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Abstract

The rise of location-based social networks (LBSNs) such as Foursquare, Facebook, and
Geolife has revolutionized user interactions by capturing rich data such as check-ins,
preferences, and movement patterns. In this context, point-of-interest (POI)
recommendation systems (RS) play a crucial role in guiding users to relevant locations.
However, traditional approaches, particularly collaborative filtering, have limitations
in addressing the complexity of spatial, social, and temporal user behaviors. This thesis
primarily addresses the inability of classical similarity measures to capture contextual
proximity. Three major contributions are proposed: (1) the SPPUR model, which
introduces a novel similarity measure inspired by the TF-IDF method, combining
trajectory sequences with the geographic proximity between users, (2) the IPUMC
model, which integrates implicit check-in similarity with an explicit measure of
geographic distance, and (3) the IUPJS model, based on the Jaccard index and
enhanced with a spatial component derived from users' start and end points. Empirical
evaluations on Foursquare datasets (New York and Tokyo) confirm the superiority of
these three models over existing approaches and highlight the importance of integrating
contextual factors such as location, visit order, and social relationships into POI

recommendation systems.

Keywords : LBSN, POI, RS, Collaborative Filtering, Check-ins, Similarity Measures,

Geographic Proximity, Trajectory Sequences, Jaccard Index
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Abstract in French

Avec le développement des réseaux sociaux géolocalisés (LBSN) tels que Foursquare,
Facebook et Geolife, les interactions avec les utilisateurs ont été révolutionnées par la
collecte de données trés riches telles que les check-ins, les préférences et les habitudes
de déplacement. Dans ce contexte, les systémes de recommandation de points d'intérét
(POI) jouent un role crucial en guidant les utilisateurs vers des lieux pertinents.
Cependant, les approches traditionnelles, en particulier le filtrage collaboratif, ont des
limites dans la prise en compte de la complexité des comportements spatiaux, sociaux
et temporels des utilisateurs. Cette thése aborde principalement l'incapacité des
mesures de similarité classiques a capturer la proximité contextuelle. Trois
contributions majeures sont proposées : (1) le modele SPPUR, qui introduit une
nouvelle mesure de similarité inspirée de la méthode TF-IDF, combinant des séquences
de trajectoires avec la proximité géographique entre les utilisateurs, (2) le modéle
IPUMC, qui intégre la similarité d'enregistrement implicite avec une mesure explicite
de la distance géographique, et (3) le modéle IUPJS, basé sur l'indice de Jaccard et
enrichi d'une composante spatiale dérivée des points de départ et d'arrivée des
utilisateurs. Des évaluations empiriques sur des ensembles de données Foursquare (New
York et Tokyo) confirment la supériorité de ces trois modéles sur les approches
existantes et soulignent l'importance d'intégrer des facteurs contextuels - tels que la
localisation, l'ordre des visites et les relations sociales - dans les systémes de

recommandation de points d'intérét.

Mots-clés : LBSN, POI, RS, filtrage collaboratif, check-ins, mesures de similarité,

proximité géographique, séquences de trajectoires, indice de Jaccard.
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General Introduction

Context

The rise of Location-Based Social Networks (LBSNs), such as Foursquare, Facebook,
or Geolife, has significantly transformed how users interact with their environment and
share experiences. These platforms enable the detailed capture of user behaviors,
including check-ins, preferences, and movements. In this context, Point of Interest
(POI) recommendation systems play a crucial role in delivering personalized services,
especially in complex urban environments where the number of available POIs is
continuously increasing. Among the most widely used approaches are Collaborative
Filtering (CF) techniques, which rely on analyzing past user interactions to generate

recommendations.

However, traditional CF methods exhibit significant limitations in the context of
LBSNs. These approaches struggle to capture the complexities of interactions inherent
in these networks, particularly when geographic, temporal, and social factors influence
user decisions. For instance, users tend to visit places close to their current or previous
location, and their choices are often influenced by their social network’s behavior. These

essential dimensions remain largely underutilized in existing models.

Problem Statement

POI recommendation systems in LBSNs face several major challenges. First, the data
is often sparse, as users only visit a small fraction of the available POIs. Second, the
cold start problem limits the ability of models to generate relevant recommendations
for new users or POIs. Third, traditional similarity measures, such as Pearson
correlation, cosine similarity, or Fuclidean distance, fail to incorporate crucial

contextual dimensions, such as geographic proximity and social influence.
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Thus, the central question of this thesis is: How can we design a similarity measure
that simultaneously captures behavioral and geographic similarities between users in
order to provide accurate, data-scarcity-robust POI recommendations that are tailored

to complex urban environments?

Motivation

This research is motivated by the rapid evolution of LBSNs and the growing importance
of recommendation systems across various domains, including smart tourism, urban
resource management, and enhancing user experience. The limitations of traditional
approaches justify the urgent need to develop innovative models that better reflect the
real dynamics of users. Integrating dimensions such as geographic proximity, visit
order, and social relationships would not only improve the relevance of

recommendations but also meet user expectations in real-world complex scenarios.

Contributions

This thesis makes three key contributions to address the identified challenges:

1. The SPPUR Model: We introduce a new similarity measure, called SPPUR
(Similarity of Paths and Proximity of Users for Recommending POIs), which
combines user path similarity with geographic proximity. This measure is
inspired by the TF-IDF technique and takes into account visit sequences as well
as the start and end points of trips. Experimental validation on real-world
datasets from Foursquare (New York and Tokyo) demonstrates the superiority
of SPPUR over traditional approaches in terms of PRECISION, RECALL,

MAP, and NDCG.

2. The IPUMC Model: We propose a second model, IPUMC (Implicit Proximity
and User Matching via Check-ins), which explicitly integrates geographic

proximity and implicit similarity derived from user check-ins. This model relies
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on a hybrid combination of cosine similarity and a geographic distance measure
(GeoDist). Experimental results confirm the effectiveness of IPUMC in terms of

precision, recall, F1-score, MAP, and NDCG.

3. The IUPJS Model: Finally, we present the IUPJS (Implicit User Proximity
and Jaccard-based Similarity) model, which combines the Jaccard index for
measuring the overlap of visited POIs with a geographic component based on
initial and final check-ins. This approach highlights the importance of
integrating spatial and behavioral dimensions to enhance recommendation

quality.

These three contributions aim to incorporate essential contextual dimensions, such as
geographic proximity, visit order, and social relationships, to rethink POI
recommendation systems. They are validated using real-world data from Foursquare,
demonstrating their superiority over traditional approaches. These works enable the
development of more precise, contextualized recommendation systems that are better

suited to user needs in complex urban environments.

Document Organization

This thesis follows a logical progression that lays the foundation of recommendation
systems before proposing, developing, and evaluating innovative models applied to POI

recommendation in location-based social networks (LBSNs).

Chapter 1 introduces the fundamental principles of recommendation systems,

discussing various approaches (collaborative filtering, content-based, contextual, and
deep learning-based), as well as strategies and evaluation metrics used to measure their

performance.

Chapter 2 is dedicated to POI recommendation in LBSNs, defining key concepts,
associated challenges (such as sparsity, cold start, and spatio-temporal complexity),

2



General Introduction

and presenting a detailed literature review of existing approaches.

Chapter 3 introduces the SPPUR model, which leverages both user check-ins and
trajectories to improve recommendation accuracy. It proposes a new similarity measure

and evaluates it through various experiments.

Chapter 4 presents the IPUMC model, an approach that combines user similarity,
calculated from their check-ins, with the notion of spatio-temporal proximity. This
chapter details the construction of the similarity measure, the model architecture, the

experimental protocol, and the results obtained.

Finally, Chapter 5 introduces the IUPJS model, which innovatively integrates
location into the calculation of user similarity. After formalizing the problem, this
chapter describes the construction and prediction steps of the model and provides a

comprehensive experimental evaluation based on real-world data.
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Chaptre 1 Recommendation Systems

1.1 Introduction

This chapter provides an overview of the various recommendation approaches,
beginning with a general definition of Recommender Systems (RS) and a classification
based on the main methods employed: collaborative filtering, content-based filtering,
context-aware recommendation, and more recent approaches based on deep learning.
Each category is examined in detail, focusing on its theoretical foundations, advantages,
and limitations. In addition, a section is also devoted to the evaluation of recommender
systems. This evaluation process is based on several strategies (offline, online, and user
studies). It use various metrics (precision, recall, NDCG, etc.) to assess the performance

and relevance of the recommendations generated.
1.2 Definition of recommendation systems

Recommendation systems can be defined in several ways, given the diversity of
classifications proposed for these systems, but there is a general definition by Robin
Burke [1] which defines them as follows: "Systems capable of providing personalized
recommendations to guide the user towards interesting and useful resources within a

large data space."

The two basic entities that appear in all recommendation systems are the user and
the item. The "user" is the person using a recommendation system, providing opinions

on various items and receiving new recommendations from the system. The "item" is

the general term used to refer to what the system recommends to users [2].

Recommendation systems (RS) are algorithms designed to predict a user's preferences
and propose relevant items (e.g., movies, products, Points of Interest (POI), etc.) in

response to information overload (see Table 1.1 below). Their origins date back to the
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1990s, with early pioneers such as Tapestry (the first collaborative filter) and
GroupLens, who laid the foundation for modern methods [3]. Since then, RS has
adapted to various contexts, from movie recommendations (e.g., Netflix Prize) to POI
suggestions (e.g., Google Maps, Foursquare). The primary goal is to maximize user
utility (relevance, diversity of suggestions) and business value (e.g., time spent at a

POI). An RS typically relies on three fundamental sets:

e Users (U) : representing individuals;
e Objects (I) : designating items to be recommended (POI, products, etc.) ;

e Rating matrix (R): where each element ry; corresponds to the explicit

(rating) or implicit (click, visit duration) preference of user u for item 1.

The algorithm aims to estimate a predicted rating 7, = f(u,i | 8 ) where 6 represents
the model parameters, exploiting both past interactions and contextual metadata. For
example, Netflix recommends movies based on ratings and viewing history, while

Spotify generates personalized playlists based on user listening and behavior.

Table 1.1 SR field of application

Domain Application

E-commerce Product recommendations
Streaming Video/music suggestions
Health Treatment personalization
Social Media Recommended friends/posts

1.3 Key Features of Recommendation Systems

While academic research in recommender systems often focuses on the accuracy of
rating prediction, aiming to minimize errors between predicted and actual user
ratings, priorities in industrial environments differ considerably [4]. In real-world
applications, the practical value of the recommendations themselves takes
precedence over precise score estimation. The usefulness, relevance, and engagement

potential of the recommended items are considered far more important from a business
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and user experience perspective. In industrial contexts, recommendation systems are

typically expected to fulfill four essential functions [5].

a. Help Users Find Relevant Items : help users discover items that match their
current preferences or needs, especially when faced with too many choices or

unfamiliar content.

b. Facilitate Item Exploration : encourage users to explore the entire product list,
including items they might not consider otherwise, thus increasing diversity and

serendipity.

c. Helping users make decisions : help users make better decisions by providing
relevant suggestions, contextual information or user-generated feedback (e.g.

ratings, reviews).

d. Improve user satisfaction : increase time spent on the platform and foster long-

term loyalty by providing relevant, personalized recommendations.

1.4 Classification of Recommendation Systems

Several classifications of recommendation systems have been identified in the literature,
each offering a distinct perspective on how recommendations are generated and

organized. Below are some of the most widely recognized classifications.

1.4.1 The classical classification

This classification of Adomavicius and Tuzhilin [6] categorizes recommendation systems

into three primary approaches:

e Collaborative filtering, which relies on the preferences or behaviors of a group of

users to recommend items to others with similar interests.
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e Content-based filtering, which uses item features and user profiles to suggest

similar items to those previously liked or interacted with.

e Hybrid filtering, which combines collaborative and content-based methods to
leverage the strengths of both approaches and mitigate their limitations (such as the

cold-start problem).

1.4.2 The classification proposed by Su and Khoshgoftaar

This classification focuses specifically on collaborative filtering. This classification

further breaks down collaborative methods into two categories [7].

¢ Memory-based techniques, which use user-item interactions stored in a matrix to

find similarities.

e Model-based techniques, which use machine learning models to predict user

preferences based on historical data.

This typology emphasizes the mechanics and data dependency of collaborative filtering
methods, highlighting how similarity measures and learning algorithms influence

performance.

1.4.3 The classification introduced by Rao

This classification Classifies recommendation systems based on the type and source of

data used [8]. These may include:
e Explicit data, such as user ratings or reviews.
e Implicit data, such as user clicks, views, or purchase history.
¢ Contextual data, including time, location, device, or demographic information.

This classification underlines the importance of data diversity and contextualization in

8
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tailoring recommendations to individual users and real-world environments.

The Figure 1.1 below summarizes the different types of classification of recommender

systems.
s N N Y
Recommendation Recommendation Recommendation
Systems Systems Systems
Collaborative | | Content-Based Content-Based _i\ Collaborative
Filtering Filtering Filtering Filtering
Colg?tborallve || K-Nearest Neighbor
Content-Based litering Approaches
Filtering
|| Demographic
Filtering | Model-Based
L_{Hybrid Filtering Approaches
—{ Hybrid Filtering
|| Hybrid Collaborative
| |Knowledge-Based Filtering
Filtering
Utility-Based
— Filtering
A J . S \ /
v
[ Classical Classification ] Classification of Rao and Talwar ] [ Classification of Su and Khoshgoftaar ]

Figure 1.1 Principale classification of RS

1.5 Recommendation Systems techniques

Recommendation systems (RS) are characterized by their methods of modeling
preferences and interactions. Their classification mirrors the evolution of techniques,

ranging from simple statistical approaches to complex deep learning architectures.
1.5.1 Collaborative Filtering (CF)

Collaborative filtering is a widely used technique in recommendation systems that relies
on the preferences or behaviors of users to suggest items. It is primarily divided into

two main approaches: model-based and memory-based methods [9] [10]. Model-based
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collaborative filtering employs machine learning algorithms to predict user preferences.
Common techniques include clustering algorithms to group similar users or items,
association rule mining to uncover frequent itemsets, Bayesian networks to model
probabilistic relationships, and neural networks for capturing complex, non-linear
interactions. On the other hand, memory-based collaborative filtering directly uses
historical user-item interactions without building a predictive model [11]. It includes
user-based methods, which find similar users to generate recommendations [12], and
item-based methods, which identify similar items based on user ratings [13]. The Figure

1.2 below illustrates the different techniques used in collaborative filtering

[ Collaborative Filtering ]
v v

" ™
Model based filtering Memory based filtering
techniques techniques

v

Clustering techniques,

Association techniques, ‘ll \L
Bayesian networks, [ ltem-based ] [ User-based ]

Neural Networks

Figure 1.2 Collaborative filtering (CF) techniques

Collaborative filtering (CF) is a fundamental method in recommendation systems,

based on the similarity algorithms:

e Similar users tend to prefer the same items.

e Similar items are often appreciated by the same users.
1.5.1.1 General formalization

Let:
o U = {uq, uy, ..., Un} be the set of users,
o [ =iy, iz, ..., in} be the set of items (movies, products, points of interest, etc.)
e /A € R™ be the rating matrix, where 7;; € R represents the rating given by user

u to item i (or an implicit interaction measure).

10
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The goal of collaborative filtering is to estimate a prediction 73, for unseen user-item

pairs (u, i), i.e., those for which r,; is unknown.

1.5.1.2 Memory-based collaborative filtering

In memory-based collaboration, user ratings for items stored in the system are used
directly to predict ratings for unrated items. This type of filtering passes through two
important phases: the calculation of similarity and the calculation of rating prediction.
Similarity is calculated either for all users or for all items [14]. Figure 1.3 summarizes

memory-based collaborative filtering.

<
[ User-based

J

A

Memory-based (
— > | Similarity Calculation Prediction

Collaborative Filtering
S

p.

A 4

[ Item-based ]

Figure 1.3 Memory-based collaborative filtering

A. User-Based collaborative filtering

In this approach, the goal is to predict the preferences of user u by identifying a set of
users similar to u, referred to as neighbors, and then combining their ratings of item 1.
This enables the recommendation of items to user u that have been highly rated by

users similar to u [15]. To achieve this objective, two steps are necessary:

Step one : Calculation of similarity between users:

The similarity between two users uw and v is measured using statistical metrics. The

most common ones are cosine similarity and Pearson correlation [16].

11
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1) Cosine similarity:

Cosine similarity measures the cosine of the angle between two non-zero vectors in a
multidimensional space. It is widely used in text mining and recommendation systems

to assess the orientation of user or item vectors [17].

sim(u,v) =

2) Pearson correlation:

Pearson correlation evaluates the linear relationship between two variables.

Yier,(Tui —T) (i — 7))

\/Zieluv(ru,i — E)Z '\/Zieluv(rv,i ) :

sim(u,v) =

Where,
e 1y represents the interaction (rating, click, time spent) of user u with item .
e [ is the set of items evaluated by both users v and wv.

Step two : Prediction of the rating

The predicted rating for user u and item 7 is expressed as :

Yven, i sim(u,v) - (r,; — %) (1.3)
Yven, (p)|sim(u, v)|

T =T +

Where,

e 1, represents the average rating of user w.

e Ny(i) is the set of the K users most similar to u who have rated item 1.

12
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Discussions

Collaborative filtering based on user similarity operates by identifying profiles with
comparable behaviors. For instance, if Fatima and Ali have visited the same Points of
Interest (POI) 80% of the time, their cosine similarity will be high. In this case, a POI

visited by Ali but not by Fatima can be recommended to her.

However, these approaches, whether based on user or item similarities, face several
limitations. First, scalability presents a major challenge: computing similarities for
millions of users or items requires substantial computational resources, both in terms
of time and memory. Second, data sparsity diminishes the reliability of
recommendations, as most user-item interactions (ru,i) are missing, which leads to less
accurate similarity estimations. Finally, these methods are vulnerable to the cold start
problem: new users or items, lacking historical interaction data, cannot be effectively
integrated into the system. These constraints limit the performance of traditional

collaborative filtering methods, especially in large-scale or sparse data contexts.

B. Item-Based collaborative filtering

The Item-Based approach is based on the following idea: "If a user liked item A, they
are likely to enjoy items similar to A." In this case, instead of finding similar users, the
focus is on identifying items that are similar to those already liked by the user [18].
The objective is to predict preferences by leveraging the similarity between items (e.g.,

"Users who visited this POI also liked...").

