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Abstract

After the turn of the century, there has been a rapid surge in mobile phone adoption and in
the associated evolution of communication technologies. Mobile devices, which were initially
developed to primarily support calling and text messages, are now being used for a wide range of
heterogeneous purposes, such as content sharing, web sur ng, social media, and entertainment.
These services have transformed the daily lives of people in an unprecedented way. With
each newer version of wireless technologies, the ef ciency of the mobile infrastructure has also
improved, henceforth enabling people to engage in bandwidth-intensive activities like watching
on-demand live streaming and handling large uploads to the cloud.

Moreover, in the last decade, there has been a signi cant improvement in the capabilities
of mobile operating systems (OS). The latest variants of major OSes like Android and iOS not
only provide top-notch user experience but also ensure more secure and privacy-aware application
environments for users. This development, along with the ever-increasing speed and reliability
of wireless technologies, has proven to be a thriving ground for larger user bases and application
pools of various categories. Most of these applications are task-speci ¢, allowing the mobile
network operators to not only track the time and locations where users utilize their smartphones
for particular activities but also log the set of applications utilized in various time intervals,
eventually pro ling users with their routine and behavior. Hence, large-scale mobile data provides
an unprecedented opportunity to support the discovery of new knowledge across a range of
domains, including human behavior, demography, sociology, geography, and urbanization.

Despite their prospective impact on a large number of domains, mobile network data are hard
to come by. The sensitivity of the information they provide, the concerns for the privacy of the
data subjects, and the questions on the advantage that they could provide to market competitors
are all reasons why mobile network operators and service providers typically regard the data as
con dential and are not prone to share them with the research community. In this thesis, we rst
address the critical barrier of data unavailability in mobile network research by introducing the
NetMob23 dataset, which provides an unprecedented opportunity for multidisciplinary research.
This dataset captures spatiotemporal mobile application consumption patterns in a developed
country while setting a new standard in accuracy and resolution. Cové8pgpular mobile
services oveR0 metropolitan areas in France, the dataset is geo-referenced at a high resolution
of 100 100m? and spang7 consecutive days i8019
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This dataset enables the feasibility of new research directions in various domains. For
instance, its ne-grained spatial resolution of mobile traf c demands for various applications
allows the development of ef cient models for synthetic traf ¢ data generation, the design of
real-time models for predicting network traf ¢, exploring network slicing, and studying network
performance. Going beyond the network domain, this dataset allows socio-demographic analyses,
such as characterizing neighborhoods by studying how application usage correlates with income
levels. In this thesis, we leverage various datasets, includin¢iilob23 dataset, to perform
analyses in the context of social and network science.

First, we utilize theNetMob23 dataset to explore the behavior of urban residents through
factor analysis, uncovering recurrent patterns of mobile traf ¢ across dimensions of space, time,
and services. By linking these patterns to urban fabiies, combinations of infrastructure
and social characteristics, we establish connections between city landscapes and the mobile
application consumption they generate. This analysis provides novel insights into the interplay
between mobile demands and urban dynamics, including how economic status in uences the
adoption of speci ¢ applications and the diversity of mobile service usage in metropolitan areas.

We further proceed to investigate imbalances in mobile service consumption across France,
uncovering trends over multiple years of data spanning various wireless technology migrations.
Key ndings reveal that per-capita mobile traf c consumption follows a power law with local
population size, indicating higher usage in larger urban areas. This emergent behavior highlights
the existence of a consumption-based digital divide, which has widened steadily b&ekn
and 2019in France. We demonstrate that these divides are not attributable to confounding
factors such as broadband coverage, socioeconomic status, commuting, or age, offering a deeper
understanding of digital inequality in developed nations. We also nd out that the digital divide is
sensitive to changes in urban dynamics. For instance, we showcase that it is indirectly mitigated
to a signi cant extent by the containment measures enacted to combat COVID-19.

Finally, we examine 5G adoption across spatial, temporal, and service dimensions using
large-scale measurement data collected across France in 2023. We characterize the impact
of 5G technology on aggregate traf ¢ and individual services, revealing spatial and temporal
uctuations in 5G demand and links between socioeconomic status and 5G consumption patterns.
Our ndings provide actionable insights into the adoption and usage of emerging technologies,
emphasizing the nuanced relationships between technology, urban spaces, and user behavior.

Overall, this thesis makes contributions by delivering a novel representative dataset, revealing
the interplay between mobile data consumption and urban fabrics, uncovering urban and digital
inequalities, and providing a comprehensive understanding of the evolution of mobile service
dynamics and 5G adoption in metropolitan areas.
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Introduction

Mobile broadband communication technologies are among the most signi cant innovations
of our era [12]. Rapid advancement in this eld has made mobile devices an integral part of our
lives, playing a crucial role in providing ubiquitous and high-speed connectivity. Mobile phones,
which were originally developed for voice communication only, have now become indispensable
tools for education, communication, commerce, banking, and entertainment. People rely today
on mobile applications to manage many aspects of their lives, including getting information,
organizing daily personal and professional activities, transportation (private and public), social
life, and entertainment. The large adoption of mobile services has resulted in an explosion in
mobile traf c demand. For instance, at the start of the year 2024, the global population had
exceeded billion [13], and according to the Global Digital Report, approximat&kyl billion
people are using mobile phones, covering ned@percent of the total global population [12].

This mobile data is a valuable and unprecedented resource for various research communities.
Mobile data can be leveraged to perform analyses of mobility patterns [14-18], social
interactions [19], explorations of transportation systems [20], estimates of static and dynamic
population density [21-24], predictions of poverty [25, 26], socioeconomic inequality [27, 28],
digital divides [5], urban transformation [29], and, pollution [30]. Hence, mobile traf ¢ analysis
has become a rapidly emerging eld encompassing various disciplines. Massive traf ¢ datasets
collected by Mobile Network Operator (MNO) are helping to improve our understanding of
large-scale human-centric phenomena and design solutions to address issues they reveal. Mobile
devices interact continuously with the network infrastructure, generating georeferenced data that
operators log for tasks like billing and resource management. This extensive data collection
provides a unique opportunity to monitor a large population at minimal cost, an advantage that
remains unmatched by any other technology.

In this thesis, we take advantage of mobile datasets for learning human behavior patterns
across different geographical regions. Speci cally, we focus our study on the consumption
of mobile traf ¢ at different urbanization levels with the aim of understanding how different
segments of society use mobile services and the factors that contribute to variations in their
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consumption. Additionally, we examine how these segments are affected by the rollout of new
Radio Access Technology (RAT). Such studies provide very valuable insights into rural and urban
dynamics of mobile traf c demand.

Mobile network data is dif cult to access publicly due to users' privacy concerns. Moreover,
most available datasets use legacy Voronoi tessellation to map the network data to the population,
which induces bias in the inferred user positions. In this thesis, we introdudeeitdob23
dataset, a service-level spatiotemporal of mobile traf c demands in a developed country, France,
with unprecedented spatial accuracy and resolution. This rich mobile dataset enables novel
research avenues like real-time traf ¢ analysis and application-level user behaviors with highly
improved precision.

