by a pair of edges in opposite directions, see Figure 2.14a.

• Homogeneous / Heterogeneous Graph: A homogeneous graph consists
of a single type of nodes and edges, whereas a heterogeneous graph contains
multiple types of nodes or edges, see Figure 2.14b.

• Hypergraph: A hypergraph is a generalization of a graph in which an edge
(called a hyperedge) can connect any number of nodes, see Figure 2.14c.

7Vertices in English.
8Edges in English.
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(a) Directed / Undirected Graph [128]. (b) Homogeneous / Heterogeneous Graph
[129].

(c) Hypergraph [130].

Figure 2.14. Graphical representation of graph types.

GNNs are particularly well-suited for applications where the relationships be-
tween data points are as important as the points themselves, such as social networks,
knowledge graphs, recommender systems, and bioinformatics [131], see Figure 2.15.
Unlike traditional neural networks, which operate on grid- or sequence-type data,
GNNs can handle the complexity and heterogeneity of graph-structured data, where
each node may have a variable number of connections and its own features [132].

Figure 2.15. Example of graph usage [133].
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The development of GNNs is inspired by deep learning algorithms such as con-
volutional neural networks (CNNs) and recurrent neural networks (RNNs), but they
are adapted to the non-Euclidean9 nature of graph data [134]. The central idea of
GNNs is to learn representations (or embeddings) for nodes, edges, or the entire
graph by taking into account both node features and graph topology [121].

Embeddings are continuous vector representations that translate complex entities
(such as words, users, or nodes) into vectors usable by machine learning algorithms,
as illustrated in Figure 2.16. They capture semantic10 or structural11 similarity
between these entities by placing them meaningfully in a vector space. Embeddings
are used in various domains such as language processing, recommendation, or graphs;
they play a crucial role in transforming data into learnable and exploitable features
[135, 136].

Figure 2.16. Example of word embeddings illustrating semantic relationships be-
tween terms [137].

The generation of embeddings in GNNs is done through a message-passing pro-
9Data are called Euclidean when elements are organized in a regular space, such as an image,

text, or table. In contrast, graph data have no regular structure. The relationships between
elements (nodes) can be arbitrary.

10Semantic similarity means that two entities have similar meanings or roles, even if they appear
different. For example, two users could be considered semantically similar if they like the same
movie genres or have comparable tastes, even if they do not know each other.

11Structural similarity concerns the position or role of entities in a structure such as a graph.
For example, in a social network represented as a graph, two users could be structurally similar
if they occupy similar positions in the network, even if they are not directly connected or do not
share the same interests.
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cess, where nodes exchange information with their neighbors iteratively, aggregat-
ing and transforming these messages to update their representations. The ability
of GNNs to capture these complex relationships and dependencies explains their
growing popularity in various machine learning tasks [121].

2.5.2 Architecture and Operation of GNNs

Similar to traditional deep neural networks, the architecture of a GNN generally
relies on multiple fundamental layers specifically designed to effectively process re-
lational data, as illustrated in Figure 2.17.

Figure 2.17. Illustration of a GNN architecture with two layers [117].

One of the essential components is the message propagation layer, in which
each node aggregates information from its immediate neighbors [138]. This process
involves computing neural messages between connected nodes, taking into account
their current embeddings and the features of the edges connecting them [139]. For
each node, these messages are then aggregated using an aggregation function, such
as the mean-pooling operation [140, 141], the attention mechanism [142], etc. The
aggregated message is combined with the node’s previous embedding via an update
function, often nonlinear, to produce a new embedding [139]. This mechanism is
iterative and can be applied across multiple layers, thus allowing information to
propagate through the graph and to learn from increasingly distant neighbors [143].
The number of layers defines the distance to which information is propagated; a node
in a two-layer GNN model will receive information from its immediate neighbors and
from the neighbors of its neighbors.

As illustrated in Figure 2.18, node 1 in the image receives the embeddings of its
immediate neighbors (here nodes 2 and 3). These embeddings are then aggregated
using an aggregation function to synthesize local contextual information. This step
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is shown in the AGGREGATE section of the image. Once aggregation is complete,
the node updates its own embedding by combining its current embedding with the
aggregated information via an update function, as shown in the UPDATE section.
This mechanism is iterative and can be applied across multiple layers to allow each
node to capture increasingly distant information in the graph.

Figure 2.18. The message propagation process in GNNs [144].

GNNs are particularly effective at processing graph-structured data due to their
ability to leverage both the individual features of nodes and the information encoded
in the graph topology [139]. By iteratively aggregating information from neighbor-
ing nodes, GNNs can capture complex relationships and dependencies within the
data [145]. This message-passing mechanism allows information to flow through the
graph, enabling each node to collect and aggregate data from its local context—a
crucial property for tasks such as recommendation, where relationships between
users and items are paramount [143]. GNNs can perform various types of analyses
on graphs, including node-level tasks (such as classification or prediction of individ-
ual properties), edge-level tasks (such as predicting the existence or attributes of
links between nodes), and global graph-level tasks (such as classification of entire
graphs). This flexibility makes them particularly well-suited for a wide range of rec-
ommendation scenarios, from predicting a user’s preference for a specific item (link
prediction in a user-item graph) to recommending groups of items or users (global
tasks on the graph). Moreover, GNNs can reconstruct latent features solely from the
graph structure, highlighting their ability to intrinsically extract information from
relationships between entities [146].
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2.5.3 Use of GNNs in Recommender Systems

In this section, we detail the use of Graph Neural Networks (GNNs) in the context
of recommender systems, focusing primarily on the collaborative approach. The
analysis presented is largely inspired by the article titled Graph Neural Networks in
Recommender Systems: A Survey [121]. To better understand the operation and
implementation of GNNs in recommender systems, we will introduce the associated
mathematical formulations. For ease of reading and clarity of notation, a summary
of the symbols used is presented in Table Table 2.1.

Notations Descriptions
U/I The set of users/items
A Adjacency matrix of the graph
Nv Neighborhood set of node v

h
(l)
v Embedding of node v at layer l

h
(l)
i Embedding of item i at layer l

n
(l)
v Aggregated embedding of node v’s neighbors at layer l

h∗
u Final embedding of user u

h∗
i Final embedding of item i

b(l) Bias at layer l

⊕ Vector concatenation

Table 2.1. Main notations used in this article [121].

In the context of GNN-based RS, users u ∈ U and items i ∈ I are typically
modeled as nodes in a bipartite graph, where interactions between users and items
are represented by edges, as illustrated in Figure 2.19.

The main task is to predict the preference level of a user u for an item i, denoted
yu,i. This variable can represent a binary value (interaction or not), an explicit rating
(e.g., from 1 to 5), or a probability of interaction. In Figure 2.19, the preference
level of User1 for Item2 is yUser1,Item2 = 3.

To achieve this, each user and each item are associated with an embedding,
denoted respectively as h∗

u and h∗
i , obtained after neighborhood aggregation over

multiple layers of the GNN.
The preference yu,i is then estimated using a function f that takes these two

embeddings as inputs:

yu,i = f (h∗
u,h

∗
i ) (2.1)

The function f can take different forms depending on the model used. It can be
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Figure 2.19. An example of a User-Item bipartite graph with ratings [147].

a dot product between the two vectors, a distance measure, or even a neural network
(MLP) applied to the concatenation of both representations [148].

Mathematically, a graph G can be formalized by the pair G = (V , E), where V
represents the set of nodes and E the set of edges, see Table Table 2.1. Let vi ∈ V
be a node and eij = (vi, vj) ∈ E an edge going from vj to vi. The neighborhood of
a node v is then defined as N (v) = {u ∈ V | (v, u) ∈ E}.

