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ABSTRACT

Mobile data, such as call data records (CDR), and digital data can provide lots of
valuable information about people’s behaviour. CDR data is generated when we
make a phone call. On the other hand, the usage of mobile apps (such as Twit-
ter, Facebook, and YouTube) generates digital data. In this thesis, we employ
mobile phone data to contribute to three facets of social well-being. Here, social
well-being is defined as making healthy interactions with friends and family, not
experiencing segregation in society, having equal opportunities to earn, receiving
proper education, and so on. All of these characteristics of social well-being are
critical because humans generally seek an environment in which they can feel at
ease, healthy, and happy.

In the first social well-being facet, we propose two versions of epidemic mod-
els called the mobility-based SIR model for (i) fully-mixed and (ii) for complex
networks. Both these models take into account real-life interactions from CDR.
This work is inspired by the hypothesis that the fundamental cause for epidemics
turning into pandemics is population distribution, people’s mobility, and social co-
herence across the globe. Using mathematical proof, we obtained that the repro-
duction number, which is defined as the average number of secondary infections
produced when one infected individual is introduced into the population, directly
depends upon social connectivity, number of connected locations and individuals
mobility (and degree of the individual in complex networks model) which is in line
with our simulation’s results. This indicates that introducing isolation and quar-
antine is effective in fighting a pandemic crisis. Using the proposed models, we
also simulated the COVID-19 cases in Estonia and Rhône-Alpes region in France.
Simulation reveals that the mobility-based SIR model can be helpful to forecast
the expected number of cases after some proportion of isolation and quarantine is
introduced in society.

Second, we study societal segregation in Estonia using CDR data. Our findings
suggest that (i) gender segregation exists in Estonia and its traces are visible in
connectivity among age-groups, preferred language of communication, and in the
county; (ii) The prime working individuals of age between 25 years and 54 years
and elderly of age greater than 64 years are more segregated; (iii) Neighborhood
and language play a vital role in segregation. Individuals prefer to connect with
other individuals that speak the same language and reside in the same locality (city
or county).

Third, we investigate digital traces from mobile apps (like Twitter and Face-
book) to predict socio-economic conditions (SEC). These SEC include education,
gender, poverty, employment, and other factors. In our work, we analyzed na-
tionwide data from France and extracted three patterns: Typical week signature
(TWS), Revealed Comparative Advantage (RCA), and Standardized Cumulative
Utilization (SCU). We find that our proposed TWS has richer information diversi-
fication compared to RCA and SCU. Using the extracted patterns, our best model
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is able to estimate economic, educational, and demographic indicators (attaining
an R-squared score up to 0.66). This indicates that mobile app usage patterns can
reveal socio-economic disparities.
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1. INTRODUCTION

Humans often sought a state of Well-being, which is defined as being at ease,
healthy, and happy. There are various dimensions of well-being. For example,
physical well-being refers to keeping our bodies healthy, which can be accom-
plished through adequate exercise and proper nutrition. Similarly, optimism, self-
acceptance, and healthy relationships are linked to emotional well-being. Fur-
thermore, social well-being, which is at the heart of this thesis, is defined as the
ability to interact successfully in local and global communities [Vou+20]. In to-
day’s world, humans can not only achieve social well-being by face-to-face inter-
actions but also through the phone, or through social media platforms like Twitter,
Facebook, and Instagram.

Mobile phones have become an inseparable part of our lives, and we mostly
use them to connect with others not only by making calls but also over social
media platforms. The usage of media applications through smartphones often
leaves digital data (traces). Most people who spend a large chunk of time on
mobile leave their unique usage signature with their distinctive patterns. These
patterns are widely used by researchers to study well-being worldwide.

According to [dat22], there are 5.31 billion unique mobile phone users around
the world in 2022, accounting for 67.1 percent of the global population. Of
these mobile users, 4.95 billion people use the Internet – equal to 62.5 percent
of the world’s total population. As a result, two types of mobile data (i) call data
records (CDR), and (ii) digital data of mobile apps (such as Twitter, Facebook,
and YouTube) generate massive volumes of data containing vital, albeit generally
hidden, information about people’s behaviour.

CDR in particular has been researched from a variety of perspectives over the
last decade, including social network analysis [WF94], sociocultural characteris-
tics of a city [Pon+16], defining the human mobility pattern [Son+10], the effect
of different events on calling operations [Hii+19], and segregation [GSA21]. In
this thesis, we focus on three dimensions of social well-being research using CDR
and digital data. These dimensions are explained in brief in the following sections.

1.1. Epidemic Spreading from People’s Mobility

The first dimension of work is modeling, in which we propose models that can
help in understanding the spread of communicable diseases or epidemic. The con-
nectivity among different regions of the world plays an important role in disease
spread, which makes it easier to affect a wider geographical area, often worldwide
making any epidemic a pandemic. However, proposing and evaluation of a model
to understand the spread of an epidemic is challenging because people’s mobility
and social connectivity are non-uniform in the different regions of the world. In
addition, these models are difficult to evaluate in the absence of a real data set that
can capture mobility.
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An example of an epidemic is the coronavirus (COVID-19), which started in
December 2019 from Wuhan, China has infected 640M (million) individuals
and claimed 6M (as of 10th November 2022) lives worldwide [CSS20; COV19].
In our research, we extended existing epidemic models by introducing people’s
mobility and social connectivity. Our proposed method is known as the Mobility-
based SIR model. We extended the SIR (Susceptible - Infected - Recovered) model
as it is the most relevant model to understand the spread of coronavirus. In this
model, there are three classes in which a person can reside: Susceptible which
represents people who are not infected, Infected which represents infected people,
and Recovered which represents recovered people from infection. Initially, the
majority part of the population is susceptible and only a few people are infected.
As time progresses, susceptible people become infected, and eventually infected
people recover.

Contribution. In our proposed Mobility-based SIR model, we propose two
versions, (i) fully-mixed model [KM27] and (ii) complex networks model [Pas+15],
which takes into account people’s mobility and social connectivity from CDR.
This work is inspired by the idea that the main reason for some epidemics turning
into pandemics is the connectivity among different regions of the world, which
makes it easier to affect a wider geographical area, often worldwide. Also, the
population distribution, people’s mobility, and social coherence in the different
regions of the world are non-uniform and play an important role. Our models are
explained in detail in Chapter 2.

1.2. Societal Segregation

The second dimension of work is descriptive in nature, where we study societal
segregation using CDR. Segregation is defined as the separation of people based
on gender, language, or some other demographics. It has long been assumed to
play a critical role in many developing countries’ socio-economic structure and
overall stability [BY08]. According to [Ale+03], ill effects of segregation are not
limited to developing countries, but can have a detrimental impact in countries
with poor political and legal structures. As a result, a great deal of emphasis is
required on policies to facilitate integration and interaction, particularly in diverse
societies.

Much of the previous research work on segregation relies on conventional gov-
ernment census data [Sil20]. However, census data can capture the precise pattern
of the physical settlement but rarely record trends of social interaction, which are
necessary to develop a thorough understanding of the essence of social interaction.

Contribution. In our research, we study societal segregation in Estonia based
on four demographics (gender, age-group, language, and location) using CDR
data. The dataset is provided by Estonia’s major telecom operators to research the
complexities of social interaction and human behavior. The primary contribution
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and time-consuming censuses. Refer to Chapter 3 for segregation research details.

1.3. Socio-Economic Well-being from Digital Data

The third dimension of work is predictive in nature, where we predict socio-
economic conditions (SEC) of a region using mobile data. Alternative data sources
such as demographic censuses or surveys which are being used for monitoring
SEC have sparse population coverage or are updated infrequently due to their
high costs and time-consuming process. As a result, they do not fit well with the
evolution that societies are experiencing nowadays.

Researchers have used alternate digital traces, such as Mobile call data records
and mobile application usage, for determining real-time SEC information [Uca+21;
Zho+16; Nan+08]. Researchers have created prediction models using temporal
and geographical information owing to the increasing usage of mobile devices,
social media, and the expanding availability of ubiquitous satellite data [Sot+11;
GZZ19; DRZ19; BDK15]. Human mobility and social contacts were shown to be
linked to higher income in data from mobile phones and social media [Blu16;
Pap+16; Ste+17; Llo+15]. Although these methodologies are pretty effective
in forecasting SEC in underdeveloped countries, they are only somewhat accu-
rate in developed countries with more nuanced variations in mobile phone adop-
tion [Has+17; Jea+16; AK20].

Contribution. In our study, we show that mobile application usage patterns
can be used for predicting SEC in a region. The primary goal of using mobile dig-
ital data to anticipate SEC is to provide an alternative mechanism to traditionally
costly and time-consuming censuses. This leads to our research objective which
is about predicting the socio-economic conditions using digital traces, which is
explored in Chapter 4.
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2. MOBILITY BASED SIR MODEL FOR PANDEMICS

In the last decade, humanity has faced many different pandemics such as SARS,
H1N1, and presently novel coronavirus (COVID-19). On one side, scientists have
developed vaccinations, and on the other side, there is a need to propose mod-
els that can help in understanding the spread of these pandemics as it can help
governmental and other concerned agencies to be well prepared, especially for
pandemics, which spreads faster like COVID-19. The main reason for some epi-
demics turning into pandemics is the connectivity among different regions of the
world, which makes it easier to affect a wider geographical area, often worldwide.
Also, the population distribution and social coherence in the different regions of
the world are non-uniform. Thus, once the epidemic enters a region, then the local
population distribution plays an important role.

Research Question. Inspired by the above-mentioned points, our research
question is as follows: Can we develop an epidemic model that takes into ac-
count people’s mobility and real-life connections? To answer, we extended the
widely used epidemic model called SIR (Susceptible-Infected-Recovered) to the
mobility-based SIR model. In particular, we propose two versions of our mobility-
based SIR model, (i) fully-mixed and (ii) for complex networks, which especially
take into account real-life interactions. To the best of our knowledge, this model is
the first of its kind, which takes into account the population distribution, connec-
tivity of different geographic locations across the globe, and individuals’ network
connectivity information. In addition to presenting the mathematical proof of our
models, we have performed extensive simulations using synthetic data to demon-
strate the practicability of our models. Finally, to demonstrate the wider scope of
our model, we applied our model to forecast the COVID-19 cases at the county
level (Estonia) and regional level (Rhône-Alpes region in France).

The rest of the chapter is organized as follows. Next, we discuss the back-
ground. We then describe preliminaries and derivations of fully-mixed and com-
plex network models in Section 2.2. Section 2.3 and 2.4 present the evaluation of
fully-mixed and complex network models respectively. The results of our model
on real-world data of Estonia and the Rhône-Alpes region in France are discussed
in Section 2.5. Lastly, we summarize our findings in Section 2.6.

2.1. Background

This section is going to cover epidemic modelling and mathematical modelling
for epidemics, as well as look at different models. In particular, we focus on
SI (Susceptible-Infected), and SIR models. In 1927, W. O. Kermack and A. G.
McKendrick developed the very first epidemic models [KM27]. These models
are relatively simple as they are based on differential equations, but they are still
crucial to epidemiology today.
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population into compartments. A person can only be in one compartment at a
time. The first compartment that is Susceptible contains people who have not yet
been infected. Then there is the second compartment called Infected, which con-
tains people who are infected, which means they are sick and can transmit the
disease. People who have recovered are housed in the third compartment called
Recovered. These are the individuals who became infected and then recovered.
These individuals cannot be infected again, implying that they are immune to the
disease and cannot disseminate it to others. People who died are also included
among the recovered because they can no longer participate in disease transmis-
sion.

The compartmental models are also known as fully-mixed with closed popu-
lation. Here, fully-mixed means that every person can interact with every other
person. The term “closed population” refers to the fact that the population within
the model does not vary over time. This corresponds to real-world disease trans-
mission in the sense that the rate at which infection spreads is significantly higher
than the birth rate. SI and SIR are two examples of fully-mixed models. Various
researchers have also proposed other variants of compartmental models. However,
given the scope of our work, we discussed the SI and SIR models in detail.

SI model. First, we present the SI model. In this model, there are two com-
partments, Susceptible (represented by S) and Infected (represented by I). The
population in the model is closed. Initially, the majority part of the population is
susceptible and only a few people are infected. As time progresses, susceptible
people become infected. In the end, the entire population becomes infected. The
simplicity of the SI model makes it an excellent starting point for understanding
the fundamental properties of compartmental models. Let’s put what we discussed
into mathematical equations:

S −→ I (2.1)

S(t)+ I(t) = N (2.2)

here, S, I, S(t), I(t), and N represent susceptible individuals, infected indi-
viduals, susceptible individuals at time t, infected individuals at time t, and total
population respectively. Equation 2.1 shows that susceptible people become in-
fected with time. Equation 2.2 shows that the number of susceptible and infected
individuals at any given time t equals the total population, N.

Next, we introduce the disease transmission or infection rate which is the num-
ber of infection-transmitting contacts per person per unit of time. That implies that
these are the contacts that lead to the transmission of the disease. Lets β represent
the transmission rate. The differential equations for infection are as follows:

I(t +δ t) = I(t)+β
S(t)
N

I(t)δ t (2.3)
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dI(t)
dt

= β
S(t)
N

I(t) (2.4)

where, I(t + δ t) represents the number of infected people at time (t + δ t),
which is the sum of the number of infected individuals at time t and the number
of susceptible individuals who got infected in time δ t with transmission rate as β .
We can rewrite Equation 2.3 as Equation 2.4, which also represents a differential
equation for infected individuals.

Next, we convert the number of susceptible and infected individuals into frac-
tions. So, we divide the number of susceptible and infected by the total population
N to get fractions as follows: i(t) = I(t)/N, and s(i) = S(t)/N, where i(t), and s(t)
represents the fraction of infected and susceptible individuals at time t. Now, the
differential equations for the SI model are:

di(t)
dt

= β s(t)i(t) (2.5)

ds(t)
dt

= −β s(t)i(t) (2.6)

s(t)+ i(t) = 1 (2.7)

The solution for the SI model’s differential equations for i(t) if the initially
infected fraction is i0 is

i(t) =
i0

i0 +(1− i0)e−β t (2.8)

where, if we put time as infinity (t −→ ∞) in Equation 2.8, then all the individ-
uals become infected, i(t)−→ 1 and s(t)−→ 0.

SIR model. The SIR model is the most relevant model to understand the spread of
coronavirus. In this model, there are three compartments: Susceptible, Infected,
and Recovered. The population in the model is also closed. Initially, the majority
part of the population is susceptible and only a few people are infected. As time
progresses, susceptible people become infected, and eventually infected people
recover. We require two parameters to understand SIR model, one is the infection
rate (β ) with which the susceptible people become infected; the second is the
recovery rate (represented by µ), which is the rate with which infected people
could recover. Let’s put what we discussed into mathematical equations:

S −→ I −→ R (2.9)

S(t)+ I(t)+R(t) = N (2.10)

where, S, I, and R represent susceptible individuals, infected individuals, and
recovered individuals respectively. S(t), I(t), R(t) and N represents susceptible
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individuals at time t, infected individuals at time t, recovered individuals at time
t and total population respectively. Equation 2.9 shows that susceptible people
become infected and infected people recovered with time. Equation 2.10 shows
that the number of susceptible, infected, and recovered individuals at any given
time t equals the total population, N.

Next, we introduce disease transmission and recovery rates. The differential
equations for the SIR model are as follows:

ds(t)
dt

= −β s(t)i(t) (2.11)

di(t)
dt

= β s(t)i(t)−µi(t) (2.12)

dr(t)
dt

= µi(t) (2.13)

where, s(t), i(t), r(t) are, respectively, the fraction of susceptible, infected and
recovered population at time t.