1) Calculating similarity between items

Similarly, the similarity between two items, i and j, is computed using the cosine

measure,

13
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ZuEUij Tu,i * Tu,j

sim(i, j) = (1.4)
\/ZuEUU rlii ) \/ZuEUU ruz.,j
Where,
e Uij denotes the set of users who have rated both 7 and j.
2) Prediction
Prediction is expressed as :
__ Xjen;aw Sim(i, j) - 7y
ulr = o - (1.5)

Yjen;wlsim(, )|

Where,

e Ni(u) is the set of K items similar to ¢ that user u has already rated.
Discussions

Item-based collaborative filtering is founded on the principle that if two Points of
Interest (POIs), such as the Louvre Museum and the Centre Pompidou, are frequently
visited by the same users, they are considered to be similar. Thus, a user who has
visited the Louvre would be recommended the Centre Pompidou. This approach offers
several advantages: first, stability, as item similarities generally vary less than user
similarities; second, efficiency, since the computational cost is lower, with items
typically being fewer in number than users. However, this method also presents
limitations, particularly in terms of scalability when dealing with large item catalogs
and its dependency on data sparsity. When interactions are too infrequent, the
computed similarities may lack reliability. Additionally, it struggles with the cold start

problem, where no interactions are available for new items.

1.5.1.3 Model-based collaborative filtering

This model is the opposite of memory-based systems. Model-based systems use ratings

14
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to learn a prediction model. They then use the available data to train the model, which
is then used to predict user ratings for new items [19]. The advantage is that these
models can be built offline and can be quickly used to calculate online
recommendations. The algorithms of this approach can be broken down into three
subtypes: clustering, matrix factorization (MF) and deep learning [20]. Each of these

approaches contains algorithms of different types, as shown in Figure 1.4 below.

KNN
Clustering ]/\—/
0

Model-based Matrix Factorisation
Collaborative Filtering (MF)

Probabilistic

—_—

Deep learning

Figure 1.4 Model-based collaborative filtering

A. Matriz factorization (MF)

A powerful method for Collaborative Filtering (CF) is matrix factorization, notably
introduced by Simon Funk during the Netflix Prize in 2006 [21]. This approach aims
to reduce the dimensionality of the user-item matrix by identifying latent factors

(hidden features) that account for the observed interactions [20, 22].
a. Formulation
The idea is to factorize the scoring matrix R € R™" into two latent matrices:

e U € R™k Matrix of latent user factors,
e V € R™* Item latent factor matrix,

Such as :

15
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R~U-VT (1.6)

Each row of U represents a user in the kdimensional latent space, and each row of V
represents an item in the same space. For example, let k =2, a user u with U, = [0.5,1.2]

and an item ¢ with V;= [1.0,0.8].
The predicted score is 7,;= 0.5x1.041.2x0.8=1.46.

The objective is to minimize the prediction error, often by the cost function :

. 2
min Z (rui — (U V)" + AU 2 + V[2) (1.7)
BODE

Where,

e K is the set of observed user-item pairs,

e ) is a regularization parameter.

Discussions

Among the most common extensions of matrix factorization (MF) are techniques such
as Singular Value Decomposition (SVD), Alternating Least Squares (ALS), and
Stochastic Gradient Descent (SGD). These methods efficiently handle data sparsity by
learning latent factors that capture implicit preferences, which are not directly
observable from the data. Additionally, these latent dimensions can sometimes be
interpreted as underlying themes, such as a preference for historical museums or

outdoor locations, enhancing the interpretability of the model.

However, despite their performance, collaborative filtering (CF) approaches face several
significant limitations. One such challenge is the cold-start problem, which affects new
users or items that have few or no past interactions. A common solution is to combine
CF with content-based approaches. Furthermore, recommendation systems are often
subject to a popularity bias, where the most popular items such as highly visited tourist
points of interest (POIs) are favored over lesser-known but potentially more relevant

alternatives. Additionally, there is the issue of temporal dynamics: user preferences

16
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evolve over time, which static models struggle to capture without continuous

adaptation.

Despite these challenges, CF remains widely used in practical applications. For
instance, Netflix relies on matrix factorization to predict movie ratings; Amazon uses
product similarity to generate personalized recommendations; and Foursquare leverages
CF to suggest points of interest (POIs) based on check-ins from users with similar

profiles.

Table 1.2 Advantages and disadvantages of FC

Advantages Disadvantages

Does not require knowledge of the items [Sensitive to the cold start problem

Captures subtle and complex preferences [Matrix sparsity problem

Fasy to implement Can lead to overfitting if the model is too complex

1.5.2 Content-based filtering approaches

Content-based recommendation methods operate on a fundamental principle: user
preferences can be inferred from the characteristics of the items they have previously
liked [23] [24]. Unlike collaborative filtering, which analyzes collective user behaviors
[25], this approach specifically examines the relationship between a user and the

attributes of the content they consume.

More formally, Content-Based Filtering (CBF) represents a class of recommendation
algorithms that relies on (1) the intrinsic features of items (such as metadata,

categories, text, etc.) and (2) the user's individual history (their past interactions) [26].

In contrast to collaborative methods, CBF does not require data from other users. It

focuses exclusively on :

1. Analyzing the properties of items (e.g., a Point of Interest (POI) "museum"
tagged with "art," "culture").

17
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2. Building a user profile from previously liked items (e.g., if a user frequently visits
museums, the system will recommend locations with similar attributes).

This approach is particularly useful for (1) mitigating the "cold start" problem for new
users and (2) recommending niche items that may be less popular but are relevant due

to their specific characteristics.

Finally, CBF personalizes recommendations by establishing direct matches between
individual preferences and the attributes of content, without relying on the behaviors

of a community.

1.5.2.1 Construction of the profile

The Content-Based Filtering (CBF) approach is based on two profiles :

a. Item Profile :

This profile represents the characteristics of an item in a structured form, which
includes: (1) Textual Data : Description of the Point of Interest (POI), e.g., "history
museum," tags such as culture or architecture, (2) Categorical Data : Type of
restaurant, such as "Italian" or "vegetarian.", and (3) Multimedia Data : Images

(e.g., urban landscape), geographical metadata (e.g., GPS coordinates) [27].

Each item (e.g., movie, book, product, point of interest) is represented by a vector of

features extracted from its explicit attributes [24]. For example:

e Movies: genre, actors, director, duration, synopsis.
e Articles : keywords, summary, category.

e POIs (Points of Interest) : type (restaurant, museum, etc.), location, ratings,

keywords from reviews.

These attributes can be encoded as TF-IDF vectors (for text), one-hot vectors (for
categories), or numerical representations learned via methods such as word embeddings

(e.g., Word2Vec, BERT).

18
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b. User Profile :

A user profile is generated by aggregating the characteristics of the items they have

interacted with [28] [29]. Several approaches are used for this modeling :

1) Standard aggregation methods

e  Weighted average of TF-IDF representations:

Items that the user likes are represented as TF-IDF vectors, which are then combined

through a weighted average based on interaction scores.

o Dense representations (Embeddings) :

Using modern language models (e.g., Word2Vec [30], BERT [31]), the embeddings of

consumed items are averaged to obtain a dense representation of the user's profile.

2) Rocchio algorithm (Incremental Update) [32]

e Profile update formula :

Profilew= a - Profile, + p - Item;

Where,

e « controls the weight of historical preferences,
e [ adjusts the impact of new interactions.

3) Advanced supervised approaches

o Classification/Regression:
A predictive model (e.g., SVM, logistic regression) can be trained to estimate

the relevance of an item based on the user's profile characteristics [33].
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1.5.2.2 The recommendation process
This process is based on the following steps:

Step 1: Item-Profile similarity calculation

To determine the most relevant items for a user, the system compares their profile with

each candidate item using similarity measures.
a. Cosine similarity

This measures the angle between the user profile and item vectors:

Profil, - Item;

im(P L, Item;) = )
sim(Profily, Itemy) = 4 e Ttem] (18)
This type of similarity is ideal for textual data (e.g., TF-IDF, embeddings).
b. Euclidean distance
This calculates the "distance" between features:
distance = Z(Profilu(k) - Itemi(k))2 (1.9)
k

The smaller the distance, the more similar the item is.
c. Neural networks

Advanced models (e.g., MLP, transformers) capture non-linear relationships between

the profile and items.
Step 2: Ranking and selection

Items are ranked in descending order by similarity score. Only the top-k items (e.g.,
top 10) are recommended to the user. The content-based recommendation process finds
practical applications across various domains, demonstrating its effectiveness in
personalizing suggestions. In the cinematic domain, for instance, a user whose profile

indicates a strong preference for "science-fiction" and "action" genres will be
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recommended films like Dune or Matrix, which share these thematic characteristics. In
article recommendations, a reader who regularly engages with political content will
automatically receive suggestions related to topics such as elections or foreign policy,
aligning with their historical interests. Lastly, in the domain of geolocated points of
interest (POIs), a user who frequently visits parks and cafés will be directed to similar
locations, such as botanical gardens or cafés with terraces, showcasing the system's
ability to extrapolate preferences from past interactions. These examples illustrate how
analyzing the intrinsic features of items allows the generation of relevant

recommendations that align with each user's profile.

Information Need Recommendation List
User Profiles ’ Item Score
User Feedback is 0.8
Recommender System » . '
Social Network 6 | 0.7
Context 18 03

Figure 1.5 General recommendation process [34]
1.5.2.3 Advantages and disadvantages of CBF

a) Key Advantages of content-based methods :

These approaches provide a high degree of personalization by closely aligning with
individual preferences, and they partially address the cold start problem by functioning
effectively even with limited wusers or items. Their transparency allows
recommendations to be explained through the characteristics of the items (e.g., tags,
genres). Unlike collaborative filtering, content-based methods avoid issues related to
data sparsity (missing data) and do not rely on user interactions. They are particularly
well-suited for niche domains (e.g., classical music) and can recommend new items as

long as their metadata is rich.
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b) Main limitations :

However, these methods suffer from over-specialization, as the recommendations are
often too similar to past consumption, limiting the discovery of new content. Their
performance heavily depends on the quality of metadata: incomplete or noisy attributes
degrade the effectiveness of the system. While content-based methods mitigate the cold
start problem for new items, they remain vulnerable when applied to new users without
interaction history. Additionally, the diversity of recommendations may be insufficient

without complementary mechanisms (e.g., hybridization with other approaches).

In conclusion, content-based filtering excels in contexts where item attributes are rich
and reliable but often requires integration with other techniques to balance relevance

and diversity, as shown in the table below:

Table 1.3 strengths and weaknesses of CBF

Strength Weakness

Fine personnalisation Over specialization (lack of diversity)

Explainability of recommendations | Dependence on metadata

Robustness to cold start (items) Sensitivity to cold start (users)

Independence from other users Need for structured item features

1.5.2.4 Discussions

Modern recommendation systems are evolving toward a synergistic integration of
content-based filtering (CBF) and other advanced paradigms. Hybrid architectures,
such as LightFM, exemplify this trend by effectively combining CBF with collaborative
filtering, merging both user/item embeddings and contextual features like location or
time of day. Simultaneously, deep learning enhances these systems: convolutional
neural networks (CNNs) enable the exploitation of unstructured data, such as point-
of-interest (POI) images, while transformers (e.g., BERT) provide a nuanced

understanding of user reviews and complex textual descriptions.
Despite the apparent dominance of collaborative methods, CBF retains distinctive
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advantages in three key areas: it excels in handling sparse data (low interaction
density), remains the preferred choice for critical applications requiring high
explainability (e.g., healthcare, finance), and remains indispensable for specialized
content (e.g., academic research). The future of CBF appears particularly promising,
especially with its integration with cutting-edge techniques like multimodal embeddings
(combining text, images, and context) and semantic analysis through large language
models (LLMs), thus enabling systems that are not only more contextually intelligent
but also more adaptive, without compromising the transparency that defines it. This
ability to evolve while maintaining its core strengths positions CBF as a lasting and

indispensable component in the increasingly complex recommendation ecosystem.

1.5.3 Contextual recommendation

Contextual recommendation represents a significant extension of traditional
recommendation systems by incorporating dynamic external factors, known as
contexts, into the suggestion generation process. Unlike classical approaches that focus
solely on user-item interactions (e.g., ratings or check-ins), this approach acknowledges
that user preferences may vary substantially depending on the situation in which they

find themselves. Some of the most commonly used contextual factors include:

o User's geographical location : This factor is crucial in Point of Interest (POI)
recommendation systems, as the relevance of a recommended location often
depends on its proximity. A contextual system might prioritize POIs within a
limited radius around the user's current position.

e Time of day or date : A restaurant might be recommended for lunch if the
local time is noon, or a cinema in the evening. This temporal factor allows
recommendations to align with the user’s daily rhythm.

e Weather conditions : Intelligent systems can adjust suggestions based on the
weather. For instance, in the event of rain, recommending an indoor café or

museum would be more suitable than suggesting a park or an outdoor activity.
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e Crowd levels or local events : Some systems incorporate real-time data on
crowd density or nearby cultural events to offer recommendations that are in

tune with the user's immediate environment.

1.5.3.1 User context modeling

Context refers to the set of external conditions that influence a user's preferences at a
given moment. This can include factors such as their GPS location (spatial context),
the time of day or the day of the week (temporal context), or environmental elements
such as weather, lighting, or noise levels. Social context, on the other hand, considers
the presence of friends or colleagues. The purpose of incorporating context is to tailor
recommendations to enhance their immediate relevance, such as suggesting an umbrella
when it rains or a café in the morning. Consequently, user context must encompass the

following dimensions :

a. Location

This dimension enables the prioritization of geographically accessible Points of Interest
(POIs), such as restaurants in the user's vicinity. For example, a user located in Chlef
(Algeria) will receive café recommendations within their city rather than in Tlemcen,
thus optimizing the relevance of suggestions based on their location. This dimension
can be modeled, for example, by using the Euclidean distance, calculated via the

formula below:

d(u, ) = Oy — %) + QG — ¥1)? (1.10)

Where,

e (x4, yu) = user's coordinates, (x;, y;) = POI coordinates. This distance can be

integrated as a feature in the prediction function below:

7y, = f (similarité, d (u, i),contexte) (1.11)
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b. Time and weather

The primary goal is to personalize recommendations based on various contextual
factors, such as the time of day (for instance, suggesting breakfast menus in the
morning) or weather conditions (directing users towards indoor activities like museums
on rainy days). This dynamic approach ensures that the suggestions remain relevant
to the user's immediate context, thereby enhancing the timeliness and utility of the

recommendations in real time.

To represent time in a cyclical manner and capture its periodic nature (such as morning

vs. night preferences), trigonometric transformations are employed:

21 - heure 21 - heure
)' cos — €OS <—> (1.12)

hgin = sin (—
st 24 24
The climatic conditions (rain, sunshine, etc.) are encoded as embeddings and then
merged with the user's or recommended items' features. In the case of rain detected

via a weather API, the system can:
e Identify cafés with covered terraces.

e Prioritize these establishments in the recommendations to provide an experience

tailored to current weather conditions.
c. Social context

The recommendation system takes the user's social context into account, adapting its
suggestions based on the user's company (family, colleagues, friends, etc.). This social
dimension is modeled through relational graphs that exploit connections between users,
such as friend networks on social platforms. For example, when a user is identified as
being with family, the algorithm will prioritize locations such as parks or family-friendly
restaurants, rather than Museums or places more suitable for outings with colleagues.
This approach refines suggestions based on the present social circle, thereby enhancing

the relevance and acceptability of the recommendations.
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1.5.3.2 Context integration techniques

To improve the relevance of recommendations, the following techniques offer increased

flexibility for integrating complex contextual data.
a. Tensors and multimodal factorization

This approach relies on a tensorial representation (a multidimensional matrix) of the
interactions between users, items, and contexts. Formally, we define a tensor
ReERmxnxtRERmxnxt, where mm represents the users, nn the items, and tt the
contextual dimensions (e.g., time of day). The factorization of this tensor (using

methods like Tucker or CP) allows for the decomposition of RR into latent factors.
K
Rzzlk'UkOVkOCk (113)
k=1

Where Uk, Vk and Ck correspond respectively to the latent embeddings of users, items

and contexts, while Ak is their weighted contribution.
b. Contextual neural networks
Two main architectures are employed:

— Feature Concatenation: The embeddings of users, items, and contexts are

merged through a dense layer to generate predictions.

— Transformers: Models such as BERT capture temporal dependencies by
encoding action sequences (e.g., check-in histories) while incorporating their
timestamps. This method enables the detailed modeling of preference evolution

over time or other contextual variables.

1.5.3.3 Discussions

Contextual recommendation integrates situational dimensions to refine the suggestions
made to users. Technically, this integration can be achieved either through filtering

approaches (pre- or post-processing of data) or via specific models such as tensor
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factorizations or deep learning architectures that directly incorporate context into their
prediction functions. This method dynamically adjusts suggestions based on
spatiotemporal and environmental parameters, thus offering a more relevant
experience, particularly for mobile and tourism applications. However, this approach
faces several major challenges: algorithmic complexity due to the dimensional explosion
of data, sparsity in certain specific contexts, and the need for real-time processing of
fluctuating data such as geolocation or weather. Practical applications demonstrate its
effectiveness, such as Google Maps, which adjusts its restaurant recommendations
based on the time of day; Spotify, which personalizes playlists depending on the time;
or Uber Eats, which prioritizes specific dishes based on weather conditions. Future
research directions are focused on reinforcement learning for dynamic adaptation,
multi-source contextual data fusion, and the development of solutions that protect user
privacy. These promising technical advancements, however, must address the challenge

of balancing fine-grained personalization with the protection of data privacy.
1.5.4 Deep learning approaches

Neural networks offer a more refined model for capturing the complex, non-linear
interactions between users and items. For this reason, they surpass traditional
approaches such as collaborative filtering or matrix factorization. Their strength lies in
their ability to identify implicit relationships, handle data sparsity more effectively,

and generate richer and more expressive representations [35].

1.5.4.1 Variational autoencoders

A Variational Autoencoder (VAE) is a type of neural network that learns to compress
(encode) input data into a latent space and subsequently reconstruct it (decode) [36].
VAEs combine the learning of latent representations with probabilistic generation to
reconstruct the user-item interaction matrix, R. This interaction matrix R (users X
Points of Interest, POIs) is typically very sparse, as each user only visits a limited
number of locations out of the total available [37]. To address this issue, the VAE
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compresses a user’s preferences into a low-dimensional latent space and then attempts
to reconstruct their complete interactions from this condensed representation, enabling:
e Prediction of relevant POIs by identifying unvisited places that are likely to
interest the user.
e Handling uncertainty by probabilistically modeling latent variables for enhanced
robustness.

e Generalization through the variational approach.
This method (VAE) is based on:

1) Encoder :
qe(zlu) = N (py,07) where z is the user's latent vector u.
2) Decoder :

Reconstruction of R = pg(R|z) using a multinoulli or Gaussian distribution.