As previously mentioned, the fundamental principle of GNNs is based on an
iterative process of aggregating the features of neighboring nodes, followed by inte-
grating them into the current embedding of the central node during the propagation
phase [149, 150]. From an architectural standpoint, a GNN is composed of several
stacked propagation layers, each consisting of two main operations: aggregation of
information from the neighborhood and updating the state of the central or target
node. This propagation mechanism can be formalized by a specific equation, called
the propagation formula, which implements these two steps recurrently across the
model’s layers. Here is the propagation formula:

Aggregation: n(l)
v = Aggregatorl

({
h(l)
u | u ∈ Nv

})
,

Update: h(l+1)
v = Updatel

(
h(l)
v ,n(l)

v

)
,

(2.2)

where h
(l)
u denotes the embedding of node u at the l-th layer, and Aggregator

and Update represent the aggregation function and the update function at the l-th
layer, respectively.
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We briefly summarize below the aggregation and update operations of five typical
GNN architectures that are widely used in the recommendation domain.

• Graph Convolutional Networks (GCN) [151] approximate the first-order
spectral decomposition of the graph Laplacian to iteratively aggregate infor-
mation from neighboring nodes.

• GraphSAGE [140] samples a fixed number of neighbors for each node and
proposes various aggregation functions (mean, sum, max-pooling). The node
representations are updated via concatenation:

Aggregation: n(l)
v = Aggregatorl

(
{h(l)

u , ∀u ∈ Nv}
)

Update: h(l+1)
v = δ

(
W(l) ·

[
h(l)
v ⊕ n(l)

v

]) (2.3)

where ⊕ denotes concatenation, δ(·) is an activation function, and W(l) is a
learnable weight matrix.

• Gated Graph Sequence Neural Networks (GGNN) [152] incorporate a
Gated Recurrent Unit (GRU) in the update step. This mechanism performs
several recurrent passes over all nodes, which may lead to scalability issues
when handling large graphs.

• Hypergraph Neural Networks (HGNN) [153] leverage a hypergraph struc-
ture to capture higher-order correlations among nodes.

• Graph Attention Networks (GAT) [154] assume that the influence of
neighbors is neither uniform nor predetermined by the graph structure. An
attention mechanism is used to assign a weight to each neighbor based on its
features:

Aggregation: n(l)
v =

∑
j∈Nv

αvjh
(l)
j , αvj =

exp
(
Att(h(l)

v ,h
(l)
j )
)

∑
k∈Nv

exp
(
Att(h(l)

v ,h
(l)
k )
)

Update: h(l+1)
v = δ

(
W(l)n(l)

v

)
(2.4)

where Att(·) is an attention function (usually a fully connected layer followed
by a non-linearity), αvj is the normalized attention coefficient representing the
importance of node j to node v, and W(l) is a learnable weight matrix.

To improve the model’s stability and expressiveness, GAT employs multi-head
attentions :

h(l+1)
v =

∥∥∥∥K
k=1

δ

(∑
j∈Nv

αk
vjW

kh
(l)
j

)
(2.5)
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where K is the number of attention heads, and ∥ denotes the concatenation
operation.

Advantages of GAT:

• Ability to dynamically assign importance weights to neighbors, improving
representation quality in heterogeneous or noisy graphs.

• Multi-head attention allows the model to capture various local dependen-
cies and relations.

• Independence from the global graph structure; only local neighbor fea-
tures are required for computing attention weights.

2.6 State of the Art of Recommender Systems in
Healthcare

The scientific literature shows growing interest in the application of recommender
systems across various healthcare domains [155]. These HRS (Health Recommender
Systems) have been explored for their potential to personalize and improve multiple
aspects of patient care, including medication recommendations, diagnostic assis-
tance, treatment planning, and the provision of individualized lifestyle advice [156].
Although collaborative filtering has been applied in the medical field, it remains
relatively less widespread as a standalone approach, in favor of content-based or
knowledge-based methods [91]. Nevertheless, the shift toward hybrid approaches
that combine collaborative filtering with other techniques represents a promising
response to the inherent limitations of pure collaborative filtering, such as data
sparsity or the cold-start problem [157]. At the same time, the integration of ad-
vanced machine learning methods, including deep learning–based collaborative fil-
tering, is attracting increasing interest to enhance the personalization and accuracy
of recommendations within HRS [156, 107].

After an in-depth analysis of several scientific articles addressing osteoarthri-
tis and exercise-based management, it appears that few research efforts have been
dedicated to developing recommender systems for physical exercise activities [158],
and no study seems to specifically address the problem of personalized exercise rec-
ommendation for knee osteoarthritis patients using recommender system methods.
Although the literature explores in detail the benefits of exercise in osteoarthri-
tis management and examines various digital monitoring or intervention tools, no
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approach directly targets exercise personalization based on patient preferences or
profiles through collaborative filtering techniques.

While collaborative filtering–based recommendation approaches have been tested
to improve patient engagement and performance [159, 157, 156, 160], these works
do not focus specifically on knee osteoarthritis. Furthermore, reviews dedicated to
applying machine learning to the diagnosis and progression prediction of knee os-
teoarthritis are essentially limited to classification of radiographic images and prog-
nostic modeling, without addressing therapeutic exercise recommendations [161,
162]. Similarly, recent studies evaluating the effectiveness of self-directed digital
exercise interventions (mHealth apps) for osteoarthritis do not implement collabo-
rative filtering or graph neural network mechanisms to personalize recommendations
[163].

In the absence of a concrete example specifically targeting exercise recommen-
dation for knee osteoarthritis via a collaborative filtering approach, our master’s
project represents the first research effort based on a collaborative filtering model
enriched by Graph Neural Networks to propose personalized exercise programs.

2.7 Conclusion

This chapter has explored recommender systems, their main approaches (content-
based, collaborative, and hybrid), and their growing importance in healthcare to
personalize care. It has highlighted collaborative filtering, its variants, and the chal-
lenges related to data sparsity. The emergence of Graph Neural Networks (GNNs)
was presented as a promising advancement to improve recommendation accuracy,
although few works address their application to therapeutic exercise recommenda-
tion for gonarthrosis. This observation justifies the innovative approach developed
in this project, detailed in the next chapter.
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Design of the Recommendation
System

3.1 Introduction

This section presents the approach adopted to design a therapeutic exercise rec-
ommendation system for patients with gonarthrosis. This design is based on the
specificities of the available biomechanical kinematic data as well as on the com-
bined use of graph modeling and matrix factorization (MF) modeling.

The main objective is to develop an architecture capable of recommending physi-
cal exercises adapted to individual patient profiles, taking into account their clinical,
functional, and biomechanical characteristics.

To model this problem, we have formulated the task as link prediction between
two types of entities: patients and exercises. This leads us to represent the problem
in the form of a bipartite graph, in which the nodes correspond to patients and
exercises, and the edges indicate the actual prescription of an exercise to a patient.
The challenge then consists of predicting new connections in this graph, that is,
identifying which exercises could be recommended to a given patient.

The chosen solution relies mainly on GNNs, which allow the joint exploitation of
relational structures between nodes and individual attributes associated with each
entity. Additionally, we have modeled the solution in the form of MF in order to
evaluate which of the two approaches offers the best results. Our objective is also
to contribute to the advancement of scientific research in this field.