We leverage th&letMob23 dataset to conduct distinctive work in the domain of urban study.

In particular, we employ Exploratory Factor Analysis (EFA) [31, 32] onMetMob23 dataset

to pro le the land use of metropolitan areas and provide intriguing insights that relate mobile
demands to urban fabrics as the entanglement of mobile applications with real-world life is
especially strong in dense urban areas, where individuals are known to make substantially higher
use of such technologies [5]. Furthermore, we propose a quantitative model to understand the
disparity in mobile demand usage among different regions of a country. We explore various
socioeconomic confounding factors to understand the causes of this disparity in usage across
cities, suburban areas, and the countryside. Finally, we investigate the changes in mobile data
usage patterns of individuals with the roll-out of emerging technologies such as 5G in different
urbanization levels in the entire country. We offer an in-depth analysis of 5G's impact on mobile
usage, spatiotemporal traf ¢ dynamics, and service demands.

Overall, this thesis provides a deeper understanding of the implications of mobile technology
on societal dynamics, offering a pragmatic perspective for policymakers, MNOs, and researchers.
The conclusions gained from this study are important to address the challenges and opportunities
associated with the rapid evolution of mobile networks and their impact on diverse populations.

1.1. Research questions

In this thesis, we leverage mobile network data to understand how individuals living across
different regions of the country adapt to and utilize mobile services. Observing the intricate
interplay between mobile technology and human behavior, we can identify four key research
guestions, as shown in Figure 1.1.

Q1. How to obtain representative mobile datasets?The availability of mobile datasets that
could be representative of the requirements for solving real-world problems that cater to
the users is often limited. It is contributed to by several factors, such as users' sensitive
information and the competitive advantages it could offer to market rivals. All these reasons
provoke MNOs and service providers to treat the data as con dential and commit to not
sharing it. This con dentiality restricts the research community, which sti es innovation
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Figure 1.1. Overview of the research questions addressed in the thesis, along with the
corresponding major contributions.

and impedes the veri ability and reproducibility of scienti c ndings. We can leverage
various mobile technologies such as 4G and apply required processing to come up with
datasets that are more dense, detailed, and granular so that they are optimum for analysis.

. What is the relationship between the urban fabric and applications' usage?Human

activities exhibit regular patterns that can be tracked using mobile network data, which
have been shown to re ect these patterns consistently. These patterns are particularly
signi cant in speci ¢ geographical locations and periods of day. We have to investigate
the relationship between the spatiotemporal patterns of mobile application usage and the
underlying urban fabric, which includes physical infrastructure, human activities, and
socio-economic factors. Through this analysis, we can gain insights into how different
land uses in uence mobile behavior and vice versa, enhancing our understanding of urban
dynamics and aiding in better urban planning and resource allocation.

. How does urbanization affect the consumption of mobile services@onsiderable capital

investments and policy rollouts exist to reduce the difference in the ease of access to
digital services globally. Wireless technologies play a key role in extending broadband
connectivity to remote and neglected areas, offering a cost-effective solution for widespread
coverage. We need to investigate the behavior of settlements in various regions while using
mobile services and nd the socio-economic factors contributing to differences in access.
A deep dive into these factors helps us to understand how wireless technology in uences
social equity in digital access and further identi es potential gaps that need to be addressed
to ensure equal opportunities for all communities in the context of mobile service usage.
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Qa.

1.2.

How does the rollout of new wireless technology affect mobile usagelhhere has been
immense growth in wireless technologies, with 5G being a signi cant advancement in this
era. This research seeks to understand how the adoption of 5G technology affects individual
users' behavior. Speci cally, we have to investigate which applications are most commonly
used for 5G and how the usage patterns of 5G differ from those of 4G across various spatial
and temporal dimensions. This is crucial for understanding the impact of technological
advancements on user behavior and infrastructure demands.

Thesis contributions

Next, we detail the contributions that stem from addressing each research question.

1.2.1. Generation of representative mobile datasets

To curb the lack of mobile data, we mark a signi cant advancement by presenting a novel
mobile traf ¢ dataset openly available to the research community as part of a data challenge
organized jointly with theNetMob23 conference [6]. Thé&letMob23 dataset establishes a new
benchmark for the accessibility and usability of mobile network data. The proposed dataset offers
several advantages over previously available publicly accessible mobile datasets as follows:

While previous datasets have largely focused on Call Detail Record (CDR) that only capture
network events associated with voice calls and text messages that are sparse and irregular
over time, theNetMob23 contains information about the data traf c generated by the
mobile devices attached to a modern 4G cellular network, which for the past ten years has
been the vastly predominant way of accessing wireless network services.

The NetMob23 dataset captures traf c in a developed country like France, offering a
different perspective than earlier datasets focusing on developing countries; the data spans
20 metropolitan areas in France, offering the possibility of generalizing analyses and
juxtaposing results across heterogeneous urbanization levels and population densities.
Unlike any dataset previously available to the research community within the framework
of open challenges, thdetMob23 offers rich information about the usage &8 popular

mobile services, which opens signi cant opportunities to understand the consumption of
applications and its implications across research domains.

The original generation process behind MetMob23 dataset makes a major step beyond

the legacy approach of using Voronoi tessellations as a proxy for antenna coverage
and results in a dataset of unprecedented spatial accuracy where the mobile data traf c
information is mapped to more th&@0, 000high-resolution regular grids whose individual
elements spah00 100m? each, for a total of ove440billion data points.
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1.2.2. Interplay between urban fabric and applications’ usage

The penetration of mobile communications speci cally in big cities [5] is so high that it has
become a recognized tool to investigate socio-economic urban phenomena like poverty [25, 26],
inequality [27, 28], or disease transmission [4, 33, 34]. Prompted by these considerations, we
investigate the existence of connections between the spatiotemporal consumption patterns of
mobile applications and the underlyingban fabrics i.e., the entangled blend of physical
infrastructure, human activities, and socio-economic characteristics that combine to determine
the functionality of an urban territory. Our aim is, therefore,ifoidentify recurrent utilization
schemes of one or more mobile applications over space or timdigritk such schemes to the
urban fabric that explains their emergence. This approach lets us establish causal relationships
between the city landscape and the complex mobile service demands it generates, ultimately
revealing why people cling to speci c mobile applications at different times and locations.
To address this, we leverage tiNetMob23 dataset and apply EFA, enabling research on
urban dynamics and land use categorization. This approach provides fresh perspectives on
urban dynamics, facilitating more nuanced and improved analyses of land use patterns and the
socioeconomic characteristics of urban areas. We propose several contributions to meet this need.