3) Cost function :

L= |R- ﬁli + KL (q¢(2|u)|p(2)) (1.14)

Reconstruction Regularisation

1.5.4.2 Graph neural networks (GNNs)

Graph Neural Networks (GNNs) are deep learning models that operate directly on
graph structures (nodes + edges), propagating information between neighboring
elements. These GNNs leverage heterogeneous graphs to transmit information between

nodes (e.g., users, POIs) through edges (e.g., visits, similarities) [38].
Furthermore, GNN models find particularly relevant applications in two key areas:
A. Spatial relationships between POlIs:

Architectures such as Spatial-GCN exploit geographic proximity or co-visit patterns
between locations. For instance, if two POIs are frequently visited together, the model
automatically learns to associate their representations, thereby improving the relevance

of location-based recommendations [39].
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B. Social relationships between users:

By integrating social network data (friendship links, trust relationships, or behavioral
similarities), the model can propagate user preferences throughout the social graph.
This approach enables the inference of implicit tastes based on user connections, thus

compensating for the lack of explicit data [40].
This method (GNN) is based on:

1) Message Propagation:

R = 6 z wo . p® (1.15)
JEN()

where N(i) is the neighborhood of node i, and W(l) is a weight matrix.

2) Pooling, which involves hierarchical aggregation to capture patterns at

multiple scales.

1.5.4.3 Transformers

Transformers are deep learning models based on the attention mechanism, particularly
effective for sequence processing tasks, such as text or trajectory analysis. This method
relies on transformers that use multi-head attention to dynamically weigh the past

interactions of a user [41].

In the context of recommending points of interest, sequential models utilize the user's
movement history in the form of temporal sequences of check-ins or routes. The multi-
head attention mechanism, which is a characteristic feature of these architectures,
allows for the dynamic analysis and weighting of the relative importance of each
previously visited point of interest (POI) to predict the next destination [42]. This
approach has the key advantage of efficiently modeling long-term dependencies in

mobility behaviors, thus capturing both recurring habits and significant exceptions.

Specialized architectures, such as SASRec (Self-Attentive Sequential Recommendation)
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[43] and BERT4Rec (adaptation of transformers for recommendations) [44], have
excelled in this field. They provide a high degree of flexibility in processing visit
sequences while maintaining interpretability due to the explicit attention weights.
These models are particularly effective in predicting future movements based on past

patterns, even when these patterns span long periods or exhibit complex structures.

Transformers use multi-head attention to dynamically weigh past user interactions

using mechanisms, as indicated in the formula below [45]:

. QK"
Attention(Q, K, V) = softmax |74 (1.16)

NEn

where (@, K, V) are the queries, keys and projected values.

For example, this formula predicts the next visited POI by analyzing the historical
movement data (e.g., "After a museum visit, the user often goes to a café") using the

BERT4Rec model, which encodes check-in sequences with bidirectional Transformers.

1.5.4.4 Discussions

Variational models (VAE) stand out for their probabilistic approach, which is
particularly well-suited for handling incomplete data. Their ability to manage the cold-
start problem for new users makes them a robust solution for systems that frequently
deal with new users. However, their reliance on the Gaussian assumption can limit their

expressiveness in complex scenarios, as noted by several recent studies (e.g., [46] [47]).

Graph Neural Networks (GNN) introduce an essential relational dimension for spatial
recommendation. Their strength lies in the explicit modeling of connections between
entities (users-POIs, POIs-POIs), which allows for the integration of geographical or
social knowledge. However, as pointed out in [48], their sensitivity to data quality and
computational complexity present significant practical challenges.Transformers
revolutionize sequential modeling with their attention mechanism, surpassing

traditional RNNs in capturing long-term dependencies. Recent applications in POI

30



Chapter 1 : Recommendation Systems

recommendation (SASRec, BERT4Rec) demonstrate remarkable effectiveness for
check-in sequences. Nevertheless, their resource-intensive nature remains a major

drawback, particularly for mobile applications where energy efficiency is crucial.
The following table (Table 1.4) compares these three approaches.

Table 1.4 Summary of comparisons between VAE, GNN and tranformer models

Model Main Objective Advantage
VAE Reconstruction of the user preference Compression + Bayesian
matrix regularization

Exploitation of spatial /social
GNN xploitation of spatial/socia Explicit graph modeling

relationships

Capturing long-range temporal

Transformers| Modeling of sequential interactions .
dependencies

The analysis reveals promising synergies between the three architectural paradigms:

e The VAE-GNN combination has the potential to overcome their individual
limitations. Variational Autoencoders (VAEs) can generate noise-resilient latent

representations, which can then be enriched through the relational modeling

capabilities of Graph Neural Networks (GNNs) [37].

e The Transformer-GNN integration opens innovative possibilities for jointly
modeling both the temporal dimension (e.g., sequences of user visits) and the spatial

dimension (e.g., networks of Points of Interest POIs) [49] [50].
Three critical research directions emerge:

a) Scalability: Hybrid architectures must address the combinatorial explosion in
computational costs. Techniques such as graph sampling and sparse attention

mechanisms warrant further exploration.

b) Interpretability: Bridging the inherent explainability of GNNs with the black-box
nature of Transformers requires novel interpretability strategies, such as attention-

based explanation models.

c) Spatial Fairness: As emphasized in [51], these complex models risk reinforcing
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geographic biases, necessitating the design of specific fairness-aware mechanisms and

regulatory constraints.
1.5.5 Taxonomy and synthesis of recommendation systems

Recommender Systems (RSs) can be categorized into multiple paradigms, each with
distinct strengths and limitations. Among the most widely used is collaborative

filtering (CF), which can be user-based or item-based [52].

o User-based CF recommends Points of Interest (POIs) by leveraging similarity
metrics between users commonly cosine similarity. This approach is easy to
implement and effective for active users but suffers from well-known issues such
as cold-start problems, data sparsity, and limited scalability due to its

algorithmic complexity.

e In contrast, item-based CF recommends POIs similar to those already visited
(e.g., suggesting the Pompidou Centre after a visit to the Louvre). While this
approach is more stable and computationally efficient, it remains sensitive to

item cold starts and heavily dependent on interaction density.

Advanced extensions of CF, such as matrix factorization techniques (SVD, ALS,
SGD), enable the discovery of latent factors representing implicit user preferences (e.g.,
affinity for museums or parks) [22]. However, these methods introduce new challenges,
including popularity bias and difficulties in modeling the temporal evolution of
preferences. Such approaches are commonly employed in real-world systems like

Netflix, Amazon, and Foursquare.

To mitigate the limitations of traditional CF, hybrid methods have been proposed,
integrating CF with content-based filtering (CBF) [53]. These models
simultaneously utilize user—POI interactions and contextual attributes such as location,
time, or weather conditions. Algorithms like LightFM exemplify this synergy by

combining latent embeddings with explicit feature representations [54]. The advent of

32



Chapter 1 : Recommendation Systems

deep learning has further enhanced hybrid systems: convolutional neural
networks (CINNs) are used to analyze POI-related images, while transformers such

as BERT enable advanced processing of textual reviews.

Furthermore, context-aware recommender systems (CARS) dynamically adapt
recommendations by incorporating situational variables (e.g., time, location, weather)
[55]. This is achieved using techniques like pre-/post-filtering, tensor factorization,
and adaptive deep models. Such methods are prominently used in applications like
Google Maps, Spotify, and Uber Eats, where context significantly affects
recommendation relevance. Nonetheless, these systems must address key challenges,

including dimensionality explosion, real-time processing, and privacy protection.

Advanced RS architectures leverage state-of-the-art models such as variational

autoencoders (VAEs), graph neural networks (GNNs), and transformers :

e VAE:s offer probabilistic modeling of preferences and better handling of cold-
start issues, yet are constrained by the Gaussian distribution assumption and

high computational cost.

e GNNSs are highly effective at capturing spatial and social relationships within
POI-user graphs. However, they are resource-intensive (with quadratic

complexity) and sensitive to missing data.
e Transformers excel at modeling long-range dependencies, making them well-
suited for navigation sequences and textual reviews. Nevertheless, they demand

substantial memory (O(n?) complexity) and require effective positional encoding

schemes.
Emerging trends in recommender systems include:

e Model hybridization (e.g., combining VAEs with GNNs to integrate latent

embeddings with structural relationships);

e Scalability optimization for large-scale datasets;
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e Interpretability enhancement through techniques like Layer-wise Relevance

Propagation;

e And addressing ethical concerns, particularly the mitigation of geographic

bias that disadvantages underrepresented regions.

In conclusion, recommender systems have evolved from simple linear models to complex

architectures capable of capturing non-linear interactions and rich contextual

information. However, several pressing challenges persist, including scalability, fairness,

interpretability,

and energy efficiency. Future research must aim to develop

recommendation systems that are not only smarter and more adaptive but also

explainable, equitable, and sustainable.

Table 1.5 Summary of recommendation techniques

Approach

Description

Advantages

Limitations

Collaborative
Filtering (CF)

Based on similarity
between users or

Simple, effective for
active users, good

Cold start, data
sparsity, poor

items. accuracy. scalability.

Similarity between | Personalized Requires a lot of
User-based CF Y . . 4 .

users. recommendations. interactions.

Item-based CF

Similarity between
visited items.

More stable, less costly.

Cold start for items.

SVD, ALS, SGD

Matrix Captures implicit Popularity bias, low
. methods to extract .
Factorization preferences. temporal adaptability.
latent factors.
Better handles cold
. Combines CF and Complexity in
Hybrid start, more . . .
content-based . integrating multiple
Approaches . interpretable
filtering (CBF). _ data sources.
recommendations.

With Deep Learning

CNN for images,
Transformers for

text.

Advanced multimodal
analysis.

High resource
demand.

Context-aware

Integrates time,

Dynamic, context-

Dimensional

explosion, privacy

. location, weather, | adapted .

Recommendation i concerns, real-time

etc. recommendations. . o
processing is difficult.

Uses modern

Advanced Litect Complex modeling of Computational cost,
architectures:

A h VAE. ONN interactions, higher missing data,

roaches
PP T ’ ¢ ' relevance. scalability.
ransformers.
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Approach Description Advantages Limitations
VAE (Variational Probabilistic Handles cold start, Gaussian assumption,
Autoencoder) encoder-decoder. fine-grained modeling. | high cost.

GNN (Graph Neural | Spatial/social Rich representation of | Sensitive to graph
Network) relationships. interactions. quality.
) . Captures long-term Memory complexity,

Models interaction ) ) .
Transformers dependencies, very requires sequential

sequences. )

flexible. data.

Model fusion, Smarter, adaptive, and | Requires advances in
Future Trends explainability, fairer AT and energy

ethics, scalability. | recommendations. management.

1.6 Evaluation of recommender systems

Assessing the performance of a recommender system (RS) is a critical step in validating
its utility, robustness, and the relevance of the suggestions it provides. A wide range of
evaluation metrics has been proposed in the literature to quantify the accuracy and
effectiveness of generated predictions. These indicators not only facilitate the
comparison of different approaches but also help identify potential avenues for

improvement [5].

This section presents the most commonly used metrics for evaluating the quality of
recommendations, classified into two main categories: those assessing the accuracy of
predictions (e.g., estimated ratings), and those evaluating the relevance of the
recommended items. Among the most frequently employed metrics are the Root Mean
Square Error (RMSE), the Mean Absolute Error (MAE), as well as information
retrieval-inspired metrics such as precision, recall, and the Normalized Discounted

Cumulative Gain (NDCG) [56].

The effectiveness of an RS is primarily measured by its ability to meet users' needs.
The selection of evaluation metrics depends on both the nature of the processed data
and the specific expectations of the target users [4]. As the field of recommender systems
heavily draws from information retrieval (IR), it is common to adopt IR metrics,

although certain adjustments may be necessary to suit the recommendation context.
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Before proceeding with the evaluation of an RS, it is essential to distinguish between
two primary modes through which recommendations are presented to users : (1)
recommending the single most relevant item, and (2) recommending a ranked list of
the Top-N most relevant items [57, 58]. In the first scenario, the system predicts missing
ratings within the user-item preference matrix and selects the item with the highest
predicted score. In the second, the system generates a ranked list of N items deemed

most relevant to the user.

Evaluation largely relies on prediction accuracy, which refers to the deviation between
predicted ratings and the actual ratings provided by users. Three main evaluation
strategies are typically adopted for this purpose: offline evaluation, user studies, and

online evaluation [57].

1.6.1 Evaluation strategies

1.6.1.1 Offline evaluation

Offline evaluation is the most widely adopted method for assessing recommender
systems, primarily due to its simplicity and the absence of risk to the user experience
[59]. This methodology is grounded in machine learning and relies on partitioning
available data into training and testing sets to estimate the prediction error generated
by the RS. A common approach involves 5-fold cross-validation, which divides the
dataset into two parts: (1) a training set comprising 2% of the data used to train the
algorithm, and (2) a test set containing the remaining (100—z)% to evaluate the

algorithm's predictions [20].

One of the key advantages of offline evaluation is that it does not require real-time
interaction with users, as it simulates user behavior during system interaction [60]. As
a result, it enables the testing of complex algorithms without disrupting the user
experience. However, this method has certain limitations : it is insensitive to dynamic

changes in user behavior and does not account for real-time factors that may affect the
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quality of recommendations [61]. Furthermore, some researchers argue that the quality
of an RS can never be fully captured through a single evaluation method due to the

multiplicity of underlying objective functions [62].

1.6.1.2 Online evaluation

Online evaluation entails real-time experimentation with actual wusers of the
recommender system (RS). This approach involves randomly selecting a sample of users
whose interactions with the system are monitored and subsequently compared with
those of the remaining user base [63]. However, this methodology carries an inherent
risk: exposing users to irrelevant recommendations may degrade the user experience,
potentially leading to user attrition. To mitigate this risk, it is generally advised to
conduct preliminary offline evaluations in order to ensure a minimum level of

recommendation quality before deploying the system in a live environment [60]

A major challenge in online evaluation lies in isolating and accurately measuring the
specific impact of the RS, while controlling for confounding variables. To achieve this,
an A /B testing protocol is typically employed. This method contrasts a control group
(A) with a test group (B), with the two differing in only a single aspect of the system's
configuration [64]. For instance, in a web-based application, users in group A might be
exposed to a page displaying a placebo recommendation box, while users in group B
would see a page with the actual recommendation module. By comparing the
performance metrics between these two groups, researchers can assess the effectiveness
of the RS. Unfortunately, despite its robustness, the design and implementation of A /B
testing protocols are resource-intensive and therefore infrequently applied in the

evaluation of recommender systems [62].

1.6.1.3 User studies: evaluation through sampling

Sampling-based evaluation refers to a methodological approach in which a group of

voluntary users is invited to interact with a recommender system (RS) while performing
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predefined tasks. During these experimental sessions, wuser interactions are
systematically monitored and feedback is collected [65]. This approach enables the
analysis of user behavior during interactions with the RS and facilitates the assessment
of the system’s impact on user decision-making. Post-interaction questionnaires provide
qualitative data that complement quantitative findings, thereby offering a more

comprehensive perspective on the effectiveness of the RS[66].

Nevertheless, this method poses several significant challenges. Recruiting a sufficiently
large and diverse sample of participants can be difficult and may require material
incentives to encourage participation. Moreover, the limited number of participants
constrains the external validity of the results, making it difficult to generalize findings
to broader populations [67]. Participants’ time constraints also tend to limit the
duration of the testing sessions, and the need to replicate scenarios to ensure result

reliability increases the logistical complexity of the study[57].

Despite these limitations, evaluation by sampling provides valuable information about
the user experience and actual user behavior in response to recommendations. Such
insights are essential for the development of more effective and user-centered

recommender systems [68].
1.6.2 Metrics used in offline evaluation

Following an in-depth analysis of the characteristics of various evaluation strategies,
offline evaluation emerges as the most suitable approach within the scope of our study.
Indeed, the focus of our research lies in analyzing the behavior of a large user base,
making user studies less appropriate for deriving generalizable conclusions. The offline
evaluation methodology enables a systematic assessment without requiring direct user
interaction, thereby ensuring a reliable measurement of the recommender system’s
performance. In the subsequent section, we present the main metrics employed in this
evaluation, highlighting both their strengths and limitations in assessing

recommendation quality.
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1.6.2.1 Evaluation-based metrics: predictive accuracy

The evaluation of a recommender system's performance relies on several key metrics,
among which the Mean Absolute Error (MAE) and the Root Mean Squared Error
(RMSE) are of primary importance. MAE computes the average of the absolute
differences between predicted and actual ratings, providing an overall indication of the
system’s average prediction error. Lower MAE values correspond to higher predictive
accuracy. In contrast, RMSE assigns greater weight to larger errors by penalizing higher
deviations more strongly, thereby making it more sensitive to outliers and extreme

prediction discrepancies.
a. Mean absolute error (MAE)

The Mean Absolute Error (MAE) is a common metric used to evaluate the accuracy
of a model's predictions. It is the average of the absolute differences between the

predicted values and the actual values [69]. The formula for MAE is as follows [70]:

n
1
MAE == (i = 9 (117)
i=1

Where:

e 1 is the number of data points,

e y;is the actual value for the i-th data point,

e ¥, is the predicted value for the i-th data point,

e |y; — Vil is the absolute error between the actual and predicted value.
b. Root mean squared error (RMSE)

The Root Mean Squared Error (RMSE) is a popular metric used to evaluate the

accuracy of a model's predictions [71]. The formula for RMSE is as follows:
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n
1
RMSE = |- (= 9 (1.18)
i=1

1.6.2.2 Metrics based on classification

In the field of Point-of-Interest (POI) recommendation systems, decision-based metrics
are commonly employed to assess the effectiveness of Top-N recommendations [77].
Originating from the domain of information retrieval, these metrics do not consider the
predicted rating values generated by the system. Instead, they focus solely on the

binary decision of whether or not to recommend an item [18].

The system is rewarded for including relevant items in the recommendation list and
penalized for either recommending irrelevant items or failing to suggest relevant ones
[19]. The primary objective is to quantify the frequency of correct versus incorrect

decisions made by the recommendation engine.

Among the most widely adopted metrics are Precision, which measures the proportion
of relevant items among those recommended, and Recall, which evaluates the
proportion of relevant items successfully identified by the system in relation to the
total number of relevant items available [25]. The F-measure offers a harmonic mean
of precision and recall, thereby providing a balanced assessment of both [72]. These
metrics are typically computed using a contingency table that classifies items as either

relevant or irrelevant, based on their perceived importance to the user [73].

a. Precision

Precision quantifies the proportion of relevant items among the top K results returned
by the system. It evaluates the system’s ability to provide relevant recommendations

early in the ranking. The formula used to calculate precision is presented below [19].
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1 |Rec, NTest,|

Precision@K = X Rec.| (1.19)

ueu

b. Recall

Recall measures the proportion of relevant items successfully retrieved within the top
K results, relative to the total number of relevant items available in the dataset. This
metric reflects the system's ability to capture the full set of relevant results and is

computed using the formula shown below [19].