Thus, this design phase establishes the conceptual and technical framework on
which the implementation of the models presented in the following chapter will be
based.
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3.2 Definition of Available Data

The database used in this work brings together a set of clinical, functional, and
biomechanical information collected from patients with gonarthrosis. This data
is essential for graph construction and personalization of recommendations. The
database is an Excel file composed of five sheets, which we have separated into five
files bearing the same names to facilitate their manipulation:

• CinematicData.csv: This contains 3D kinematic measurements of the knee
recorded during the walking phase of patients. Each row represents a patient
(413 individuals in total), and the columns correspond to knee joint varia-
tions along three axes: flexion-extension (Flexion1 to Flexion100 ), abduction-
adduction (Abduction1 to Abduction100 ), and axial rotation (Rotation1 to
Rotation100 ). Each series of 100 columns represents the evolution of the joint
angle throughout the walking cycle, divided into 100 regular intervals. For ex-
ample, Flexion1 corresponds to the flexion angle at the very beginning of the
cycle (1%), Flexion2 at 2%, and so on until Flexion100 (100% of the walking
cycle).

• EmoviFeatures.csv: This contains kinematic data that has been prepro-
cessed and interpreted by the company Emovi. These variables correspond to
clinical results derived from raw signals, reflecting the presence or absence of
biomechanical anomalies.

• 70features.csv: This file groups together a set of 70 numerical descriptors
extracted from the two series of raw kinematic data. The data has been
processed by an external organization, and we only use the provided results.
This file allows reducing the raw kinematic data of dimension 300 (100 for
flexion-extension, 100 for abduction-adduction, and 100 for rotation) and bet-
ter characterizing the kinematic properties of joint movements.

• Exercices + orthèses + MSK.csv: This file contains the exercises rec-
ommended to patients (columns ID_exo_1 to ID_exo_14), as well as certain
relevant characteristics at the time of prescription, such as whether or not a
knee brace is worn. For the complete list of these attributes, refer to appendix
section 1.1. The other fields in this file group together the results of functional
tests related to the biomechanics of the knee and lower limbs.

• Liste détails 36 exercices.csv: This file contains the exercises to be recom-
mended. Each row corresponds to an exercise category, identified by a unique
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identifier. The NewID column represents the main identifier of each exercise
category. For each category, the associated exercises are listed in columns
EXO_1 to EXO_5, which correspond to the specific identifiers of individual ex-
ercises belonging to this category. A brief description of each category is also
included to better characterize the types of exercises grouped together.

One of the major challenges encountered in this work lies in the partial availabil-
ity of data. Indeed, the database contains a significant number of missing values.
This situation is largely explained by the inherent difficulty in collecting biological
and functional data, which requires specialized equipment, rigorous protocols, and
active patient involvement. Moreover, certain measurements are not systematically
performed for all subjects, which limits the overall richness of the database and the
representativeness of the profiles. This data scarcity imposes cautious methodolog-
ical choices regarding the treatment of missing values, case exclusion, or variable
selection for analysis.

3.3 Preprocessing and Structuring of Graph Data

The proper functioning of a GNN strongly depends on the quality and structuring of
input data. In the context of this work, the data must be transformed into numerical
representations that can be exploited by the model.

This section presents the necessary steps to encode node characteristics (patients
and exercises), handle missing values, transform categorical variables, and structure
relationships between entities in graph form. These operations constitute the pre-
processing phase, essential for ensuring compatibility with the GNN architecture
and guaranteeing the quality of learning.

For data preprocessing, here are the steps:

1. Handling missing values

• For numerical columns, missing values are replaced by the column mean.

• For categorical columns (text), they are replaced by the most frequent
value (the mode).

2. Handling outliers 1 – Rather than removing aberrant values, these are
capped: observations below the lower bound are brought back to this value,

1Outliers, or aberrant values, are observations that deviate significantly from the majority of
data in a set. They can result from measurement errors, extreme natural variations, or rare events.
Their detection is essential, as they can distort statistical analyses and predictive models if not
properly handled.
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and those above the upper bound are reduced to it. Here, the bounds are
defined from the interquartile range (IQR):

IQR = Q3 −Q1

lower bound = Q1 − 1.5IQR

upper bound = Q3 + 1.5IQR.

(3.1)

3. Duplicate removal – Duplicates are removed ensuring that each instance in
the dataset appears only once.

4. Standardization of numerical features – Numerical features undergo a
standardization process to put them on a common scale. This transformation
adjusts the data so that they have a mean of zero and a standard deviation of
one. For each value x in a feature, the standardized value z is calculated as
follows:

z =
x− µ

σ
(3.2)

where µ is the mean of the feature and σ is its standard deviation. This step
is crucial for algorithms sensitive to the scale of input features.

5. Encoding categorical features – Categorical variables (such as the affected
knee or orthosis type) have been transformed by one-hot encoding 2.

algorithm 1 summarizes the data preprocessing pipeline.
2One-hot encoding is a technique for transforming categorical variables into binary vectors. Each

category is represented by a vector where only one component equals 1 (indicating the presence of
the category), while the others equal 0. For example, an orthosis type variable with three different
modalities would be encoded into three binary columns.
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Algorithm 1: Data Preprocessing
Input: Dataset D with numerical and categorical variables
Output: Preprocessed dataset D

1 foreach numerical column col_num in D do
2 Replace missing values with the mean;

3 foreach categorical column col_cat in D do
4 Replace missing values with the mode;

5 foreach numerical column col_num in D do
6 Calculate Q1, Q3, IQR; Define lower_bound, upper_bound; foreach

value x in col_num do
7 if x < lower_bound then
8 x← lower_bound;
9 else

10 if x > upper_bound then
11 x← upper_bound;

12 Remove duplicates;
13 foreach numerical column col_num in D do
14 Calculate µ, σ; foreach value x in col_num do

15 x← x− µ

σ
;

16 foreach categorical column col_cat in D do
17 Apply one-hot encoding;

18 return Preprocessed D;

3.4 Design of the GNN Model

3.4.1 Description of the Entities

In the context of modeling the recommendation system with a GNN, two main
types of nodes are defined: patient nodes and exercise nodes. The features of the
patient nodes are extracted from all the files in the database, where each unique
identifier (ID_patient) corresponds to a distinct node. As for the features of the
exercise nodes, they are derived from the file Liste détails 36 exercices, which
lists a set of 36 exercise categories, identified by the variable New_ID. Each category
includes a set of exercises.

This schema allows for the construction of a bipartite graph, in which the edges
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connect patients to the exercises that have been prescribed to them. In other words,
an edge is added between a patient and an exercise if the latter has been recom-
mended to them; in the absence of a prescription, no edge is created. An illustration
of this structure is presented in Figure 3.1.

Figure 3.1. Visualization of a bipartite graph.

3.4.2 Feature Representation

In a GNN, each node is initially represented by a feature vector describing its proper-
ties. These vectors serve as the starting point for generating the embeddings learned
through the layers of the GNN. Figure Figure 3.2 illustrates this fundamental con-
cept.

Figure 3.2. Illustration of the impact of initial features in a GNN [164].

When all features are available (left part of Figure 3.2), the GNN can directly
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exploit the properties of each node to propagate information through the graph.
However, in many real-world cases, some features may be missing (right part of
Figure 3.2), making learning more complex. In these cases, the GNN can fill in
the gaps by leveraging the connections between nodes and learning from neighbors,
highlighting the importance of the graph structure for enriching or reconstructing
embeddings. Thus, the choice of initial features strongly influences the final perfor-
mance of the model.

Features of "Patient" Nodes

The nodes representing patients in the graph are described using features extracted
from the file 70Features.csv. These features result from modifications made to the
raw kinematic data. A file named user_features.csv was created and contains the
attributes of the patient nodes. This file has dimensions 41371, corresponding to
413 patients, each with an identifier and 70 features.