= We tailor exploratory factor analysis to the problem of identifying complex recurrent
patterns in the demands for mobile services, which lets us extract hidden behaviors that
affect either a single service or a whole set and that occur over space, time or both
dimensions at once.

= We employ factor analysis tdNetMob23 dataset, capturing the usage of tens of
applications of unprecedented spatial resolution and encompassing multiple urban areas
in a major European country.

= We identify multiple application-speci ¢ spatiotemporal dynamics that occur across all
studied urban areas and link those to precise urban fabrics, unveiling the inherent and
previously unknown connections between the city territory, mobile traf c generated by its
inhabitants, and the commuters coming to the cities.

1.2.3. Effect of urbanization on the consumption of mobile services

The ubiquitous availability of high-speed wireless Internet access granted by 4G and 5G
mobile networks is therefore seen as a critical enabler to help clos#ighal divide between
citizens who have access to global Information and Communication Technology (ICT) resources
and those who do not [35, 36]. However, society is not only facingaess-basedigital divide
or rst-level digital divide, but also aonsumption-basedigital divide also known asecond-
leveldigital divide, which focuses mare on differences in the consumption of mobile services in
terms of quantity and quality rather than their mere availability [37, 38].

In this thesis, we contribute by investigating the presence of consumption-based digital divides
at a national scale in one of the largest countries in Euriopelrance. Speci cally, we consider
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the average volume of traf ¢ generated by individual users in a given geographical area as a
suitable indicator of their level of adoption of (and reliance on) mobile services. We then explore
the existence of consumption-based digital divides in such per-capita mobile data traf c demands
by identifying simple yet accurate laws that explain how the average individual demand varies
across thousands of large metropolitan areas, cities, and towns in the country. Our study hinges
on substantial measurement data collected in the production network of Orange, a major mobile
operator in France, across multiple years fredi4through2021
» We nd that the relationship between the per-capita mobile traf c demand and the number
of inhabitants of an urban settlement in France is well predicted (with a Pearson's
correlation coef cient higher tha@:8) by a power law with an exponent higher than
In other words, there exists amergent behavioaccording to which the larger the city a
mobile subscriber lives in, the higher the mean volume of mobile data he or she consumes.
The law implies a sizable imbalance in the average individual mobile service usage, as
subscribers in densely urbanized areas in the target country can generate demands that are
on averag® those of users in countryside towns.
= The power-law behavior above not only affects the total volume of mobile traf c, but it is
consistent when focusing on speci ¢ mobile services. Namely, we nd that a wide range of
applications, including YouTube, Net ix, Twitter, and Spotify; show the same imbalance
of consumption, although with different intensities.
= We also perform a longitudinal study of the aforementioned phenomenon and show that,
quite surprisingly, it haampli ed over the2014-2019time frame. During such a period,
inhabitants of larger cities have increased their consumption of mobile data trafc at a
faster rate than inhabitants of smaller towns in France. In other words, the imbalance in
mobile service usage was not reduced but kept growing in those years instead. As an
illustrative gure, the average demand by an individual if; @00, 000-inhabitant city has
grown almost26% faster than that of a subscriber living in a townldf 000 inhabitants
in the considered ve-year period. This is rather unexpected in a country that vaunts the
seventh economy worldwide and has embraced governmental strategies to close traditional
ICT accessibility gaps in recent years [39].
= We perform an extensive analysis of potential confounding factors that could contribute to
explaining the growing inequality above. We test a variety of analytical and machine-
learning models that leverage a range of sensible features and yet do not improve our
understanding. In other words, the growth of inequality in mobile service consumption over
time cannot be explained by any of the geographical coverage of the network infrastructure,
the age or income of the local populations, or the commuting of workers to larger cities.
Overall, the robustness of the behavior to such potentially confounding factors supports
the hypothesis that the living environment(, a large conurbation as opposed to a small
village, with the sociological implications that the difference implicates) is the root cause
of the observed imbalance. Therefore, the results corroborate that a consumption-based
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digital divide may affect the French territory.

= Finally, we investigate the impact of a transformative global event such as COVID-19 on
the identi ed divide. To this end, we study different con nement period2d20and2021
and nd that the measures enacted during the pandemic have served as a major leveler for
the inequality in the per-capita traf c demands across the French territory. The outcome is
aligned with sociological studies of the effects of COVID-19 in France, which have revealed
a substantial redistribution of the population across the country during the varied lockdown
and curfew regulations that characterized that interval of time [40].

1.2.4. Impact of the rollout of new wireless technology on mobile usage

With the growing spread of 5G networks globally, understanding their impact on users,
performance, and evolution has become crucial. However, due to the sensitivity of mobile
data and the competitive market, MNOs are reluctant to disclose detailed information about
their strategic approaches or the specic effects of 5G technology on user experience. We
target to address this problem by providing a comprehensive analysis of the characterization
of 5G adoption over space and time, with a strong emphasis on the consumption of individual
services. We reveal how 5G in uences user behavior, changes in service consumption, and the
overall dynamics of mobile traf ¢ in a real-world context. This includes examining how 5G
usage patterns differ from those observed in 4G and understanding the cause of this change. By
addressing these aspects, we provide the following key insights into the adoption of 5G in France.

= The adoption of 5G is still at relatively early stages in France with a low growth rate and
consumption that is very strongly oriented in the main urban areas, although with large
discrepancies within cities.

= High-speed 5G connection impacts services and deviegs (OS versus Android) in
very different ways in terms of usage. It prompts users to use applications much more
intensively, potentially closing the gap with typical usages of xed internet access.

= The fragment of overall mobile traf c contributed by 5G varies over time. It exhibits a
clear circadian rhythm with overnight peaks. These overnight peaks are driven by a subset
of download-intensive applications and consumed in speci ¢ urban neighborhoods.

= The neighborhoods contributing to the aforementioned overnight peak and higher 5G
incidence are generally associated with lower levels of education and income. This
indicates that the local population may use 5G “dongles' as a replacement for the more
expensive ber internet access.

1.3. Thesis outline

The rest of this thesis is structured into six chapters, each addressing a key aspect of the research.
The chapters are organized as follows.
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Chapter 2 discusses the background regarding mobile network architecture and data types
for 3G, 4G, and 5G technologies. We also detail the state-of-the-art leveraging mobile
measurement data and point out the gaps this thesis lls in the literature.

Chapter 3 presents different types of demographic and socio-economic datasets. Here, we
discuss the mobile traf c dataset collection at MNOs, followed by extensive data processing
steps that contributed to the generation of le#Mob23 dataset. Finally, we describe the
ethical considerations to ensure the dataset's compliance with the General Data Protection
Regulation (GDPR). All these contributions are described in my publications [3, 4, 6].
Chapter 4 leverages EFA to exploit thHetMob23 dataset and understand the demand

of mobile traf ¢ across different French cities. Here, we investigate the structures of real-
world mobile demands in the context of urban fabrics. The contributions of this chapter are
described in my publication [1].