1 |Rec,, N Test,]|
Recall K=—2 1.20
ecall@ K |Test,| (1.20)

uevu

c. F1-Score

The F1-score (also known as F-score or F1l-measure) is the harmonic mean of precision
and recall, ranging from a minimum of 0 to a maximum of 1. A high F1-score indicates
that both precision and recall are simultaneously high. It treats the contributions of
precision and recall as equally important. The following formula is used to calculate

the Fl-score [70]:

F1@K = 2 X Precision@K X Recallk |91
" Precision@K + Recallk (1.21)

1.6.2.3 Ranking-based metrics

A. MAP (mean average precision)

MAP evaluates the mean precision across multiple queries by averaging the precision
values at different cutoff ranks for each individual query. It captures both relevance
and ranking position of results, and is particularly useful in scenarios with multiple

user queries. Formula 1.22 and Formula 1.23 are employed to compute MAP [74].
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M K
1 1
MAP@K = EZ ;Z Precision@k X rel(k) (1.22)
j=1 k=1
__(0,if POI at k¢, rank is relevant
rel(i) = { 1, otherwise (1.23)

B. NDCG (normalized discounted cumulative gain)

NDCG is a ranking-sensitive evaluation metric that considers not only the relevance of
recommended items but also their positions in the result list. It assigns greater
importance to relevant items that appear higher in the ranking. This metric is especially
suited for scenarios where the order of recommendations significantly impacts user
satisfaction. Formulas 15 and 16 are used to compute NDCG@QK [74]. Here, REL,

denotes the list of relevant documents (ranked by relevance) in the corpus up to

position p.
NDCG@K = DGOk 1.24
~ IDCG@k (1.24)
k
rel(i)
DCG@k = Z— 1.25
@ o log,(i+1) ( )

Where IDCG is ideal discounted cumulative gain.

|RELp|
rel(i) (1.26)

IDCG@k = —_
@ — log,(i+1)

REL, represents the list of relevant documents (ranked by order of relevance) in the

corpus up to position p.

1.6.2.4 Discussion

In the evaluation of Point-of-Interest (POT) recommender systems, predictive accuracy
has traditionally been regarded as the primary performance metric. However, relying
solely on accuracy does not necessarily ensure an optimal user experience. User

expectations vary significantly depending on the domain: for instance, recency is vital
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in news recommendations, whereas proximity and price are often prioritized for
restaurants, and popularity may be a key factor in movie recommendations. Thus, user

preferences are highly context-dependent.

Beyond accuracy, several other factors must be considered to effectively assess the
quality and robustness of recommendation systems. Scalability, the system’s ability to
accommodate large numbers of users and items, is essential. Transparency, defined as
the ability to provide understandable explanations for recommendations, fosters user
trust and improves perceived system reliability. Privacy preservation is also critical to
maintaining user confidence. Furthermore, aspects such as serendipity (the ability to
surprise users with unexpected yet relevant items), novelty (introducing new content),
and diversity (offering varied recommendations) contribute significantly to user

satisfaction by enriching the overall recommendation experience.

1.7 Conclusion

This chapter has outlined the theoretical foundations of recommender systems by
presenting various categories, from traditional approaches like collaborative filtering
and content-based filtering to more advanced context-aware and deep learning-based
techniques. Each methodology addresses specific challenges such as the cold-start

problem, data sparsity, and the integration of contextual user information.

Special emphasis was placed on performance evaluation, a critical step for validating
the relevance and effectiveness of generated recommendations. Evaluation strategies
and metrics such as RMSE, precision, recall, and NDCG enable a comprehensive
comparison of different methods, guiding methodological decisions in alignment with

system objectives.

Collectively, these elements provide a strong foundation for understanding the current
challenges in recommender systems and pave the way for the introduction of adaptive

and intelligent solutions in subsequent chapters.
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2.1 Introduction

The recommendation of Points of Interest (POIs) within Location-Based Social
Networks (LBSNs) presents a complex and intriguing challenge. LBSNs provide a
wealth of contextual, social, and geographic data, which, when properly leveraged, can

significantly enhance the accuracy and relevance of recommendations.

This chapter explores various aspects of POI recommendation within LBSNs, starting
with an overview of POIs and LBSNs. It defines their characteristics and analyzes the
data generated around POIs. We will also address the key challenges associated with
POI recommendation, such as data sparsity, the heterogeneity of POIs, and the cold-
start problem. Finally, we will review modern recommendation techniques, including
collaborative filtering, graph neural networks, and multimodal models, to illustrate the
solutions proposed in the literature to overcome these challenges. This chapter
highlights recent advancements and future prospects in the field, while identifying
persistent gaps that require new approaches for more precise and contextually relevant

recommendations.
2.2 POIs and LBSNs

POlIs, such as restaurants, museums, and parks, are fundamental elements of Location-
Based Social Networks (LBSNs) like Foursquare, Yelp, or Instagram [75]. These
platforms enable users to share geolocated data, thus providing a rich source for

analyzing human behavior and generating personalized recommendations.

At the intersection of geolocation, social interactions, and individual preferences, POIs
power intelligent recommendation systems and contribute to modeling mobility
dynamics. Their study lies within an interdisciplinary research field that combines

human geography, network analysis, and machine learning.

44



Chapter 2 : POI Recommendation in LBSNs

2.2.1 Definition of POIs (Points of Interest):

POIs are geographic locations deemed interesting to users. This can include:
e Tourist attractions (museums, monuments),
e Public infrastructures (train stations, hospitals),
e Commercial establishments (restaurants, cafés, hotels),
e Natural spaces (beaches, parks).
2.2.2 Definition of LBSNs (Location-Based Social

Networks):

LBSNs are social networks that leverage users' location data to enrich their
interactions. Popular examples include Foursquare, Yelp, Swarm, and Google Maps

(social layer) [76].
These platforms enable users to:

e Share their location through check-ins,
e Post reviews, ratings, photos, etc.,

e Interact with other users (comments, likes, recommendations).

.............. Users
Check-ins
{POI' ratlng’ ............... N v N ! ‘.‘ ’Jr’ ‘:
review, timestamp) A T NC—" : POls

TEPRERE ----- (geographical location,
! / categories, tags)

POI Relations

Figure 2.1 A Location-based Social Network [34]
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2.2.3 Characteristics of POIs in LBSNs

2.2.3.1 Spatial and Temporal Attributes

POIs are characterized by spatial attributes (GPS location, urban or rural context)
and temporal attributes, which influence their visitation patterns. Spatially, the exact
location of a POI determines its accessibility and reach, while the density (urban vs
rural areas) modulates its visibility. Temporally, dynamics such as seasonality (e.g.,
increased summer attendance at parks) or opening hours (e.g., peak hours at Museums

during the night) reveal key behavioral patterns for analysis and recommendation [77].

For example, POIs incorporate spatial dimensions (GPS, urban/rural context) and
temporal dimensions (seasonality, hours of operation), whose analysis allows for the
anticipation of user behavior (e.g., park visitation in summer or café attendance at

night).

2.2.3.2 Social and Contextual Attributes

POIs are also defined by social and contextual dimensions that shape their
attractiveness. Their popularity can be measured through quantitative indicators, such
as the number of check-ins or reviews left by users [24]. Furthermore, social
relationships play a crucial role: recommendations from friends (e.g., "My friends visit
this café") significantly influence individual choices. Additionally, the situational
context such as weather conditions, local events (e.g., a festival), or the mode of
transportation used modulates the relevance of a POI at a given moment [78]. These
attributes enhance behavioral analysis and optimize recommendation systems by

integrating human and environmental dynamics.

Indeed, the attractiveness of POIs depends on social factors (popularity, peer influence)
and contextual factors (weather, events, transportation). These elements, combined

with geo-temporal data, allow for more refined prediction of user preferences.
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2.2.3.3 Multimodal Data

POIs rely on multimodal data that enrich their representation and enhance their
discoverability. Textual content such as descriptions, tags (e.g., veganrestaurant), or
comments captures qualitative and thematic information. Images shared by users
provide a concrete visualization of the place, increasing engagement and trust. Finally,
structural metadata (categories like "art museum," price range, or accessibility
indicators) enable precise filtering and optimal integration into recommendation
engines [79]. This diversity of data, combined with multimodal Al techniques (natural

language processing, computer vision), enables a richer and more personalized modeling

of POls.

2.2.3.4 The Role of POIs in LBSNs

POlIs lie at the heart of LBSN dynamics. They serve as spatial anchors for:

e Collecting users' mobility behaviors,
e Analyzing personal and community preferences,
e Providing personalized recommendations for places to visit,

e Studying social and geographical patterns.

2.2.3.5 Data Generated Around POIs in LBSNs

Each POI is associated with various types of data relevant to recommendation systems:

e Check-ins (visits with timestamps and location),

e User ratings and reviews,

e Shared photos and hashtags,

e Categories of the location (restaurant, Mosque, cinema, etc.),
e Geographical proximity to other POlIs,

e Social relationships of visitors (friends, followers).

Discussion

POIs play a central role in geosocial applications, as evidenced by recommendation
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systems such as those used by Foursquare (based on check-ins and social history),
contextual integration in Google Maps (adjustments based on time or traffic), and
Yelp's multi-criteria approach (combining reviews, photos, and metadata). These
implementations allow for the creation of precise mobility profiles and the offering of
contextualized suggestions (e.g., location, time, weather), while contributing to the

study of spatial social networks and urban dynamics.

Current research challenges suggest innovative directions: mitigating spatial biases
(such as the overrepresentation of affluent neighborhoods), modeling dynamic POIs
(e.g., food trucks, temporary events), and maintaining a delicate balance between data
anonymization and analytical utility. The emergence of generative Al (via Large
Language Models, LLMs) also promises significant advancements, such as the
automatic generation of personalized POI descriptions. These prospects highlight the
need for hybrid approaches, combining implicit trust models, co-visit analysis, and

privacy protection, to build systems that are both intelligent and ethical.

2.3 Challenges in POI Recommendation in LBSNs

Point of Interest (POI) recommendation systems in Location-Based Social Networks
(LBSNs) (e.g., Foursquare, Yelp) face unique challenges due to the dynamic nature of
spatial, social, and contextual data. These systems must not only predict relevant
locations but also integrate factors such as human mobility, changing preferences, and

geographical constraints.

In the following section, we analyze the major challenges and proposed solutions

discussed in the literature:

2.3.1 Data Sparsity

One of the major issues is the extreme sparsity of user-POI matrices. In most cases, a
user interacts with only a small fraction of the available POIs, resulting in a large

number of missing values, which complicates the learning of reliable models [80]. Some
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of the solutions proposed in the literature include:

e Contextual Enrichment: Integrating external data such as weather, opening
hours, or local events increases the informational density and helps explain

certain visit behaviors.

e Transfer Learning : This technique involves transferring knowledge acquired

from similar locations (in terms of type or environment) to predict preferences

for new POls.
Example :

On Foursquare, the average user visits fewer than 100 POIs out of millions of available

options.

Problem:
The user-POI matrices are extremely sparse (95-99% of missing values), as users

typically interact with only a fraction of the available POls.
Proposed Solutions :

1. Contextual Enrichment: By integrating external data (e.g., weather, events,
opening hours), this approach helps explain visit patterns. For example, a user
may choose to visit a café during rainy weather, with the weather data helping

to justify this choice.

2. Transfer Learning : This solution transfers knowledge from a "source" POI
(e.g., a popular Ttalian restaurant) to a "target" POI that is similar but less

frequently visited, using shared embeddings between POIs of the same category.
2.3.2 Heterogeneity of Points of Interest (POlIs)

Points of Interest (POIs) exhibit significant variability in terms of size, function,
location, and popularity. For instance, a small neighborhood café differs in both

characteristics and visitation frequency compared to a national museum [81]. To
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address this variability, we propose the following approaches:

e Hierarchical Clustering, which organizes POIs into homogeneous groups
based on structural characteristics such as geographical proximity, category, and

ambiance.

e Vector Representations (Embeddings), which utilize deep learning

techniques, particularly Graph Neural Networks (GNN), to capture rich and
semantic representations of POIs by considering their attributes and topological

relationships.

Example
A national museum attracts international visitors, while a local café primarily serves

neighborhood patrons.

Problem:
POIs vary in size, popularity, and function (e.g., a café versus a museum), making
uniform modeling challenging.

Solutions :

1. Hierarchical Clustering can group POIs based on similarities (e.g., category,
surrounding population density) using algorithms such as k-means on

geographical and social features.

2. Graph Neural Networks (GNN) can capture relationships between POIs
through heterogeneous graphs (e.g., co-visits, proximity). The POI-GCN model

propagates preferences among neighboring POls.
2.3.3 Selection Bias

Data from Location-Based Social Networks (LBSNs) are often biased towards more
popular locations, such as famous landmarks or restaurant chains. This bias skews

recommendations, marginalizing less frequented but potentially interesting locations
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[82]. To mitigate this issue, we recommend the following strategies:

e Reweighting, which adjusts the weights assigned to interactions based on the
frequency of POI appearances to counteract the overrepresentation of popular

places.

e Result Diversification, which focuses on developing algorithms that promote
the exploration of alternative or "niche" POIs to enhance recommendation

diversity and encourage discovery.
Example :

The Eiffel Tower receives 1,000 check-ins per day, while a local art gallery might receive

only 2.
Problem :

Popular POIs (e.g., monuments) dominate the data, sidelining relevant "niche"

locations.
Solutions :

1. Reweighting interactions by assigning inverse weights based on POI

frequency (e.g., Inverse Frequency Weighting).

2. Maximizing recommendation diversity using metrics like entropy or
geographical dispersion, and employing methods such as Determinantal Point

Processes (DPP) to promote variety.
2.34 Cold Start Problem

Two main forms of the cold start problem arise in Location-Based Social Networks

(LBSN) [83]:

o Newly Added Points of Interest (POIs) : These POIs lack any check-in

history. In such cases, metadata (e.g., categories, geographic coordinates,
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images) can be leveraged to estimate their potential attractiveness.

e New Users: Users without any prior activity, which makes personalized
recommendations challenging. Solutions involve utilizing social profiles (e.g.,

friends’ interests, group memberships, habitual locations) or demographic data.
Example :

1. For newly added POIs (without any visit history), metadata (e.g., category,

images) and geographical similarities can be utilized.

2. For new users (without check-in history), social profiling (e.g., friends, interests)

or Zero-shot learning can be employed to infer preferences from textual data.
2.3.5 Contextual and Temporal Challenges

A major challenge in Point of Interest (POI)-based recommendation systems lies in
their heavy reliance on contextual factors (e.g., time of day, weather, company) and
the temporal evolution of user preferences [31]. For instance, an individual may prefer
parks during the day on weekends but opt for café in the evening on weekdays. This

variability requires models that can dynamically adapt to changing contexts.
Several approaches have emerged to address this challenge :

o Sequential Models (Transformers, RNNs): These architectures capture
visit sequences to predict the next POI, incorporating temporal patterns (e.g.,

weekly habits).

o Reinforcement Learning (e.g., Deep Q-Learning): This method allows
real-time adjustments to recommendations based on user feedback, thereby

optimizing contextual relevance.

However, these methods struggle to generalize in the face of the complexity of human
behaviors (e.g., occasional exceptions) and data latency (e.g., delays in context

updates).
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Example :
e A user visits parks on weekends and cafés in the evening.

o Problem: Preferences depend on context (e.g., time, weather, company) and

evolve over time.

o Solutions: Sequential models (e.g., Transformers or RNNs) can predict the next
POI based on historical data, while reinforcement learning techniques (e.g., Deep

Q-Learning) enable real-time adaptation of recommendations based on user

feedback.

2.3.6 Synthesis

Location-based social networks (LBSN) recommendation systems for Points of Interest
(POI) require an integrated, multidimensional approach to address the specifics of data
and user behaviors in mobile contexts. For instance, managing data sparsity relies on
contextual enrichment through external information such as weather or local events,
as well as transfer learning techniques that leverage knowledge from similar POIs. The
modeling of the heterogeneity of locations, which vary widely in terms of size, category,
or attractiveness, is made possible through hierarchical clustering methods or learning
embeddings via Graph Neural Networks (GNN), which capture complex structural

relationships.

Simultaneously, reducing selection bias, particularly in favor of the most popular
locations, necessitates reweighting and diversification mechanisms. These are designed
to encourage a more equitable exploration of POIs, including less-visited ones. The cold
start problem, whether it concerns new places or new users, is addressed by utilizing
metadata (such as category, location, and image) for the former and social or

demographic profiling for the latter.

Recent advancements in artificial intelligence open new possibilities. Language models

(LLMs), for instance, allow for the automatic generation of place descriptions or the
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prediction of preferences from contextual prompts. On the other hand, Graph Neural
Networks (GNN) provide powerful tools for analyzing co-visit networks, uncovering

latent similarities between users and POls.

However, these advances also raise critical issues. Privacy remains a major concern,
particularly regarding the anonymization of geolocation data, which must ensure both
user confidentiality and the relevance of the analyses. Moreover, spatial fairness must
be considered, as some algorithms may inadvertently reinforce territorial inequalities,

such as the marginalization of less-connected rural areas.

In conclusion, although LBSN systems today possess powerful tools for delivering
hyper-personalized recommendations, their responsible use requires interdisciplinary
collaboration, combining expertise in Al, urban geography, ethics, and digital sociology.
Future research should incorporate mechanisms for algorithmic transparency (model
explainability) and equitable representation of POIs, while harnessing the potential of
neuromimetic architectures such as spatiotemporal Transformers for increasingly fine-

grained and inclusive personalization.

2.4 POI Recommendation Techniques in LBSNs

Points of Interest (POIs) are central elements in Location-Based Social Networks
(LBSNs) such as Foursquare, Yelp, or Google Maps. POI recommendation aims to
suggest relevant locations based on user preferences, spatiotemporal context, and social
interactions. This section explores the primary techniques used to model these systems,

focusing on their mechanisms, advantages, and limitations.

2.4.1 Context-based Collaborative Filtering

Traditional collaborative filtering relies on past interactions between users and POls.
In the context of an LBSN, this method is enhanced by integrating contextual variables
such as time, weather, or day of the week. This allows for personalized

recommendations based on the user's current situation or time [24]. For instance, if a
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user regularly checks in at a café in the morning, the system will recommend nearby
cafés at that time. Some of the methods used in Contextualized Collaborative Filtering

include:

e User-POI Matrix with Context: This is a tensor representation:
RERmMxnxc, where c represents the context (e.g., time, weather) [84]. For
example, if a user frequently visits a café near their workplace at noon, the

system will recommend this café when the user is nearby and it is noon.

e Tensor Factorization: This involves latent factor decomposition to reduce

dimensionality while incorporating the context (such as Tucker Decomposition

or CP Decomposition) [85].

2.4.2 Graph Neural Networks (GNNs)

Graph Neural Networks (GNNs) handle data in the form of heterogeneous graphs,
where nodes can represent users, POIs, or categories, and edges represent relationships
such as "check-in," "friendship," or "geographical proximity." GNNs learn to propagate
preferences and information across these relationships [86]. For example, if a user’s
friend frequently visits a nearby park, the likelihood of recommending that park

increases due to information propagation within the graph.