In the SIR model differential equations, when time goes to infinity (t −→ ∞),
dr
dt = 0, the total size of the outbreak r∞ = const, that is

1− r∞ = s0e−
β

µ
r∞ (2.14)

Initially, if we consider most people were susceptible, that means s0 ≈ 1, then
Equation 2.14 will become

r∞ = 1− e−
β

µ
r∞ (2.15)

Now replace β

µ
as R0 in Equation 2.15. Here, R0 represents the basic reproduc-

tion number of a disease. In simple words, it is the average number of secondary
infections produced when one infected individual is introduced into the popula-
tion where everyone is susceptible. The R0 plays a vital role to decide whether a
disease is an epidemic or not. If R0 > 1, that is β > µ , then the disease is consid-
ered an epidemic. On the other hand, if R0 < 1, that is β < µ , then the disease is
not considered an epidemic. Therefore, R0 is the threshold that determines when
an infection can invade and persist in a new host population.

In the past, different variations of the SIR model have also been proposed to
capture various real-world scenarios. For example, introducing a delay in the
model to capture the incubation period during the spreading [Zha+10; Xia+12;
Liu15; ASS18] or the introduction of interventions such as antiviral drugs [Tow+11].
In a different work to represent the non-linear nature of epidemic spread, a SIR
rumor spreading model was proposed in which tie strengths were dependent on
nodes’ degree [SS12]. Apart from SIR based models, there exist several flavors of
compartmental models, which represent different scenarios such as SIS [Nås96],
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where individuals do not recover and can become susceptible again. This model
has also been studied using varying types of underlying topologies [SDC08].

A set of works have also focused on exhibiting the epidemic spreading by using
varying types of underlying network structures. For example, authors in [MPV02;
Bar+05; Ves12] used a scale-free network and in [LW06] a small-world evolving
network for evaluating their epidemiological framework. In their work in [Kis14],
researchers combine a discrete, stochastic SEIR (E stands for exposed) model
with a three-scale community network model to demonstrate that the different
regional trends may be explained by different community mixing rates. A detailed
study concerning various epidemic models on varying topologies has been done
in [Pas+15].

In another line of work, the authors proposed models to understand epidemics
based on the speed of growth. For example, in [VSC16], authors applied their
generalized-growth model to characterize the ascending phase of an outbreak on
20 different epidemics. Their findings revealed that sub-exponential growth is
a common phenomenon, especially for pathogens that are not airborne. In an-
other work [Hua+16], researchers explained the rapid spread of H1N1 in 2009
around the world by using a flexible Bayesian, space-time, Susceptible Infected
Recovered (SIR) modeling approach. [Goj+09] developed a simulation model of
a pandemic (H1N1) 2009 outbreak in a structured population using demographic
data from a medium-sized city in Ontario and epidemiologic influenza pandemic
data.

In another work [Czy], the authors initially utilized limited data and simple
mathematical models to understand virus spreading, the requirement of hospital-
ization, and the fatality ratio. Later, in order to capture patterns of disease trans-
mission, they also used classical epidemic models. They have around 20 work-
streams in total running and five key teams that run models and produce outputs
that are helping governments around the world. Professor Azra Ghani and her
group have built a relatively simple compartmental model to track the epidemic in
over 100 Low and Middle-Income Countries (LMICs) around the world. Another
group led by Dr. Samir Bhatt is examining publicly available data on COVID-
19 deaths to back-calculate in time what that implies for infections in a certain
period, then correlate those infection rates with the timing of interventions.

The contribution of our work is two-fold: First, we propose a mobility-based
SIR model considering the heterogeneity and mobility of people for a fully-mixed
model [GS20]. However, there is a limitation of the fully-mixed model that is
it assumes that every person at every location is linked to everyone else at that
location. However, in reality, people interact with a limited number of people to
form a complex network with non-trivial topological features that do not occur
in simple networks such as lattices or random graphs but often occur in networks
representing real systems [AB02]. Therefore, in the second model, we propose
a mobility-based SIR model for complex networks that captures more realistic
interactions than fully-mixed models.
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(b) Complex Networks Model

Figure 1: Local And Global Transmission Of Infection In Fully-Mixed & Com-
plex Networks Model

We model the regions in a 2-dimensional lattice, where each cell represents
the mobility parameter (or direct connectivity) from one region to another (see
Figure 1). Each cell represents a separate region with a population density (here
regions are 1 to 16). Individuals in each cell are color-coded: Black (Susceptible),
Red (Infected), and Green (Recovered). The local transmission rate of infection is
β for all cells. Figure (a) shows the fully-mixed model and infection in this model
can transfer as follows: For region 6, its social connectivity is α . The mobility
of individuals from region 4 to region 6 and the fraction of infected individuals in
region 4 is represented as c(6,4) and I(4) respectively. Therefore, an infection can
transfer from region 4 to 6 via global transmission rate αc(6,4)I(4)β . Similarly,
αc(6,13)I(13)β and αc(6,16)I(16)β signifies the global transmission rate from
region 13 and 16 respectively to region 6. On the other hand, Figure (b) shows
the complex network model: similar to the fully-mixed model, an infection can
transfer from region 4 to 6 via global transmission rate αc(6,4)Θ(4)β , where Θ

takes care of the degree of the individual (see Section 2.2 for detail).

2.2. Model Preliminaries and Derivations

In this section, we present our proposed models for fully-mixed and complex net-
works. Let ‘L’ represent a set containing all locations, and ‘c’ denote the connec-
tion (or individuals’ mobility) between locations. The propagation of infection at
each location is explained as follows: each healthy individual can get the infec-
tion either from an infected individual located in the same location (local trans-
mission) or from an individual visiting from other connected locations (global
transmission). The local transmission rate of infection is represented by β and the
recovery rate as µ , with β and µ ∈ [0,1].
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2.2.1. Non-Linear Dynamical System for Fully-Mixed Model

Next, we discuss the local transmission of infection, the global transmission, and
then the dynamical behaviour of the non-linear system of infection for a fully-
mixed model. The reader can refer to Table 1 for notations and their meaning.

Notations Meaning
L Set of all locations
c Connection between locations
Si(t) Number of susceptible individual at lo-

cation i at time t
Ii(t) Number of infected individual at loca-

tion i at time t
Ri(t) Number of recovered individual at lo-

cation i at time t
Ni(t) Population at location i at time t
α Social connectivity parameter. In

Fully-Mixed Model, this parameter
controls the interaction of nodes with
other nodes, and its value ranges from
0 to 1

β Infection rate
µ Recovery rate
J Subset of all locations L
ci, j Individuals mobility from location j to

i

Table 1: Parameters description for non-linear dynamical system

Local Transmission

Let Ni be the population at location i, where i ∈ L, and the total population are
divided into three compartments. The compartments for location i at time t are as
follows:

1. Si(t): the number of individuals susceptible or not yet infected at location i
at time t. This compartment is referred to as susceptible compartment.

2. Ii(t): the number of infected individuals at location i at time t which can
further spread the disease to the individuals present in the susceptible com-
partment. This compartment is referred to as infected compartment.

3. Ri(t): the number of individuals at location i at time t who have been re-
covered from the infected compartment. This compartment is referred to as
recovered compartment.

Our assumptions regarding the transmission of an individual from one com-
partment to another compartment are as follows:
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1. A healthy individual after becoming infected moves from susceptible to the
infected compartment.

2. An individual can recover spontaneously at any time with recovery rate
µ . The recovery of an individual is independent of healthy and infected
compartments’ individuals.

3. Once the individual gets recovered, they will become immune to the disease
and, thus, will not transmit the infection to individuals in the susceptible
compartment.

4. In addition, this model ignores the demography that is the birth or death of
individuals. In other words, the population remains constant.

Global Transmission

Let J (J ⊂ L) represent a set of locations, which are connected to location i.
Therefore, ∑ j∈J N j is the maximum possible number of individuals connected
to location i, from all the locations J. The parameter ci, j reflects the mobility
of individuals from location j to location i. Global transmission depends upon
this mobility parameter of individuals from one location to another. Similar to
local transmission, I j is the number of individuals in the infected compartment
in location j. Hence, the total mobility of infected individuals from all the other
connected locations to location i is ∑ j∈J ci, j

I j
N j

.
Considering the above description, the chances of transmission of infection

from all the connected locations to location i is ∑ j∈J ci, j
I j
N j

β . This transmission
further depends upon the social connectivity (α) of all the individuals at location
i. Therefore, the proportion of healthy individuals at location i which can get

infected from infected individuals from location j is
α ∑ j∈J ci, j

I j
N j

β

Ni+∑ j∈J ci, j
. Thus, the mean-

field equations for the dynamics of the pandemic, based on the above discussed
interactions are the following:

dSi(t)
dt

= −βSi(t)Ii(t)
Ni(t)

−
αSi(t)∑ j∈J ci, j

I j(t)
N j(t)

β

Ni(t)+∑ j∈J ci, j
(2.16)

dIi(t)
dt

=
βSi(t)Ii(t)

Ni(t)
+

αSi(t)∑ j∈J ci, j
I j(t)
N j(t)

β

Ni(t)+∑ j∈J ci, j

− µIi(t)
Ni(t)

(2.17)

dRi(t)
dt

=
µIi(t)
Ni(t)

(2.18)

Where Equation 2.16 describes the rate of change of susceptible individuals at
location i, Equation 2.17 refers to the rate of change of infected individuals, and
Equation 2.18 explains the rate of change of recovered individuals at location i.
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Dynamical Behaviour of the Linear System

Equation (2.16-2.18) represents a nonlinear dynamical system of a pandemic spread-
ing, where, at any time t,

Si(t)+ Ii(t)+Ri(t) = Ni(t) (2.19)

In order to solve the mean-field Equation (2.16-2.18), the following assump-
tions are made (please note that these assumptions are not considered during our
experiments):

1. Initially, the population at all locations is equal to N(t) at time t.
2. Individuals in infected compartments are equal to I(t) at all locations at time

t and ∑ j∈J I j = | j| · I j = kI j, where k is the number of locations connected
to location i, that is, k = | j|.

3. The mobility of individuals from one location to another location is a frac-
tion of the total population N. Let n be the sum of the fraction of population
mobility from |k| locations. Then, the total individuals’ mobility from a set
of locations j to i is n∗N. Therefore, ∑ j∈J ci, j = nN.

By considering the above assumptions, Equation 2.16 and 2.18 can be written
as

dSi(t)
dt

= −βSi(t)I(t)
N(t)

−
αSi(t)nN(t)k I(t)

N(t)β

N(t)+nN(t)
(2.20)

dRi(t)
dt

=
µI(t)
N(t)

(2.21)

From Equation 2.20 and 2.21

dSi(t)
dRi(t)

= −βSi(t)
µ

− αSi(t)nkβ

µ(1+n)
(2.22)

= −βSi(t)
µ

[
1+

αnk
1+n

]
(2.23)

= −βSi(t)
µ

[
1+(1+αk)n

1+n

]
(2.24)

For simplicity, Equation 2.24 can be written as:

dS(t)
dR(t)

= −βS(t)
µ

[
1+(1+αk)n

1+n

]
(2.25)

Equation 2.25 can be rewritten as

S = S0e−
β

µ
R
[

1+(1+αk)n
1+n

]
(2.26)
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dR
dt

= µ(N −R−S0e−
β

µ
R
[

1+(1+αk)n
1+n

]
) (2.27)

Solving Equation 2.27, we get

t =
1
µ

∫ R

0

dR

N −R−S0e−
β

µ
R
[

1+(1+αk)n
1+n

] (2.28)

As pandemic arrives at steady state when t −→ ∞ hence dR
dt = 0 and R∞ = C,

where C is a constant:

N −R∞ = S0e−
β

µ
R∞

[
1+(1+αk)n

1+n

]
(2.29)

Let the initial conditions be: R(0) = 0, I(0) = I and S(0) = N − I ≈ N. There-
fore, Equation 2.29 can be written as:

R∞ = N −Ne−
β

µ
R∞

[
1+(1+αk)n

1+n

]
(2.30)

Normalizing Equation 2.30 by dividing by total population N gives:

r∞ = 1−1e−R0r∞ (2.31)

Therefore, the reproduction number R0 is

R0 =
β

µ

[
1+(1+αk)n

1+n

]
(2.32)

In case there is no social connectivity to other locations (α = 0 or k = 0 or
n = 0) then the mobility SIR model will become the standard SIR model and the
reproduction number is R0 =

β

µ
. Therefore, the reproduction number is directly

proportional to social connectivity parameter α , the number of connected loca-
tions k, and depends upon individuals’ mobility during a pandemic.

The fully-mixed model that we presented in this section has one key limitation,
i.e., it assumes that every person at every location is linked to everyone else at that
location. However, in reality, people interact with a limited number of people to
form a complex network with non-trivial topological features that do not occur
in simple networks such as lattices or random graphs but often occur in networks
representing real systems [AB02]. Therefore, in the next section, we propose a
mobility-based SIR model for complex networks.

2.2.2. Non-Linear Dynamical System for Complex Networks

In this section, we discuss the local transmission of infection, the global transmis-
sion, and then the dynamical behaviour of the non-linear system of infection by
considering complex networks interactions at each location.
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Local Transmission

Let Ni be the population at location i, where i ∈ L, and k is the degree of each
individual, where k ∈ W (whole numbers). The total population is divided into
three compartments. The compartments for location i at time t are as follows:

1. Si(k, t): the number of individuals susceptible or not yet infected at location
i at time t having degree k. This compartment is referred to as susceptible
compartment.

2. Ii(k, t): the number of infected individuals at location i at time t having
degree k, which can further spread the disease to the individuals present in
the susceptible compartment. This compartment is referred to as infected
compartment.

3. Ri(k, t): the number of individuals at location i at time t having degree k,
who have been recovered from infected compartment. This compartment is
referred to as recovered compartment.

Our assumptions regarding the transmission of an individual from one com-
partment to another compartment are the same as discussed in Section 2.2.1.

Global Transmission

Let j ( j ⊂ L) represent a set of locations, which are connected to location i. There-
fore, ∑ j∈J N j(k) is the maximum possible number of individuals of degree k con-
nected to location i, from all the locations J. The parameter ci, j,k reflects the mo-
bility of individuals of degree k from locations j to location i. Global transmission
depends upon this mobility parameter of individuals from one location to another.
Similar to local transmission, I j is the number of individuals in the infected com-
partment in all the locations j. Hence, total mobility of infected individuals of
degree k from all the other connected locations to location i is ∑ j∈J ci, j,k

I j(k)
N j(k)

.
Considering the above description, the chances of transmission of infection

from all the connected locations to location i is ∑ j∈J ci, j,k
I j(k)
N j(k)

β . This transmission
further depends upon the social connectivity (α) of all the individuals at location
i. Therefore, the proportion of healthy individuals at location i which can get

infected from infected individuals from location j is
α ∑ j∈J ci, j,k

I j(k)
Nj(k)

β

Ni(k)+∑ j∈J ci, j,k
. Thus, the

mean-field equations for the non-linear dynamics of the pandemic, based on the
above discussed interactions are the following:

dSi(k, t)
dt

= −βSi(k, t)Θi(t)
Ni(k, t)

−
αSi(k, t)∑ j∈J ci, j,k

Θ j(t)
N j(k,t)

β

Ni(k, t)+∑ j∈J ci, j,k
(2.33)
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dIi(k, t)
dt

=
βSi(k, t)Θi(t)

Ni(k, t)

+
αSi(k, t)∑ j∈J ci, j,k

Θ j(t)
N j(k,t)

β

Ni(k, t)+∑ j∈J ci, j,k

− µIi(k, t)
Ni(k, t)

(2.34)

dRi(k, t)
dt

=
µIi(k, t)
Ni(k, t)

(2.35)

where,

Θi(t) =
k

∑
k′=1

Ψ(k′)P
(

k′
k

)
Ii(k′, t)

k′
(2.36)

P
(

k′

k

)
=

k′P(k′)
< k >

(2.37)

Where, Equation 2.33 describes the rate of change of susceptible individuals
of degree k at location i, and Equation 2.34 refers to the rate of change of infected
individuals of degree k, and Equation 2.35 explains the rate of change of recovered
individuals of degree k at location i. Please refer to Table 2 for notations and their
meaning.