Chapter 5 reveals the existence of the consumption-based digital divide at the country
scale. Subsequently, we test various confounding factors to understand the cause and extend
the validation of results with different de nitions of cities to check the robustness of the
proposed model. These contributions are available in my publications [5, 7].

Chapter 6 provides a detailed analysis of the changes in mobile demand across France
due to the rollout of 5G. We conduct this analysis using around three months of data to
understand the evolution of 5G technology across different mobile services and various
types of smartphones. Finally, we correlate it with socio-economic indicators to determine
the cause of the shift in 5G usage. These contributions are described in my publication [2].
Chapter 7 concludes the thesis by summarizing the answers to the questions we pose and
address in this thesis. Finally, we discuss the limitations of the work, along with the short-
term and long-term prospects of this thesis.






Background

There have been exponential advances in wireless technological development recently. This
led to a signi cant increase in mobile users connecting their devices to mobile networks, which
has allowed MNOs to capture data that continues to grow in volume, complexity, and quality.
As a result, MNOs gather diverse datasets generated by users during their daily activities
to enhance and monitor network infrastructure, optimize resource allocation, ensure network
security, understand user mobility patterns, and improve service quality. This data includes call
records, internet usage, and location patterns, all providing valuable insights [11,41,42].

Many types of mobile network datasets, such as signaling data, CDR, user traf c datasets,
etc., enable researchers to conduct studies in interdisciplinary domains to uncover patterns,
behaviors, and previously inaccessible insights. In this thesis, we focus on the data collected
at passive probes of the MNOs infrastructure as it is easier to capture at scale and is relatively
privacy-preserving when compared to active data collection methods involving user devices. The
contributions of this chapter are divided into three sections. First, we discuss mobile network
datasets and present the architecture of the mobile network, describing the technical details of the
major components. In addition, this section also illustrates different types of mobile datasets and
the various probes used for their collection. Next, we provide a detailed overview of state-of-the-
art network analysis using mobile datasets and categorize the relevant subdomains. Finally, we
showcase various domains of social analysis and explore the societal impact of mobile data usage.

2.1. Mobhile network datasets

Wireless devices capture a diverse range of data which spans intra-personal behaviors, such
as call frequency, to interpersonal interactions, including text messages and internet usage. In this
section, we rst illustrate the mobile network architecture as we focus on the mobile data in this
thesis; then, we proceed to the classi cation of data types based on the collection point. Next, we
look at the various mobile datasets available in the literature before nally detailing the need for
an extensive ne-grained countrywide dataset and its collection.
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Figure 2.1: Simpli ed architecture of 3G, 4G, and 5G Non-Standalone.

2.1.1. Mobile network architecture

A mobile network architecture comprises two main blocks, as illustrated in Figure 2.1: the
Radio Access Network (RAN) and the Core Network (CN). The RAN comprises a Base Station
(BS) covering a speci ¢ geographical area that facilitates wireless connectivity to the end-user
equipment. It takes care of the Handover (HO) operation when mobile users move. At the same
time, CN handles the operations for transmitting voice and data between various parts of the RAN
and the external networks, including the Internet. More speci cally, in 2G and 3G, voice and
texting services are handled via Circuit-Switched Core {C8hile IP-based data are managed
by the Packet-Switched (PS) core.

Next, we de ne the major components of the network element of RAN and CN to get a better
understanding of the architecture.

= Radio Network Subsystem (RNB)s a technical term for a base station in 3G. Figure 2.1

illustrates its two componentse., Base Transceiver Station (NodeB) and Radio Network
Controller (RNC), controlling hardware. Here, NodeB provides a physical link between
User Equipment (UE) and the network, whereas RNC manages many NodeB within its
domain and allocates radio resources for ef cient network utilization.

= eNodeB.lt stands for evolved NodeB in LTE or 4G technology. It performs both tasks

associated with NodeB and RNC in 3G. It is more ef cient than NodeB and manages
control and user-plane traf c.

'CS is not shown in Figure 2.1.
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= gNodeB.It is an entity of 5G RAN, performing similar operations to eNodeB in LTE.
In Figure 2.1, we present the case of an Non-Standalone (NSA) 5G network showcasing
gNodeB, where the 5G RAN relies on the CN of 4G LTE for packet-switched data transfer.

= PS core. It is an entity of CN that addresses IP-based data of 3G technology and
handles packet-switched data transfers. It consists of two compomnent$l) Serving
Gateway Support Nodes (SGSN), which take care of the mobility and data sessions of UE
corresponding to its area. (2) Gateway GPRS Support Node (GGSN) is a gateway between
the mobile network and external packet data networks.

= Evolved Packet Core (EPCILis also an element of CN, as already showcased in Figure 2.1,
that addresses the requests in the case of LTE. It consists of three main compiaments,
(1) Mobility Management Entity (MME) that manages signaling and control functions for
mobile devices (2) Serving Gateway (SGW), which performs the task of routing to Packet
Gateway (PGW) in both directions (3) PGW which connects LTE network and external
packet data networks.

2.1.2. Types of mobile networks data

Mobile network data can be classi ed into three major categories [10] based on the collection
point: i) user-side, ii) network-side, and iii) server-side datasets.

User-side datasetsAs illustrated at collection point E of Figure 2.1, user-owned devices generate
substantial data, enabling the collection of network and service-level Key Performance Indicators
(KPIs) directly from the UE. However, these user-side datasets provide a limited and indirect view
of the cellular infrastructure and are typically gathered from a small number of devices—ranging
from tens to a few hundred. This limitation impacts the relevance and validity of these data-
collection efforts. End-user data can be of various types based on the source and the technology
in consideration.

= Network activity.lt takes into account the data related to how users interact with the mobile
network. Itincludes information such as the types of network connections established (e.qg.,
3G, 4G, and 5G), data usage patterns (e.g., amount of data uploaded and downloaded),
and protocols used (e.g., TCP/IP and UDP). For example, Net ix streaming over a mobile
network would generate signi cant data traf ¢ in this category, impacting network load and
user experience [43,44].

= Device usageThis refers to the data regarding device usage by their users. This includes
metrics such as screen time, application usage (e.g., individual app usage), and battery
consumption patterns. Smartphone usage patterns can vary signi cantly depending on
different demographics and geographic regions, potentially in uencing the device's design
and user interface strategies [44].

Network-side datasets.This data is collected by the MNO at their server to perform qualitative
and quantitative analysis to improve mobile network infrastructure. Choosing the right network
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location and KPlIs for a speci ¢ data-driven problem is complex, and this complexity increases
with 5G, where network function virtualization adds another dimension, decoupling functions
from speci ¢ physical equipment. This leads these datasets to fall into various categories, notably.