Features of "Exercise" Nodes

The nodes representing exercises are described using information extracted from
the "Description" column of the file Liste détails 36 exercices.csv. The approach is
based on identifying keywords to generate binary features. For example, detecting
the term "motor control" creates the variable Motor control (value 1 if present, 0
otherwise), and the presence of "hip flexor strengthening" creates the variable Hip
flexor strengthening. Each keyword thus corresponds to a binary feature.

A file named item_features.csv was created, with 71 rows (exercises) and 38
columns: the exercise identifier and 37 extracted features.

3.4.3 Definition of Graph Edges

The graph edges represent the prescription relationship between a patient and an
exercise. More precisely, a link is created when an exercise is prescribed to a patient.
These relationships have been extracted from columns ID_exo_1 to ID_exo_14 of
the file Exercices + orthèses + MSK.csv, as illustrated in Figure 3.1.

The graph integrates two types of bidirectional relationships:

1. "Recommends" relationship: patient recommends−−−−−−−→ exercise.

2. "Recommended to" relationship: exercise recommended to−−−−−−−−−→ patient.

This bidirectional structure allows information propagation in both directions,
enriching the representation of embeddings through neighborhood aggregation.
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3.4.4 GNN Model Architecture

The proposed GNN architecture follows a hierarchical multi-layer approach, com-
bining the advantages of graph convolutions and attention mechanisms to capture
complex patient-exercise interaction patterns.

Before propagation, the input features (user and item features) are projected
into a latent space of 256 dimensions using linear layers. After three successive
GAT layers, the final embeddings are reduced to 128 dimensions.

Residual connections stabilize training and, after each layer (except the last),
the following are applied successively:

1. Batch Normalization3,

2. the ReLU activation function to introduce non-linearity,

3. dropout4 configured dynamically on features and edges. This technique regu-
larizes the model and helps reduce overfitting5.

3.4.5 Loss Function

The loss function used in this work is the Focal Loss, defined by the following
equation:

Lfocal = −α(1− pt)
γ log(pt) (3.3)

where α and γ are weighting hyperparameters that modulate the impact of ex-
amples on the total loss. The term pt represents the predicted probability for the
correct class and is defined by:

pt =

p if the true class is 1,

1− p if the true class is 0,
(3.4)

3Batch Normalization [165] aims to accelerate convergence and stabilize training by normalizing,
for each mini-batch, the activations of each neuron:

x̂i =
xi − µB√
σ2
B + ε

, yi = γ x̂i + β,

where γ and β are learned parameters, and ε is a numerical regularization term.
4Dropout consists of randomly deactivating, at each training iteration, a fraction p of the neurons

in a layer. For each neuron, a Bernoulli variable di ∼ Bernoulli(1−p) is sampled and its activation
xi is replaced by dixi. During inference, no suppression is performed, but activations are multiplied
by 1− p to compensate for the dropout effect.

5Overfitting is a phenomenon where a model adapts too strongly to training data, capturing
even noise or specific particularities, which hurts its ability to generalize to new data.
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with p being the probability estimated by the model for the positive class. Thus,
pt always represents the probability assigned by the model to the correct target class,
regardless of its actual value (0 or 1).

The Focal Loss was chosen to mitigate the impact of class imbalance, which is fre-
quent in recommendation systems where certain user-item interactions are rare. The
term (1−pt)γ reduces the influence of easy-to-classify examples, focusing learning on
difficult cases. This mechanism strengthens the model’s ability to handle minority
classes, thus improving the quality and relevance of the produced recommendations.

3.5 Design of the Matrix Factorization Model

The dataset used for this therapeutic exercise recommendation system includes the
same 413 unique patients and 71 different exercises as those used in the GNN model,
generating a total of 9,376 user-item interactions. The exercises recommended to
each patient were extracted from the file Liste détails 36 exercices.csv, al-
lowing the construction of a binary user-exercise matrix: a value of 1 indicates
that an exercise was recommended to a given patient, while a value of 0 means no
recommendation.

An illustrative excerpt of this matrix is presented in Table 3.1 below:

user-item Item 1 Item 2 Item 3 Item 4
User 1 1 0 1 0
User 2 0 1 1 0
User 3 1 0 0 1

Table 3.1. Example of binary user-item sub-matrix extracted from the data

In this example, exercise 1 was recommended to patients 1 and 3, while exercise
2 was only prescribed to patient 2. This binary representation constitutes the main
input for training the matrix factorization model. For evaluation, the data was
divided according to a stratified 80/20 partition, allowing for a reliable measure of
the model’s generalization performance on unseen data.

3.5.1 Principle of Matrix Factorization

Matrix Factorization consists of decomposing the binary user-item interaction ma-
trix R ∈ {0, 1}nm into two real matrices of lower rank W ∈ Rnk and H ∈ Rkm where
k ≪ min(n,m) is the number of latent factors.
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Each user u is thus represented by a vector wu ∈ Rk (row of W ), and each
exercise i by a vector hi ∈ Rk (column of H).

The prediction of the probability that a user u will be recommended exercise i

is performed via a biased dot product:

yu,i = σ
(
w⊤

u hi + bu + bi + b0
)
,

where bu (resp. bi) is the bias associated with user u (resp. with exercise i), b0 a
global bias, and σ(x) = 1

1+e−x the sigmoid function. The recommendation is made
according to a defined threshold.

3.5.2 Loss Function

To learn W , H and the biases, we minimize the binary cross-entropy between the
predictions r̂u,i and the observed values ru,i ∈ {0, 1}. Denoting Ω as the set of pairs
(u, i) used (balanced sampling of positives and negatives), the loss is written as:

L = − 1

|Ω|
∑

(u,i)∈Ω

[
ru,i log r̂u,i + (1− ru,i) log(1− r̂u,i)

]
. (3.5)

This formulation symmetrically penalizes errors on positive and negative examples,
and naturally adapts to the binary classification task of recommendation / non-
recommendation.

In summary, MF learns user and exercise embeddings of dimension k which,
combined with bias, provide an estimation of the probability of each interaction,
optimized by minimizing the binary cross-entropy.

3.6 Cold Start Problem

The cold start problem refers to the difficulty encountered by recommendation sys-
tems when they must handle new users or new items for which no prior interaction
data is available. In the context of collaborative approaches, particularly graph-
based models, this absence of history prevents the direct computation of relevant
embeddings, which limits the model’s ability to generate adapted recommendations.

To address this limitation, a deep neural network model, which we have named
the Embedding Encoder, has been designed to project user characteristics into the
embedding space learned by the GNN or MF model. This model is trained to repro-
duce the embeddings generated by the GNN or MF from data of patients already
present in the graph, thus ensuring the consistency of embeddings. When a new
user is encountered, their characteristics (70-dimensional vector) are transformed

48



Chapter 3. Design of the Recommendation System

into an embedding compatible with the latent space of the GNN or MF. The rec-
ommendation system can then calculate similarity scores between this projected
embedding and the item embeddings already learned by the GNN or MF, allowing
the generation of a list of the most suitable exercises for this new user.

User characteristics
(R70)

DNN Network
(Projection to Rn)

Projected user embedding
(Rn)

Item embeddings
(generated by GNN or MF, Rn)

Similarity score
computation

Top-N recommended
exercises

input

projection

result

item embeddings

exercise generation

Figure 3.3. Diagram of Cold Start problem handling.

The diagram illustrates the strategy adopted to solve the cold start problem.
The characteristics of new users are projected into the embedding space learned by
the GNN or MF using the Embedding Encoder. The obtained embedding is then
compared to the embeddings of existing items to generate adapted recommendations.