Dynamical Behaviour of the Non-Linear System for Complex
Networks

Equation (2.33-2.35) represents non-linear dynamical system of a pandemic spread-
ing for complex networks, where, at any time t:

Si(t)+ Ii(t)+Ri(t) = Ni(t) (2.38)

where,

X(t) = ∑
k

X(k, t); X ∈ {S, I,R,N} (2.39)

In order to solve mean-field Equation (2.33-2.35) similar assumptions as in
Section 2.2.1 are made. By considering such assumptions, Equation 2.33, 2.34
and 2.35 can be written as

dSi(k, t)
dt

= −βSi(k, t)Θ(t)
N(k, t)

−
αSi(k, t)nN(k, t)m Θ(t)

N(k,t)β

N(k, t)+nN(k, t)
(2.40)
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Notations Meaning
L Set of all locations
c Connection between locations
Si(k, t) Number of susceptible individual of

degree k at location i at time t
Ii(k, t) Number of infected individual of de-

gree k at location i at time t
Ri(k, t) Number of recovered individual of de-

gree k at location i at time t
Ni(k, t) Population of degree k at location i at

time t
α Social connectivity parameter. In com-

plex networks, this parameter restricts
the edges of a node with its neighbors,
and its value ranges from 0 to 1

β Infection rate
µ Recovery rate
J Subset of all locations L
ci, j,k Mobility of individuals of degree k

from location j to i
Ψ(k′) Infectivity strength of a node (with a

degree k′) to spread the infection to its
neighbors

m The number of connected locations

P
(

k′
k

)
Correlation between degree k′ and k

P(k′) Probability of a node with degree k′

Table 2: Parameters description for non-linear dynamical system for complex net-
work

dIi(k, t)
dt

=
βSi(k, t)Θ(t)

N(k, t)

+
αSi(k, t)nN(k, t)m Θ(t)

N(k,t)β

N(k, t)+nN(k, t)

− µI(k, t)
N(k, t)

(2.41)

dRi(k, t)
dt

=
µI(k, t)
N(k, t)

(2.42)

Note in Equation 2.40 and 2.41, m represents the number of connected lo-
cations. We used m instead of k as k represents a node’s degree. Now, from
Equation 2.40 and 2.42
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dSi(k, t)
dRi(k, t)

= −βSi(k, t)Θ(t)
µI(k, t)

− αSi(k, t)nmΘ(t)β
µ(1+n)I(k, t)

(2.43)

= −βSi(k, t)Θ(t)
µI(k, t)

[
1+

αnm
1+n

]
(2.44)

= −βSi(k, t)Θ(t)
µI(k, t)

[
1+(1+αm)n

1+n

]
(2.45)

For simplicity, Equation 2.45 can be written as:

dS(k, t)
dR(k, t)

= −
βS(k, t) ⟨k

2⟩
⟨k⟩ I(k, t)

µI(k, t)

[
1+(1+αm)n

1+n

]
(2.46)

dS(k, t)
dR(k, t)

= −
βS(k, t) ⟨k

2⟩
⟨k⟩

µ

[
1+(1+αm)n

1+n

]
(2.47)

Equation 2.47 can be rewritten as

S = S0e−
β
⟨k2⟩
⟨k⟩
µ

R
[

1+(1+αm)n
1+n

]
(2.48)

dR
dt

= µ(N −R−S0e−
β
⟨k2⟩
⟨k⟩
µ

R
[

1+(1+αm)n
1+n

]
) (2.49)

Solving Equation 2.49, we get

t =
1
µ

∫ R

0

dR

N −R−S0e−
β
⟨k2⟩
⟨k⟩
µ

R
[

1+(1+αm)n
1+n

] (2.50)

As pandemic arrives at steady state, when t −→ ∞, hence dR
dt = 0 and R∞ = C,

where C is a constant.

N −R∞ = S0e−
β
⟨k2⟩
⟨k⟩
µ

R∞

[
1+(1+αm)n

1+n

]
(2.51)

Let initial conditions are R(0) = 0, I(0) = I and S(0) = N − I ≈ N. Therefore,
Equation 2.51 can be written as

R∞ = N −Ne−
β
⟨k2⟩
⟨k⟩
µ

R∞

[
1+(1+αm)n

1+n

]
(2.52)
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Normalizing Equation 2.52 by dividing by total population N gives:

r∞ = 1−1e−R0r∞ (2.53)

Therefore, the reproduction number R0 is

R0 =
β

⟨k2⟩
⟨k⟩

µ

[
1+(1+αm)n

1+n

]
(2.54)

The R0 is called basic reproduction number which determines the spread of
infection. When R0 > 1, the propagation occurs at a fast rate. When R0 = 1 , the
propagation happens at a slow rate. When R0 < 1, the propagation finishes. In
case there is no social connectivity to other locations (α = 0 or m = 0 or n = 0),
then the mobility SIR model for complex networks gives the reproduction number

as R0 =
β

⟨k2⟩
⟨k⟩
µ

. Therefore, the basic reproduction number is directly proportional to
social connectivity parameter α , number of connected locations m, depends upon
individuals’ mobility during a pandemic, and degree of an individual in a complex
network.

2.3. Evaluation of Fully-Mixed Model

In this section, we first explain our experimental setup, and next, we discuss the
results of our simulation conducted using the proposed model for non-complex
network on synthetic data. In addition, we also show results of our model when
applied for predicting the number of COVID-19 cases at country level (Estonia)
and regional level (Rhône-Alpes region in France).

2.3.1. Experimental Setup

For the analysis, we created an aggregated flow matrix whose cells represent the
number of trips of individuals per day from origins to destinations. We call this
matrix Origin-Destination (OD) matrix. The synthetic OD matrix considered for
our experiment follows a random distribution. Furthermore, three different tech-
niques are considered for selecting the seed infection location:

1. Pandemics origin from a random location: In this, a random location is
selected as seed infection location, and a small fraction of individuals were
infected at that location.

2. Pandemics origin from a weakly connected location: Here, the seed location
is selected strategically, i.e., in a location which is weakly connected to
other locations. This implies the least mobility of individuals from this
location to other locations.

3. Pandemics origin from a strongly connected location: In this also, the seed
location is selected strategically, i.e., in a location which is strongly con-
nected to other locations. This signifies that the highest mobility of individ-
uals from a location is considered for the selection of the infection seed.
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Our simulation is oriented towards addressing the following questions:
• How social connectivity parameter ‘α’ affects the fraction of individuals

in different compartments (susceptible, infected and recovered) during a
pandemic?

• What are the outcomes of restricting the mobility (for top-X percentile) of
strongly connected locations?

• What is the relationship between social connectivity parameter ‘α’ and the
mobility restriction (top-X percentile of strongly connected locations)?

• How efficiently this model can perform in real scenarios? We answer this
question by projecting the expected COVID-19 cases for Estonia and Rhône-
Alpes region in France.

We used Python programming language for the implementation. In particular,
we used odeint function available in the scipy package to simulate mean-field
equations (MFE). For all the experiments, we use Intel(R) Core(TM) i5-8250U
CPU @ 1.60GHz 1.80 GHz with 16 GB RAM.

2.3.2. Results

We perform various simulation experiments to explain the proposed model on OD
matrix by using previously discussed techniques for selecting the seed infection
location. It is to be noted that, the model will behave as a standard SIR model in
two cases, (i) if α = 0, (ii) if the mobility is reduced to 100 percentile (that is no
mobility allowed) from connected locations.

Pandemic Origins from Random Location

Figure 2 displays the influence of the social connectivity parameter ‘α’ while
keeping the other parameters constant. Figure 2a to 2f shows the pandemic dy-
namics with different values of α starting with α = 1 to α = 0.1. We observe that
the peak of the infected compartment decreases significantly, as the α decreases,
and it also takes longer to reach its peak. This indicates that there is a positive
impact of lock-down in controlling a pandemic.

The effect of restricting the mobility from the top-X percentile of highly con-
nected locations with other locations is shown in Figure 3. Figure 3a to 3d displays
the pandemic dynamics with different percentile of mobility restrictions of highly
connected locations starting with 0% to 30% (keeping α = 0.5). We observe that
in the case of a pandemic, restricting the mobility from the top-10 percentile of
highly connected locations can reduce the number of individuals who can get in-
fected to 27%. Therefore, quarantine plays a vital role during pandemics.

In order to understand the relationship between α and mobility restriction from
strongly connected locations, we performed the numerical simulation of the pro-
posed mean-field equations (see Figure 4). It shows the fraction of population in
various compartments at time t → ∞ for various value combinations of α and mo-
bility restriction. From Figure 4, we can infer that the social connectivity parame-
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(a) α = 1
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(b) α = 0.8
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(c) α = 0.6
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(d) α = 0.4
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(e) α = 0.2
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(f) α = 0.1

Figure 2: Pandemic Origin From Random Location: Effect of Social Connectivity
Parameter ‘α’

ter ‘α’ and mobility plays both a fundamental role in determining the dynamics of
the pandemics. Therefore, it is advisable to follow a dual strategy approach dur-
ing a pandemic outbreak as controlling mobility reduces the fraction of infected
individuals, and α delays the peak. Furthermore, we analyzed the number of days
required to reach the point where the highest fraction of individuals get infected
(see Figure 5). This indicates that mobility restrictions and minimal social contact
will postpone the pandemic’s peak and will give sufficient time for preparations,
especially for the health sector.

Pandemic Origins from Weakly and Strongly Connected Locations

Figure 6, and 7 display the influence of the social communication parameter ‘α’
while keeping the other parameters constant for weakly and strongly connected
locations respectively. Figure 6a to 6f shows the pandemic dynamics with differ-
ent values of α starting with α = 1 to α = 0.1 for weakly connected locations.
Similarly, Figure 7a to 7f shows the pandemic dynamics with different values of
α starting with α = 1 to α = 0.1 for strongly connected locations.

It can be noted that when a pandemic originates from a weakly connected lo-
cation, it takes longer to reach its peak compared to when it starts from a strongly
connected location. This shows that the location of origin also plays an important
role during a pandemic. Similar to a random location, reducing mobility from
the highly connected locations by 10 percentile can reduce the number of infected
individuals between 18% to 27% for weakly and strongly connected locations,
respectively.
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(a) 0% Locations Quarantine
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(b) 10% Locations Quarantine
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(c) 20% Locations Quarantine
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(d) 30% Locations Quarantine

Figure 3: Pandemic Origin From Random Location: Effect of Quarantine
Strongly Connected Locations

2.4. Evaluation of Complex Networks Model

In this section, we first explain our experimental setup, and next, we discuss the
results of our simulation conducted using the proposed model for complex net-
works on synthetic network.

2.4.1. Experimental Setup

For the analysis, we created a synthetic network using configuration model [New03],
which follows the power law distribution (see Figure 8) with scale-free exponent
(gamma) as 3. In particular, we utilize the random_powerlaw_tree_sequence and
configuration_model function of networkx [HSS08]. The configuration model
produces a random pseudograph (graph with parallel edges and self loops) by
randomly assigning edges to fit the given degree sequence. We removed all par-
allel edges and self loops from our network. Table 7 provides the statistics of our
synthetic network. Based on the definition of configuration model and various
properties of our synthetic network, we can infer that this network reflects the
real-world contact network [Voi+20]. For the rest of this chapter, we refer to this
network as ConNet.
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(a) Susceptible Compartment (b) Infected Compartment (c) Recovered Compartment

Figure 4: Pandemic Origin From Random Location: Numerical simulation of
relationship between α and quarantine.
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Figure 5: For different combinations of α and quarantine percentile, number of
days required to reach peak of infected compartment.

Our simulation is oriented towards addressing the following questions:
• How social connectivity parameter ‘α’ affects the fraction of individuals in

different compartments (susceptible, infected and recovered) for a complex
network?

• What are the outcomes of restricting the mobility (for top-X percentile) of
strongly connected locations in a complex network?

2.4.2. Results

We perform various simulation experiments to explain the proposed model for
complex network on ConNet by selecting the seed infection location randomly. It
is to be noted that, the model will behave as a standard SIR model in two cases,
(i) if α = 0, (ii) if the mobility is reduced to 100 percentile (that is no mobility
allowed) from connected locations.
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(a) α = 1
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(b) α = 0.8
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(c) α = 0.5
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(d) α = 0.4

0 20 40 60 80 100
Time

0.0

0.2

0.4

0.6

0.8

1.0

1.2
Po

pu
la

tio
n 

De
ns

ity
Susceptible
Infected
Recovered with immunity

(e) α = 0.2
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(f) α = 0.1

Figure 6: Pandemic Origin From Weakly connected Location: Effect of Social
Connectivity Parameter ‘α’
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(a) α = 1

0 20 40 60 80 100
Time

0.0

0.2

0.4

0.6

0.8

1.0

1.2

Po
pu

la
tio

n 
De

ns
ity

Susceptible
Infected
Recovered with immunity

(b) α = 0.8
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(c) α = 0.5
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(d) α = 0.4
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(e) α = 0.2
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(f) α = 0.1

Figure 7: Pandemic Origin From Strongly connected Location: Effect of Social
Connectivity Parameter ‘α’
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Figure 8: The degree distribution of our synthetically generated network shows
that it follows power law distribution.

Network Properties Value
Nodes 10,000
Edges 9,960
Average degree 1.992
Edge density 0.0002
Number of triangles 390
Average clustering coefficient 0.0038
Number of components 1117
Reciprocity 0

Table 3: Network statistics.

Pandemic Origins From a Random Location. Figure 9 displays the influ-
ence of the social connectivity parameter ‘α’ while keeping the other parameters
constant. Figure 9a to 9i shows the pandemic dynamics with different values of α

starting with α = 1 to α = 0.2. We observe that the peak of the infected compart-
ment decreases significantly, as the α decreases, and it also takes longer to reach
its peak. This indicates that there is a positive impact of lock-down in controlling
a pandemic.

The effect of restricting the mobility from the top-X percentile of highly con-
nected locations with other locations is shown in Figure 10. Figure 10a to 10c
displays the pandemic dynamics with different percentile of mobility restrictions
of highly connected locations starting with 10% to 30% (keeping α = 0.5). We
observe that in the case of a pandemic, restricting the mobility from the top-10
percentile of highly connected locations can reduce the number of individuals
who can get infected to 15% to 21% (see Figure 10). Therefore, quarantine plays
a vital role during pandemics.

In order to understand the relationship between α and mobility restriction from
strongly connected locations, we performed the numerical simulation of the pro-
posed mean-field equations for complex network. The results are similar to the
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(a) α = 1
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(b) α = 0.9
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(c) α = 0.8
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(d) α = 0.7
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(e) α = 0.6
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(f) α = 0.5
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(g) α = 0.4
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(h) α = 0.3
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(i) α = 0.2

Figure 9: Pandemic Origin From Random Location In Complex Network: Effect
of Social Connectivity Parameter ‘α’

mean-field equations for non-complex network (see Figure 4). Therefore, we can
infer that the social connectivity parameter ‘α’ and mobility both plays an impor-
tant role during pandemics.

2.5. Results on Real-World Data of Estonia and Rhône-Alpes
Region in France

Here, we show the results of our model when applied to predict the number of
COVID-19 cases at the country level (Estonia) and regional level (Rhône-Alpes
region in France).

2.5.1. Case Study of Estonia

In this section, we begin with the dataset used to calculate OD matrix for Estonia
at the county level. Then, we use the extracted OD matrix to predict coronavirus
cases in Estonia.
Dataset & OD Matrix. We utilize anonymized call data records (CDR) issued by
one of Estonia’s leading mobile operators. Please note that the dataset is times-
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(a) 10% Locations Quarantine
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(b) 20% Locations Quarantine
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(c) 30% Locations Quarantine

Figure 10: Pandemic Origin From Random Location In Complex Network: Effect
of Quarantine Strongly Connected Locations

tamped and contains the cell phone tower’s passive mobile location (or county).
The call records span from 8th May 2017 to 13th May 2017. The data collection
consists of 12,317,970 independent call records from 1,175,191 unique individu-
als.

Each call activity in the CDR dataset includes: the randomly generated (pseudony-
mous) ID of the user, the timestamp information of the call activity, and the lo-
cation of the network cell (or network Cell ID). The allocated pseudonym ID en-
sures user’s anonymity and cannot be associated with a particular person or phone
number. Please note that the Cell ID accuracy is higher in heavily populated ar-
eas (100–500 m in cities) and those with denser road networks, however accuracy
is lower (500–5000 m) in sparsely populated areas [Aha+08]. Table 6 summa-
rizes statistics for the dataset. For simulation, we created the OD matrix between
counties of Estonia using call data records [Nov+13]. Furthermore, these call in-
teractions are converted into population mobility between counties using Estonian
population data from census [Est18].