= CDR. This dataset is collected by Charging Gateway Function (CGF) probes, as shown
at collection point A in Figure 2.1. It is one of the most frequently collected data types
across various generations of RATs and is primarily used for accounting purposes [11].
These records are generated by logging events between any mobile device and the network,
namely phone calls or text messages (SMS, MMS). CDRs capture event details like
timestamps, call durations, operation types, and other technically relevant information [45].
However, CDRs do not track data traf c. With MNOs transitioning to data-oriented services
like Voice over IP (VolP) and messaging applications (e.g., WhatsApp, Telegram, Signal),
CDRs offer an incomplete view of the dynamic patterns of the user, particularly when it
comes to mobile data traf c.

= User traf c. Also referred to as mobile traf c data or mobile data, they represent traf c
consumption associated with a single BS of the network for various mobile applications. It
has become a commonly used data type replacing CDRs. This shift is due to the evolution
of telecommunication protocols and the expanding availability of services, where many
services now operate over internet protocols rather than traditional ones. Consequently,
this information is typically collected by 'Gateway probes' in the network core that run
traf c classi ers on all IP ows, as shown at collection point B of Figure 2.1. When a
mobile app makes a content request, the exchange occurs through communication protocols
like TCP and UDP. Mobile operators can monitor this data ow during Uplink (UL) and
Downlink (DL) connections.

= Signaling datalt points to the collection of signaling events from the network. This is good
from the point of view of the users' privacy, as signaling events have a straightforward
aggregation over spatial units. It is collected through the RNC probes as exempli ed at
collection point C of Figure 2.1, which records passive events between the UE and the
network. The granularity of the data is bounded by the density of the MNO deployment
as the user's position is inferred from the BS they are connected to or handed over to.
Signaling data [46] is mostly used to study user mobility, and it is processed to create
speci ¢ data sets such as OD matrices.

Server-side datasets.Services beyond the core network, primarily on the Internet, represent a
third data source [10], as located at collection point F of Figure 2.1. Numerous routers and servers
on this side can be used by content and service providers to collect information. This approach is
valuable for studies focused on speci ¢ services and is extensively used by major industry players
to optimize their products technically and nancially. However, server-side datasets only provide
information about the upper layers and are unaware of activities on the mobile operator side.

= Social network APIsAs service providers are reluctant to share their data, independent
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datasets can be collected using Application Programming Interfaces (APIs), especially for
social networks like Twitter [47, 48], Google+, and Facebook. The APIs allow researchers
to explore user interactions and community structures. These datasets provide insights into
user behavior and social dynamics, which can be used for both sociological studies and
networking purposes, such as predicting user communication patterns.

= Peer-to-peer (P2P) network®2P networks offer a unique opportunity for data collection
without direct involvement from service providers. In these networks, web crawlers can be
used to explore and map the peers. The collected data includes IP addresses, port numbers,
the number of shared les, and their total size for each discovered peer. This method allows
to study the structure and dynamics of P2P networks, providing insights into le-sharing
behaviors and network topology. The independence from service providers makes P2P
networks a valuable source for unbiased data collection [10].

2.1.3. Public mobile datasets

Focusing on the public availability of mobile datasets concerning 2G, 3G, 4G, and 5G
technologies, very few datasets have been made public, as illustrated in Table 2.1. Most of the
datasets provide information on either the user side or the server side and are also relatively small
in size. Only two publicly available datasets belong to the network side [45,49] which lacks details
on 4G and 5G technologies as well as information about applications-based traf c demand. In
this thesis, we leverage the dataset provided by Orange, which comprises primarily of LTE and
5G data, to Il this gap and provide valuable insights for networks and social domains.

2.1.4. Collection of utilized mobile datasets

Mobile data utilized in this thesis were captured from Orange's production network serving
metropolitan France, covering multiple years and various RATs (2G, 3G, 4G, and 5G NSA).
Mobile network probes, responsible for data collection, are passive devices that monitor and
record data owing through the network core without actively sending signals. These probes,
typically servers connected to access points, observe user-requested data in both UL and DL
directions, along with other operator-generated metrics. The probes monitor key interfaces (Gi,
SGi, Gn) connecting network elements to external Public Data Networks (PDN), capturing traf ¢
from 2G, 3G, and 4G users. We utilized two passive measurement systems that were employed
by Orange to collect the mobile dataset as shown at collection points B and D in Figure 2.1:

= RAN probes. Deployed at S1-MME interfaces, these capture signaling data for both
eNodeBs and gNodeBs, enabling geo-referencing and timestamping of session information.
They monitor signaling events like service requests and handovers, associating each UE
with its serving BS.

= Gateway probes.Tapping the SGi interface of the PGW, these monitor all IP trafc,
extracting session details such as data volume, start/end times, and associated mobile
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Ref | Technology | Date | Collection Type | Multi-Operator | Dataset Size
[50] 2G/3G/AG | 2015| User, Server sides Yes NA
[51] LTE/WiFi 2014 | User, Server sides Yes 393 MB
[52] LTE 2016 User side NA 2GB
[53] 3G/AG 2016 User side NA 1.5MB
[54] LTE 2016 User side NA 384 KB
[55] 3G/4G 2019 User side Yes 729 KB
[56] 2G/3G/AG | 2017 User side Yes 837 KB
[57] LTE 2018 User side Yes 19.8 MB
[58] | LTE/non-LTE | 2018 User side Yes 582 MB
[59] LTE 2020 User side No 451 KB
[60] LTE 2020 User side No 36.94 MB
[61] LTE 2020 User side No 130.9 MB
[62] 5G 2020 User side No 23.5MB
[63] 5G 2020 User side Yes 913 KB
[64] 5G 2020 User side No 1.6 MB
[65] 5G/LTE 2021 User side Yes 6.4 MB
[66] 5G 2022 User side Yes 79.9 MB
[67] 5G/LTE 2022 | User, Network sides No 69.22 MB
[68] 5G/LTE 2022 | User, Server sides No 4.05 MB
[69] 2G/3G/4G | 2016 User side Yes NA
[45] 3G 2015 Network side No 10.8GB
[49] 2G/3G 2018 Network side No 738.7 MB

Table 2.1: Publicity available mobile datasets for different RATs extracted from [10].

services. Mobile service in an IP session is identi ed using deep packet inspection and
proprietary classi ers within the GGSN/PGW probes, ensuring high accuracy for network
management. We further detail this kind of data collection in Chapter 3.

The next aim of this chapter is to highlight the prior user-centric studies that have been done
by leveraging the mobile traf c dataset. This class of studies helps unveil various characteristics
and insights related to mobile phone end-users, covering all aspects from spatiotemporal to
service-level usage. As the mobile dataset can be utilized by various domains, establishing a
structured classi cation of all the prior work is not straightforward. To address this, we reference
the study by [11], which organizes related research into three standardized categories as shown
in Figure 2.2. In this thesis, we focus on particularly two categories, i.e., networking-oriented
analyses and sociology-oriented analyses.