3.7 Comparison of GNN and MF Approaches for
Recommendation

In order to better understand the respective specificities, advantages and limitations
of the two approaches studied in this work, namely Graph Neural Networks (GNN)
and Matrix Factorization (MF), Table 3.2 presents a comparative synthesis accord-
ing to several key criteria influencing the quality, interpretability and complexity of
the generated recommendations.
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Criterion GNN MF
Exploits features Yes No
Requires a graph Yes No
Sensitive to cold start Yes Yes
Computational com-
plexity

Higher Lower

Quality of learned em-
beddings

Higher Medium

Table 3.2. Comparison of GNN and Matrix Factorization approaches.

3.8 Conclusion

This chapter has presented all the design steps of the exercise recommendation
system for patients with gonarthrosis, based on two approaches: graph modeling
via Graph Neural Networks (GNN) and Matrix Factorization (MF).

The GNN is distinguished by its ability to exploit both the individual attributes
of nodes and the relationships between them, thus providing rich and contextualized
latent representations. Conversely, MF allows efficient modeling of direct interac-
tions in the form of latent factors, with lower complexity but at the cost of reduced
exploitation of the intrinsic characteristics of entities.

In order to overcome the critical cold start problem, an Embedding Encoder
model has been integrated to project the characteristics of new patients into the
latent space learned by each model. This approach guarantees the generalizability
of the system, even for profiles never observed during training.

The following chapter will detail the practical implementation of these models,
the technical choices made as well as the comparative evaluation of the performances
obtained on the clinical dataset.
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Implementation and Testing

4.1 Introduction

This chapter presents the practical implementation and experimental evaluation of
our rehabilitation exercise recommendation system based on GNNs and MF. The
main objective is to develop, optimize and validate a model capable of generating
personalized recommendations for therapeutic exercises by exploiting the complex
relationships between patients’ pathological profiles and the biomechanical proper-
ties of exercises.

The implementation phase is structured around several fundamental axes: the
development environment, decoding and prediction mechanisms, adopted training
strategies, including hyperparameter optimization and regularization techniques im-
plemented to maximize performance while preserving generalization capability. The
experimental evaluation is based on a methodology of systematic exploration of the
hyperparameter space, allowing the identification of optimal configurations for GNN
and MF architectures. This comparative analysis relies on the Recommender Perfor-
mance Score (RPS), a composite metric specifically designed to evaluate the overall
quality of recommendation systems in medical contexts.

4.2 Development Environment

This project required a development environment adapted to the complexity of het-
erogeneous graphs and intensive training of Graph Neural Network (GNN) models.
Two distinct workstations were used for development, training and model evaluation.
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4.2.1 Hardware Used

We primarily used two workstations to perform calculations and model training.
Table 4.1 presents the technical characteristics of these workstations used.

Component Workstation 1 Workstation 2
Processor Intel Core i5-12400f Apple M1 (ARM-based)
RAM 16 GB 16 GB
GPU NVIDIA RTX 3050 (CUDA 11.8) Apple M1 GPU
Operating System Windows 11 macOS Sequoia 15.4.1
Tools VS Code, Jupyter Notebook VS Code, Jupyter Notebook

Table 4.1. Characteristics of the workstations used

4.2.2 Software and Libraries

Development was carried out in Python 3.13.3, with the support of the following
libraries:

• PyTorch: for creating GNN layers and model training;

• PyTorch Geometric: efficient manipulation of heterogeneous graphs;

• Scikit-learn: data preprocessing, metric computation;

• Pickle: serialization and saving of Python objects (scaler, embeddings, etc.);

• Pandas and NumPy: management of tabular datasets;

4.3 Decoding and Score Prediction for GNN

The recommendation score yu,i for a pair (u, i) is calculated by combining three
distinct approaches:

• MLP: a three-layer network that transforms the concatenation of user and
exercise embeddings

[
eu ∥ ei

]
∈ R2d (with d = 128) into a single score SMLP.

This concatenation allows joint exploitation of the characteristics of both nodes
via a non-linear transformation learned by the network.

• Dot product: Sdot = e⊤u ei, which measures the direct similarity of vectors in
the latent space. A high score indicates strong affinity.
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• Cosine similarity: Scos =
eu

∥eu∥2 ·
ei

∥ei∥2 , which evaluates the directional align-
ment of vectors, regardless of their norm.

The MLP model follows the following architecture:

0. First linear layer (2d→ d) with ReLU activation and Dropout:

h1 = ReLU(W1x+ b1), h′
1 = Dropout(h1) (4.1)

0. Second linear layer (d→ d/2) with ReLU:

h2 = ReLU(W2h
′
1 + b2) (4.2)

0. Third linear layer (d/2→ 1) producing the final score:

SMLP = W3h2 + b3 (4.3)

The total recommendation score is a weighted average of the following three
components:

yu,i = 0.5SMLP + 0.3Sdot + 0.2Scos (4.4)

These weights were determined empirically to maximize performance on the valida-
tion set.

The choice to assign a main weight of 0.5 to the score produced by the MLP is
based on its ability to capture complex non-linear relationships between patient and
exercise characteristics, thus offering better expressivity and greater adaptability to
data specificities. This component is considered the most determining factor in the
final prediction.

The dot product receives an intermediate weight of 0.3 because it constitutes
a simple, fast and effective method for evaluating overall similarity between latent
representations of nodes. It acts as a robust estimator of compatibility between en-
tities, particularly when embeddings already contain relevant information extracted
by the GNN model.

Finally, cosine similarity is weighted at 0.2, as it provides a normalized measure
of directional alignment between embedding vectors, which allows complementing
the other two scores by capturing additional geometric information, particularly
when vector amplitudes may vary without affecting the direction of similarity.
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Figure 4.1. The gradient descent algorithm [166].

4.4 Model Training

4.4.1 GNN Model Training

GNN model training is based on an optimization algorithm based on the gradient
descent algorithm, illustrated in Figure 4.1.

Training uses the Adam optimizer, accompanied by an adaptive scheduler to
reduce the learning rate in case of validation metric stagnation. Graph edges are
randomly separated into training and test sets via a custom function.

To counter class imbalance, negative sampling1 is employed with a fixed ratio of
2, producing two negatives for each positive.

The loss function used is the Focal Loss. This formulation allows modulating
the importance of easy and difficult examples, by reducing the influence of well-
classified examples (high pt) and emphasizing those that are poorly predicted (low
pt). Gradient clipping 2 is applied to prevent gradient explosion.

4.4.2 Embedding Encoder Model Training

As a reminder, the Embedding Encoder model aims to project clinical data from
new patients into the embedding space learned by the GNN or MF model. Since

1For each positive interaction, we generate r negative examples by randomly sampling user-item
pairs absent from real interactions.

2Gradient clipping is a technique used during neural network training to limit the norm of gra-
dients calculated during backpropagation. When gradients exceed a specified threshold value, they
are reduced (clipped) to avoid gradient explosion problems, thus stabilizing learning, particularly
in deep or recurrent models.
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the latent spaces generated respectively by the GNN and MF differ, two distinct
Embedding Encoder models are trained separately.

GNN Space

For the Embedding Encoder associated with the GNN space, the evolution of the
loss function during training is illustrated in Figure 4.2.

Figure 4.2. Evolution of the loss function during Embedding Encoder training in
GNN space.

The final root mean square error (RMSE) obtained on the validation set is 0.0314,
demonstrating excellent model capacity to faithfully approximate patient embed-
dings. This performance guarantees relevant and reliable recommendations, even in
cold start situations, i.e., for patients who have never interacted with the system.