2.4.3 Transformers for Visit Sequences

Transformers, known for their ability to handle sequences, are applied here to analyze
the temporal order of check-ins. Through multi-head attention mechanisms, they
identify which previous visits most influence the user’s next destination [87]. This
allows for the modeling of sequential and temporal behavior in users. For instance, if a
user frequently visits a restaurant followed by a cinema, the model can predict a cinema

as the next POI after a restaurant visit [88].
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2.4.4 Multimodal Fusion

Data derived from Location-Based Social Networks (LBSN) is inherently multimodal,
encompassing text, images, and metadata. Multimodal fusion techniques combine these
diverse sources to enhance the quality of recommendations. For example,
recommending a restaurant based on user-uploaded photos and associated reviews. This
technique integrates multiple types of data: textual (reviews, descriptions), visual
(photos  associated ~ with  locations), and spatial (GPS  coordinates).
These data are incorporated into a unified model, often through deep neural networks,
to enable a rich and diverse understanding of user preferences [89]. To achieve this,
architectures such as BERT can be used to encode textual descriptions, while CNNs
are employed for images, with the embeddings being concatenated to form a unified

representation.
2.4.5 Discussion

Recommendation systems for Points of Interest (POI) in Location-Based Social
Networks (LBSN) have significantly evolved, transitioning from traditional approaches
like collaborative filtering to more advanced models such as Graph Neural Networks
(GNN) and Transformers. Each method presents its strengths and weaknesses in terms

of accuracy, interpretability, and computational cost.

Contextualized collaborative filtering allows for dynamic adaptation to changes in user
behavior but suffers from scalability issues and a bias towards popular POIs. Graph-
based models (GNN) excel in modeling spatial and social relationships, but their
computational complexity (O(n?)) makes them difficult to apply at scale. On the other
hand, Transformers efficiently capture long-term dependencies in visit sequences, but
their high memory cost and reliance on positional encoding limit their use in certain

cases.

Hybrid methods (such as VAE + GNN or Transformers 4+ GNN) offer a promising
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solution by combining the strengths of multiple approaches, but at the cost of increased
complexity and significant resource requirements. In the future, the integration of
generative Al and federated learning could help overcome some of the current

limitations, particularly concerning bias and privacy concerns.

Table 2.1 below analyzes the trade-offs between performance, complexity, and

applicability of the various methods described earlier.

Table 2.1 Advantages and disadvantages of recommendation methods

Method Advantages Disadvantages

Captures dynamic . . . )
. . High algorithmic complexity
Contextualized Collaborative | preferences .
o Bias towards popular POlIs
Filtering Models contextual . o
. Sensitive to missing data
dependencies

Effectivel del
GNN (Graph Neural COMVELY TOAes

Networks)

High computational cost (O(n?

spatial /social relationships & . P . (O(n?))
) . Sensitive to incomplete graphs
Good interpretability.

Handles long d denci
.an €5 Jong cependencies High memory usage (O(n?) for
without memory loss

ttenti
Adaptable to multimodal attention)

Transformers (Sequences)
Requires positional encoding

data.
Hybrid Methods Robust to cold start. Implementation complexity.
(VAE+GNN, Flexible for heterogeneous Very high computational cost.
Transformers+GNN) data.

2.5 State of the Art of POI Recommendation in LBSNs

2.5.1 Modeling Geographical Influences from Check-ins

In the context of smart tourism, user profiles are defined as a rich set of characteristics
encompassing travel preferences (such as favorite destinations, duration of stays,
preferred seasons, available budget, etc.), interests (e.g., hiking, museums, shopping,
gastronomy ), and travel history (including visited locations, activities engaged in, types
of accommodations, transportation used, etc.). These profiles are generally constructed
from digital data collected through various technologies, including mobile applications,

websites, geolocated social networks (LBSNs), and Internet of Things (IoT) devices
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[90]. Collaborative filtering (CF) techniques utilize these profiles to recommend Points
of Interest (POIs), relying on the behaviors and preferences of similar users. In this
context, Ye et al. [91] proposed a geo-social CF model that combines geographical
influences and social connections, integrating the proximity of POIs with user check-
ins. Their approach demonstrated a significant improvement in recommendation

accuracy compared to traditional CF models.

Additionally, Cheng et al. [92] introduced a matrix factorization method that
incorporates spatial distance functions to better represent users' preferences in relation

to the geographical dimension. This method also outperformed basic CF approaches.

Similarly, Lian et al. [93] developed the GeoMF model, which merges matrix
factorization with a geographical model. By exploiting both geographic distance and
check-in data, GeoMF enhances recommendation accuracy, surpassing several existing

geographical models.

Finally, Zhang et al. [94] presented the Geosoca model, which simultaneously leverages
both social and geographical correlations, considering the proximity of POIs and their
categories within the recommendation process. This model proved its effectiveness by

outperforming traditional CF-based geographical approaches.

Table 2.2 CF work using check-ins to model geographical influences

Authors | Model / Method | Principle Data Used Advantages / Contributions
Check-ins,
Combines )

geographical Improves accuracy compared

Ye et al. | Geo-social CF cographical and
& g p proximity, to traditional CF
social influences o
social links

Matrix Integrates spatial Check-ins,

Cheng et . .
& | Factorization + | distance functions| geggraphical

Better represents geo-

al. . N dependent preferences
Spatial Distance |10 factorization | distances P P
Combines matrix
Li " factorization and Check-ins, Outperforms several
ian e

| GeoMF geographical geographical geographical models in

al.
distances accuracy

modeling
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Authors | Model / Method | Principle Data Used Advantages / Contributions

Integrates

., Proximity of
proximity of POIs Y Superior performance

Zh t : POI
arig ¢ Geosoca and categories to . > . compared to traditional
al. : categories
capture spatio- gl ’ . geographical CF models
social correlations | S0C1al networks
2.5.2 Spatio-Temporal Modeling from Contextual Check-ins

In contrast to traditional CF approaches, which solely rely on geographic influences to
recommend Points of Interest (POIs) (Table 2.2), Liu et al. [95] proposed an innovative
model that leverages check-ins while incorporating contextual factors such as time and
user profile. By utilizing machine learning algorithms, this model effectively captures
user preferences, leading to a significant improvement in recommendation accuracy

compared to traditional CF models.

Similarly, Zhao et al. [96] developed Geo-Teaser, a model that combines geo-temporal
sequential embedding with ranking techniques. This model exploits geo-temporal check-
in sequences to better capture user preferences, outperforming methods that focus solely

on geographical or temporal aspects.

On the other hand, Wang et al. introduced ST-RNN, a spatio-temporal recurrent neural
network. This model enables the modeling of spatial and temporal dependencies
between check-ins, addressing missing data issues and enhancing the quality of POI

recommendations [97];

In contrast, Lian et al. [10] opted to exclude social and contextual data, focusing
exclusively on check-ins. They proposed LightRec, a recommendation system optimized
for handling large volumes of data, capable of delivering high-quality recommendations

while maintaining low computational complexity.

Finally, Guo et al. [34] adopted a graph-based approach, integrating check-ins, reviews,

and social relationships. Their model captures the complex interactions between users
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and POlIs, significantly improving recommendation accuracy.

Table 2.3 below summarizes POI recommendation work utilizing check-ins enriched

with contextual, sequential, or structural data :

Table 2.3 Contextual approaches based on check-ins for spatio-temporal analysis

preferences

Proposed
Author(s) Approach Key Features Improvements Made
Model
Integration of
Machine learning & .
) contextual data | Higher accuracy
. Contextual |on check-ins + )
Liu et al. . into user compared to
CF context (time, L
preference traditional CF models
user category) )
modeling
Analysis of geo-
Geo-temporal .
. temporal check-in| Better accuracy vs.
sequential .
Zhao et al. | Geo-Teaser ) sequences to geo- or time-based
embedding + .
. capture dynamic | models alone
ranking

Spatio-temporal

Modeling spatial
and temporal

Solved sparsity

based solely on
check-ins

processing of
large databases

Wang et al.| ST-RNN RNN on check- | dependencies problem, improved
ins using recurrent | recommendations
neural networks
Avoids
Light . .
) social/contextual | Good accuracy with
. . recommendation .. .
Lian et al. | LightRec data; efficient low computational

cost

Guo et al.

Graph-based
Model

Exploitation of
user-POI graphs
(check-ins,
reviews,

relations)

Modeling
complex
interactions using

graph structures

Richer and more
precise
recommendations
through relational
perspective

2.5.3

Modeling the Spatio-Temporal and Social Context

Several recent studies have focused on enhancing the contextual richness of point-of-

interest (POI) recommendations by simultaneously integrating spatial, temporal,

social, and behavioral factors. Chen et al. [98] proposed an approach that combines
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spatial and temporal dimensions, enabling the capture of user dynamics over time and
space. This model improves the accuracy of targeted recommendations based on the

time of day or location.

Similarly, Ding, Chen, and Li [99] introduced an innovative spatio-temporal distance
metric that considers both the geographic proximity of POIs and the users' specific
temporal preferences. This method led to a significant improvement in performance for

temporal recommendations.

Gao et al. [100] developed a pairwise ranking method leveraging geo-social correlations.
Their approach integrates spatial proximity and social relationships among users,
enhancing the quality of rankings by combining individual preferences with social

influence.

Moreover, notable progress has been made in integrating textual and temporal data.
Huang et al. [101] designed the STPR model, which utilizes spatio-temporal effects and
introduces a personalized ranking system based on user intentions. This model has

demonstrated clear superiority in predicting the next POI to be visited.

In real-time recommendation, Jiao et al. [102] proposed R2SIGTP, an adaptive system
that considers users' evolving geographic and temporal preferences. This system

provides instant and contextually relevant POI recommendations.

Wang et al. [103|proposes a trust-enhanced collaborative filtering (TCF) approach for
personalized Point-of-Interest (POI) recommendation. By integrating trust
relationships into the traditional collaborative filtering framework with geographic
influences and temporal influence for POI recommendation, this model outperforms

traditional approaches in terms of precision and recall.

Finally, Zhang et al. [104] introduced a personalized geographic influence model that
integrates not only the distance between locations but also each user's specific

geographic preferences, enabling further personalization of recommendations.
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Table 2.4 presents a comparative summary of the major contributions in this area,

highlighting the techniques used, the types of data leveraged, and the benefits brought

by each method.

Table 2.4 Spatio-Temporal and Geo-Social Approaches for POI RS in LBSNs

Author(s) | Model/Approach | Integrated Factors | Main Contribution
Capturing user behavior over
Chen et al. | Spatio-temporal
Spatial, temporal time and space to refine
[98] model
recommendations.
Improving recommendations by
Ding, Chen | Integrated spatio- considering geographical
Spatial, temporal
et Li [99] |temporal distance proximity and temporal
preferences.
Pairwise ranking Better ranking of POIs through
Gao et al.
based on geo-social Spatial, social the integration of social
[100]
correlations relationships and geolocation.
STPR (Spatio- Personalized prediction of the
Huang et al. Spatial, temporal, user
Temporal and next POI to visit, surpassing
[101] intention
Preference Ranking) classical methods.
Jiao et al. |R2SIGTP (Real-time A dynamic system that adapts to
Spatial, temporal
[102] Recommendation) changing user preferences.
Trust, geographic Finer recommendations based on
Wang et al. | Contextual POI
influence and temporal| the specific contexts of each
[103] model
influence location.
Personalized
Zhang et al. Geographical distance, | Integration of geographical
geographical influence
[104] user preferences preferences unique to each user.
model
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2.5.4 Discussions:

Previous studies clearly illustrate the evolution of point-of-interest (POI)
recommendation techniques within Location-Based Social Networks (LBSNs), with a
clear shift towards advanced models based on deep learning and graph-based
architectures. While earlier approaches primarily focused on check-in data, recent
research has expanded the scope by integrating the semantics of geographic

correlations, as well as encoder-based architectures.

Among the most representative models, BayMAN (Bayes-enhanced Multi-view
Attention Networks) stands out for its simultaneous use of semantics, geographic
distance, and individual preferences. By constructing multi-view graphs of POls, this
model enhances the understanding of complex relationships between places while

mitigating the impact of unreliable check-in data.

In a similar vein, MERec (Meta-learning Enhanced POI Recommendation) introduces
a dual-encoder mechanism, combining a category-level encoder for common user
behaviors and a POl-level encoder to capture transitions specific to urban journeys.
This strategy strengthens the model's predictive ability for the next recommended

location.

Continuing in this direction, the TARE (Event-Based Probabilistic Embedding) model,
proposed by Zhang et al., focuses on capturing geographic influences through check-in
activities localized within specific regions. By jointly integrating temporal, geographic,
and semantic factors, this approach demonstrates strong performance compared to

existing state-of-the-art models.

These advancements confirm the importance of considering a variety of contextual
factors spatial, temporal, social, and textual to improve the relevance and accuracy of
recommendations. However, it is noteworthy that, to date, no approach seems to fully

leverage the combination of POI visitation and the similarity of user trajectories. This
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gap represents a promising research direction, particularly in urban environments where

movement trajectories reveal rich implicit preferences.

2.6 Conclusion

In conclusion, this chapter highlighted the various challenges and techniques associated
with POI recommendation in Location-Based Social Networks (LBSNs), particularly
the issues of data sparsity, POI heterogeneity, and the contextual and temporal factors
involved. While existing solutions are effective in certain contexts, they still struggle
to provide fully context-aware and relevant recommendations, particularly when it
comes to simultaneously considering the geographic and temporal characteristics of

users.

In this regard, the thesis presents an innovative contribution in the following chapter
by introducing a novel similarity measure that explicitly incorporates the
spatiotemporal context of users and the similarity of their visit trajectories. This
approach allows for a more accurate capture of user interactions within LBSNs,

ultimately enhancing the precision of POI recommendations.
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Chaptre 3 The SPPUR model

3.1 Introduction

This chapter presents our SPPUR, (Similarity of Paths and the Proximity of Users for
Recommending POIs) model, a new approach to POI recommendation that integrates
both historical check-ins and user journeys in location-based social networks (LBSNs)
[105]. While traditional recommendation systems focus mainly on individual check-ins,
our model also exploits visit sequences between POIs to better capture actual tourist
behavior. We first formulate the problem by highlighting the limitations of existing
approaches, notably their inability to account for complete user journeys and
geographical proximities. Next, we detail the SPPUR-based recommendation process,
illustrated by a concrete example, before formally describing our model, which combines
an adaptation of the TF-IDF technique with a geographical similarity measure.
Experimental validation, carried out on real Foursquare data, compares three variants
of SPPUR with each other and with other conventional similarity measures, using

standard metrics (PRECISION, RAPPEL, MAP, NDCQG).

3.2 Problem definition

The rapid urbanization of cities has led to an explosion in the number of points of
interest (POIs), including restaurants, hotels, museums and other places frequented by
tourists. At the same time, the intensive use of location-based social networks (LBSNs),
such as Geolife, Facebook, Gowalla, or Foursquare, is capturing in detail user behavior
and their current and future needs. In this context, POIs' recommendation systems

(RS) play a crucial role in offering personalized services to new tourists on their travels.

Among recommendation methods, user-centered collaborative filtering (CF) is widely

used due to its simplicity and effectiveness. This approach is based on two key steps:
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- The selection of users most similar to the active user, based on their past interactions

with POls.
- Predicting check-ins for unvisited POls, by exploiting the preferences of similar users.

However, the quality of FC-generated recommendations is highly dependent on the
similarity measure used to assess relationships between users. A poorly adapted
measure can lead to inaccurate predictions, negatively impacting the user experience.
Although several similarity measures (e.g. cosine, Pearson) are commonly used in the
literature, few of them incorporate essential dimensions such as path similarity and

geographical closeness between users and POls.

Moreover, POI recommendation systems in LBSNs face major challenges:

- Data sparsity: Users visit only a tiny fraction of available POIs, making user-POI

matrices extremely hollow.

- Cold start: New users or POIs lack interaction history, limiting the ability of models

to provide relevant recommendations.

To answer this question: How can we design a similarity measure capable of capturing
both behavioral and geographic similarities between users, in order to provide accurate
POI recommendations that are robust to the problems of data scarcity and cold start?

We have designed a new similarity measure that integrates two key dimensions:
- The similarity of user paths, taking into account visit sequences.

- Geographical similarity between users and their POIs of departure and arrival.

3.3 Problem Formulation

To address the issue outlined in Section 3.1, we propose a novel similarity measure

named SPPUR (Similarity of Paths and the Proximity of Users for Recommending
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POls), inspired by the TF-IDF technique [106]. This measure is specifically designed
to capture both the similarity of user trajectories and their geographic proximity to

visited POlIs, leveraging check-in data and the sequential order of visits.

To present our approach in a clear and structured manner, we divide the explanation

into three main steps:

» Definition of similarity computation formulas: We introduce the equations used
to assess relationships between users, taking into account their travel patterns

and geographical proximity.

» Prediction based on similarity scores: Once the similarity values are computed,

we describe how they are used to predict potential check-ins for active users.

» Practical illustration: Through a concrete example, we demonstrate how the
SPPUR similarity matrix is derived from the User-POI-check-in matrix, by

applying the previously defined formulas.

3.3.1 Recommendation Process Based on the SPPUR

Similarity

In this subsection, we compute the SPPUR similarity using three types of similarity
measures. The first type accounts for user preferences based on their POI check-ins
observed along their trajectories. The second and third types focus exclusively on users’
choices of departure and arrival points. These three similarity components are then
combined to form the final SPPUR similarity measure. This composite similarity is
subsequently used to compute predictions that support the POI recommendation

process.

3.3.1.1 User—User Similarity Based on POI Paths

In the following, we focus on user profiles inferred from tourist check-ins and their
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corresponding POI trajectories. We hypothesize that the similarity between users can
be deduced from the resemblance between the sequences of POlIs visited during their
trips. Each user profile is thus represented as a sequence of character strings encoding

the ordered list of POIs visited.

Accordingly, the similarity between two users can be computed by adapting the TF-
IDF (Term Frequency-Inverse Document Frequency) technique [21, 107]|to the domain
of smart tourism. In this context : (1) each term is mapped to a POI, and (2) each
trajectory of visited POIls is treated as a document. This adaptation enables us to
evaluate the importance of individual POIs (terms) within the travel paths (documents)

of various users.

To this end, we first compute the frequency of each POI within a user's profile (Formula
3.1). Next, we assess the global significance of each POI by measuring the number of
users who have visited it (Formula 3.2). We then derive the weighted score for each
(User, POI) pair using Formula (3.3). Finally, based on these individual scores, we
estimate the similarity between each pair of users using Formula (3.4), as described

below.