2.2. Networking-oriented analyses

Leveraging large-scale mobile data to perform network analysis offers signi cant potential
for understanding network usage. This knowledge can be used to build predictive models for
future demand for mobile services, create new algorithms to optimize the network, and deploy
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Figure 2.2: Classication of studies in the literature that leverage mobile trafc
measurements [11]. In this thesis, we explore the network and social analysis subdomains.

suf cient infrastructure to enhance the quality of service, thereby improving the ef ciency of
mobile networks for MNOs. As per the study [11], the concept of network analysis can be
broken down into two major sub elds as depicted in Figure 2.2. (1) Characterizing mobile traf ¢
demands, which aims to showcase the traf ¢ dynamics of both the user and the network, and (2)
Investigating emergent technologies that reveal aws and improvement areas of new RATSs.

2.2.1. Characterizing mobile traf c demands

To comprehend the mobile usage patterns of the users, we can examine the demand for traf ¢
in three key dimensiongg., time, space, and applications domains. This helps to capture routine
movements and activities and understand users' behavior. We can also identify patterns that occur
because of unexpected events, such as social events, technical failures, and other anomalies.

Temporal demands. Temporal patterns can be analyzed in a myriad of ways, this can be as
simple as comparing traf ¢ volume across seasons [70] all the way up to calculating statistics on

the number of calls over different periods of time [71]. It helps us to understand that planned and
unplanned events show signi cant uctuations in the temporal characteristics of mobile traf c and
demand. Due to the nature and size of temporal data, analyzing it at increasingly ner granularity
poses several challenges, such as higher computational demands and a decrease in the usefulness
of the insights derived from such analysis. One method for example, is to create a baseline from
historical data and then identify anomalies by agging time slots that show signi cant enough
deviation from the baseline [72]. This method might be useful in the case of detecting outliers but

it does not grant us any insight into hidden patterns.

To solve this problem, more advanced studies tried another approach to decode the complex
hidden structure by pro ling network activity in the time domain [73]. Here, snhapshots of the
demand for mobile traf ¢ across different time slots were clustered; this helped to identify the
time slots with similar spatial traf ¢ patterns. A similar outcome was achieved using spectral
analysis tools, which focused on individual services [74]. These clustering-based approaches are
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reliant on traditional algorithms that force each time slot into a single category, which causes the
data to be scrunched up and lose the subtle variations. This happens when traf ¢ patterns fall in
between different known behaviors. Also, these methods are oblivious to the root causes behind
the exhibited behavior, leaving the interpretation entirely to the system analysts.

Spatial demands.Spatial analysis pertains to the analysis of mobile traf c demand in the spatial
domain,i.e., where the demand exists geographically. This type of analysis is usually used to
build upon the insights that have already been gained from temporal analysis and is achieved by
collecting time series data of mobile traf ¢ across space and then applying clustering algorithms
to the normalized data [22,75-77], thereby characterizing regions based on similar usage patterns
of mobile services. Moreover, to agglomerate and group large statistical regions e.g., countries on
the basis of local mobile data consumption, information theory tools are used [78]. Similarly, in
literature, Eigen decomposition-based signal analysis is used to categorize buildings based upon
Wi-Fi traf ¢ patterns [79]. The problem with these approaches is that they work in very large
areas, leading to the loss of intricate spatial dynamics particular to urban settings or structures.

While using clustering methods for spatial analysis, we usually tend to generate rigid
associations between zones and behaviors without reasoning. They offer no insight into the causes
of the behavior, thereby causing an issue of lack of interpretability, leaving nearly all complex
structures in the mobile traf c demand unexplored. Research from recent times has increasingly
considered both the temporal and spatial domains simultaneously and concurrently in the hopes of
gaining better insights into the intricate hidden patterns. In [31] and [32], factor analysis has been
used to study mobile traf ¢ data using CDR and traf ¢ ows respectively. This clearly shows the
inherent interdependence of space and time in mobile data consumption.

Mobile application-speci ¢ demands. There are also various works in literature that rely on
mobile services demands and their dynamics over space and time to gain a deeper understanding
of user usage of mobile applications and network demand. For example, through the use of
large-scale measurements in mobile networks, [80] comprehend WhatsApp usage's impacts on
MNOs. They nd out that the hosting architecture of the application is exclusively located in the
US (which could impact routing for non-US customers) and that video-sharing content is almost
40%o0f the demand generated by users (which means that treating it as a simple instant messaging
application may lead to incorrect resource allocation). Moreover, [80] shows that the network ow
characteristics depend on the smartphone operating system. Another analysis of mobile network
measurements was performed for WeChat [81], which also led to similar conclusions.

An important category of studied applications is streaming applications. Their popularity has
grown substantially over the past decade, driven by advancements in 4G and subsequent RATS,
leading to a notable increase in their usage within mobile networks. For example, [82] study
the user-side patterns of Net ix, YouTube, and Hulu traf ¢ generated from both Android and iOS
devices. They observe that those services generate many redundant traf ¢ ows, which negatively
affect the mobile network resources. One more category that saw a spike in popularity, leading to
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the studies on their impact, is cloud services [83]. These apps have unique system demands that
heavily utilize the uplink. Applications act in unique ways [84—86] and current network resource
optimization techniques need to consider this uniqueness in their consumption patterns.

All the aforementioned works provide valuable insights from the data collected from different
radio technologies.e., 2G, 3G, and 4G. However, they do not examine the impact of one
technology on another, particularly when an emergent technology is introduced. In Chapter 6,
we explore and compare the demand for 5G mobile traf ¢ with respect to 4G, focusing on spatial,
temporal, and application-speci c dimensions.

2.2.2. Investigating emergent technologies

With the rollout of 5G across the world, it is critical for operators to understand its
performance in the context of how user behavior has changed with the introduction of the
new radio access technology, as well as to evaluate the quality of experience metrics of the
network access. Comprehending these insights becomes critical to magnifying shortcomings
that need to be addressed. Most recent studies have analyzed the deployment and performance
of 5G in two countries: the United States and China. This research mostly centers on UE
measurements, aiming to analyze coverage, latency, energy consumption, or protocol operations
observed at the level of individual 5G devices, typically using 4G as a baseline reference. Also
many of these measurement analyses target particular scenajddSA and Standalone (SA)
deployments [87], multiple operators [63, 88], mmWave communications [66], diverse urban
environments [63], high-speed trains [89] or bus transit system [90].

Some of these research showed signi cant improvements in throughput offered by 5G
compared to 4G. However, they do identify several challenges, such as sub-optimal latency and
increased energy consumption relative to 4G [91], presence of overly aggressive strategies for
reallocating radio resources from 4G to 5G [92], lack of support for high-mobility scenarios [89],
and inef cient resource management policies [88]. While some studies propose solutions to these
aspects [88] or optimize applications for better utilization of 5G features [87], much of the existing
work focuses on client-side measurements.