MF Space

Similarly, a second Embedding Encoder model is trained to project new patients into
the latent space derived from MF. The evolution of the loss function associated with
this training is presented in Figure 4.3.
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Figure 4.3. Evolution of the loss function during Embedding Encoder training in
MF space.

In this case, the RMSE obtained on the validation set is 0.1755, a value slightly
higher than that observed for the GNN space. This difference is explained by the
larger dimension of the latent space generated by MF, making embedding approxi-
mation more complex.

Nevertheless, the quality of this approximation remains sufficient to ensure con-
sistency of recommendations produced for new patients, in line with the latent
representations learned during MF model training.

Thus, the joint use of two distinct Embedding Encoder models allows specific
adaptation to the structure of each latent space (GNN or MF), guaranteeing robust
and clinically relevant recommendations even in cold start situations.

4.5 Performance Evaluation of GNN and MF Mod-
els

Model performance is measured by the Recommender Performance Score (RPS), a
composite metric defined as a weighted combination of three essential evaluation
measures:

• AUC (Area Under the Curve) (weight 0.5): measures the model’s ability
to distinguish between positive classes (existing links) and negative classes
(non-existing links), as illustrated in Figure 4.4. A value of 1.0 indicates
perfect separation, while a value of 0.5 corresponds to a random model.
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Figure 4.4. The AUC plot [167].

• AP (Average Precision) (weight 0.3): reflects the average precision of model
predictions across all possible thresholds, which allows evaluating the model’s
ability to correctly classify positive examples at the top of the recommendation
list.

• Accuracy (weight 0.2): indicates the overall rate of correct classifications,
i.e., the proportion of correctly predicted examples, all classes combined.

The values in parentheses correspond to the weights assigned to each metric in
the RPS calculation. The complete formula is written as:

RPS = 0.5AUC + 0.3AP + 0.2Accuracy (4.5)

The RPS was designed to provide a synthetic and balanced measure of recom-
mendation model performance by combining several complementary aspects:

• AUC receives the highest weight (0.5) because it evaluates the overall dis-
criminative capacity of the model, independent of threshold choice.

• Average Precision (AP) is weighted at 0.3 because it focuses on the quality
of the first recommendations. Moreover, AP is particularly adapted to con-
texts where classes are imbalanced, as in recommendation tasks where positive
interactions represent a minority compared to the set of all possible pairs. This
metric thus allows evaluating the model’s ability to effectively identify relevant
elements without being influenced by the negative majority, unlike measures
such as Accuracy.
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• Accuracy is included with a reduced weight (0.2) because, although repre-
sentative of the overall rate of correct predictions, it can be misleading in the
presence of imbalanced classes, which is frequent in link prediction or recom-
mendation tasks.

The combined use of these three metrics avoids biases related to a single mea-
sure and provides a more complete and representative evaluation of the model’s real
performance, both on its overall ranking capability and on the quality of recommen-
dations and prediction reliability.

Table 4.2 allows interpreting the RPS value and evaluating the overall quality of
model performance.

RPS Score Quality Interpretation Justification
≥ 0.80 Excellent Highly reliable sys-

tem, capable of
producing relevant
and coherent recom-
mendations.

Good balance between
precision, ranking ca-
pability and robust-
ness to data varia-
tions.

≥ 0.75 Very good Performing model
with recommendation
error risk.

Good compromise be-
tween generalization
and specialization.

≥ 0.70 Good Functional system;
however, adjustments
could strengthen its
robustness.

Performance is correct
but the model may fail
on certain data sub-
groups.

≥ 0.60 Acceptable Usable for experimen-
tal or research pur-
poses.

The model presents
notable gaps in classi-
fication or recommen-
dation precision.

< 0.60 Insufficient Model unsuitable
for recommendation
objectives.

Poor generalization
and ranking capa-
bility; performance
comparable to a ran-
dom or naive model.

Table 4.2. RPS score interpretation grid

58



Chapter 4. Implementation and Testing

4.6 Search for Optimal GNN Model Configuration

4.6.1 Experimental Objectives

The objective of this phase is to determine the optimal combination of GNN model
hyperparameters to maximize RPS. Several test series were conducted by varying
an exhaustive list of GNN hyperparameters, such as hidden dimensions, embedding
dimensions, as well as the number of heads in attention layers. Hyperparameters are
divided into two categories: model hyperparameters and those related to training.

Model Hyperparameters

• Hidden dimension (hidden_dim) – Corresponds to the number of neurons
in each intermediate layer of the GNN. These neurons are responsible for
processing and transforming user and item characteristics.

• Embedding dimension (embedding_dim) – Represents the size of the latent
vector space into which users and items are projected. This is the dimension of
the embedding vector used to encode node characteristics in a common space.

• Number of layers (num_layers) – Indicates the total number of GNN con-
volution layers.

• Dropout rate (dropout) – Rate of random neuron deactivation during train-
ing, used to regularize the model and limit overfitting.

• Residual connections (use_residual) – Residual connections allow adding
a layer’s input to its output, facilitating learning in deep networks by preserv-
ing initial information. The output of a layer with residual connection is given
by:

y = F(x) + x (4.6)

where x is the layer input, F(x) the transformation performed (e.g., convolu-
tion followed by activation) and y the final output. This mechanism improves
training stability and prevents gradient attenuation in deep architectures, as
in our case.

• Batch normalization (use_batch_norm) – Batch Normalization is a training
technique introduced by [165] aimed at stabilizing and accelerating the learn-
ing of deep neural networks. It consists of normalizing layer activations by
applying a statistical transformation that forces their mean to zero and their
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variance to one. Formally, for a mini-batch B = {x1, x2, ..., xm}, normalization
is performed as follows:

x̂i =
xi − µB√
σ2
B + ε

, (4.7)

where µB and σ2
B are respectively the mean and variance of the mini-batch, and

ε a regularization term to avoid division by zero. Two learned parameters, γ
(scale factor) and β (offset), allow the layer to recover the identity if necessary:

yi = γx̂i + β. (4.8)

• Attention mechanism (use_attention and attention_heads) – The at-
tention mechanism in GNNs allows the model to give more importance to
certain relationships in the graph. The attention_heads parameter deter-
mines the number of heads used in multi-head attention, each head learning
to capture a specific aspect of relationships between nodes.

• MLP decoder (simple_decoder) – Indicates whether the GNN decoder uses
a simplified architecture (dot product) or a more expressive architecture based
on a multilayer perceptron (MLP).

Training Hyperparameters

The results of training hyperparameter tests are found in ??.

• Initial learning rate (lr = 0.005) – It controls the size of steps taken when
updating model weights at each training iteration.

• Learning rate scheduler – A ReduceLROnPlateau is used to dynamically
adjust the learning rate based on validation set performance, it accepts 3
parameters:

• Mode mode = ’max’ – The scheduler expects metric maximization (here
RPS).

• Reduction factor (factor = 0.75) – In case of RPS stagnation, the
learning rate is multiplied by this factor.

• Patience (patience = 10) – If no RPS improvement is observed for 10
consecutive epochs, the learning rate is reduced.

• Minimum rate (min_lr = 10−6) – The scheduler will never lower the
learning rate below this value.

• Negative sampling ratio (neg_ratio = 2) – Controls the negative sampling
ratio during recommendation model training.
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4.6.2 Experimental Results and Analysis

Below are the results obtained after model training according to different hyperpa-
rameter configurations.

Hidden Dimension and Embedding Dimension

Figure 4.5. Evolution of RPS as a function of hidden_dim and embedding_dim.