A) TF Calculation

To compute the Term Frequency (TF) value for a POI POIi in the profile of a
given user Usera, we rely on the number of times the user has checked into this POI.
The calculation is defined as shown in Formula (3.1) below:

Freq(User,, POI;)

TF(User,, POI;) = Visits(User,)
a

With :

- Freq(User,, POIl;) = Number of check-ins of User, on POI;

- Visits(User,) = Total check-ins of User, on all POIs.
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B) IDF Calculation

To assess the global importance of a given POIi, we compute its Inverse Document
Frequency (IDF) using the logarithm of the ratio between the total number of users

and the number of users who have visited POIi, as shown in Formula (3.2) below:

NUsers

IDF(POI;) = _—
(POI,) = log x POI;(users)

(3.2)

With:
- NUsers = Total number of Users

- POI;(users) = Number of Users who visited POI;
C) TF-IDF Calculation

To determine the relevance of a POI; for a given user Usera relative to all POIs and
users, we compute the TF-IDF score for each (Usera, POI;) pair using Formula (3.3)

below :

TFIDF (User,, POIL;) = TF(User,, POI,) X IDF(POI,)

D) Simpath Similarity Calculation

The TF-IDF scores computed in Formula (3.3) are then used to define the trajectory-
based similarity denoted as Simpqm between each pair of users. This similarity is

calculated according to Formula (3.4) below:

Yie/(TFIDF (user,, POI;) X TFIDF (usery, POI,))

Simyqen (user,, usery) =

- = (34)
\/ZiE,(TFIDF(usera,POIi)) X JZiE,(TFIDF(userb,POIi))

Where:

— I represent the set of POIs visited by user, and users.
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3.3.1.2 User—User Similarity Based on Starting POI

We posit that two users Usera and Userb are similar if their respective first visited
POIs are geographically close. Accordingly, their departure-based similarity,

denoted as Simstart , can be estimated using Formula (3.5) below:

1
1 + dists g (user,, usery)

Simgiqri(user,, usery) = (3.5)

Where:

—  distsart(usery, usery ) represent the distance between the two users user, et usery

based on their initial locations, which depend on the first POIs they visited.
3.3.1.3 User—User Similarity Based on Final POI

Similarly, we assume that two users a and b are similar if their last visited POIs are

located near each other. The arrival-based similarity, denoted as Simend , is

computed using Formula (3.6) below:

1
1 + distpq(user,, usery)

Sim,,q(user,, usery) = (3.6)

Where:

—  distenq(usery, usery ) represent the distance between the two users user, et

usery based on their final locations, which depend on their last visited POls.

To compute the distance between two POlIs, we used the Haversine formula, a widely

used method in navigation and geographic information systems [108] [109].

Alat
2

Along) (3.7)

) + cos(lat,) - cos(lat,) - sin? ( >

dis = 2r- arcsin\/sinz(
With:
— dis is the distance betweentwoPOlIs(km),
— ris the earth’s radius (6,371 (km)),

— latyand lat, are the latitudes of the POI,
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— long,andg,are the longitudes of the POI,
— Alat = (lat,- laty) is the difference in latitude,

— Along = (long, - long,) is the difference in longitude

3.3.1.4 SPPUR Similarity Formula

To obtain the final SPPUR similarity score between each pair of users, we combine
the three individual similarity components Simpath, Simstart, and Simend using the

combination parameters o, 8, and v, as defined in Formula (3.8) below:

SPPUR =« (Simpath(ua' ub)) + ﬁ(Simstart(ua' ub)) + Y(Simend (ua:ub)) (3.8)

Where:

— o, B, and y are weighting coefficients used to adjust the contribution of each

similarity component,
- o, B,y €[0,1] and o+p+y=1
3.3.1.5 SPPUR Prediction Formula
Once the SPPUR similarity values between users have been computed using Formula

(3.8), the prediction of potential POI visits for a target user is obtained using the

following formula [80].

ZvEU Sim(u: 17) X fv,i

Predict(user,, POI;) = S Sim(w v)

With:
— Uis the set of all users.

— Sim(u,v) is the final similarity (SPPUR) between users « and v.

—  fuiis the visit frequency of user, on POI;

3.3.2 Example of SPPUR similarity calculation

In the following, we calculate SPPUR similarities from Table 1 below, which contains

a dataset of four users and five POls.

72



Chapter 3 : The SPPUR Model

Table 3.1 An example of user-POI frequency matrix

Users | POI; | POI» | POl | POl; | POIs
User; 1 2 0 4 1

Users 3 0 1 0 2
Users 0 0 4 1 6
Usery 3 0 1 0 0

1- Calculation of the TF Value :
To compute the TF value for each pair (Usera, POIi), we use the formula (3.1). For

instance, the TF value for the pair (Userl, POI1) is calculated as follows:
1
TF POl)) = ———=10.12
(Usery, POL) = 1752y = 0125

Similarly, we calculate the rest of the TF pair values as shown in Table 3.2:

Table 3.2 TF score matrix

TF | POI, | POIL: | POI; | POI; | POI;
User; | 0.125] 025 | 0 | 0.5 |0.125
Userz| 0.5 | 0 |0.166| 0 |0.333
Users| 0 0 |0.363] 0.09 | 0.545
User;| 075 | 0 | 025 | 0 0

2- Calculating the IDF value :

To calculate the IDF value of each POI, we use formula (3.2). For example, the IDF

value of POI1 is calculated as follows:
IDF(POL,) = log,(%/4) = 0.415

In the same way, we calculate the other IDF values of the POIs as shown in Table 3.3

Table 3.3 IDF score matrix

POI; | POI»| POIs| POI; | POIs
IDF | 0415 | 2 |0.415 1 0.415

3- Calculating the TF-IDF value :

To calculate the TFI-DF value of each pair (Usera,POli), we use formula (3.3). For

example, the TFI-DF value of this pair (Userl, POI1) is calculated as follows:
TFIDF (Usery, POl,) = TF(Usery, POIL,) x IDF(POI,) = 0.051
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In the same way, we calculate the other values of the TF pairs as shown in Table 3.4:

Table 3.4 TF-IDF score matrix

TF-IDF | POI; | POI»| POIs | POl | POIs
User; 0.051| 0.5 0 0.5 |0.051
Users 0.207 | 0 |0.069 0 0.138
Users 0 0 |0.150 | 0.090 | 0.226
User; 0.311 0 [0.103 0 0

4- Calculating STMpath_similarity :

Finally, to calculate the simpath similarity between each pair (Usera, Userb), we use
formula (3.4). For example, the simpath value between Userl and User2 is calculated

as follows:

(0.051 X 0.207) + (0.5 x 0) + (0 X 0.069) + (0.5 x 0) + (0.051 x 0.138)

Sim,,,, (User,, User,) =
path ! 2 J(0.051)Z + (0.5)2 + (0.5)2 + (0.051)2 x /(0.207)2 + (0.069)2 + (0.138)2

Simy,q, (Usery, User,) = 0.0975

In the same way, we calculate the other similarity values between the different user
pairs, as shown in Table 3.5:

Table 3.5 Simpath matrix

Simpath | User; | Users | Users | Usery
User; 1 0.0975 | 0.2805 | 0.0692
Userz |0.0975 1 0.5624 | 0.8452
Users | 0.2805 | 0.5624 1 0.1664
User; | 0.0692 1 0.1664 1

5- Calculating Simstart and Simend similarities:

Considering the scenario described in Figure 3.1 and Figure 3.2, user 1 and user 2 have

POI1/POI3 as starting points and POI4/POI; as arrival points.

Usert

b |
>

POI4 |

PO | _POL ~< _ POL

First check-in SR St Last check-in

Figure 3.1 path taken by user 1
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User2
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Figure 3.2 path taken by user 2
Based on the POI distance matrix (see Table 3.6), which describes the different

distances between POI pairs calculated using formula (3.7), we can deduce the Simstart
and Simenq similarities between each user pair using formulas (3.5) and (3.6)

respectively.

Table 3.6 POIs distance

POI; | POI, | POIs | POI; | POIs
POI; 0 1 6 3 2
POI 1 0 2 5 5
POI3 6 2 0 1 3
POI, 3 5 1 0 2
POI5 2 5 3 2 0

For example, to calculate the Simstart similarity between userl and user2, we use

formula 3.5 as shown below:
1 1 1

1+ dist,.,;(usery, usery) 1+ dist(POI;, POl;) 1+ 6

Simgpqrc(user;, user,) =
Simgiqre(user;, user,) =0.1428

Furthermore, to calculate the Simend similarity between useri and users, we use formula

3.6 as shown below:

1 1 1
1+ dist,,q(user;,user,) 1+ dist(POI,,POL;) 1+ 3

Simgpq(user;, user,) =

SiMmgenq(user;, user,) = 0.25
Similarly, we calculate the rest of the Simend similarity and Simstart similarity values

between the different user pairs, as shown in Tables 3.7 and 3.8:
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Table 3.7 Simstart matrix

Simstart | User; Users | Users | User
User; 1 0.1428 0.25 1
Users 0.1428 1 0.5 0.1428
Users 0.25 0.5 1 0.25
User; 1 0.1428 0.25 1

Table 3.8 Simend matrix

Simend | User; Users Users Usery
User; 1 0.25 0.5 0.333
Users 0.25 1 0.1428 | 0.333
Users 0.5 0.1428 1 0.25
User; 0.333 0.333 0.25 1

6- Calculating SPPUR similarity :

Finally, to calculate SPPUR similarity, we use formula (3.8). For example, the SPPUR
similarity between user 1 and user 2 can be deduced using the following formula :

SPPUR(usery, user,) = a (Simpath(userl,userz)) + [?(Simsmrt(userl, userz)) + y(Simend (usery, userz))

For example, for the values o = 0.5, B = 0.25 et v = 0.25, we get the result below:
SPPUR((user;,user;) = 0.5 X (0.0975) + 0.25 x (0.1428) + 0.25 x (0.25)
SPPUR(usery,user,) = 0.1469

Similarly, we calculate the other SPPUR similarity values between the different user

pairs as shown in Table 3.9:

Table 3.9 SPPUR matrix

Simend | User; Users Users User;
Useri 1 0.1469 0.3277 0.3679
Users 0.1469 1 0.4419 0.5416
Users 0.3277 0.4419 1 0.2082
Usery 0.3679 0.5416 0.2082 1

SPPUR model Algorithm

In this section, we present a pseudocode for Algorithm 1 below, which will be used to
implement the model named SPPUR. This algorithm is designed to compute the

SPPUR similarities between users and subsequently predict the POIs to be visited.
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Algorithm 1 : SPPUR
Input :R : Users-POlIs Frequency-Matrix ; U : Vector of users ; P : Vector of POlIs ;
TF : Vector of TF value of each pair (user i, POI p); IDF : Vector of IDF value;
FirstP : Vector of the first POI visited for each user ;
LastP : Vector of the last POI visited for each user ;
N : Number of similar users ; NSusers : N most similar users for the target user;
K : Total number of POIs to be recommended ;
Uld : 1d of the target user ; a, f, y : Ajustment value ;
Output :SPPURM : users final similarity matrix ;
PPM : POIs prediction matrix ;
ListRecPOI : List of POIs to be recommended ;
//similarity between users using formula (3.8) ;
for each user U(i) do
for each user U(j) # U(i) do
N=0 ; Di=0, Dj=0 ;
for each POI p do
If ( R(z,p) # 0or R(j,p) # 0) then
— Di + (TF(i,p) x IDF(p) )2
DJ = Dj + (TF(j,p) x IDF(p))’;
N= N+( Di x Dj) ;

USpathM(i,j) = —,
JDiX./Dj
USstartM(i,j) — . :
sta (i) = 1+dist(FirstP(i),FirstP(j))’
.. 1
| USendM(ij) = 1+dist(LastP(i),LastP(j))’

SPPURM(i,j) = a(USpathM(i,j)) + P(USstartM(i,j)) + y(USendM(i,j)) ;
//Select N most similar users for the target user;
NSusers = Descending sorting(SPPURM(i,j), Uld, N) ;
//Prediction computation using formula (3.9) ;
for each user i do
for each POIp do
N=0; D=0 ;
for each NSusers(j) do
\\ N=N-+( SPPURM(i,j) x R(j,p)) ;
D = D + SPPURM(i,j);
.., N
L PPM(i,j) = o
//Select K POIs for the target user;
ListRecPOI = Descending sorting(PPM, Uld, K) ;
return ListRecPOlI ;

3.3.4 Time Complexity Analysis of the SPPUR Algorithm
The time complexity of the SPPUR algorithm can be analyzed by examining its main

computational components :
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A. User Similarity Computation:
The algorithm computes pairwise similarities between all users based on their
interactions with POIs. This involves iterating over each pair of users and, for each

pair, over all POIs. Assuming m users and n POIs, this step has a complexity of :
0(m? * n)

B. Most Similar Users Selection:
For each target user, the algorithm sorts the similarity scores to select the top N

similar users. Sorting m scores for each user leads to a complexity of :
0(m? = log m)

C. Prediction Computation:
For each user and each POI, the algorithm aggregates scores from the IN most similar

users. This results in a complexity of :
O(mxnxN)
If N is considered constant or significantly smaller than m, this step becomes:
O(m=n)

D. Recommendation Ranking:
The algorithm sorts the predicted POIs to select the top K recommendations. For

each user, sorting over n POIs has a complexity of :
O(n = log n)

Thus, for all users :

O(m xn xlogn)

Overall Complexity:
Combining all the components, the total time complexity of the SPPUR algorithm is:

O(m?«n+m?2xlogm+m+nxN+m=nx*logn)

Assuming N is a small constant, the dominant term is :

0(m? * n)
This reflects the quadratic cost in the number of users due to the pairwise similarity

computation, which is typical in user-based collaborative filtering approaches.
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3.4 The SPPUR model

The SPPUR model is based on the SPPUR similarity, which is inspired by the TF-
IDF method. This model leverages the frequency and geographical proximity between
POIs and users to calculate similarities, thereby enabling the prediction of POIs that
may be of interest to new tourists. The main steps of the proposed model are outlined

below:

Step 1: Preprocessing phase: First, from the existing dataset, we construct the User-
POI frequency matrix (see Figure 3.3). Then, we normalize the check-in
frequency of each user into the range [0, 5|. The process of normalization is

described as follow:

5, lf POIf‘req = Maxfreq

POly sy, = 5 X POI (3.10)
Olnfreq T 7T otherwise
Maxgyeq

Where POInfregindicates the normalized frequency value, POlfyeq indicates the real

check-in number of a user, Maxfr.q indicate the largest frequency of a user.

[ Users Userz Users Useryg

| Number of check-ins
(frequency)

0999009

POl POIz POI3 POl4 POI5

Figure 3.3: Transition from the user check-in to the POI frequentation
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Step 2: for the target user (user,), we calculate the TFI-DF score of all pairs
(Userq, POI;), then, we compute the Simpath similarity between the target user
and each other user (Users) by using formula (3.4).

Step 3: After computing the Simpatn, Simstart and Simend, we use the formula (3.8)
to compute the final SPPUR similarity between the target user and the other
users.

Step 4: Next, a list of N most similar users to the target user is selected.

Step 5: Then a prediction is generated by using the formula (3.9).

Step 6: Finally, we recommend a Top K ranked POIs to the target user.

Figure 3.4 illustrates the different steps of our Framework based on the SPPUR model.

<=
Check-ins Dataset

(1 :,': Frequency Matrix

[
[
Construct User-POI I
|
|
|

Preprocessing phase

2 '
E W TN H H i I
g ‘ 2[ Calculate Sim__,, Sim ., and Sim_, } |
§ | '
3| '
8 | ¢ |
Z| Calculate Final |
2 ( Similarity (SPPUR) W*@ '
o ;

oy A
% 4 ,/’I & :5_ /’I

{ led Fhe hmost H Generate Prediction }
similar users

("{3“)[ Top K ranked POls }

Prediction and Recommendation phase

Figure 3.4 SPPUR model Framework
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3.5 Experiments

In this section, we described the Foursquare dataset utilized in our experiments.
Subsequently, we explained the evaluation metrics (PRECISION, RECALL, MAP, and
NDCG) selected to assess the performance of the SPPUR model. Finally, we outlined

our experimental procedure and the associated hyper parameters.

3.5.1 Data Collection

For the implementation of the SPPUR model, we used the Foursquare dataset, which
contains check-ins from tourists associated with Points of Interest (POIs). In our study,
we focused on data from the cities of New York and Tokyo, covering the period from
April 12, 2012, to February 16, 2013. Each record in this dataset includes the check-in
time, the user ID, the POI ID, the POI's longitude, the POI's latitude, and the POI
category ID [110]. Table 3.10 presents a detailed description of the columns in the

Foursquare dataset used in our experiments.

Table 3.10 Dataset used in the experiments

New York
Dataset Tokyo Dataset
Dataset
Users 1083 2293
POIs 38333 61858
Check-ins 227428 573703
3.5.2 Evaluation metrics

To compare the SPPUR model with algorithms based on other types of similarity
existing in the literature, such as Pearson correlation [111] [112], Spearman correlation
[16] [113], Euclidean distance [113], cosine similarity [16], adjusted cosine similarity
[16], Mean Squared Error (MSE or MSD) [111], and Jaccard similarity measure [113],
we employed four evaluation metrics: Precision, Recall, MAP (Mean Average

Precision), and NDCG (Normalized Discounted Cumulative Gain).
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3.5.3 Hyper Parameters settings

The hyper parameters used of all experiments were defined as shown in Table 3.11:

Table 3.11 hyper parameters

Symbol Description
K Number of recommended POIs (Top ranked
POI)
N Number of similar users

%Training set | Dataset used to produce recommendation

%Test set Dataset used on evaluation phase

a, p, y SPUUR similarity adjustment values

To conduct experiments, 80% of the data in the datasets are used as training data,
while 20% are used as testing data to evaluate the accuracy of the methods. We
recommend for each user 5, 10, 15 and 20 top ranked POIs (K=5,10,15,20) by
considering 50 similar users (IN=50). The optimal values of «, f and y are: (a = 0.75,
f = 0.075 et y = 0.175). In addition, experiments were conducted using PHP on a
Windows 11 64-bit operating system with an Intel(R) Core (TM) i5-8th@1.30 GHz

processor and 20 GB RAM.

3.5.4 Experimental procedure

We evaluated the performance of our SPPUR model by comparing it to other
recommendation models using traditional similarity measures such as Pearson's
correlation, Spearman's correlation, Euclidean distance, cosine, adjusted cosine, mean
square error (MSD or MSE) and Jaccard's similarity measure. To do this, we divided
the dataset into a training data and the test data in terms of check-ins. We use 80%
of the check-ins records generated by each user for the training data and the rest for
the test data. After, we use user-based collaborative filtering method to recommend
Top@K (K=5, 10, 15, 20) POIs to each user. Finally, to evaluate the performance of
the algorithm used, we used PRECISION, RECALL, MAP and NDCG. The evaluation

steps are described below:
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1) Divide the Dataset into training data and test.
2) Build the User-POI frequency matrix.
3) For each user:

e (alculate the similarity between the selected user and the other users.

e Select the IN most similar users to the selected user.

e Generateprediction.

e Select K Top-ranked POIs to recommend to the selected user.

e Compute the PRECISION@k, RECALLQk, MAP@k and NDCG@k.
4) Compute the global PRECISION@k, RECALLQk, MAP@k and NDCG®@Qk.