To date, only a few studies have examined 5G networks from an operator's perspective,
leveraging traf c measurements collected across nationwide, production-grade infrastructures.
Such approaches are essential for analyzing the spatiotemporal demands generated by the entire
user population, a task that is challenging to achieve with smartphone-based measurements alone.
The study [93] uses a UK-based 5G NSA network, examining the impacts of 5G deployment on
the network operator side, aiming to address the temporal evolution of the rollout, the variety
of 5G-enabled devices, and the overall performance of the network. They neglect the spatial
as well as the application-level analysis of 5G usage. To bridge this gap, we introduce a case
study in Chapter 6, which contributes to the literature by providing one of the rst large-scale
country-wide characterizations of the adoption of a 5G production network over space and time
and focuses on individual services.
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2.3. Sociology-oriented analyses

Social analysis used to be limited due to the time-consuming, and resource-intensive task
of collecting relevant social data such as population, age, commuters' information, etc. The
collection process primarily relied on surveys and interviewers' questionnaires, which introduces
biases into the data. Moreover, these methods lacked important attributes, such as dynamic
behavior in the dataset, as they were mostly conducted on a quinquennial basis, such as population
surveys for censuses. The rise of mobile datasets has encouraged their use for addressing social
problems, as they capture the routine activities of millions of individuals concurrently, thereby
becoming an unprecedented proxy for social data.

There are different kinds of social problems addressed using mobile traf ¢ data. Based on
literature [11], we categorize social analysis into three major sub- elds as illustrated in Figure 2.2:

1) Epidemics, where human movements and interactions can be leveraged to understand how
diseases spread and affect populations; 2) Impact of environments on user demands, which
focuses on mobile usage patterns affected by the geographical and social environment of a region;
3) Demographics and user interactions, which focuses on the study of mobile and services' usage
pattern (quantitative view of user interactions with the underlying network) for different groups
(age, gender, ethnicity, etc.) of users residing in various parts of the country(city town or villages).

2.3.1. Epidemics

Mobile data comprises dynamic user attributes, capturing its users' routine activities and
movements. These properties make it a vital resource for performing any movement analysis
of individuals because of epidemic and disease spread. For instance, integrated mobile phone
data with demographic data like census surveys enhances the calibration and precision of general
epidemic models [94], as well as models for specic diseases like Dengue [95]. Moreover,
this dataset allows to conduct ne-grained stochastic simulations of disease spread, such as
Ebola [96] and helps distinguish hubs for Malaria [97]. We can further extend the usage of
mobile network data in understanding the impact of disasters on populations and the subsequent
recovery processes [98]. A comprehensive overview of using mobile phone data to study disaster
events, including hazards and epidemics, is available in Yabe et al. [99].

Very recently, the entire world encountered COVID-19, an event that is analyzed as part of
this thesis. During the initial 2020 lockdown, ISPs in Central Europe experient&% &0 20%
rise in traf ¢, signi cantly higher than usual yearly growth rates. This surge was attributed to
government-mandated restrictions, which caused weekday traf ¢ patterns to resemble weekend
activity [100, 101]. Similarly, in the United States, peak traf ¢ rates increase@®y to 60%
during the rst quarter of 2020 [102]. Online service providers also observed substantial traf ¢
shifts; for example, Facebook reported brief spikes in edge network traf ¢ followed by sustained
growth and noted changes in user behavior, including heightened interest in live streaming
services [103], a 90% reduction in downlink traf c was recorded in university network traf c, due
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to the classes becoming remote; at the same time, uploads grew due to the much more frequent
usage of locally-hosted online teaching platforms [104].

In the case of mobile networks, the overall trend is inverted: restrictions in the UK resulted
in a decrease d24% in downlink mobile data traf ¢ nationwide. Lockdown measures had a
more signi cant impact on cosmopolitan areas, which sad0% drop in mobile data traf c,
whereas rural areas remained relatively unaffected [105]. Mobility metrics based on mobile
network data showed a dramatic decline in population movement across the UK during the rst
two weeks of restrictions, followed by a gradual and uniform recovery. Moreover, city-level
analyses revealed that people tended to relocate from densely populated metropolitan areas to
urban outskirts just before the restrictions were implemented [105]. In France, mobility metrics
demonstrated 65% reduction in both short- and long-distance travel during the initial lockdown,
signi cantly altering rush-hour commuting patterns [40]. Mobile network data also played a
key role in evaluating the impact of reopening schools during the pandemic in France [106].
It also allowed the understanding of how socioeconomic status in uenced population mobility
during the pandemic [107]. Inspired by the impact of COVID-19 on user traf ¢, this thesis in
Chapter 5 explores how COVID-19 has in uenced the growing consumption-based digital divide
in developed countries, focusing on both network usage and service patterns.

2.3.2. Impact of environments on user demands

The geography and social environment of the region signi cantly in uence mobile phone
usage, shaping how individuals communicate, access information, and interact with services.
For instance, studies like [108] employ mobile data to analyze the geographical characteristics
of communities, revealing the spatial distribution of the communities. Also, different levels of
urbanization can make differences in the usage patterns of mobile services between populations
residing in urban and rural areas. Urban users communicate more frequently, while rural users
generally tend to communicate for longer periods [109]. Mobile traf ¢ data has been instrumental
in identifying high-activity areas within cities, correlating traf ¢ patterns with the characteristics
of surrounding urban settings [110]. This has enabled the classi cation of urban neighborhoods
into various categories such as residential, industrial, and recreational zones [76]. Moreover,
mobile data helps with a deeper understanding of urban geographical boundaries [111].

Mobile data has been used to nd potential park accessibility and activity information in
urban areas, such as [112], which uncovers spatial and activity-based inequalities in Shanghai. In
addition, studies have identi ed disparities in park visitation patterns, such as differences in visit
duration and ow, allowing parks to be classi ed according to their environmental factors and
facilities [113]. Furthermore, [114] leverage mobile data to conduct a study in Beijing to estimate
park accessibility for the elderly, analyzing how socioeconomic indicators in uence park access.

Similarly, other studies have focused on land use detection via mobile data [115-120], relating
network traf ¢ to the underlying topography. However, these analyses typically rely on mobile
call and text records, which are particularly suited to distinguishing between land use categories
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such as residential, agricultural, and commercial areas. Such analyses are often not insightful
as they fail to fully capture the complex relationships between urban settings and mobile usage
patterns. In this thesis, we employ thietMob23 in Chapter 4, generated by mobile traf c
demand of individual applications, to explore complex urban fabrics and structures.

2.3.3. Demographics and user interactions

Mobile network data offers a powerful resource for sociological research, revealing how
societal contexts shape smartphone usage and how usage patterns re ect various demographic
characteristics. These insights have been applied to infer key sociodemographic features such as
age, gender, income levels, residential areas, and even ethnicity [121-124]. For instance, data
from Senegal has been used to predict poverty indices with granularity comparable to traditional
census surveys [125], while in France, mobile app traf ¢ has revealed socioeconomic patterns
linked to income diversity and education [126]. Mobile data is utilized by [127] to show that the
number of contacts (user interactions) between users and the number of communication activities
through a variety of mobile services, scale with the population size of cities.