CDR dataset validation using census dataset. As CDR data contains call
records and might not represent the real population of Estonia, we validated it
and find that it is indeed an acceptable representative of Estonia’s actual popula-
tion. Please refer next chapter for more details.
CDR dataset availability and Ethical concern. The dataset is owned by our
collaborator in the University of Tartu and is accessible for research purposes
after signing the NDA. Additionally, the dataset is anonymized at two levels, so
that specific persons cannot be identified.
Results. To demonstrate the usability of the model, we applied it to real-time data
of Estonia’s COVID-19 cases. For the local transmission of the virus (within the
county), we consider the reproduction number R0 = 2.5 [Org20]. Figure 11 shows
the actual number of cases and the cases forecast by the model using different
values for α and mobility percentile. For example, α = 0.95, indicates that the
social connectivity of individuals is reduced by 5% and also top-5 percentile of
strongly connected locations are restricted from mobility. Similarly, α = 0.7,
implies that the social connectivity of individuals is reduced by 30%, and also
the top-30 percentile of strongly connected locations have introduced restricted
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Parameters Value

Time period 8 May’17 to 13 May’17

Call Records 12,179,970

Unique Users 1,175,919

Locations
Harju 507,365
Hiiu 6,959
Ida-Viru 87,212
Järva 18,157
Jõgeva 23,125
Lääne 18,377
Lääne-Viru 44,787
Pärnu 55,873
Põlva 21,083
Rapla 24,108
Saare 25,374
Tartu 132,888
Valga 17,528
Viljandi 33,767
Võru 28,405

Table 4: CDR data statistics.

Cases reported until 11th March, 2020 are considered as an initial condition
for the model. The reason behind selecting 11th March, 2020 as initial condition
is that, till this date no local transmission of the virus was reported [ERR20a].
Till the day of initial condition, the Estonian Health Board confirmed 13 cases
in Harju and two cases in Tartumaa and Saaremaa each [Ter20]. During the
simulation, the number of cases in all other counties are initialized to zero. The
infection rate β and recovery rate µ are adjusted according to the value of R0 for
COVID-19. The reported cases in Estonia as well as the forecast cases using the
model, are shown in Figure 11 until 10th April 2020. It can be noticed that the
model predicted much higher cases of COVID-19 if no restrictions are introduced
(α = 1). However, as the restrictions were introduced by the Government, the
number of cases got damped (Actual). Thus, the applicability of this model is to
forecast a range of predicted number of cases which can help the government and
health agencies to understand the impact and introduce proportional interventions
to restrict the spread of the epidemic.

Please note that in Figure 11, the predicted cases with different alpha values
and the actual cases vary from each other. The reason for this variation can be
seen in the early days of the Coronavirus. During the time, the Italian volleyball
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Figure 11: COVID-19 Cases In Estonia

club Power Volley Milano, which competed in the 2019–20 CEV Challenge Cup
matches played on Saaremaa island on March 4th and 5th, 2020, is said to have
introduced the coronavirus to Saaremaa, according to health authorities. Through
a subsequent champagne celebration, the virus quickly spread throughout the area.
Health officials believe that at the time, the virus had infected half of the island’s
inhabitants [ERR20b; Exp20; BBC20]. This leads to the rapid rise of COVID
cases in Estonia in the initial days, which is a challenging task to be included in
the proposed model.

2.5.2. Case Study of Rhône-Alpes Region in France

We also applied our model to real-time data of Rhône-Alpes region’s COVID-19
cases. Figure 12 shows the actual number of cases and the cases forecast by the
model using different values for α and mobility percentile. The region is divided
into 14 sectors.
Dataset & OD Matrix. For simulation purposes, we again considered the OD
matrix between the sectors of the region obtained via network signaling data of Or-
ange (the largest telecommunications provider in France) and census data [ins16].
This OD matrix has been built using the approach proposed by Fekih et al. in [Fek+20].
The latter uses a heuristic-based approach to extract trips between sectors at in-
dividual level from mobile phone passive traces. As the signaling data collected
by the telecommuting operator covers around 30% of the whole population of the
region, the resulting trips have been re-scaled using the census data. Finally, after
an aggregation step, we obtain the regional OD matrix used in this study.

For privacy matters, the number of COVID-19 cases is not reported in France
at a fine spatio-temporal resolution in publicly available data [fra20b]. Instead,
the dataset only reports cumulative values of COVID-19 cases on a 7-days rolling
window for each area of the administrative segmentation of the French territory.
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Figure 12: COVID-19 Cases In Rhône-Alpes Region In France.

In addition, the number of cases is reported discretely, i.e., as a range of values
between a lower and upper bound containing the real value. Therefore, in order to
obtain a daily estimation of the number of COVID-19 cases per each sector of the
analyzed Rhone-Alpes region, two main assumptions have been made. On the one
hand, we consider the number of cases as the mid value between the lower and
upper bound of the reported range for the given area on a specific day. On the other
hand, we replaced the 7 days rolling time window by the median day (i.e., the 4th

day of the time window). As a result, to obtain the daily estimation of the number
of cases, the cumulative reported estimation provided on a 7-days rolling time
window is divided by 7. After summing this estimation for all the administrative
areas belonging to a given sector of the OD matrix, we finally obtain an estimation
of the number of COVID-19 cases per sector and per day. COVID-19 data cover
the period from 2nd November, 2020 to 19th March, 2021.

Results. For our simulation, the number of cases in all sectors is initialized as on
2nd November, 2020. For the local transmission of the virus (within the sector),
we consider the reproduction number R0 = 2.5 [Org20]. The infection rate β and
recovery rate µ are adjusted according to the value of R0. The reported cases in
the Rhône-Alpes region in France as well as the forecast cases using the model,
are shown in Figure 12 until 22nd March 2021. It can be noticed that the model
predicted much higher cases of COVID-19 if no restrictions are introduced (α =
1), while we can observe that, for α = 0.5, the number of actual cases and forecast
ones are quite close to each other. To explain this result, it is worth to remind that
strong mobility restrictions were re-introduced in France by the end of October
2020 [fra20a], after the first lockdown ended during summer. The new restrictions
contributed to keep low the number of COVID-19 infections (Actual). Moreover,
it is reasonable to assume that mobility and social interactions were already sig-
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nificantly reduced at the beginning of this second lock-down, with respect to pre-
pandemic behaviors, as a consequence of the first COVID-19 wave and previously
imposed restrictive measures. In conclusion, this second case study confirms the
applicability of the model to forecast a range of predicted number of cases. The
latter can thus help the government and health agencies to understand the impact
and introduce proportional interventions to restrict the spread of the epidemic.

2.6. Summary

Classical compartmental epidemic models are unable to describe the spreading
pattern of pandemics such as COVID-19 as they do not take into account the
effect of social connectivity and mobility in the spreading of the virus. Our pro-
posed mobility based SIR models for fully-mixed and complex networks shows
the significance of social connectivity and mobility during pandemics by taking
into consideration the local and the global transmission rate of the infection.

From the mathematical proof for our proposed models, we obtained that the
reproduction number R0 directly depends upon social connectivity of individuals,
number of connected locations and individuals mobility between locations (and
degree of the individual in complex networks model) which is in line with our
simulation’s results. This indicates that introducing isolation and quarantine is
effective in fighting a pandemic crisis. Using the proposed model, we also simu-
lated the real-world scenario by considering the COVID-19 cases in Estonia and
Rhône-Alpes region in France. Simulation reveals that the mobility-based SIR
model can be helpful to forecast the expected number of cases after some propor-
tion of isolation and quarantine is introduced in society.
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3. STUDYING SEGREGATION USING CDR

Segregation is defined as the degree of separation between two or more popula-
tion groups and is considered detrimental for society’s social well-being. Over
many years, it attracted a lot of interest from the research community. The socio-
economic structure and general stability of many developing countries have long
been thought to be significantly influenced by segregation [BY08]. According
to [Ale+03], the repercussions of segregation are not limited to developing coun-
tries, but the detrimental impact of segregation is more severe in countries with
poor political and legal structures. As a result, strategies that promote integration
and interaction in varied societies must be prioritized.

In the past, research on segregation has faced an issue of the availability of re-
liable data. Therefore, much of the previous research work relies on conventional
government census data [Sil20]. Census data can contain physical settlement in-
formation but rarely record trends of social interaction, which are necessary to de-
velop a thorough understanding of the essence of social interaction. In [Dev+14],
the authors showed that physical settlement is dynamic and not necessarily coin-
cident with formal status (e.g. students can live in a city that is not their formal
residence; during summer, residents move away from main cities). In this sense,
CDR data are more correct. Other limitations of using census data are that they
are costly to gather and updated infrequently.

Research Question. In this work, we utilize CDR provided by one of Estonia’s
major telecom operators to research the complexities of social interaction and
human behavior in order to understand segregation. The primary goal of using
CDR data to anticipate segregation is to eliminate or replace costly and time-
consuming censuses. In this chapter, we used descriptive techniques on CDR data
to address the following research question: How accurately societal segregation
can be investigated using CDR data based on demographics such as gender, age-
group, language, and location?

The rest of the chapter is organized as follows. Next, we discuss the back-
ground. We then describe the dataset and its validation using census data in Sec-
tion 3.2. Sections 3.3 and 3.4 present the results of our descriptive analysis of the
dataset and we summarize our findings in Section 3.5.

3.1. Background

In this modern age, we have undergone a major transformation in the way peo-
ple interact. Mobile phones have become one of the most significant and in-
fluential assets in our everyday lives. These devices have modified people’s ap-
proach to communicate and, as a result, have influenced our society. These sensor-
equipped devices are revolutionizing our economy, health care, social networking,
and travel [GZH18].
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Exploring call data records (CDR) generated by mobile phone use can reveal
insights about human interaction behavior. Mobile phone usage creates data traces
that can be exploited to determine a person’s whereabouts. Such datasets can
be used in various applications, including mobility patterns, travel demand, and
regional dispersion of communications. Disease spread tracking, human travel
dynamics and the identification of human congestion are also among other appli-
cations incorporating such large-scale data sets and analysis.

In [B P+15; EPL08], the authors showed that CDR data can provide valuable
insights into the social structure of societies when analyzed using social network
analysis. In [Onn+07], the authors identified the strong and weak ties between in-
dividuals. In another work, population density is calculated using CDR [Dev+14].
Some research has also been done using CDR data for identifying mobility pat-
terns. For example, [Son+10], [GHB08] authors demonstrate that the human path
is predictable and reproducible. In another work, the authors proposed a human
mobility model and validated using a real dataset from New York and Los Ange-
les metropolitan areas [Isa+12]. In [AM05], the authors analyzed human behavior
to find the movement pattern across various age groups.

A set of works also focused on explaining the various forms of segregation
within societies using different datasets. In [Sim05] the authors studied racial dis-
crimination using a statistical approach. They find that there is a shortage of sta-
tistical metrics to measure the extent of discrimination and that there is a common
perception that discrimination is widespread and that both governmental institu-
tions and common people should unite to reduce it. In other work, the authors
also studied ethnic [CR07], residential [Qui02], and social segregation [RRT12].

In [AT12; JPF04], the authors claimed that four types of factors appear to
contribute to segregation: discrimination, disadvantage, preferences, and social
networks. In a different work, segregation is decomposed into two types: social
segregation, as observed in interactions among people, and spatial segregation, as
determined by the physical locations of people [BF13]. Furthermore, a framework
is proposed to model and measure fine-grained patterns of segregation from large-
scale digital data.

In another line of work, the authors studied segregation using segregation in-
dices. These indices can be broadly categorized into non-spatial and spatial in-
dices. The non-spatial indices are the indices in which the information is inde-
pendent of all geographic considerations [BG95], and on the other hand, spatial
indices are defined as those which directly or indirectly consider location informa-
tion [Won93]. In our work, we use non-spatial indices as they are more suitable
to answer our research question.

The most well-known non-spatial index is the dissimilarity index D [DD55a],
which can be formulated as follows:

D =
1
2 ∑

i

∣∣∣∣ pi,g

pg
−

pi,ḡ

pḡ

∣∣∣∣ (3.1)
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Table 5: Segregation indices.

where i is the index of the spatial unit; g, ḡ represent two population groups;
pg, pḡ are total population of the two groups in the entire study region; pi,g, pi,ḡ

are the population of groups g, ḡ in spatial unit i, respectively.
There exist a few similar measures like D (Equation 3.1), summarized in Ta-

ble 5. The main properties of these measures are the following. First, they con-
sider the residential system as consisting of different entities, each area being
isolated from neighboring areas. Second, they focus on a global summary of a
city or region, assuming that spatial relations are consistent across that area.
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S.No. Index Citation Usage
1 Dissimilarity index [DD55a] Measure to compare the levels of

residential segregation.
2 Freeman’s index [Fre78] To quantify different levels of seg-

regation in social networks.
3 Coleman’s Homophily index [Col58] Coleman’s homophily index com-

putes homophily scores for each
group defined by a vertex attribute.

4 Gini index [DD55a] Used to measure of statistical dis-
persion intended to represent the
income inequality or the wealth
inequality or the consumption in-
equality.

5 Centralisation index [DD55b] The centralization index has histor-
ically been used as a global spa-
tial segregation index that quanti-
fies segregation relative to the urban
center of a region.

6 Exposure index [Lie81] It measures a given group’s expo-
sure to all other groups, including
itself.

7 Neighbourhood sorting index (NSI) [Jar96] It is a unitless scale ranging from 0
to 1, with 1 representing full eco-
nomic segregation and 0 represent-
ing perfect economic integration.

8 Typology for classifying ethnic res-
idential areas

[PJF01] TO measure residential ethnic seg-
regation for topology.

9 Location Quotient (LQ) [BC06] Location quotient is useful in de-
mographic studies because it shows
what makes the region’s demo-
graphics unique in comparison to its
state and/or the nation.
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Figure 13: The Checkerboard Problem.

The ‘Checkerboard problem’ is an example that is typically used to investigate
the properties of various segregation measures [Won99; Won02; Daw04; Har16]
is shown in Figure 13. In most people’s perceptions, the four arrangements reflect
varying levels of segregation. However, the values of D are the same, i.e., it does
not differ between different spatial arrangements. In fact, the value of D will
still be 1 as long as one population group is inhabited exclusively in each spatial
unit [Whi83; Mor91; Won93].

Among the mentioned segregation indices, we consider two commonly used
indices for calculating segregation [Mel20]. These indices are Freeman’s segre-
gation index (FSI) and homophily index (HI).

3.1.1. Freeman’s Segregation Index (FSI)

In [Fre78], the author proposed a segregation index called the Freeman Segrega-
tion Index (FSI) that has been used for understanding segregation in social interac-
tion. According to FSI, if a given attribute (group label) is not applicable to social
connections, then connections should be randomly distributed with respect to the
attribute. Thus, the disparity between the number of cross-group ties expected by
chance and the number observed is used for measuring segregation.

Calculating FSI value: Let us consider a network with static attribute groups
A and B (of relative size NA and NB with NA +NB = 1) distributed among nodes
uniformly at random and independently of the network structure, such that there
is a fraction PAB = PBA of edges between groups, and fractions PAA, PBB within
each group (PAA +PAB +PBB = 1). The FSI can be measured using the following
formula:

FSI = 1− X
E(X)

(3.2)

where, X is the proportion of between group ties and E(X) is the expected
proportion of random ties. The X can be calculated using the formula 3.3.