3.6 Results and Discussion

To test the SPPUR model, we utilized two Foursquare datasets: the first dataset
pertains to the city of New York, and the second dataset pertains to the city of Tokyo.
Initially, we compared the different variants of the SPPUR model to identify the one
that yields the best values for the parameters PRECISION, RECALL, MAP, and
NDCG. Subsequently, we compared the best-performing variant of the SPPUR model
with various state-of-the-art models that employ similarity principles for POI
recommendation. Finally, we analyzed and discussed the results obtained during the

evaluation process of the SPPUR model.

3.6.1 Comparison Between the Three Variants of SPPUR

Model

Initially, we assess the performance of each similarity variant proposed within the
SPPUR model. The precision@5, recall@5, MAP@Q5, and NDCG@Q5 scores for these
similarity types are presented in order to determine the optimal similarity measure.
Figure 3.5 and Figure 3.6 compare the values of PRECISION@5, RECALLQS5,
MAP@5, and NDCG@5 for (1) the Simpatn similarity, which is based solely on the POI
paths, (2) the SimStartEnd similarity, which relies only on the start and arrival points
of the visits, and finally, (3) the SPPUR similarity, which combines the Simpatn,

Simgtart, and Simgnq similarities as defined in subsection 3.1. The results of this
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comparison demonstrate that the SPPUR similarity outperforms both the Simpath and
SimStartEnd similarities in terms of PRECISION, RECALL, MAP, and NDCG.
Consequently, we utilize the SPPUR similarity for the SPPUR model, as it also allows
for the adjustment of the combination of the Simpath, SimStart, and SimEnd

similarities through the hyperparameters o, 3, and y.
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Figure 3.5 Comparison of different variants of SPPUR by using New York dataset.
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Figure 3.6 Comparison of different variants of SPPUR by using Tokyo city dataset.
3.6.2 Comparison Between SPPUR Model and Other
Similarity

In the following section, we compare our model based on the SPPUR similarity measure

with other models from the literature that utilize traditional similarity measures, such
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as Pearson correlation, Spearman correlation, Euclidean distance, cosine similarity,
adjusted cosine similarity, mean squared error (MSE or MSD), and the Jaccard
similarity index. This comparison focuses on the parameters of PRECISION, RECALL,

MAP, and NDCG, using the datasets from the city of New York and the city of Tokyo.

Figure 3.7 and Figure 3.9 below illustrate that the PRECISION of all models using
similarity measures decreases as the number of recommended POIs (K) increases.
However, Figure 3.8 and Figure 3.10 demonstrate that RECALL improves as the
number of recommended POIs decreases.

On the other hand, Figure 3.7, Figure 3.8, Figure 3.9, and Figure 3.10 indicate that
the PRECISION and RECALL metrics of the SPPUR model outperform those of other

similarity-based models in both the New York and Tokyo datasets..
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Figure 3.7 PRECISION performance on the New York City data set
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Figure 3.8 RECALL performance on the New York City data set
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Figure 3.9 PRECISION performance on the Tokyo City data set
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Figure 3.10 RECALL performance and the Tokyo City data set

Figures 3.11 and 3.13 presented below demonstrate that the Mean Average Precision
(MAP) of all models utilizing similarity measures decreases as the number of
recommended Points of Interest (POIs) (K) increases. However, Figures 3.12 and 3.14
show that the Normalized Discounted Cumulative Gain (NDCG) increases as the

number of recommended POIs decreases.

On the other hand, Figures 3.11, 3.12, 3.13, and 3.14 indicate that the MAP and NDCG
metrics of the SPPUR model outperform those of other similarity-based models when

applied to the New York and Tokyo datasets.
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Figure 3.11 MAP performance and the New York City data set
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Figure 3.12 NDCG performance and the New York City data set
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Figure 3.13 MAP performance and the Tokyo City data set
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Figure 3.14 NDCG performance and the Tokyo City data set

Finally, the SPPUR similarity measure employed in our model appears to outperform
traditional measures in terms of precision, recall, MAP, and NDCG. These experiments
demonstrate the effectiveness of this novel similarity measure, as evidenced by its

performance on two distinct datasets representing two different cities (New York and

Tokyo).

3.6.3 Results summary

The results presented in subsection 3.6.1 demonstrate that the SPPUR similarity
outperforms other variants (Simpath, SimStart, and SimEnd) in terms of precision,
recall, MAP, and NDCG. Consequently, this similarity measure is selected for the
SPPUR model. In subsection 3.6.2, this model is compared with other models from the
literature that employ traditional similarity measures such as Pearson correlation,
Spearman correlation, Euclidean distance, cosine similarity, adjusted cosine similarity,
mean squared error (MSE or MSD), and Jaccard similarity. This comparison is
conducted using precision, recall, MAP, and NDCG metrics on the New York and
Tokyo datasets. Ultimately, the results confirm the effectiveness of the SPPUR

similarity measure, as it consistently outperformed traditional similarity measures.
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3.6.4 The effect of the neighborhood size in SPPUR model

To examine the effect of the neighborhood size (denoted as N in the algorithm of
subsection 3.3.3) on the performance of the SPPUR model, we recommended the
Top@KPOIs for each user by varying the neighborhood size used in the user-user
similarity calculation. The performance of the SPPUR model is evaluated based on

different neighborhood sizes (V) in terms of precision, recall, MAP, and NDCG. The

results of these evaluations are presented in Table 3.12 below.

Table 3.12 Comparison results on different Number of similar users

New York Dataset Tokyo Dataset

N | PRECISION | RECALL MAP | NDCG | PRECISION | RECALL MAP | NDCG
5 0,229 0,06 0,487 | 0,485 0,419 0,098 |0,651 | 0,566
10 0,249 0,067 0,486 | 0,457 0,418 0,099 | 0,636 | 0,53
20 0,255 0,069 0,466 | 0,406 0,411 0,098 0,62 | 0,497
30 0,257 0,07 0,461 | 0,384 0,401 0,097 0,61 | 0,477
40 0,254 0,07 0,451 | 0,369 0,396 0,096 0,599 | 0,463
50 0,253 0,07 0,449 | 0,36 0,389 0,094 0,588 | 0,449

The results obtained indicate that an increase in the number of neighbors leads to a
decrease in the MAP and NDCG values. This suggests that the selection of the number

of neighbors plays a significant role in the calculation of the SPPUR similarity.

3.6.5 Discussions

In recent years, the rapid development of location-based social networks has
significantly facilitated the tourism activities of individuals. Similarity measures play a
critical role and can have a substantial impact on improving the accuracy of
recommendations for places to visit. In this paper, we propose a novel similarity

measure based on the TF-IDF technique for user-based point of interest (POI)
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recommendation systems. This measure leverages the effectiveness of TF-IDF in the
analysis and utilization of check-ins generated by tourists during their visits to POlIs.
Experimental results demonstrate that the proposed similarity measure enhances the
accuracy of POI recommendation systems utilizing user-based collaborative filtering,
as it outperforms traditional methods. Finally, from a future perspective, we aim to
further improve our approach by incorporating additional contextual factors such as
the semantic characteristics of POlIs, geographical regions, weather conditions, and

seasonal variations.

3.7 Conclusion

This chapter introduced SPPUR, a novel similarity measure for Point of Interest (POI)
recommendation systems, which enhances existing approaches by incorporating both
user check-ins and travel trajectories. Unlike traditional methods that rely solely on
individual visits, our model leverages movement sequences and geographical proximity

to more accurately predict tourists' preferences.

Experiments conducted on the Foursquare dataset validated the effectiveness of
SPPUR, demonstrating a significant improvement in performance compared to
traditional similarity measures (such as Cosine and Pearson). Specifically, our approach
addresses two major challenges in recommendation systems: data sparsity and the cold-
start problem, while maintaining high accuracy as evaluated through metrics like

Precision, Recall, MAP, and NDCG.

The results open several avenues for future work:

e Extension to other contexts: Adapting SPPUR to other types of urban

mobility (e.g., transportation, events).

e Integration of temporal data: Incorporating visit timings to refine

recommendations.

e Optimization of similarity calculation: Reducing algorithmic complexity

for real-time applications.
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4.1 Introduction

This chapter introduces a new model, named IPUMC (Integrating Proximity of Users
in Modified Cosine similarity), which combines the implicit similarity between users
based on their check-ins with their geographic proximity [114]. The goal is to enhance
the relevance of recommendations by considering both users' behavioral preferences
and their spatial context. After defining the problem, we will elaborate on the various
components of the model, including the methods for calculating similarities, before
presenting the IPUMC model itself. An experiment using a real-world dataset will

validate the proposed approach and analyze the obtained results.
4.2 Problem Definition

The rise of Location-Based Social Networks (LBSNs) has generated an increasing
demand for Point of Interest (POI) recommendation systems capable of delivering
relevant and personalized suggestions to users. These systems generally rely on
Collaborative Filtering (CF) techniques, which identify similar users or items by
analyzing past interactions. However, traditional CF methods, such as those based on
Pearson correlation, cosine similarity, or FEuclidean distance, exhibit significant

limitations when applied to LBSNs.

The main issue lies in the inability of conventional similarity measures to capture the
complexity of interactions specific to LBSNs. In particular, these approaches overlook

two crucial dimensions :

» Geographical Dimension : Users tend to frequent POIs that are
geographically close to their current or past locations, a factor that is

insufficiently accounted for in traditional models.
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» Social Dimension : Users’ preferences are often influenced by their social
network, a factor that is either underutilized or treated independently in existing

algorithms.

Moreover, recent approaches attempting to incorporate these dimensions (geographical
and social) often do so in an indirect manner, treating them as auxiliary components
or post-processing steps. This separation undermines the coherence and relevance of
recommendations, especially in dense urban environments where the simultaneous

consideration of these factors is essential.

Therefore, the primary challenge is to design an innovative similarity measure capable
of directly integrating both geographical proximity and social relationships into the
collaborative filtering process. Such a measure would enhance the contextual relevance
of POI recommendations, taking into account not only users' personal preferences but
also their geographic location and social connections. This approach seeks to
outperform traditional methods and address user expectations in complex real-world

scenarios. This chapter aims to achieve three main objectives :

1. Development of a New Similarity Measure Integrating Geographical
Proximity :

This similarity measure combines traditional metrics, such as Pearson correlation and
cosine similarity, with the direct incorporation of geographical proximity between users.
This extension aims to better capture the dynamics specific to location-based social
networks (LBSNs), where user interactions are significantly influenced by their
geographical location. By accounting for both social behaviors (such as ratings or check-
ins) and the spatial distance between individuals, this hybrid measure provides a more

nuanced evaluation of similarity, thereby enhancing the relevance of recommendations.

2. Evaluation of the Effectiveness of This Measure in a CF Framework :

The proposed similarity measure will be implemented within a collaborative filtering-
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based recommendation system to experimentally validate its effectiveness. This will be
done using two real-world datasets from Foursquare, covering densely populated cities

such as New York and Tokyo.

3. Comparison of the New Method's Performance with Classical

Approaches :

To assess the performance of the new similarity measure in comparison to traditional
methods (Pearson correlation, Spearman correlation, cosine similarity), we employ
robust evaluation metrics such as Precision, Recall, F1-Score, Mean Average Precision

(MAP), and Normalized Discounted Cumulative Gain (NDCG).

4.3 Problem Formulation

Our approach focuses on calculating the similarity between users in a Points of Interest
(POI) recommendation system, leveraging their check-in histories and combining two

types of similarity:

» Similarity Based on Check-in History :

This method examines user profiles through their historical visits to POIs. It employs
a specially calibrated version of cosine similarity, adapted to account for visit
frequencies, in order to measure the degree of overlap between the various users' tourist

paths.

» Similarity Based on the Order of Check-ins :

We hypothesize that the similarity between two users can be evaluated based on the
geographical proximity of their first and last check-ins. To formalize this relationship,
we introduce a geographic distance measure (GeoDist) that precisely quantifies this

spatial closeness.

The IPUMC similarity integrates these two measures to produce a hybrid similarity,
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thereby optimizing the recommendation process. The performance of this approach is
evaluated using real-world data (Foursquare, densely populated cities), and is compared
against traditional methods to validate its effectiveness. The following section explains
how behavioral similarity (visit history) and temporal geographic proximity (order of

check-ins) can be combined to make POI recommendations.
4.3.1 User-User Similarity Calculation Based on Check-ins

This section investigates user profiles through their historical tourist check-ins. Our
approach is based on the hypothesis that the similarity between users can be assessed
by analyzing the common Points of Interest (POIs) they visit during their travels. To
quantify this similarity, we use an adapted version of cosine similarity, where (1) each
POI is weighted by its relative visit frequency, and (2) the score is normalized by
dividing the visit frequency of each POI by the total number of visits of the user. This
method enables the establishment of an accurate similarity measure between pairs of

users, according to the following mathematical formulation :

Siet (Weo (P) X Wuyy(P))

MCos(U,,Up) = (4.1)
2 2
JZiEI (W(Ua) (Pi)) X JZiez (W(Ub) (Pi))
Where:
— I represent the set of POIs visited by User, and Usery.
- W(Ua)(Pi) = FTQ(](Ua) P/ Maxfreq(Ua)
4.3.2 Calculation of User-to-User Similarity Based on

Check-in Order

We hypothesize that two users, U, and U, exhibit behavioral similarity when their

starting and ending points (the first and last visited Points of Interest, or POIs) are
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geographically close. This spatial proximity of their trajectories is quantified using our

GeoDist metric, defined as follows:

a B
1+ dis(FP,, FPy) T 1+ dis(LP,, LP,)

GeoDist(U,, Up) =

Where:

- a,fpeE0l]landa+p =1

— dis(FP,, FPp)is the distance between the initial POIs visited by users U, and
Us.

— dis(LP,, LPy)represents the distance between the last POIs visited by users
U, and Uy,

Note that to calculate the distance between two points of interest (POI), we used the
Haversine formula donner ref, which is commonly employed in navigation and

geographical information systems.
4.3.3 Calculating IPUMC similarity

To calculate the IPUMC similarity between each pair of users, we combine the MCos

and GeoDis values using the parameters y and 8, as shown in the equation below.

IPUMC = y(Mcos(ua,ub)) + S(GeoDist(ua,ub)) (4.3)

Where:
- y,0 €[01]andy+6=1

4.3.4 The IPUMC Model

This section provides a detailed description of the IPUMC model’s architecture. It

organizes the primary steps of the recommendation system, which includes the
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integration of IPUMC similarity to assess user affinities. The global architecture of the

system is visualized in Figure 4.1.
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Figure 4.1 The working mechanism of RS using IPUMC model

Algorithm 1 above shows the pseudocode of the IPUMC model :

Algorithm 1: IPUMC Model

Input: R: users-POlIs check-ins matrix, UserID: target user;
Output: ListTopPOI;
Begin
Step 1: Data processing (Transform the user check-ins into a User- POI visit matrix);

Step 2: Compute the similarity between UserID and the other users;

Step 3: Select N the most similar users to UserlD;
Step 4: Generate all POI predictions for the user UserlD;
Step 5: Select top K POls;

Step 6: Return ListTopPOI for UserlD;
End.
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4.4 Experimentation

In this section, we introduce the Foursquare dataset utilized in our experiments,
followed by a detailed explanation of the evaluation metrics (PRECISION, RECALL,
Fl-score, MAP, and NDCG) chosen for performance analysis of IPUMC. The

experimental methodology implemented in this study is also thoroughly described.

4.4.1 Data collection

The implementation of the IPUMC model is based on the Foursquare dataset,
comprising geolocated tourist check-ins on POIs in New York and Tokyo. The detailed

characteristics of this dataset are summarized in Table 4.1.

Table 4.1 Dataset used in the experiments.

New York Dataset | Tokyo Dataset
Users 1083 2293
POIs 38333 61858
Check-ins 227428 573703
4.4.2 Parameters

After conducting extensive experimental tests, the parameters of our system have been
established as follows:

e a=0.6,3=04,y =0.85and 5=0.15 for New York Dataset.
e o=06,3=0.4, y=0.8 and 5=0.2 for Tokyo Dataset.

e N =30and K = [5, 10, 15, 20| for both Datasets.

4.4.3 Experimental Protocol

The performance evaluation of the IPUMC model was conducted by comparing it
against various traditional similarity metrics: Pearson correlation, Spearman
correlation, Euclidean distance, cosine similarity, adjusted cosine similarity, and

Jaccard similarity. The dataset was partitioned into a 70/30 split between the training
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and testing sets, based on the historical user check-ins.

A user-centered collaborative filtering approach was implemented to generate Top@QK

POI recommendations. The comparative analysis relied on the following metrics:

PRECISION, RECALL, F1-score, MAP, and NDCG.

The experimental protocol specified the following:

1. A 70/30 data split (training/testing)
2. Recommendation of the top 5, 10, 15, and 20 POIs

3. Selection of the 30 most similar neighbors for each user.

4.4.4 Results and Discussion

Our model, based on the IPUMC similarity measure, is compared to reference
approaches utilizing traditional measures such as Pearson correlation, Spearman
correlation, Euclidean distance, cosine similarity, adjusted cosine similarity, and
Jaccard similarity. This evaluation is based on standard performance metrics:
PRECISION, RECALL, Fl-score, MAP (Mean Average Precision), and NDCG
(Normalized Discounted Cumulative Gain). The tests were conducted on the New York
and Tokyo datasets to ensure a robust and comparative validation of the model's

performance.
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Figure 4.2 PRECESION performance on New York City
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Figure 4.3 PRECESION performance on Tokyo City
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Figure 4.5 RECALL performance on Tokyo City

Figure 4.2, Figure 4.3 illustrate that the PRECISION values decrease as the number

of recommended POIs (K) increases for both datasets (NYC and Tokyo City). In

99



Chapter 4 : The IPUMC Model

contrast, Figure 4.4 and Figure 4.5 demonstrate that the RECALL values increase with
the number of recommended POIs. Additionally, Figure 4.2, Figure 4.3, Figure 4.4, and
Figure 4.5 indicate that the PRECISION and RECALL achieved with the IPUMC

similarity outperform those of the other metrics across both datasets.
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Figure 4.6 Fl-score performance on New York City

Rdaccard index BSpearman Euclidean FAjusted Cosine

BFearson HCosine &IFPUMC
0,25
02

0,15

F1-Score

01

0,05

0

Top@5s Top@ 10 Top@l5 Top@2d

Tokyo City

Figure 4.7 Fl-score performance on Tokyo City

Figure 4.6 and Figure 4.7 show that F'1 scores increase for all similarity measures as K
increases. It also shows that the F1 score of the IPUMC model is higher than the other

measures in both datasets.