Experiments on hyperparameters hidden_dim and embedding_dim (64 to 8192)
show that the model achieves its best performance with hidden_dim = 64 (84.3%
RPS) and embedding_dim = 128 (83.4% RPS). This optimal configuration (64 hid-
den dimensions, 128 embedding dimensions) was retained for the final model, offering
a good balance between performance and computational efficiency.
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Number of Layers

Figure 4.6. Evolution of RPS as a function of the number of layers (nb_layers).

Analysis of model depth reveals an optimal four-layer architecture achieving 83.3%
RPS. With two layers, performance remains limited (77.5%) by insufficient extrac-
tion of structural patterns3 present in the graph. Beyond five layers, moderate
degradation appears (75.5% for eight layers) due to progressive homogenization of
nodal representations that decreases the model’s discriminative power.

3Structural patterns represent characteristic recurrent substructures in the graph, such as hubs,
bridges or paths, which translate important relationships between nodes. In the recommendation
context, they allow capturing usage similarities or shared behaviors between user or item groups.
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Dropout

Figure 4.7. Evolution of RPS as a function of dropout.

The dropout study reveals an optimal configuration at 0.2 achieving 82.2% RPS.
Analysis shows three distinct zones: an optimal zone (0.1 to 0.3) with performance
above 79%, a transition zone (0.3 to 0.6) with progressive degradation, and an over-
regularization zone (beyond 0.6) culminating at 46% RPS for dropout of 1.0, a
degradation of 36.2% compared to the optimal configuration.
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Attention Mechanism

Figure 4.8. Evolution of RPS as a function of attention mechanism use and number
of attention heads.

Integration of the attention mechanism via Graph Attention Networks (GAT) brings
a substantial gain of +4.1% RPS, going from 80.9% (base configuration) to 85.0%
with multi-head attention. The optimal configuration is achieved with only 2 at-
tention heads, performance decreasing gradually beyond (83.5% for 4 heads, then
stabilization between 81.8% and 82.9% for 8 to 64 heads), demonstrating that a
minimalist approach is more effective in our context.
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Architectural Components

Figure 4.9. Evolution of RPS according to the use boolean parameters.

Analysis of boolean components reveals three cumulative positive contributions:
residual connections bring the most significant gain (+7.4%, from 74.9% to 82.3%)
by attenuating vanishing gradient, batch normalization provides a moderate gain
(+1.5%, from 82.3% to 83.8%) by stabilizing training, and the MLP decoder gen-
erates a significant gain (+4.3%, from 79.1% to 83.4%) by capturing complex non-
linear interactions. The optimal configuration combines all three activated compo-
nents.

4.6.3 Optimal Configuration

The optimal configuration of the GNN model, determined after thorough hyperpa-
rameter exploration, is summarized in table Table 4.3, and the generated GNN is
associated with a total of 132,545 trainable parameters.
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Hyperparameter Optimal value
Hidden dimension (hidden_dim) 64
Embedding dimension (embedding_dim) 128
Number of GNN layers (num_layers) 4
Dropout rate (dropout) 0.2
Residual connections (use_residual) Yes
Batch Normalization (use_batch_norm) Yes
Attention mechanism (use_attention) Yes (2 heads)
Decoder type (simple_decoder) MLP-based decoder
Learning rate (learning_rate) 0.005
Scheduler patience (patience) 15
LR reduction factor (factor) 0.75
Minimum learning rate (min_lr) 110−6

Focal Loss parameter γ 3.0
Focal Loss parameter α 0.25
Negative sampling ratio (neg_ratio) 2

Table 4.3. Hyperparameters of the best model configuration

The evolution of learning metrics for the model according to this optimal con-
figuration is illustrated in Figure 4.10.
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Figure 4.10. Evolution of training metrics for the optimal configuration.

Final Performance

The final performance obtained by the GNN model on the test set is presented in
Table 4.4.

Metric Obtained value (%)
AUC 92.4
Average Precision (AP) 71.8
Accuracy 86.3
RPS (Recommender Performance Score) 85.0

Table 4.4. Final performance of the recommended GNN model (test set)

Fine-Tuning Phase

Given the relatively small size of the database, a second training phase was per-
formed on the complete set of available data (without separation into test set), pre-
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ceded by a fine-tuning4 step. This strategy allowed full exploitation of present infor-
mation, while benefiting from knowledge acquired during initial supervised training,
to generate more representative and robust embeddings for final production use
[168].
Algorithm 2: GNN Model Fine-tuning
Require: Pre-trained model: model, dataset: data
Ensure: Fine-tuned model and associated performance metrics
1: lr← 0.0005 ▷ Low learning rate for fine weight adjustment
2: optimizer← Adam(model.parameters(), lr)
3: epochs← 20 ▷ Limited number of epochs to avoid overfitting
4: model, results← train_model(model, data, optimizer, epochs)
5: return Fine-tuned model model and performance metrics results

The performance obtained after this fine-tuning step and complete training is
synthesized in Table 4.5.

Metric Obtained value (%)
AUC 94.77
Average Precision (AP) 87.41
Accuracy 87.97
RPS (Recommender Performance Score) 91.20

Table 4.5. Final performance of the GNN model after fine-tuning and training on
the entire database

A script was developed and constitutes the main evaluation tool for the GNN
physiotherapy exercise recommendation model on the complete dataset. This pro-
gram performs an exhaustive evaluation of recommendation system performance.
The evaluation adopts an individualized approach where, for each patient, the model
generates a number of recommendations K corresponding exactly to the number of
exercises that were actually prescribed to them in the reference data.

Finally, Figure 4.11 presents a visual comparison between the ten most recom-
mended exercises by the model and the ten most frequently present exercises in the
original database. This analysis allows evaluating the consistency of suggestions
generated by the recommendation system compared to the real distribution of pre-
scribed exercises. Good overlap between these two lists indicates that the model has

4Fine-tuning refers to a phase of adjusting weights of a previously trained model, on the com-
plete set of data or on a specific subset, with the goal of improving its specialization and final
performance. This technique allows preserving learned embeddings while adapting them more
finely to the global data distribution.
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well captured the global trends in the data, while divergences may reveal learning
biases or discovery capabilities for under-represented exercises.

Figure 4.11. Comparison between the ten most recommended exercises by the model
and the ten most frequent exercises in the database.

4.7 Search for Optimal MF Model Configuration

For the MF model, hyperparameter optimization is considerably simplified compared
to complex neural network architectures, as there is only one critical hyperparameter
to adjust: the number of latent factors.

Figure 4.12. Analysis of the impact of the number of latent factors on MF model
performance.
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Figure 4.12 presents an analysis of the impact of the number of latent factors
on MF model performance, testing 13 different configurations ranging from 2 to
256 factors. Basic metrics (left panel) reveal distinct trends: AUC (blue curve)
progresses rapidly up to 32 factors then stabilizes around 83-84% with an optimum
of 83.6% at 150 factors. Accuracy (orange curve) shows constant improvement,
going from 73.1% with 2 factors to 78.4% with 256 factors, with a notable drop at
8 factors (69.8%). Average precision (purple curve) presents more erratic evolution,
starting from 61.2% with 2 factors to reach its maximum of 72.8% at 180 factors.
RPS score evolution (right panel) highlights the optimal configuration at 150 factors
with a score of 64.7%, showing rapid progression up to 128 factors then stabilization.
This analysis demonstrates that MF model performance reaches its optimum around
150 factors, with diminishing returns or stagnation beyond this value, suggesting a
balance between model complexity and generalization.

4.7.1 Optimal Configuration

The optimal configuration of the matrix factorization (MF) model is summarized in
table Table 4.6, accompanied by metrics obtained on the test set. The generated
model has a total of 73,085 trainable parameters.