X =
PAB

PAA +PAB +PBB
(3.3)
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3.1.2. Homophily Index (HI)

Homophily is the tendency of individuals to interact and associate with other in-
dividuals. In the past, homophily has been studied in great detail in numerous
works [Asi+20; MSC01; Kan78; Gil+15]. These studies indicate that the simi-
larity is correlated with the connection among individuals and can be categorized
based on age, gender, class, ethnicity [Fu+12; Sho+12; ST17; SJ18], etc. In
this work, we use the Coleman homophily index (HI) [Col58] for comparison
with OBI since HI is commonly used to compare the homophily of groups with
different sizes by normalizing the excess homophily of groups by its maximal
value [Col58].
Calculating HI value: Considering the notations defined in previous section. In
the case of two attribute groups, the probability that a random edge from a node
in a group A leads to a node in group A is defined as:

TAA =
2PAA

2PAA +PAB
(3.4)

Similarly, we can write an equation for TBB. The HI value for group A (HIA)
and B (HIB) can be calculated using

HIA =
TAA −NA

1−NA
(3.5)

HIB =
TBB −NB

1−NB
(3.6)

The range for both HIA and HIB is from -1 to 1, where -1 for HIA means
that group A individuals only connect with group B individuals (only in between
groups connections), whereas 1 for HIA means that group A individuals only con-
nects with group A individuals (only within-group). To conclude, we can say
that FSI index measure segregation. On the other hand, HI index measure both
segregation and inclination simultaneously.

The segregation study [SA14] is the closest to our work in which the author
studied the temporal variation of ethnic segregation in the city of Tallinn, the cap-
ital of Estonia. Their findings revealed that segregation is significantly lower on
workdays and during the summer holidays. The contribution of our work is as
follows: In our work, we perform an exploratory analysis that uses communica-
tion links and social network information of individuals to measure segregation.
In particular, this work utilizes segregation indices along with descriptive analysis
techniques on CDR data to assess gender, age, language, and county segregation.

3.2. Dataset Description

This study utilizes anonymized call data records (CDR) shared for research pur-
poses by one of Estonia’s leading mobile operators. The overview of the dataset
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is provided in Section 2.5.1. However, in this section, we discuss the data in more
detail. Please note that each call record contains information about the caller and
called (counterpart of the caller) user.

In addition, the gender of the user, year of birth and preferred language of
communication are provided in the dataset. It is assumed that the preferred lan-
guage (Estonian, Russian, or English) selected as the language of communication
by the user with the operator is the user’s first language. This is the language that
is used for billing, special offers, and technical messages by the network oper-
ator. As bilingualism is not very common in Estonia [SA14], we presume that
the people who chose the Russian language are members of the Russian-speaking
minority in Estonia and similar for other languages.

For preprocessing, we performed quantile filtering to remove users with fewer
connections. Here, the upper range quartile is 95% and the lower range quartile is
5% for outlier removal. It is to be noted that not all users have additional details
(gender, language, and county) in the dataset. For example, gender information
is available for 130,988 users with 61,933 males and 69,055 females. Table 6
summarizes statistics for this dataset.

Encoding users’ age. Centered on the official age-group categorization sug-
gested by Europe-Bureau and Statistics Estonia [Est], we categorize the age of
users into the following five groups: (1) 5-14 years: Children; (2) 15-24 years:
Early working age; (3) 25-54 years: Prime working age; (4) 55-64 years: Mature
working age; and (5) 65+: Elderly.

This categorization is useful to analyze and report findings for specific age-
groups which was difficult using provided continuous value for age in the CDR
dataset. In Table 6, the Age-Groups row displays the distribution of users in the
dataset according to their age-group. E.g., for the age-group (54,64) with value:
21,427 means that there exist 21,427 individual users in the dataset that belongs
to age-group (54,64).

CDR dataset validation using census dataset. As CDR data contains call
records and might not represent the real population of Estonia, we need to vali-
date that the CDR data is indeed an acceptable representative of Estonia’s actual
population. To do so, we compare the distribution of users in the CDR based
on four features (county, language, age-group and gender) with the actual Esto-
nian population in Figure 14, where, the x-axis represents percentage and y-axis
represents users’ features from top to bottom namely county (written in black),
language (highlighted in purple), age-group (highlighted with green) and gender
(highlighted in blue). The sum of all percentages based on each feature is 100
percent for both CDR and actual Estonian population separately. For each feature
value, pink dots represent the percentage of users in the CDR dataset and sea green
dots represent the percentage of people in the actual Estonian population. Further-
more, for each feature value, the difference between CDR and actual population
percentage is calculated using the formula 3.7.
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Parameters Value

Time period 8 May’17 to 13 May’17

Call Records 12,179,970

Unique Users 1,175,919

Gender
Male 61,933
Female 69,055

Age-Groups
(0,14] 76
(14,24] 1,196
(24,54] 83,028
(54,64] 21,427
(64,100] 12,323

Languages
Estonian 102,545
Russian 14,882
English 236

Locations
Harju 507,365
Hiiu 6,959
Ida-Viru 87,212
Järva 18,157
Jõgeva 23,125
Lääne 18,377
Lääne-Viru 44,787
Pärnu 55,873
Põlva 21,083
Rapla 24,108
Saare 25,374
Tartu 132,888
Valga 17,528
Viljandi 33,767
Võru 28,405

Table 6: CDR data statistics.
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Male
Female

(64,100]
(54,64]
(24,54]
(14,24]
(0,14]

English
Russian

Estonian
Võru

Viljandi
Valga
Tartu

Saare
Rapla
Põlva
Pärnu

Lääne−Viru
Lääne

Jõgeva
Järva

Ida−Viru
Hiiu

Harju

0% 25% 50% 75%

CDR
Population

Figure 14: Comparison of the actual population of Estonia and users in CDR
based on four features.

Di f f erence =
|CDR %−Population %|

min(CDR %,Population %)
∗100 (3.7)

The differences greater than 10 percent are written and highlighted with the
text color. The features and the difference interpretation from top to bottom on
the y-axis are as follows:
County: Estonia has 15 counties, with Harju county, which includes the capital
Tallinn, being the most populous, Tartu county being the second most populous,
and Hiiu county being the least populous. Figure 14 shows that the gap between
CDR users and the overall population in the top four populous counties (Harju,
Tartu, Ida-Viru and Pärnu), which account for approximately 80% of Estonia’s
total population [Sta21], is less than 10%. All counties with a population and
CDR disparity of more than 10% cover nearly 14% of Estonia’s population. As
a result, we can infer that CDR data is a fair representation of the real Estonian
population in terms of county.
Language: As previously mentioned, the preferred languages of interaction choices
in the CDR dataset are Estonian, Russian, or English. Figure 14 reveals that the
percentage of the Estonian-speaking population in CDR data is higher than the
actual Estonian population. The Russian-speaking population, on the other hand,
exhibits a distinct pattern of behavior. However, CDR data can be used to calcu-
late language segregation.
Age-groups: According to age-group, mobiles are often used by prime working
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age users (i.e., (24,54)), mature working age users (i.e., (54,64)), and elderly users
(i.e., (64,100)). These three age-groups account for nearly 99 percent of the CDR
dataset and 76 percent of the total Estonian population. Mobile usage percentages
for other age-groups are lower than their actual population. From this, we can
infer that in the CDR dataset, the representation of the prime working age users is
significant as compared to their actual population in Estonia. As a result, we can
suggest that the findings of the prime working age users can be considered accu-
rate with reasonable confidence. The same is valid for mature working age and
elderly users. On the other hand, the representation of children and early working
age-group (i.e., (14,24)) in CDR is minimal or non-existent in comparison to the
actual population, making it difficult to analyze these age-groups. This shows that
mobile phone use is common after a certain age.
CDR dataset availability and Ethical concern. Our dataset is partly location
data, and it can not be shared due to privacy concerns. The dataset is owned by
our collaborator at the University of Tartu and is accessible for research purposes
after signing the NDA. For privacy, the dataset is anonymized at two levels, so
that specific persons cannot be identified.
Implementation. We used Python programming language for the implemen-
tation. For all the experiments, we use Intel(R) Xeon(R) Gold 6246R CPU @
3.40GHz with 128 GB RAM.

3.3. Segregation using Social Interaction

In this section, we understand gender segregation, performed by exploring the
social network interactions of the CDR. We create a directed network that rep-
resents the call connections among users where an edge (u −→ v) is formed if a
user u has called user v. Figure 15(a) shows the CDR network, where each node is
color-coded based on gender. The red nodes represent male users, and the green
nodes represent female users. Links between users are also color-coded. Links
that originate from males are colored red (i.e., calls from male to male; and male
to female), and similarly links that originate from females are colored green (i.e.,
calls from female to female; and female to male).

Furthermore, we employ the well-known PageRank algorithm [Pag+99] to
identify the centrality of nodes in the network. PageRank reflects the importance
of a node in terms of its influence in the network. For example, an individual with
a higher Pagerank could reflect its bigger social influence in propagating a piece
of information in the network. In Figure 15(a), the size of the node reflects the
Pagerank of the node.

Table 7 provides the statistic of the network. The lower value of the average
clustering coefficient and edge density can be used to infer that the network is
sparse. The values of these metrics further indicate that the network is spread
out and the transmission of information would possibly take longer to transmit
throughout the network. From the values of strongly and weakly connected com-
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(a) CDR Network (b) Male Network (c) Female Network

Figure 15: Users network formed using CDR data.

ponents’ size and the number of components, we can conclude that there are a
large number of small communities. The value of reciprocity indicates that only
24.6% individuals have mutual interests with each other.

Network Properties Value
Nodes 1,175,919
Edges 4,664,821
Average in-degree 3.97
Edge density 3.37e-6
Number of triangles 2,909,058
Average clustering coefficient 0.096
Strongly & weakly connected component size 1,170,309
Number of components 14870
Reciprocity 0.246

Table 7: Network statistics of users.

Based on color-coding, we can easily observe clusters of males and females in
the CDR network (Figure 15(a)). For further studying the segregation, we study
the giant component of the males-only (see Figure 15(b)) and the giant compo-
nent of the females-only (see Figure 15(c)) networks separately. For creating the
males-only network, we drop all the caller and callee ids, which belong to females.
Similarly, we drop all the caller and callee ids which are males to create a females-
only network. For better comparisons of these networks, we report the properties
of each of these networks in Table 8. Although this creation of males-only and
females-only networks is synthetic, nevertheless it can provide some significant
information about segregation in these networks.

In Figure 15(b) and 15(c) users are grouped into communities based on modu-
larity values (0.803 for the males-only and 0.913 for females-only network). The
higher value of modularity indicates that the females-only network has more clus-
ters but these clusters are densely connected within themselves as also supported
by the higher average clustering coefficient of the females-only network, which
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Male Female
Nodes 40,711 45,931
Edges 76,188 64,824
Edge density 4.6e-5 2.9e-5
Average clustering coefficient 0.097 0.138
Average path length 10.46 24.65
Diameter 136 203
Modularity 0.803 0.913

Table 8: Statistics comparison of the giant component of male and female net-
work.

suggests that females bonds in smaller groups, but these groups are tightly con-
nected compared to their males’ counterparts. The higher value of edge density
for a males-only network suggests that males, in general, have more connections
compared to females. In addition, the smaller diameter and average path length
values of the males-only network indicate that the network is compact compared
to the females-only network, which is more spread out. These males-only and
females-only network metrics point out that the transmission of information is
fast in the males-only network compared to the females-only network.

3.4. Demographics Segregation using FSI and HI

This section focuses on understanding interaction in the CDR data by exploring
various users’ demographics, including gender, age, language, and location. We
also calculated segregation using FSI and HI by considering the mentioned demo-
graphics. In Section 3.4.1 and 3.4.2, we study gender and age-groups segregation.
In Section 3.4.3 and 3.4.4, we study language and location segregation.

3.4.1. Measuring Gender Segregation in Estonia

First, we explore the individuals interaction based on gender in Estonia using
the CDR data. The gender segregation calculated using FSI is 0.267, and HI is
0.158 for males and 0.1 for females (shown in Table 9), indicating its presence in
Estonia. Next, we analyze the data in-depth to explore gender segregation based
on age group, language, and county.

High Gender Segregation In Prime Working Age. Here, we analyze gender
segregation based on age-groups. Figure 16a compares the FSI value for various
age groups based on gender. We find that prime working age group, i.e., (24,54)
is highly segregated followed by elderly group, i.e., (64,100). Please note that we
excluded (5,14) age-group for this comparison because of insufficient data with
gender information.

The comparison of males and females calling pattern based on age groups
also highlights that males of early working age, mature working age and elderly
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Parameters FSI HI

Gender
Male 0.267 0.158
Female 0.267 0.1

Age-Groups
(0,14] 0.374 0.032
(14,24] 0.206 0.172
(24,54] 0.385 0.561
(54,64] 0.322 0.398
(64,100] 0.432 0.332

Languages
Estonian 0.738 0.704
Russian 0.742 0.751
English 0.267 0.094

Locations
Harju 0.712 0.798
Hiiu 0.812 0.724
Ida-Viru 0.856 0.838
Järva 0.762 0.537
Jõgeva 0.758 0.587
Lääne 0.773 0.608
Lääne-Viru 0.778 0.695
Pärnu 0.796 0.705
Põlva 0.754 0.591
Rapla 0.755 0.570
Saare 0.828 0.766
Tartu 0.727 0.714
Valga 0.772 0.635
Viljandi 0.793 0.681
Võru 0.777 0.710

Table 9: Demographics segregation using FSI and HI.

call more to females of the same age group, but at the same time, they maintain
strong connectivity with males of other age groups as well. On the other hand,
most females’ calls remain within the same age group females, although their
connectivity with females of different age groups is relatively weak compared to
males. Based on the calling behavior between age groups, we can conclude that
males are more socially connected with other males and females than females who
prefer to communicate with females of the same age group. To explore further,
next, we examined language-based gender segregation.
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Figure 16: Gender segregation using FSI.

Higher Gender Segregation Among Estonian Speaking Individuals. In Es-
tonia, Estonian is spoken by the majority population, followed by Russian. Some
peoples’ preferred language is also English. We analyzed the segregation based on
languages in our analysis. In terms of gender segregation, the Estonian-speaking
population is more segregated than the Russian-speaking individuals (see Fig-
ure 16b). Please note that here we excluded English-speaking population for this
comparison because of insufficient users with gender information.

Based on call activity among different language speakers, we observe that
Russian-speaking individuals call comparatively higher than Estonian-speaking
individuals. Additionally, call patterns comparison based on age groups and lan-
guage indicates that Estonian speaking females are more inclined to call other
Estonian speaking females of the same age group. This shows that Estonian-
speaking females are more segregated compared to others. To explore further, we
also investigate gender segregation based on counties.

Gender Segregation In Estonian Counties. Figure 16c compares the FSI val-
ues for various counties based on gender. We observe that Hiiu county is the most
segregated and Ida-Viru is the least segregated county based on gender. On fur-
ther analysis, we observe that in all counties, both males and females are inclined
towards the same gender, which also inclined with previous research [GSA21].

3.4.2. Measuring Age-Group Segregation in Estonia

We calculated the FSI and HI index for age-groups segregation as shown in Ta-
ble 9. We find that the two age-groups: (24,54), and (64,100) are more segregated
than others. Next, we explore the reasons for this segregation by analyzing the
CDR data at the county level.

We observe that FSI index for all age-groups is less than the average FSI index
in Voru, Polva, Saare and Rapla. We can also observe that in Jogeva, Laane and
Laane-Viru, the segregation index for age-group (24-54) is approximately near
to the average segregation. The interesting observation to be noted here is that
the age-group (24-54) is mostly segregated in county Parnu. Another interesting
observation can be that in Hiiu county, only elderly (i.e., (64,100)) individuals are
more segregated than the mean FSI value. Therefore, we further analyzed this

56



Figure 17: The FSI values for age-groups segregation in Estonia.

age-group for Hiiu county using social network analysis and observe that elderly
individuals prefer to connect other elderly individuals. We also observe that there
are many elderly pairs which are only connected to each other.

Finally, we can conclude that the prime working individuals (i.e., (25-54) age-
group) and elderly (i.e., (64-100) age-group) are more segregated than average
segregated individuals in Estonia based on age-group.