The utility of mobile network data extends beyond socioeconomic analysis to a wide range
of applications such as understanding the access to electricity and the digital divide. In regions
where conventional survey data is sparse, such as parts of Africa, mobile data has estimated
electri cation rates [128] and highlighted disparities in digital connectivity [129]. These ndings
underscore the unique ability of mobile data to address persistent gaps in infrastructure, providing
actionable insights into the digital divideand its implications.

Initially, the digital divide focused on accessibility to devices like computers, but it has since
expanded to include Internet access [131]. Qualitative analyses in sociology have shown that
people of different socioeconomic statuses use ICT in varying ways for economic, community,
and political engagement [132]. For example, more educated individuals tend to use digital
resources to enhance their social capabilities [133], while those with lower skills are more likely
to use the network for entertainment [134]. The impact of the digital divide became particularly
evident during the COVID-19 pandemic when individuals had to adapt to new ways of working
and learning. In countries like India, students from underfunded schools struggled with online
classes due to a lack of access to devices and reliable networks [135]. Similarly, the elderly faced
challenges in maintaining social connections due to a lack of digital literacy [136]. This highlights
an imbalance in the volume of consumed digital traf ¢ across cities, pointing to the existence of
consumption-based digital divides.

Prior studies have explored the relationship between population and mobile traf ¢ data,
revealing how population movements can be predicted during natural disasters [137]. Mobile
traf ¢ data, such as CDR and network metadata, has been used to estimate city populations and
monitor static and dynamic density [138—140]. These interactions between population and mobile

%Digital divides refer to the disparities among individuals who can or cannot bene t from ICT [130].
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traf ¢ volume appear to follow power laws, consistent across different measures like voice calls,
text messages [141], data traf ¢ [142], and user activity [143]. This relationship is robust across
various spatial scales, from neighborhoods to entire regions [21].

Despite the extensive research in this eld, no previous study has tested the power law
hypothesis at the level of thousands of municipalities across an entire country. In Chapter 5,
we validate this hypothesis on such a scale and also provide a longitudinal analysis of the
phenomenon. Furthermore, we use mobile traf ¢ data to quantify the digital divide induced during
the COVID-19 pandemic on a national level, offering a novel perspective on this issue.

2.4. Summary

This chapter starts with providing a detailed overview of the mobile architecture utilized by
MNOs, explaining the key blocks of the architecture and their respective components. We discuss
each component's role and its operations. This offers a clear view of how mobile networks
function. Next, in this chapter, we proceed to illustrate various types of mobile datasets collected
using probes across different technologies like 4G and 5G. We highlight the different ways in
which these datasets are utilized based on their respective information, which emphasizes their
importance in mobile network management and analysis.

Furthermore, we explore applications of mobile datasets in multi-domain research,
particularly in network and social analysis. We discuss previous works that leveraged simple
statistical methods to understand mobile traf ¢ patterns, such as analyzing daily usage trends
and network performance. By tracking the evolution of the eld, we provide an overview of
the key developments that have shaped our current understanding of mobile networks and social
dynamics. Though works leverage advanced methodology now to predict and understand planned
and unplanned events under local mobile usage trends, we point out several gaps in the state-of-
the-art, which form the basis for the contributions presented in this thesis.






Datasets

In this chapter, we rst delve into two preliminary datasets that we use to perform the network
and social analysis in upcoming chaptéis, (1) Demographics and socioeconomic data sources
majorly provided by recognized government institutions and authorized private rms, and (2)
Extensive measurements of mobile data by Orange infrastructure in France for various years.

As we are interested in performing network and social analysis over different geographical
regions, we need spatial mapping of mobile traf c data with demographic data. This step can
be achieved by leveraging two methodologies: (1) Voronoi tessellation, a legacy approach for
mapping mobile traf c data extracted from MNOs, where each Voronoi cell is assumed to have
uniform spatial traf ¢ distribution. We used this methodology to genek&teonoi-based
dataset for different geographical notiong,, communes, urban units, and IRIS. (2) Coverage-
based tessellation, which leverages coverage data obtained from Orange that contain encoded
probability that a user is served by a BS located at a given tile of 100 n? in the tessellation.

We used this approach to create NetMob23 dataset.

This chapter is divided into four sections. The rst section describes different demographic
dataset types, sources, and de nitions. In the second section, we illustrate the details of the
collection procedures of raw mobile traf c datasets obtained from Orange. Section three explains
the steps to spatially overlap the Orange dataset with the demographic dataset. Finally, the last
section discusses the qualitative analysis of the processed dataset.

3.1. Demographic dataset

We require different types of demographic information to verify the robustness of the social
inferences as there is no unanimously recognized notion of city [144]. In this regard, we
introduce theDemographic dataset, which contains demographic data as well as social-
economic indicators. We source demographic information from National Institute of Geographic
and Forest Information (IGN), an open platform for French public data while socio-economic
indicators are obtained from National Institute of Statistics and Economic Studies (INSEE).

23
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Figure 3.1: Population density map of France, highlighting2Benetropolitan areas covered by
the NetMob23 dataset. Zoomed-in maps show the heterogeneity of population density in six
representative cities, as indicated by the arrows.

Demographic data.IGN provides the following data about the various geographical notions
= Metropolitan areaslt is a geographical shape outlining zoning employed by national and
local administrations to carry out joint planning of the educational, cultural, economic, and
social initiatives over the country's territory. Figure 3.1 shows the different metropolitan
regions encompassing neighboring communes that include urban, suburban, and rural areas.
= Communesilt is the smallest and the oldest French administrative unit [145], administered
by the municipal council or local governance and headed by a mayor and analogous to
the civil township in the United States and Canada. Currently, there are 386000
communes in mainland France.
= Urban units. According to the de nition by INSEE, an administrative boundary is called
an urban unit if it follows: (1) forms a single unbroken spread of urban development, with
no distance between habitations greater th@@m, and (2) have altogether a population
greater thari; 800and less thah; 000inhabitants.
» IRIS. It is a ne-grained territorial subdivision of France, such that the number of
inhabitants in each IRIS zone is arouBD00. This de nition is employed by INSEE
for statistical analysis [146, 147].
Socio-economic indicators.INSEE collects data on population, education, income, and other
socio-economic statistics on a quinquennial basis across France, and publicly publishes
= Population.lt contains data for different age groups for both men and women from different
years at the commune and IRIS levels [148, 149].
= Average income. It encompasses the median and quantiles of consumption units per
household at the commune and IRIS levels for various years. In addition, the data also
include Gini indexes that provide information on income inequality between individuals
and households in a given region.
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