Hyperparameter
Optimal
value

AUC (%) AP (%) ACC (%) RPS (%)

Number of
latent factors

150 83.6 72.0 76.4 64.7

Table 4.6. Hyperparameters and performance of the best MF model configuration.

4.8 Graphical Interface

To facilitate the use of both recommendation systems, a web application has been
developed. Relatively simple to use, it allows, as illustrated in Figure 4.13, to
generate exercise recommendations for patients already present in the database,
as well as for new patients who were absent during training, while offering the
possibility to choose between the MF or GNN approaches.

70



Chapter 4. Implementation and Testing

Figure 4.13. Exercise generation for patients present in the database.

Figure 4.14 shows the results of the generated recommendations.
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Figure 4.14. Recommendation results.

The application also allows generating recommendations for new patients, as
illustrated in Figure 4.15.

Figure 4.15. Recommendation generation for a new patient (cold-start case).

4.9 Performance Comparison between GNN and MF
Models

Comparative evaluation between our GNN and MF models reveals manifest superi-
ority of the graph-based architecture. As illustrated in Figure 4.16, the GNN model
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significantly outperforms the MF model on all evaluation metrics, with an average
relative improvement of +22.7%. The most remarkable improvement concerns the
RPS score, with a gain of +26.5% (91.20% versus 64.70%).

This superiority is explained by three key factors:

• First, unlike MF which limits itself to historical interactions, GNN explicitly
integrates patient and exercise characteristics, allowing capture of complex
semantic relationships.

• Second, the attention mechanism via GATs dynamically assigns differentiated
weights to relationships, while MF treats all interactions uniformly.

• Third, MF suffers from the cold start problem and generates embeddings that
are specific to training data, while GNN learns generalizable logical relation-
ships between pathological profiles and therapeutic properties.

These results demonstrate the fundamental advantage of GNNs in modeling
structural dependencies for rehabilitation exercise recommendation, generating more
expressive embeddings and clinically more relevant predictions.

Figure 4.16. Performance comparison between GNN and MF models.
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4.10 Conclusion

Experiments demonstrate the superiority of the GNN approach over MF for reha-
bilitation exercise recommendation. The identified optimal architecture (4 layers,
64 hidden dimensions, 128 embeddings, 2 attention heads) achieves an excellent bal-
ance between performance and computational efficiency. Analysis reveals the crucial
importance of residual connections (+7.4% RPS) and MLP decoder (+4.3% RPS).

GNN superiority is explained by its ability to exploit intrinsic characteristics of
patients and exercises, to dynamically assign weights via attention, and to gener-
alize to new patients, unlike MF limitations. The Embedding Encoder guarantees
consistent recommendations for new patients, validating the clinical applicability of
the system and opening the way toward optimized therapeutic personalization.
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General conclusion

This study has enabled the design, implementation, and evaluation of a therapeu-
tic exercise recommendation system specifically adapted to patients with gonarthro-
sis, leveraging Graph Neural Networks (GNN) and Matrix Factorization (MF). The
experimental results have clearly demonstrated the significant superiority of the
GNN-based model compared to the MF approach. The GNN achieved a Recom-
mender Performance Score (RPS) of 91.20

This enhanced performance is explained by the GNN’s intrinsic ability to inte-
grate rich characteristics of patients and exercises, to capture complex non-linear
relationships via its multilayer architecture, and to dynamically weight the impor-
tance of connections through its attention mechanism. In contrast, MF, while less
computationally expensive, is limited by its inability to directly incorporate explicit
features and by its uniform treatment of interactions, which reduces its capacity to
model nuanced patient-exercise dynamics.

An essential contribution of this work lies in the effective resolution of the "cold
start" problem through the development and integration of an Embedding Encoder.
This component ensures that the system can generate coherent and relevant recom-
mendations for new patients, even in the absence of extensive historical interaction
data. By projecting new patient characteristics into the latent space learned by
the GNN or MF model, the Embedding Encoder allows the system to provide per-
sonalized therapeutic suggestions from the first contact, thus improving its clinical
applicability.

The analysis has also highlighted the crucial role of architectural components
such as residual connections and the MLP decoder, which have significantly im-
proved performance by solving issues like gradient attenuation and by increasing
the model’s capacity to learn complex non-linear patterns.

In summary, this research not only validates the potential of GNNs for develop-
ing highly effective health recommendation systems, but it also establishes a robust
framework for personalized prescription of therapeutic exercises in the context of go-
narthrosis. By surpassing generalized exercise programs, the proposed system paves
the way for optimizing rehabilitation outcomes, improving patient adherence, and
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ultimately enhancing the quality of life for individuals affected by this debilitating
condition.

Future work could explore the integration of real-time feedback mechanisms and
the expansion of the dataset to further refine and validate the system’s capabilities
in various clinical environments.
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Appendix A

List of Fields and Explanations

1.1 Orthopedic Characteristics at Time of Prescrip-
tion

Certain variables in the database describe the orthopedic devices worn by patients at
the time of testing or when exercises are prescribed. This information allows better
contextualization of the formulated recommendations. The variables concerned are
as follows:

• orthese_stabilisatrice

• orthese_plantaire

• chaussures_orthopédiques

• 1ere_ligne_orthese_stab

• 2eme_ligne_orthese_stab

These fields indicate the presence or absence of an orthopedic device prescribed
as part of functional rehabilitation. The possible values are:

• 1: device used,

• 0: device not used,

• NaN (empty): information not provided or not documented.

Another variable, si_oui_genouillere, indicates the identifier or type of knee
brace worn by the patient, if applicable.
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It is important to note that systematic imputation of the value 0 for missing
fields could lead to misinterpretation. Indeed, an absent value does not necessarily
mean that the patient was not wearing a device. It is therefore recommended to:

• exclude patients with missing values in these variables if they are used in the
analysis,

• or ignore them if these fields are not exploited in the model.

1.2 Functional Tests Related to Exercise Effects

Certain fields in the database provide results from functional tests evaluating the
biomechanical state of the knee and lower limbs. These tests allow measurement of
the potential effect of prescribed exercises, by providing indicators of performance,
joint mobility, muscle strength, flexibility, and balance.

The main variables are:

• flow_test: global performance test, often associated with functional en-
durance.

• diff_circ_interligne: difference in joint circumference, indicator of pres-
ence of edema or inflammation.

• amp_flexion_passive: passive knee flexion range of motion.

• amp_extension_passive: passive knee extension range of motion.

• force_flexion_genou: muscle strength in knee flexion.

• force_extension_genou: muscle strength in knee extension.

• force_flexion_hanche: muscle strength in hip flexion.

• force_extension_hanche: muscle strength in hip extension.

• force_abd_hanche: hip abduction strength.

• force_add_hanche: hip adduction strength.

• force_rot_INT_hanche: hip internal rotation strength.

• force_rot_EXT_hanche: hip external rotation strength.

• force_plantaire_cheville: ankle plantar flexion strength.
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• force_dorsale_cheville: ankle dorsal flexion strength.

• flexibilite_ischio: hamstring flexibility.

• flexibilite_quad_psoas: quadriceps and psoas flexibility.

• flexibilite_BIT: biceps femoris (BIT) flexibility.

• flexibilite_fessiers_pyramidal: gluteal and piriformis flexibility.

• equilibre_unipodal: single-leg balance assessment.

• 30s_CST: Chair Stand Test, measuring the number of stands in 30 seconds,
indicator of lower limb functional strength.

These measurements offer a multidimensional evaluation of the patient’s func-
tional state and can be used as clinical targets, progression indicators, or as explana-
tory variables in the recommendation model.
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