3.4.3. Measuring Language Segregation in Estonia

Here, we explore the individuals interaction based on their preferred language of
communication in Estonia using the CDR data. We calculated the FSI and HI
index for language segregation as shown in Table 9. The two language-speaking
individuals (Estonian-speaking and Russian-speaking) are more segregated than
the mean segregation (also see Figure 18). As we have already shown in Table 6
that our dataset contains only 256 English-speaking individuals, it is difficult to
infer that this language-group is segregated. But, we can conclude for Estonian-
speaking and Russian-speaking individuals with reasonable confidence that they
are more segregated. In the next section, we explore the language segregation in
detail by analyzing the CDR data at county level.

3.4.4. Measuring County Segregation in Estonia

This section first explains the segregation in Estonia based on county using CDR
data. Further, we explore four different cases by removing large municipalities in
different counties to measure their effect on segregation. The reason to remove
these large municipalities is explained in the following subsections. The four
cases are as follows:
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Figure 18: The FSI values for language segregation in Estonia.

1. Segregation in Estonian counties after removing Narva city. Please note
that Narva city is a part of Ida-Viru county.

2. Segregation in Estonian counties after removing Pärnu city. Please note
that Pärnu city is a part of Pärnu county.

3. Segregation in Estonian counties after removing Tartu city. Please note
that Tartu city is a part of Tartu county.

4. Segregation in Estonian counties after removing Tallinn city. Please note
that Tallinn city is a part of Harju county.

Segregation in Estonian counties. We calculated the FSI index for segre-
gation based on county, and find that the mean FSI value for county segregation
is 0.777. This mean segregation value for counties suggests that most individu-
als prefer to call within same county. Furthermore, the individuals in six coun-
ties (Hiiu, Ida-Viru, Lääne, Pärnu, Saare and Viljandi) are more segregated than
the mean segregation (see Figure 19). We also observe that individuals in Harju
county and Tartu county are less segregated than others. One of the reasons for
this less segregation can be the diversity of the population in these counties.

We summarized all our FSI values based on gender, age-group, language and
county in Table 10. We also highlighted segregation using red text color. For
example, (1) based on language, Estonian-speaking and Russian-speaking indi-
viduals are more segregated; (2) For county Ida-Viru, prime working age-group
(i.e., (24,54)) has FSI value as 0.48 which is more than average FSI value based
on age-group, therefore it is shown in red text color.

Segregation in Estonian counties without Narva city. We measured the FSI
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Figure 19: The FSI values for counties segregation in Estonia.

values for each county after removing the Narva city of Ida-Viru county. The rea-
son for removing this particular city is the fact that the majority of its population
has Russian-speaking individuals. In particular, 95.7% of the population of Narva
city are native Russian speakers, and 87.7% are ethnic Russians [Est]. We calcu-
lated FSI index after removing Narva city and find that the segregation of Ida-Viru
county decreased from 0.856 to 0.843. Hence, we can conclude that the Russian-
speaking population in Narva city of Ida-Viru county is more segregated than the
Estonian-speaking population. We can further infer that county segregation and
language segregation are correlated with each other.

Segregation in Estonian counties without Pärnu city. In this section, we
measured the FSI values for each county after removing the Pärnu city of Pärnu
county. The reason for removing this particular city is the fact that the majority of
its population has Estonian-speaking individuals (83%) [Est]. On the other hand,
the Russian-speaking, Ukrainian-speaking, and other language-speaking individ-
uals are 12.8%, 1.7%, and 2.5% respectively [Est]. We calculated FSI index after
removing Pärnu city and find that the segregation of Pärnu and Haju county in-
creased from 0.712 and 0.796 to 0.718 and 0.805 respectively. Hence, we can
conclude that the Estonian-speaking population in Pärnu city of Pärnu county
is less segregated than other language-speaking populations. In other words, we
see a similar behavior as earlier that the Russian-speaking population in Pärnu
county is more segregated. Therefore, we can infer with reasonable confidence
that county segregation and language segregation are correlated with each other.

Segregation in Estonian counties without Tartu city. Here, we measured
the FSI values for each county after removing the Tartu city of Tartu county. The
reason for removing this particular city is the fact that it is the second largest city
of Estonia, after Estonia’s political and financial capital Tallinn. Tartu is often
considered the intellectual center of the country [inf; Bou11; Che], especially
since it is home to the nation’s oldest and renowned university, the University of
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Tartu. Tartu city itself is also the oldest city of Estonia [MR13].
The majority population of Tartu city speaks Estonian (80%) [Est]. On the

other hand, the Russian-speaking and other language-speaking individuals are
14% and 6% respectively [Est]. We calculated the FSI index after removing Tartu
city and find that it affects many counties. The FSI value for six counties (Harju,
Jõgeva, Põlva, Tartu, Valga and Võru) have increased. On the other hand, the FSI
value for four counties (Hiiu, Jõgeva, Rapla and Saare) have decreased. Hence,
we can conclude that individuals in Tartu city of Tartu county have a greater im-
pact on other counties either by increasing or decreasing their FSI values. In-
terestingly, we also observe that removing Tartu city has no impact on Ida-Viru
and Pärnu counties which shows that their segregation is independent of Tartu
city. This is also true for other counties which are not affected by the removal of
Tartu city. Therefore, we can conclude that Tartu city is well connected with other
counties of Estonia.

Segregation in Estonian counties without Tallinn city. Next, we measure
the FSI values for each county after removing the Tallinn city of Harju county.
The reason for removing this particular city is that it is the capital and the most
populous city of Estonia. Tallinn is also the main financial, industrial and cultural
centre of Estonia [inf]. Tallinn city also have approximately equal number of
Estonian-speaking (50.1%) and Russian- speaking (46.7%) individuals [Est].

We calculated FSI index after removing Tallinn city and find that it affects
all counties. The FSI value for eight counties (Harju, Hiiu, Ida-Viru, Lääne,
Lääne-Viru, Pärnu, Rapla and Saare) have increased. Hence, we can conclude
that these eight counties are very well-connected to the Tallinn city individuals.
On the other hand, the FSI value for seven counties (Järva, Jõgeva, Põlva, Tartu,
Valga, Viljandi and Võru) have decreased. This indicate that these counties are
well-connected with other cities and counties other than Tallinn city.

Based on our analysis of the county, we can infer that language geography
plays a vital role in segregation. Individuals prefer to connect with individuals
that speak the same language and reside in the same locality (city or county).

3.5. Summary

This work analyzed countrywide CDR data with user demographics to study so-
cietal segregation in Estonia. In particular, we explored demographics such as
gender, age-group, language, and county. We employed two segregation indices,
Freeman Segregation Index (FSI) and Homophily Index (HI), to measure segre-
gation. The highlights of our study are the following:

1. We validated our CDR dataset using census datasets and showed that CDR
datasets can indeed fairly represent the actual population, and all the seg-
regation study findings on a quality CDR dataset can be considered correct
with reasonable certainty. Therefore, findings from CDR datasets can be
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used by government agencies to make target policies in particular for the
needed segregated group.

2. Gender segregation: The individuals are segregated based on gender. The
traces of gender segregation can be found in connectivity among age-groups,
preferred language of communication, and calling location.

3. Age-group segregation: The prime working individuals (i.e., (25-54) age-
group) and elderly (i.e., (64-100) age-group) are more segregated than av-
erage segregated individuals in Estonia. The results using network analysis
techniques further supported our findings.

4. Language segregation: The Estonian-speaking and Russian-speaking indi-
viduals are segregated based on language. With reasonable confidence, we
can say that they prefer to call the same language individuals.

5. County segregation: We find that neighborhood and language play a vital
role in the county’s segregation. Individuals prefer to connect with other
individuals that speak the same language and reside in the same locality
(city or county).
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4. PREDICTING SOCIO-ECONOMIC WELL-BEING
USING MOBILE APPLICATIONS DATA

Socio-economic indicators provide context for assessing a country’s overall con-
dition. These indicators contain information about education, gender, poverty,
employment, and other factors. Therefore, reliable and accurate information is
critical for social research and government policing. Most data sources available
today, such as censuses, have sparse population coverage or are updated infre-
quently. Nonetheless, alternative data sources, such as call data records (CDR)
and mobile app usage also called digital data, can serve as cost-effective and up-
to-date sources for identifying socio-economic indicators.

Call and Digital data has recently been recommended as an alternate source
for determining socio-economic status [Uca+21; Mar+17; Mar+20; Sin+19]. Re-
searchers have been able to create socio-economic prediction models with un-
precedented temporal and geographical resolutions owing to the increasing usage
of mobile devices, social media, and the expanding availability of ubiquitous satel-
lite data [Sot+11; GZZ19; DRZ19; BDK15]. Human mobility and social contacts
were shown to be linked to higher income in data from mobile phones and social
media [Blu16; Pap+16; Ste+17; Llo+15].

Research Question. Considering the literature on CDR [GSA21b; GSA21a]
and past research to predict socio-economic features using mobile service con-
sumption data [Uca+21], we show that mobile application usage patterns would
be able to predict socio-economic features. The use of mobile app data rather
than merely CDR, which has been done by the majority of previous research, is
the highlight of this study. The primary goal of using mobile digital data to antici-
pate socio-economic features is to eliminate or replace costly and time-consuming
censuses. This leads to our research question, that is how accurately we can pre-
dict socio-economic conditions using mobile applications usage patterns.

The rest of the chapter is organized as follows. Next, we explain three datasets
utilized in this study: mobile app traffic, geographical, and socio-economic fea-
tures in Section 4.1. Then, the areal interpolation of IRIS is discussed in Sec-
tion 4.2. In Section 4.3, mobile app usage patterns are extracted. We cover the
result and explainability in Section 4.4. Finally, conclusions are outlined in Sec-
tion 4.5.

4.1. Dataset Description

We conduct a novel and large-scale investigation using nationwide and multi-
source datasets. We utilized three different datasets:

63



4.1.1. Mobile Applications Usage

Mobile applications usage data of size 2TB (terabyte) spanning more than 2.5
months by approximately 30 million subscribers distributed over more than 550,000
km2 and served by over 25,000 base stations in a major European country with
one of the world’s largest economy, France [Ban].

Table 11 shows the screenshot of mobile application usage data. Here, LocInfo
is a alphanumeric column is used to map the record to the latitude and longitude
information of the record which is available in another table. The PortApp is used
to map the application name from another table. Next, we have timestamp as
numeric value. Lastly, Volume up and Volume down which represents the bytes of
data uploaded and downloaded while using the application.

LocInfo PortApp Ts VolumeUp VolumeDn
0102f8100068145e 65759 1552753320 6901.1599 21441.916

Table 11: Mobile application usage dataset screenshot.

Therefore, the data consist of time-stamped and georeferenced records of the
mobile traffic generated by different applications, such as YouTube, Facebook, or
Netflix—including device-specific ones such as Apple Store (run by iOS devices)
or Google Play (run by Android devices). The data were collected throughout
France and aggregated at the antenna level. Because of their volume and scattered
nature, some traffic from different applications was aggregated into common cat-
egories such as mail, gaming, news (mainly newspaper outlets), or downloading.

Mobile applications categorization. We manually categorized the top 99 per-
centile mobile applications in terms of traffic load into 19 classes. We chose the
top 99 percentile mobile apps since only a small number of apps generate a sig-
nificant volume of data according to the power law [Mar+17; Sha+11]. The idea
of categorizing mobile apps is also explored in past research [Liu+16]. The mo-
bile apps that are selected include heterogeneous apps and encompass Advertising
(e.g., Web Advertising), Android download (e.g., Google Play Store), Apple cloud
(e.g., iCloud storage), etc. Table in the Appendix A contains the detailed infor-
mation about application categorization.
Ethical concern. Our research follows strong ethical standards. Orange, France
provided the data and was responsible for data collection, processing, and storage.
They follow the rules of the European Commission’s General Data Protection
Regulation (GDPR). All these privacy-related activities were also monitored by
the Orange Data Privacy Officer and the CNIL, the French governmental body
responsible for safeguarding privacy in the use of personal data. In this study, we
used aggregated data among thousands of people at the antenna level, which does
not pose a privacy threat and does not qualify as personal data.
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4.1.2. Socio-Economic Features

Socio-economic features covering economic status, population, and education in-
formation for around 49,000 IRIS1.

Economic status: For economic features, we used the Revenus, pauvreté et
niveau de vie en 2018 (Iris) dataset [INS18d; Ins], which contains a complete
description of the income distribution deciles for residential IRIS zones. Features
for areas with less than 1000 inhabitants are not shared by the IGN for privacy
reasons. After filtering out IRIS zones with missing values, we have economic
status for 9,145 IRIS zones (out of 48,931), which encompass all the main urban
areas of France.

The income that we work on is the disposable income that means people de-
clare their total incomes once a year (salary, allowances, rent, financial products,
etc.) and they pay taxes on their total incomes. The disposable income is what
they keep after redistribution. Next, we select three features Poverty, Median in-
come, and Gini Index from the economic status which are vital for understanding
economic status of the IRIS. The selected features along with their definition are
shown in Table 12.

Population information: For the population structure, we utilised the Popu-
lation en 2018 [INS18c] dataset, which contains a description of the population
structure by age group, gender and other factors, such as socio-professional cat-
egory and immigration. The selected features from the population information
based on correlation are shown in Table 12. For population information, we have
data for 45,508 IRIS zones (out of 48,931).

Education information: For education statistics, we used the Diplômes - For-
mation en 2018 [INS18b] dataset, which contains the academic level information
(BEPC, BAC, SUP, CAPBEP, etc). The selected features from the education in-
formation based on correlation are shown in Table 12. Similar to population, for
education information, we have data for 45,508 IRIS zones (out of 48,931).

Next, we performed the Pearson’s correlation test to study correlation between
all 25 socio-economic features as shown in Figure 20. For the ease of interpre-
tation, all weak correlation values (between -0.5 and 0.5) are set to null. From
Figure 20, we observe that poverty is negatively correlated with median income,
which is obvious. Median income is positively correlated with high intellectual
profession and high education, that implies, high professionals and highly edu-
cated individuals earn more. Similarly, we can observe that individuals with age
above 60 years are retired (correlation value as 0.91).

4.1.3. Geographical Information

Geographical information provided publicly by the French Institut national de
l’information géographique et forestière (IGN). For the geographical description

1IRIS is a region used to divide the country into units of similar population size.
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Socio-Economic Indicator Definition
Economic status
Poverty Poverty rate at the threshold of 60% of disposable

income per metropolitian median per person (%)
Median Income Median income per person (in euros)
Gini Index The Gini Index summarizes the dispersion of in-

come across the entire income distribution i.e, it
measure income inequality

Population information
Total population Total number of people
Pop 0-14 Number of (#) people aged between 0 to 14 years
Pop 15-29 #people aged between 15 to 29 years
Pop 30-44 #people aged between 30 to 44 years
Pop 45-59 #people aged between 45 to 59 years
Pop 60-74 #people aged between 60 to 74 years
Pop 75+ #people aged 75 years or more
Immigrants #people who are immigrants
CS1 #people aged 15 or more who are Farmer operators
CS2 #people aged 15 or more who are Craftsmen,

Traders, Company managers
CS3 #people aged 15 or more who are Managers and

higher intellectual professions
CS4 #people aged 15 or more who are Intermediate pro-

fessions
CS5 #people aged 15 or more who are Employees
CS6 #people aged 15 or more who are Worker
CS7 #people aged 15 or more who are Retired
CS8 #people aged 15 or more who fall in Others w/o pro-

fessional activity
Male #people who are male
Female #people who are female
Education information
No diploma #out-of-school people aged 15 or over with no

diploma or atleast a CEP
BEPC or CAPBEP #out-of-school people aged 15 or over holding

a BEPC, college certificate, DNB, CAP, BEP or
equivalent;

BAC #out-of-school people aged 15 or over with a Bac-
calaureate, professional certificate or equivalent

SUP #out-of-school people aged 15 or over with a higher
education diploma at Bac +2 level or more

Table 12: Selected socio-economic features (per IRIS area) with their definitions
from INSEE.
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Figure 20: Correlation plot for socio-economic features.

we used IRIS level information, and we downloaded the Contours IRIS édi-
tion 2018 dataset [INS18a], which defines a polygon in a Lambert-93 projection
for each IRIS zone (i.e. aggregated unit for statistical information) in France,
as well as an associated record containing the IRIS code, name and type among
other information. According to the Institut national de la statistique et des études
économiques or National Institute of Statistics and Economic Studies (INSEE) in
France, an IRIS is defined as a system for dividing the country into units of equal
size, also known as IRIS2000. In French, IRIS is an acronym of aggregated units
for statistical information, and the 2000 refers to the target size of 2000 residents
per basic unit.