100



Chapter 4 : The IPUMC Model

HJaccard index B Spearman Euclidean mAjusted Cosine

BFearson = Cosine a|PUMC
0,6

05

04

MAP

03

0.2

01

0

Top@5s Top@ld Top@ls Top@20

New York City

Figure 4.8 MAP performance on New York City
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Figure 4.9 MAP performance on Tokyo City

Figure 4.8 and Figure 4.9 illustrate that the MAP values decrease as K increases, while
Figure 4.10 and Figure 4.11 show that the NDCG values rise when the number of

recommended POIs decreases.
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Figure 4.10 NDCG performance on New York City
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Figure 4.11 NDCG performance on Tokyo City

In conclusion, the IPUMC similarity measure, evaluated on the New York and Tokyo
datasets, demonstrated superior performance compared to traditional metrics (Pearson
correlation, Spearman correlation, Euclidean distance, cosine similarity, adjusted cosine
similarity, and Jaccard similarity) in terms of precision, recall, F1 score, MAP, and

NDCG (see Figure 4.2 to Figure 4.11).

4.5 Conclusion

This chapter presented the IPUMC model (Implicit Proximity and User Matching via
Check-ins), a hybrid approach that integrates both implicit similarity between users
and their geographical proximity, aiming to enhance the quality of Point of Interest
(POI) recommendations in location-based social networks. By combining information
derived from check-ins with spatial distances between users, the model succeeds in
better capturing behavioral and contextual affinities.

After clearly defining the problem, we introduced various methods for calculating
similarity, including the order of check-ins, to construct a richer user-to-user proximity
indicator. The experiment conducted on a real-world dataset allowed for an evaluation
of the model’s performance, highlighting a significant improvement compared to

traditional approaches that overlook the geographical dimension.

The results confirm the relevance of integrating spatial proximity into collaborative
filtering mechanisms, paving the way for future improvements, including the
integration of other contextual factors such as time or dynamic preferences. The next
chapter will explore the potential for incorporating more geographical context into

recommendation systems.
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5.1 Introduction

In the continuation of efforts to improve the quality of point-of-interest (POI)
recommendations in location-based social networks (LBSNs), this chapter introduces a
novel model named IUPJS (Implicit User Proximity and Jaccard-based Similarity).
This model is distinctive in that it explicitly incorporates the spatial dimension
specifically, the users' location into the similarity calculation between profiles [115].
Unlike traditional collaborative filtering approaches, which rely solely on interaction
histories (such as ratings or check-ins), the IUPJS method combines implicit behavioral

similarity with geographical proximity to identify users with similar profiles.

The chapter begins with a precise definition of the problem under study, followed by a
mathematical formulation of the proposed method. It then details the process for
calculating IUPJS similarity and the method for predicting recommended POIs. The
structure of the model is formally presented, after which the experimental phase is
introduced, relying on real-world data sourced from Foursquare. The results obtained
are then analyzed using standard evaluation metrics such as precision, recall, F1-score,
MAP, and NDCG. This analysis demonstrates the effectiveness of the TUPJS model
compared to traditional approaches, both in terms of recommendation relevance and

the incorporation of spatial context.
5.2 Problem Definition

With the rapid rise of location-based social networks (LBSNs), point-of-interest (POI)
recommendation systems have become essential for helping users discover new, relevant
locations. These systems primarily rely on users' personal preferences and geographic
proximity to generate tailored recommendations. Among the most widely explored

techniques in this field is collaborative filtering (CF), particularly methods based on
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similarities between users or between items, as illustrated in the figure below.

Tourist2

Visited f_ _’

Jaccard
Cosing

Spearman
Euclidean

Figure 5.1 User-based Collaborative filtering technique

Collaborative filtering based on users is grounded in the assumption that users
exhibiting similar behaviors or preferences can benefit from cross-recommendations.
These systems rely on conventional similarity measures such as Pearson correlation,
cosine similarity, or Euclidean distance, which are computed from user ratings or check-
ins. However, the effectiveness of these approaches is often constrained by their
inability to account for essential contextual factors in Location-Based Social Networks

(LBSNs), such as geographic proximity and social influence between users.

Recent studies have emphasized the importance of incorporating these contextual
dimensions to enhance recommendation relevance. Indeed, users tend to visit locations
that are close to their current or past position, and their choices are frequently
influenced by the behaviors of their social network. Despite these observations, existing
models still often treat geographic and social proximity as secondary information,
failing to integrate them directly into the core similarity calculation.
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5.2.1 Problem Statement

Traditional collaborative filtering models exhibit limitations in geolocated
environments as they do not explicitly account for the spatial and social dimensions
inherent to users. Consequently, it becomes essential to reconsider similarity measures
by incorporating both geographic proximity and behavioral similarity between users,

in order to generate more personalized and context-aware recommendations.

5.2.2 Objectives

In this context, this work proposes a novel similarity measure that combines both
behavioral and geographical dimensions to enhance the quality of Points of Interest
(POI) recommendations. This measure is evaluated using real-world data from
Foursquare and compared to conventional collaborative filtering approaches that
employ standard similarity measures (Pearson, cosine, Jaccard, etc.), based on metrics

such as precision, recall, F1-score, MAP, and NDCG.

5.3 Problem Formulation

This section outlines the methodology for calculating the IUPJS similarity measure,
which is based on users' check-in history, and its application in predicting Points of
Interest (POIs). In this context, the formulas used to compute this similarity are
explained in detail, along with those employed to generate predictions from the

similarity scores obtained.

5.3.1 Calculation of the ITUPJS Similarity

The TUPJS similarity measure is constructed by combining two complementary types
of similarity. The first, inspired by the Jaccard index, quantifies and normalizes the
degree of overlap between the sets of POIs visited by users. The second type is based
exclusively on initial check-ins, reflecting users' initial choices at the start of their
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journeys. These two measures are then integrated to produce an overall similarity,
referred to as IUPJS, which forms the foundation for the prediction process within the

POI recommendation system.

This approach relies on analyzing user profiles constructed from their check-in histories
during their tourist visits. The central hypothesis is that the similarity between two
users can be assessed based on the overlap of locations they have visited. Thus,
similarity is calculated using the Jaccard index, applied to the sets of POIs. The

formulas for measuring this similarity between two users are presented below :

|Ia n Ibl
IUP]S(ug,up) = a X ———+ (1 — a) X GeoF (ug, up) (5.1)
|Ia U Ibl
Where,
GeoF ( )= ! +6 !
eof (Ua ) = B 1+ First(ug, up) 1+ Last(ug, up) (5.2)
With:

e [, and I}, : sets of pois visited by users u and u;, respectively.

e (GeoF(ug, up) : geographic influence component between uzand uy,.

e First(u,, up): euclidean distance between the first pois visited by uzand uy,.
e Last(uy, up): euclidean distance between the last pois visited by uzand u,.
e a€|0,1], B,6€[0,1], and B + & = 1: balances the contributions of shared

preferences and geographic influence

5.3.2 Prediction calculation

To calculate POI predictions, we used the prediction formula below [80]. This formula

is based on the ITUPJS similarity.

Z‘UEU Sim(u,v) X fv,i

Predict(user,, POI;) = S Sim(u, v)

(5.3)
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Where :

- U represents the set of users,
- Sim(u,v) denotes the final similarity (IUPJS) between users u and v,

- fv,i is the number of visits by user v to POIi.
5.4 The IUPJS Model

The IUPJS model is a recommendation process based on a series of structured steps :

First, a User-POI matrix is constructed from the check-in dataset, representing the
interactions between users and the places they visit. Once this matrix is established, it
is appropriately partitioned to distinguish between training and testing sets. For a
given target user, the TUPJS similarity scores are then computed for all pairs by
comparing the target user's profile with those of other users. Based on this, a list of
the N most similar users is identified. Predictions for POIs likely to interest the target
user are then generated. Finally, a list of the K most relevant points of interest is

presented, constituting the final recommendation.

-‘-"‘"\ ?
[ ] "" f’@ o,
—_POIi g,
H H e
- -r———“/# Pou I." Q Q L ER

H il 9 -
v V TopK F"DIST

{Jaccam } +[ e J - preacion |8

IUPJS Module
Figure 5.2 The main steps of the IUPJS model

Select N
Similar users

The main steps of the ITUPJS model can be summarized as follows :

Step 1 : Constructing a User-POI matrix based on the check-in dataset.

Step 2 : Proper partitioning of the User-POI matrix after its construction.
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Step 3 : For the target user ua, compute the ITUPJS scores for all pairs (ua, up).
Step 4 : Identifying a list of the IN most similar users.
Step 5 : Generating predictions using Equation (5.3).

Step 6 : Recommend to the target user a list of the K most relevant POls.

5.5 Experiments and Results

This section presents the Foursquare dataset used for the experiment, followed by a
detailed description of the evaluation metrics namely PRECISION, RECALL, F1-score,

MAP, and NDCG which are employed to assess the performance of the ITUPJS model.

5.5.1 Data Collection

To evaluate the proposed similarity measure, we utilized a Foursquare check-in dataset
collected in the city of Tokyo [110]. This dataset exhibits a high level of sparsity, with
users having visited only a small fraction of the available Points of Interest (POISs).

Table 5.1 summarizes the key characteristics of the dataset used.

Table 5.1 Foursquare Dataset (Tokyo city)

Dataset Tokyo Dataset
Users 2293
POlIs 61858
Check-ins 573703
Sparsity (%) 99.85
5.5.2 Comparison with Basic Approaches

The performance of our method was evaluated by comparing it with several reference
techniques, which represent classical solutions for similarity and recommendation in
collaborative filtering. Therefore, we contrasted our approach with different widely used
reference methods in recommendation systems based on collaborative filtering and

similarity calculation. These methods can be summarized as follows:

108



Chapter 5 : The IPUMC Model

POP: A baseline model recommending the most popular Points of Interest (POIs)

to users.

e CF-JACC: User-centered collaborative filtering using the Jaccard index, which
measures the overlap of visited POIs between two users, focusing on behavioral

similarity.

e CF-SPEAR: User-centered collaborative filtering using Spearman's similarity, a

rank-based measure that accounts for the ordinal nature of user preferences.

e CF-EUCL: User-centered collaborative filtering using Fuclidean distance, a
measure that quantifies the spatial separation between users' check-in or preference

vectors.

e CF-COS: User-centered collaborative filtering using cosine similarity, which
measures the cosine of the angle between users' feature vectors, regardless of their

magnitude.

5.5.3 Main Hyperparameters

Following a series of rigorous experiments, we have determined the optimal
hyperparameters for our system. The selected values are as follows: a = 0.75, 8 = 0.3,
5 = 0.7, N = 40, and K = [5, 10, 15]. This selection is based on a comparative analysis

aimed at maximizing the model's performance.

5.5.4 Evaluation Protocol

As part of the comparative evaluation of the TUPJS model, we adopted a stringent
experimental protocol. This protocol involves assessing its performance against several
classic similarity algorithms, including Spearman's correlation, Euclidean distance,

cosine similarity, and the Jaccard index. For this analysis, five standard metrics were
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chosen : Precision, Recall, Fl-score, as well as the MAP (Mean Average Precision) and
NDCG (Normalized Discounted Cumulative Gain) measures. This approach enables a

multidimensional evaluation of the relevance and robustness of the proposed model.

5.5.5 Experimentation of Our Evaluation Protocol

To assess the performance of our IUPJS method, we conducted a comparative analysis
with several classical similarity measures, including Pearson correlation, Spearman
correlation, Euclidean distance, cosine similarity, and the Jaccard index. The dataset
was partitioned according to a standard split of 90% for training and 10% for testing.
The methodology employed relies on a user-centered collaborative filtering approach,
with Top@QK recommendations being evaluated using five main metrics: PRECISION,
RECALL, Fl-score, MAP (Mean Average Precision), and NDCG (Normalized
Discounted Cumulative Gain).

This experimental process can be summarized in four main steps:

1) Data Preparation: segmentation of check-ins into training set (90%) and tesset
(10%).

2) Modeling : Construction of the User-POI matrix.

3) Calculation of similarity between users based on the selected measure.
Selection of the 40 nearest neighbors (N) for each target user. Generation of
predictions and extraction of the top K rated POIs (K {5,10,15}). Evaluation metric

calculation for each recommendation.

4) Synthesis: Aggregation of metric results across all users to obtain an overall
performance measure.

Finally, this experiment systematically applied a configuration of 40 similar users

(N=40) and three recommendation lengths (K=5, 10, 15), allowing for a granular

analysis of the impact of the recommendation list size.
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5.6 Results and Discussion

In our experiments with the TUPJS model, we utilized two Foursquare datasets: the
New York dataset and the Tokyo dataset. The IUPJS model was compared to various
baseline models that apply similarity-based methods for POI recommendation. Finally,
we analyzed and discussed the results obtained during the evaluation process of the

TUPJS model.

We compare our model, based on the IUPJS similarity measure, with baseline models
from the literature that use traditional similarity measures such as Pearson correlation,
FEuclidean distance, cosine similarity, and Jaccard similarity. This comparison focuses

on metrics including PRECISION, RECALL, F1-score, MAP, and NDCG, using

the Foursquare dataset from Tokyo.

This analysis highlights the ability of TUPJS to integrate contextual dimensions (both
geographical and behavioral), while outperforming conventional approaches, thus

validating its effectiveness for accurate and personalized POI recommendations.

Figure 5.3 and Figure 5.6 show that PRECISION and M AP decrease as the number
of recommended POIs (K) increases. In contrast, Figure 5.4, Figure 5.5, and Figure 5.7
reveal that RECALL, F1l-score, and NDCG improve as K decreases. Furthermore,
Figure 5.3 to Figure 5.7 clearly demonstrate that the PRECISION, RECALL, F1-
score, MAP, and NDCG parameters of the ITUPJS model consistently outperform

those of other baseline models.
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= POP mCF-JACC mCF-SPEAR
mCF-EUCL CF-COS m|UPJS

PRECISION
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Figure 5.3 PRECISION performances

On the one hand, Figure 5.3, Figure 5.4, Figure 5.5, Figure 5.6, and Figure 5.7
demonstrate that the precision, recall, F1-score, MAP, and NDCG metrics of the IUPJS

model outperform those of the baseline models.
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Figure 5.4 RECALL performances
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Figure 5.5 Fl-score performances
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In conclusion, the TUPJS similarity measure, calculated using the Tokyo dataset, has

shown superior performance compared to the baseline methods in terms of precision,

mPOP mCF-JACC m CF-SPEAR
mCF-EUCL CF-COs m|UPJS
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Figure 5.6 MAP performances
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Figure 5.7 NDCG performances

recall, Fl1-score, MAP, and NDCG.

The experimental results demonstrate that the IUPJS similarity measure significantly
outperforms traditional similarity-based reference methods in terms of performance.
This notable improvement is attributed to its ability to effectively integrate both
geographical influence and historical user check-in behavior into the similarity
calculation. By combining these two critical factors, the IUPJS-based approach
generates recommendations that are both accurate and contextually relevant. This

enhanced capability to simultaneously consider geographical location and user behavior
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history emphasizes its potential to improve user satisfaction through recommendations
better aligned with individual preferences. Such an approach holds particular promise
in areas like smart tourism, where a tourist's location and visit history are crucial for

delivering personalized and meaningful Points of Interest (POI) recommendations.

The results also highlight the superiority of our method, which synergistically combines
geographical proximity and user behavior, compared to traditional approaches that rely
solely on conventional similarity measures. This comparison underscores the
importance of considering contextual factors in order to improve the quality of POI

recommendation systems..

5.7 Conclusion

This chapter introduced and detailed the IUPJS model, an innovative approach to
recommending Points of Interest (POIs) that combines implicit user similarity with
geographical proximity. By integrating these two dimensions into the similarity
calculation, TUPJS addresses the limitations of traditional collaborative filtering
methods, which are often insensitive to the spatial context of users. After defining and
formalizing the problem, we described the methodology for calculating TUPJS
similarity, as well as the prediction formulas used to recommend POIs. An experimental
phase, conducted with real data from Foursquare, allowed for the evaluation of the
model's performance based on several standard metrics. The results highlighted the
superiority of the IUPJS model over traditional approaches, both in terms of accuracy
and the geographical relevance of recommendations. These findings pave the way for
new perspectives in the improvement of contextual recommendation systems, further

exploiting implicit spatial and behavioral dimensions.
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General Conclusion

This thesis is part of an effort to rethink Point of Interest (POI) recommendation

mechanisms by leveraging innovative similarity measures capable of simultaneously

capturing users' preferences and their spatial context. Three major contributions have

been proposed: the SPPUR, IPUMC, and ITUPJS models, each addressing specific

limitations of traditional approaches.

1)

The SPPUR model introduced a similarity measure inspired by the TF-IDF
technique, combining users' movement sequences with their geographical proximity.
Experiments conducted on Foursquare datasets (New York and Tokyo)
demonstrated that SPPUR outperforms traditional methods, particularly in
mitigating data sparsity and cold-start issues. This approach opens promising
perspectives for extending to other types of urban mobility and incorporating

temporal factors.

The IPUMC model proposed a hybrid approach that combines implicit similarity
derived from check-ins with users' geographical proximity. By explicitly integrating
the spatial dimension into the similarity calculation, IPUMC showed a notable
performance improvement over traditional methods such as Pearson correlation and
cosine similarity. This contribution highlights the importance of incorporating

geographical contexts to better capture users' behavioral and contextual affinities.

The TUPJS model further enriched this approach by combining the Jaccard index
with a geographical influence measure based on users' initial and final check-ins.
Experimental results confirmed the superiority of this approach, which generates
recommendations that are both precise and contextually relevant. IUPJS thus
illustrates the potential of recommendation systems to integrate multidimensional

factors to better meet individual users' needs.
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These contributions highlight the importance of integrating contextual factors such as
geographical location, historical behaviors, and social interactions to improve POI

recommendation quality. They also open several research avenues:

1) Integration of additional contextual data: The inclusion of semantic attributes
of POIs (categories, user reviews), regional characteristics (accessibility, cultural

appeal), or weather and temporal conditions could further refine recommendations.

2) Algorithmic optimization: Reducing the complexity of similarity calculations is

essential for enabling real-time applications.

3) Exploration of deep learning techniques: Using machine learning models could
optimize the weighting of various factors (geographical, social, behavioral) for even

more tailored recommendations.

In conclusion, this thesis demonstrates that integrating spatial and behavioral
dimensions into POI recommendation systems represents a major advancement in
improving their relevance and accuracy. This work paves the way for smarter
recommendation systems capable of providing personalized and meaningful suggestions
in complex environments, such as dense urban areas or tourist destinations. It thus
contributes to enhancing the user experience and addressing the challenges posed by

the rise of geolocation technologies.
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