As we can observe, the Geographical data and socio-economic features men-
tioned in this section are at the IRIS level. However, the mobile app data is at the
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antenna level. Therefore, we convert the mobile app data to IRIS level using the
areal interpolation method.

4.2. Areal Interpolation of IRIS

In this section, we identified the areal weighted interpolation of IRIS using base
station location and IRIS geographic information. As mentioned earlier, our mo-
bile app data is aggregated by antennas. These antennas are located at base sta-
tions, which means a base station (BS) can correspond to single or multiple an-
tennas. Therefore, as a first step, we mapped all the antennas to their respective
BS based on their latitude (LAT) and longitude (LON) information. Next, we
followed the technique mentioned in [Aas+21; Uca+21] for the areal weighted
interpolation of IRIS. We begin by modeling the coverage area of each BS using
the Voronoi polygon.

(a) Voronoi Polygon (b) IRIS Zone (c) Voronoi and IRIS zone map-
ping

Figure 21: Areal interpolation. The Voronoi polygons, IRIS region, and weighted
interpolation are shown in Figure 21a, 21b, and 21c respectively. (best seen in
color)

Let us suppose we have finite number of BS, N, in the two-dimensional Eu-
clidean plane, and assume that 2 ≤ N < ∞. The N number of BS are labeled by
bs1, bs2,..., bsN with the Cartesian coordinates (x1, y1), (x2, y2), ..., (xN , yN) or
location vectors X1, X2, ..., XN . The N points are distinct in the sense that Xi ̸= X j

for i ̸= j, where i, j ∈ IN = {1, · · · , N}, where IN represents a set of N natural
numbers. Let bs be an arbitrary BS in the Euclidean plane with coordinates (x, y)
or location vector X . Then the Euclidean distance from bs to bsi is given by

d(bs,bsi) = ||X −Xi||=
√
(x− xi)2 +(y− yi)2 (4.1)

If bsi is the nearest point from bs, we have the relation ||X −Xi|| ≤ ||X −X j||
for j ̸= i, where j ∈ IN . Let B = {bs1, bs2,..., bsN}, then the Voronoi polygon
region associated with bsi is given by

V (bsi) = {X s.t. ||X −Xi|| ≤ ||X −X j|| f or j ̸= i, j ∈ IN} (4.2)

68



and the Voronoi diagram generated by B is given by the set

V = {V (bs1),V (bs2), ...,V (bsN)} (4.3)

Figure 21a provides an example of the Voronoi polygon generated using BS
in a bounded plane. In equation 4.3, we have defined a Voronoi diagram in an
unbounded plane. However, in most cases we deal with a bounded region. Now,
the bounded Voronoi diagram generated by B for a bounded region R is given by
the set

Vbnd =V ∩R = {V (bs1)∩R, ...,V (bsN)∩R} (4.4)

Let suppose we have finite number of IRIS zones, Z, which are labelled as
I1, I2, ..., IZ . Then, the areal weight for IRIS zone i with respect to all the BS
bounded Voronoi polygon is given by

W (Ii) =

{
A(Vbnd(bs1)∩ Ii)

A(Vbnd(bs1))
, ...,

A(Vbnd(bsN)∩ Ii)

A(Vbnd(bsN))

}
(4.5)

where, Vbnd(bsi) represents the bounded Voronoi polygon for bs1, (Vbnd(bs1)∩
Ii) represents the overlapping area of Voronoi polygon for bs1 and IRIS zone i.
A(·) represents the area of the region or polygon within the parenthesis. Hence,
A(Vbnd(bs1)∩Ii)

A(Vbnd(bs1))
is the areal weight for IRIS zone i with respect to the bs1 bounded

Voronoi polygon. This areal weight is further multiplied by the total traffic recorded
for the respective BS to calculate the traffic consumption.

Next, the identified aerial weights are multiplied by the total traffic recorded
for an app category on the respective BS of an IRIS to calculate the traffic con-
sumption by an app category in the IRIS zone. For example, let us consider
the generic IRIS zone Z, containing three BS with aerial weights W1,W2 and
W3 and traffic T1,T2 and T3 for app category A at any given time. The total
traffic consumption for app category A in the considered IRIS Z will amount to
T1 ∗W1 +T2 ∗W2 +T3 ∗W3. After this, we have per-application traffic data entries
recorded as the uplink and downlink at a 1-minute granularity and aggregated by
IRIS. As a next step, we also sum up the uplink and downlink byte counts, which
results in the dataset with per-application traffic data entries recorded as the total
byte counts at a temporal granularity of 1 minute and aggregated by IRIS. In the
next section, we refer to this dataset as D .

4.3. Mobile Apps Usage Features for IRIS Sectors

Predicting socio-economic features using mobile app data significantly depends
upon distinctive usage patterns in mobile applications. In this section, we derived
a set of metrics from apps data able to capture useful information from the large-
scale data to be later used in the classification stage. In particular, we identified

69



week signature (Section 4.3.1), Revealed Comparative Advantage (RCA) utiliza-
tion (Section 4.3.2), and standardized cumulative utilization (Section 4.3.3), for-
mally defined in the following subsections.

4.3.1. Typical Week Signature (TWS)

Let us consider our mobile app consumption dataset D , describing the usage of a
set of mobile apps A for the population during a set of d days. For the definition of
the signature, let us define the signature support ∆ of one week, i.e., from Monday
to Sunday, ∆ = {mon, tue, wed, thu, fri, sat, sun}. Then, dδ ⊂ d denotes the set of
days in the dataset D that correspond to the day of the week δ ∈ ∆, with

⋃
δ∈∆ dδ

= d. The generic element in the signature of an IRIS i for mobile app a at time t
for day of the week δ is:

si(δ , t,a) = M({vi(d, t,a)|d ∈ dδ}), ∀i ∈ I,a ∈ A, (4.6)

where, vi(d, t,a) describes the total mobile app a usage within the IRIS i at time
slot (hour in our case) t of day d from dataset D . M(·) represents the median of
the set within parenthesis. Also in this case, δ is small with respect to the overall
set of d days, which implies data compression. I and A represents set of IRIS and
applications respectively.

Signatures then undergo a standard normalization. To that end, each element
obtained in Equation 4.6 is normalized with respect to the mean and standard devi-
ation of all elements referring to the same IRIS and mobile application. Formally,
for a generic element of IRIS i and mobile application a is

s̃i(δ , t,a) =
si(δ , t,a)−µ(si(a))

σ(si(a))
, ∀δ ∈ δ , i ∈ I,a ∈ A, (4.7)

where µ(si(a)) and σ(si(a)) denote the mean and standard deviation of the set of
elements concatenated in the signature si.

The techniques for the construction of a TWS for per-application traffic data,
at a temporal granularity of 1 hour and for each IRIS [Fur+16; FFS17] requires to
process the dataset D through three phases. These phases aim at summarizing the
mobile traffic activity in each unit areas into a meaningful profile, i.e., the IRIS
signature for the mobile application category. The steps involved in generating
the TWS are as follows:

1. We converted the timestamp value to the corresponding “Hour within week”
value, which means that all the timestamp values represent the hour and day
of the week. For example, all the timestamp values on Monday between
00:00 to 00:59 hours, will become 1 irrespective of the date. Similarly,
all the timestamp values on Tuesday between 16:00 to 16:59 hours, will
become 41 (24+17) irrespective of the date.

2. Next, we aggregate the data on “Hour within week” value, and calculate the
median total byte count per-application for each IRIS. We considered the
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median value as denoising component and extracts information deemed to
be representative of the typical mobile traffic activity in an IRIS, isolating
it from the inherent noise in the data.

3. Lastly, we standardised the signature making it independent from the abso-
lute volume of mobile traffic recorded at an IRIS. This allows comparing
the per-application activity at IRIS level on the sole basis of the traffic data
variations. This we named as Typical Week Signature.

The TWS is a relevant feature from mobile phone app usage data due to its
capability to depict the relative dynamics of mobile app consumption over the
course of an entire week under the premise of cyclic (weekly) regularity at the
scale of an IRIS region.

4.3.2. Revealed Comparative Advantage (RCA)

Depending on the nature of the data, different mobile apps produce a heteroge-
neous traffic volume over the network. For example, videos generate a signif-
icantly larger load per session than messaging. As a result, the traffic volume
across app categories might vary by several orders of magnitude. Therefore, we
also computed the revealed comparative advantage (RCA) [Bal65], a relative mea-
sure that can compare traffic across IRIS zones and app categories. The RCA
index for IRIS zone z and app category a is calculated as follows:

RCAza =
Tza/∑a′∈A Tza′

∑z′∈Z Tz′a/∑z′∈Z,a′∈A Tz′a′
(4.8)

where Tza is the median hourly traffic per person in IRIS zone z for apps cat-
egory a; ∑a′∈A Tza′ is the median hourly traffic per person in zone z combinedly
generated by all considered apps; ∑z′∈Z Tz′a is the median hourly traffic per person
generated by app a in all zones; ∑z′∈Z,a′∈A Tz′a′ is the median hourly traffic per
person, aggregated over all zones and apps. A value of RCAza > 1 indicates more
than average usage of app a in zone z; on the other hand, RCAza < 1 indicates
lower than average usage of app a in zone z.

4.3.3. Standardized Cumulative Utilization (SCU)

Next, we extracted the cumulative utilization of apps in different IRIS. This is
defined as the total data transmitted in byte counts for each app aggregated for the
IRIS. This is instead a simple metric compared to the week signature and RCA.
The motivation behind calculating this information is to check the effectiveness
of straightforward metrics to predict socio-economic features. We take the total
data transmitted bytes during the 2.5-month observation period for each IRIS zone
and mobile service. Finally, we calculate the standardized cumulative utilization
(SCU) as follows:

SCUza =
Cza −mean(∀ZCZa)

sd(∀ZCZa)
(4.9)
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where Cza is the cumulative traffic in IRIS zone z for app category a; mean(∀ZCza)
is the mean total traffic in all zones Z generated by app a; sd(∀ZCza) is the standard
deviation of total traffic in all zones Z generated by app a. Therefore, the SCU
value measures how far from the mean the traffic generated by a particular mobile
application in a specific IRIS zone is in terms of standard deviations.

4.4. Socio-Economic Features Prediction

Here, we build machine learning models using the patterns (TWS, RCA, and
SCU) we explored in the previous sections to predict the socio-economic features
of IRIS in France.

4.4.1. Experimental Setup

To illustrate the predictive power of the different feature sets (TWS, RCA, and
SCU), we define a series of models, each with a distinct feature set corresponding
to mobile app usage patterns.

We used Python programming language for the implementation. For all the
experiments, we use PowerEdge R740 server, 2 * Intel Xeon Gold 5220 (2,2GHz,
18C/36T, cache 24,75MB, 10,4GT/s, 125W, Turbo, HT), DDR4 2666MHz, 768GB
Ram RDIMM 3200MT/s, Dual Rank.

Furthermore, we experiment with several regression models, including Linear
Regression, Ridge Regression, and CatBoost. We find that CatBoost models are
the most effective for our task, and we thus report results from only those models.
Because of the regression task, we take care of the trade-off between bias and vari-
ance of the model. During experimentation, we split our dataset into 80:20 train
and test sets, ensuring that our CatBoost models are not overfitting our training
data. To achieve this, we used a 5-fold cross-validation on training data. Finally,
we report the R-squared value on test data.

4.4.2. Results with Explainability

We subdivide our results into three parts based on economic status, population
information, and education information.
1) Economic status: Table 13 shows the R-squared value for the prediction of
our models. We used four variations of predictive features to predict Poverty,
Median income, and the Gini index. The variations of predictive features include
(1) Cumulative: that represents SCU values, (2) RCA: that includes RCA index
values, (3) TWS: that has typical week signature on hourly basis, and (4) All:
which contains all the three mentioned features combined, i.e., SCU values, RCA
index, and TWS.

We find the most predictive features to be the week signature or TWS. Strik-
ingly, mobile app usage at different times of day is significantly more predictive
than the RCA index and cumulative usage patterns. With a model trained on all
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Socio-Economic Features Cumulative RCA TWS All
Economic status
Poverty 0.306 0.366 0.458 0.482
Median Income 0.551 0.592 0.631 0.659
Gini Index 0.569 0.592 0.623 0.642
Education information
No diploma 0.380 0.392 0.450 0.456
Baccalauréat 0.442 0.454 0.508 0.516
BEPC + CAPBEP 0.381 0.398 0.457 0.464
College 0.538 0.548 0.596 0.604
Population information
Total population 0.457 0.470 0.520 0.527
Population 0 to 14 yrs 0.464 0.480 0.538 0.543
Population 15 to 29 yrs 0.529 0.541 0.591 0.596
Population 30 to 44 yrs 0.483 0.496 0.553 0.560
Population 45 to 59 yrs 0.449 0.461 0.516 0.522
Population 60 to 74 yrs 0.393 0.406 0.462 0.469
Population 75+ yrs 0.368 0.378 0.428 0.435
Immigrants 0.596 0.605 0.654 0.664
Farmer 0.246 0.256 0.322 0.328
Craftsman, Trader 0.363 0.372 0.407 0.417
Manager, high profession 0.544 0.555 0.593 0.602
Intermediate profession 0.473 0.484 0.537 0.543
Employees 0.437 0.449 0.498 0.504
Worker 0.354 0.369 0.432 0.437
Retired 0.359 0.371 0.425 0.433
Other w/o profession 0.485 0.494 0.536 0.540
Male population 0.459 0.472 0.525 0.532
Female population 0.467 0.478 0.529 0.535

Table 13: R-squared scores using Cumulative, RCA, TWS, and All predictive fea-
tures for the socio-economic features. Best score is highlighted using bold text.
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available features, we achieve a score of 0.48, 0.66, and 0.64 for Poverty, Median
income, and Gini index, respectively. The results outperformed the state-of-the-
art, which explored only the RCA index and not TWS. Table in Appendix B
contains the RMSE scores using TWS, RCA, SCU, and All predictive features for
the socio-economic features. Additionally, the best scores are highlighted using
bold text.

Furthermore, to understand the features’ importance for the best model with All
predictive features, we use SHAP (Shapley additive explanations) values [LL17].
A summary plot of SHAP values for top-20 features is shown in Figure 22. The
SHAP values and feature names are represented by the x- and y-axes, respec-
tively. Each data point represents a single instance. The red color represents a
higher value for the feature than its average value, while the blue color denotes a
lower value. Red values on the right side of the x-axis indicate a positive impact
on the prediction and vice versa. The features are listed in order of decreasing
importance.
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Figure 22: SHAP plot to determine feature importance for Economic status. (best
seen in color).

Each point represents an IRIS, thus for each feature, the figure shows the distri-
bution of SHAP values across the dataset. The wider distribution indicates a larger
absolute impact of the feature in the prediction, while the color of each point en-
codes the feature value (low or high). A feature with high values corresponding
to negative SHAP values (to the left) is negatively correlated with economic sta-
tus. For example, RCA index for News app category or News (RCA) is negatively
correlated with Poverty (see Figure 22b and 22c). Conversely, features with high
values correspond to positive SHAP values (to the right), which positively corre-
late with economic status. For example, News (RCA) is positively correlated with
Median income and Gini index (see Figure 22b and 22c).

The most important feature for predicting economic status are News, Web
Browsing, Social media, Email, Social media video, etc. We observe that News
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(RCA) consumption is more in IRIS with high median income and a high Gini
index. On the other hand, News (RCA) consumption is less in IRIS with high
Poverty. That means News is read more by high-income individuals. Additionally,
RCA index for Social media app category or Social media (RCA) usage pattern
is completely opposite compared to News (RCA). That indicates that high-income
people do not frequently use social media. Similarly, we find that Web Browsing
on Saturday from 10 to 12 is positively correlated with Median income and nega-
tively correlated with Poverty. Conversely, we find that Web Browsing on Monday
from 3 to 4 is negatively correlated with Median income and positively correlated
with Poverty. This implies that high-income individuals avoid browsing the inter-
net on Monday late afternoon.

Takeaways. Social media applications are utilized less by the high-income
group than by the low-income group. On the other hand, the high-income group
frequently uses News and Productivity apps.
2) Education: Table 13 reports the R-squared values for the CatBoost models for
four education classes: No diploma, Compulsory Schooling (Baccalauréat), High
School (BEPC and CAPBEP), and College. Again, we find the most predictive
features to be the weekly signature. That means mobile app usage at different
times of the day is significant. With a model trained on all available features, we
achieve a score of 0.46, 0.52, 0.46, 0.60 for No diploma, Compulsory Schooling
(Baccalauréat), High School (BEPC and CAPBEP), and College, respectively.

Takeaways. We find that the consumption of social media videos, social me-
dia, music, and travel applications play a vital role in predicting the education
status in the IRIS. We also observe that people without a diploma, compulsory
education, and high school have more distinguished consumption of music and
social media than those with a college education.
3) Population: Table 13 report the R-squared values for the CatBoost models for
all population features. We achieve scores between 0.44 (age 75+) to 0.66 (Im-
migrants). Our model predicted the immigrant population and people ages 15 to
29 years more accurately. Similarly, we achieve scores for profession information
between 0.33 (Farmers) to 0.60 (Managers, high profession). The model per-
formed better in predicting high profession, Intermediate profession, and Others
with high scores.

Takeaways. We observe that most of the features among the top 20 are from
TWS. This further supports the relevance of TWS. We find that social media video
is highly consumed by people aged between 15 to 45 years. The immigrant pop-
ulation, primarily young and working in positions with unprofessional activities,
are not frequent targets for the advertisement. Additionally, high profession indi-
viduals, such as, Managers like to hear music after working hours.
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Socio-Economic Features Census All
Median income 0.50 0.66
Gini Index 0.38 0.64
College 0.61 0.61

Table 14: R-squared scores for CatBoost model using census, and All (Cumula-
tive, RCA, and TWS patterns) data for predicting Median income, Gini index, and
College education. Best score is highlighted using bold text.

4.4.3. Relevance of the Findings

To show that the extracted patterns (TWS, RCA, and SCU) from mobile ap-
plications are better/comparable than census information for predicting socio-
economic features, we further experimented using census data (Total pop, age
0-14, 15-29, 30-44, 45-59, 60-74, and 75+), and All (Signature, RCA, and Cumu-
lative) to predict three socio-economic features: Median income, Gini index, and
College education. Table 14 report the R-squared values for the CatBoost models.
We find that the model with All predictive features achieve high scores.

Please note that, for the sake of completeness, we performed a comparability
analysis between the mobile applications usage patterns and census information
for predicting three socio-economic features: Median income, Gini index, and
College education. However, the use of population information for predicting
socio-economic features is not aligned with the purpose of this study. That is,
this study tries to replace expensive, and time-consuming census tasks to collect
socio-economic information by mobile usage to predict socio-economic features.

4.5. Summary

This work proposes a large-scale, quantitative, and predictive study of the rela-
tionship between mobile app usage and socio-economic features. We analyzed
nationwide data from the leading mobile operators in France and extracted three
patterns: TWS, RCA, and SCU. We find that TWS has richer information diversi-
fication than RCA and SCU. The best model using all three patterns achieved an
R-squared score up to 0.66, thus concluding our study goal that mobile application
usage can predict a nation’s socio-economic conditions.

Although mobile application usage patterns are successful in predicting so-
cioeconomic features, model drift can occur over time, making these predictions
erroneous. Therefore, it is necessary to automatically rectify model drift. As a
result, mobile digital data can augment censuses (for example, if a census occurs
every ten years, mobile data can help with better interpolation with precise esti-
mates for every year or even every month). The model will need to be calibrated
with a physical census on a regular basis (e.g., every ten years, as is done in many
countries).
Impact: Most countries conduct a census once every ten years and utilize the
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same data to drive policies prior to the next census [UN17; SS20]. To overcome
the limitation of census, this study makes a case for an inexpensive, privacy-
preserving, real-time and scalable method to understand the latest socio-economic
conditions and, by extension, poverty, unemployment, literacy, or economic progress
in our societies through mobile phone data (application usage).
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5. CONCLUSION

As mobile phones have become an inseparable part of our lives, the significance
of call data and digital data to study people’s behaviour worldwide cannot be un-
derestimated. Most people who spend a large chunk of time on mobile leave their
usage signature, consciously and unconsciously, which can be analyzed to mine
the distinctive patterns. These patterns are later utilized to understand individual
or group mobility, demographic segregation, socio-economic conditions, and so
on. Hence, mobile phone data is an excellent source to study numerous social
well-being topics.

In this thesis, we investigated three societal well-being facets using mobile
phone data. First, we conducted modeling research to better understand the prop-
agation of coronavirus. Here, we developed two versions of the mobility-based
SIR model, (i) fully-mixed and (ii) for complex networks, which take into account
the real-life interactions from CDR. Using the proposed method, we predicted
coronavirus cases in Estonia and France.

The second work is a descriptive research in which we use the CDR data to
analyze societal segregation. This is another major social problem since it plays
a vital part in establishing a country’s development trajectories by assisting gov-
ernments and other relevant entities in developing better-targeted policies for the
appropriate populations. Our findings suggest that CDR can effectively portray
the real population and also identify social segregation.

The third work is a predictive research where we look at digital traces from
mobile applications (such as Twitter, YouTube, and so on) to predict socioeco-
nomic indicators. These indicators include data on education, gender, poverty,
employment, and other variables. As a result, precise and trustworthy informa-
tion is vital for social research and government policing. Today, most public data
sources, such as censuses, have limited population coverage or are only updated
periodically. Nonetheless, our findings indicate that data sources like digital traces
of mobile app activity can be used to detect socioeconomic indicators in a cost-
effective and timely manner.
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6. FUTURE SCOPE

In this thesis, we investigated three social well-being aspects using mobile phone
data. This section discusses different potential future directions for modelling and
experiments.

There are two dimensions in which we plan to extend our epidemic modeling
research in Chapter 2. First, this thesis has been mainly focused on the use of
compartmental models to understand epidemics. Generally, there are two types of
epidemic modeling: compartmental and agent-based modeling [FWF11; Ker+21].
In this thesis, we have only focused on compartmental models. Hence, we plan to
develop agent-based models to understand the spread of coronavirus in the future.
Second, we would like to test our proposed models on larger datasets with longer
time-period coverage to map people’s mobility more accurately.

While studying the segregation in Chapter 3, it would be interesting to analyze
the data in a more detailed location, such as the municipalities to grasp the eco-
nomic inequality at a more finer level. We would also like to combine the mobile
CDR data with other datasets such as financial data to understand the socioeco-
nomic segregation in Estonia.

The outcomes of the socio-economic study in Chapter 4 are confined to France
and its specific geographical granularity, IRIS. However, there are a few potential
ideas that we would like to investigate. First, using the proposed methodology,
study other countries’ call data records or digital data. Second, we can extend
the proposed methodology by including user temporal network analysis and the
investigation of alternate sources of information.
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Appendix A. APPLICATION CATEGORIZATION

S.No. Category Application Name
1 Social media

Video
Instagram Videos MP4, Youtube TLS, DailyMotion Stream http, Twit-
ter Videos, YouTube WEB

2 Web Brows-
ing

TLS, Google Web, Images Web, Apple Web, Default http 80, e-
Commerce, Clothes, Default http 8080, Web Audience, Web Microsoft,
Yahoo Web, Amazon Web, Women Websites, AMP Project, Adult Con-
tent, Other443, Home equipment, TLS Orange

3 Video Encrypted Videos, NetFlix Video, HTTP_MP4, HTTP_STREAMING,
Molotov Streaming, Streaming TS, Orange TV over TLS, GoogleVideo
Web, Silverlight Adaptive streaming, WebM Streaming, Periscope Web
Port, TV, Clips from miscellaneous domains, Plex

4 Social media Facebook, SnapChat, Apple Adaptive streaming, LinkedIn, Streaming
AVSP_TS, WhatsApp, Pinterest, Twitter, iMessage, VKontakte, Blog-
ging, Odnoklassniki, imgur, Telegram, Badoo

5 Apple Down-
load

AppStore, Apple FOTA, SIRI

6 Android
Download

Google Play Store

7 Music Deezer Streaming, Icecast Shoutcast, Spotify, Deezer Web, Radios
8 Download DownloadWeb, HTTP File Sharing, Default HTTP Download, BITOR-

RENT, OrangeMonReseau, FTP_Data_Passive, P2P_?
9 Advertising Web Advertising, Small Ads
10 Apple Cloud iCloud Storage, iCloud command
11 Games Twitch, PlayStation Games, Steam Games, World of Warcraft, Poke-

mon GO, HTTP_GAMES, EA Games HTTP
12 Apple Music iTunes Store, Apple Music Download, Apple Music Streaming
13 Cloud Google+, Drive, We Transfer, Dropbox, SoundCloud sound sharing,

Uptobox, OneFichier, Microsoft Skydrive, MegaUpload Cloud Storage
14 Apple Video AppleAdaptive AVSP, Apple Video Download
15 Window

Download
Windows Store, WindowsUpdate

16 News NewsPaper, NewsMag, Sport News
17 Email HTTP Mail Microsoft, HTTPS MAIL, IMAPS_Orange, IMAPS

Google, IMAPS Microsoft, HTTP Mail Google, IMAPS Yahoo,
IMAPS_Other, POP3_Orange, HTTP_MAIL, HTTP Mail Yahoo

18 Travel Google NAV, Waze GPS, Transport, Tripadvisor, Uber
19 Productivity Meet, Microsoft Office, Sharepoint, Banks, Weather, Google Docs
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Appendix B. RMSE SCORES

RMSE
Socio-Economic Features TWS RCA SCU All
Poverty 6.494 7.082 7.475 6.399
Median Income 2733.635 2877.143 3031.349 2598.945
Gini Index 0.026 0.027 0.027 0.024
No Diploma 0.047 0.049 0.050 0.046
BEPC or CAPBEP 0.023 0.024 0.025 0.023
BAC 0.037 0.037 0.038 0.036
SUP 0.050 0.052 0.053 0.048
Total population 626.195 657.502 666.741 613.923
Pop 0-14 0.030 0.032 0.032 0.030
Pop 15-29 0.027 0.028 0.029 0.027
Pop 30-44 0.026 0.028 0.028 0.026
Pop 45-59 0.027 0.027 0.028 0.027
Pop 60-74 0.034 0.036 0.037 0.034
Pop 75+ 0.030 0.032 0.032 0.030
Immigrants 0.030 0.033 0.035 0.029
CS1 0.019 0.019 0.020 0.019
CS2 0.018 0.018 0.018 0.017
CS3 0.027 0.028 0.028 0.026
CS4 0.033 0.034 0.034 0.032
CS5 0.032 0.033 0.033 0.031
CS6 0.036 0.036 0.037 0.035
CS7 0.060 0.064 0.064 0.060
CS8 0.038 0.039 0.039 0.037
Male 0.020 0.020 0.020 0.019
Female 0.020 0.020 0.020 0.019

Table 15: RMSE scores using TWS, RCA, SCU, and All predictive features for
the socio-economic features. Best score is highlighted using bold text.
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SISUKOKKUVÕTE

Sotsiaalse heaolu kaevandamine kasutades mobiilseid
andmeid

Heaolu määratletakse kui rahulikku, tervet ja õnnelikku olekut. Heaolu dimen-
sioone on erinevaid. Näiteks tähendab füüsiline heaolu meie keha tervena hoid-
mist, mida saab saavutada trenni ja õige toitumisega. Samamoodi defineeritakse
sotsiaalset heaolu, mis on käesoleva töö keskmes, kui võimet edukalt suhelda ko-
halikes ja globaalsetes kogukondades. Tänapäeva maailmas suhtlevad inimesed
sõprade ja perega personaalselt , telefoni või sotsiaalmeedia platvormide, nagu
Twitter, Facebook ja Instagram, kaudu.

Mobiiltelefonid on muutunud meie elu lahutamatuks osaks, seetõttu kasutame
oma mobiiltelefone enamasti teistega suhtlemiseks mitte ainult helistades, vaid ka
sotsiaalmeedia platvormide kaudu. Enamik inimesi, kes veedavad suure osa ajast
mobiilis jätavad oma unikaalse kasutusjälje koos oma iseloomulike mustritega .
Teadlased kasutavad neid mustreid laialdaselt heaolu uurimiseks kogu maailmas.
Käesolevas lõputöös keskendume mobiiliandmete abil sotsiaalse heaolu uurimise
kolmele mõõtmele.

Töö esimene mõõde on modelleerimine, mille käigus pakume välja mudelid,
mis aitavad mõista mis tahes nakkushaiguse või epideemia levikut. Oma uurimis-
töös laiendasime olemasolevaid epideemiamudeleid, kaasates inimeste liikuvuse
ja sotsiaalse ühenduvuse, mis on võetud CDR-i andmetest. Meie pakutud meetod
on tuntud kui mobiilsuspõhine SIR-mudel. Laiendasime mudelit SIR (Susceptible
– Infected – Recovered), kuna see on koronaviiruse leviku mõistmiseks kõige as-
jakohasem mudel. Selles mudelis on kolm klassi, milles võib inimene olla: vastu-
võtlik, mis tähistab inimesi, kes ei ole nakatunud, nakatunud, mis esindab nakatu-
nud inimesi, ja taastunud, mis tähistab nakatumisest taastunud inimesi. Esialgu on
suurem osa elanikkonnast vastuvõtlikud ja ainult vähesed inimesed on nakatunud.
Aja möödudes haigestuvad vastuvõtlikud inimesed ja lõpuks saavad nakatunud
inimesed terveks.

Töö teine mõõde on oma olemuselt kirjeldav, kus uurime CDR-i abil ühiskond-
likku segregatsiooni. Segregatsioon on määratletud kui inimeste eraldamine soo,
keele või mõne muu demograafilise teabe alusel. Paljud varasemad segregatsiooni
käsitlevad uurimistööd põhinevad tavapärastel valitsuse rahvaloenduse andmetel.
Siiski võivad loendusandmed jäädvustada füüsilise asustuse täpse mustri, kuid
harva registreerivad sotsiaalse suhtluse suundumused, mis on vajalikud sotsiaalse
suhtluse olemuse põhjalikuks mõistmiseks. Uurime oma uurimistöös Eesti ühis-
kondlikku segregatsiooni nelja demograafilise näitaja (sugu, vanuserühm, keel ja
asukoht) alusel, kasutades CDR-i andmeid. Andmestikku pakuvad Eesti suuremad
sideoperaatorid, et uurida sotsiaalse suhtluse ja inimkäitumise keerukust. CDR-
andmete kasutamise peamine panus segregatsiooni ennetamiseks on kulukate ja
aeganõudvate loenduste kaotamine või asendamine.
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Töö kolmas mõõde on olemuselt ennustav, kus prognoosime mobiilse andme-
side abil piirkonna sotsiaal-majanduslikke tingimusi (SEC). Alternatiivsed and-
meallikad, nagu demograafilised loendused või uuringud, mida kasutatakse SEC
jälgimiseks, on hõredalt hõlmatud rahvastikuga või neid uuendatakse harva nende
kõrgete kulude ja aeganõudva protsessi tõttu. Seetõttu ei sobi need kiire arenguga,
mida ühiskonnad praegu kogevad. Oma uuringus näitame, et mobiilirakenduste
kasutusmustrid suudaksid ennustada SEC-i piirkonnas. Mobiilsete digitaalandme-
te kasutamise esmane eesmärk SEC-i ennetamiseks on kaotada või asendada ku-
lukad ja aeganõudvad loendused, et ennustada sotsiaal-majanduslikke tingimusi
digitaalsete jälgede abil.
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