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“He remarks that, while the individual man is an insoluble puzzle, in the

aggregate he becomes a mathematical certainty. You can, for example,

never foretell what any one man will do, but you can say with precision

what an average number will be up to. Individuals vary, but percentages

remain constant. So says the statistician.”

- Sherlock Holmes, The sign of the four. Sir Arthur Conan Doyle
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Abstract

Today, more than half of the world population is living in cities, which has

been doubled in the last 50 years. The reason for that attraction is not only

economical, but also security, education, and health. While people migrate

to cities to reach improved life conditions, several issues raised by the in-

creasing population. Recent studies have shown the importance of ethnic

and cultural diversity of urban population to encourage tolerance, and to

foster creativity and economic growth. Facing the urban growth challenges,

we search for the key formulas to obtain healthy societies under the light

of new type of data sources, such as mobile phone usage datasets. To this

end, first we build up a tool to identify security related incidents from a

country, which unstable political conditions held. Then we trace the formu-

las of healthy societies with examples from both developing and developed

countries. We check the individual interaction and communication pattern

effects (bridging and bonding) for the existence of social capital. Then we

analyze aggregated ethnic diversity, and associate segregation scores with

census data, and different ethnic groups preferences to move in the city,

existence of any pattern for specific nation. The current studies are mainly

hypothetical, with the absence of large scale real life data sources. This the-

sis aims to provide an insight to policy makers for building healthy societies,

for the benefit of urban well-being.
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B.1 Non-emergency events . . . . . . . . . . . . . . . . . . . . 152

B.2 Emergency events . . . . . . . . . . . . . . . . . . . . . . . 153

x



Chapter 1

Introduction and Motivations

Understanding human nature and behavior has a long history that lies

back to the ancient times. Philosophers, social scientists, sociologists, psy-

chologists, economists whose focus is to learn human behavior for ages,

base their theories mainly on subjective observations, surveys performed

through limited number of people, or in lab experiments. Today, almost ev-

eryone carries a mobile phone in his/her pocket, independent from his/her

wealth. Yet with its basic capabilities, a mobile phone allows us to capture

the human behavior in high precision in a very intimate way. To this end,

the mobile phone usage is precious to understand human behaviour, even

not including any kind of content of the conversations, but enabling us to

model the social interaction with time and space.

The invention of mobile phones goes back to a couple of decades back,

but in such a short period of time, the number of mobile phone users

reached around 5 billion all around the world according to GSMA1. The

power of this new technology can be better realized if we recall the total

population of world is around 7 billion. What is surprising is the pene-

tration of these new technology is so high even in the poorest countries.

According to the World Bank report, the poorest household’s most likely

1https://www.gsma.com/newsroom/press-release/number-of-global-mobile-subscribers-to-surpass-

five-billion-this-year/
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to have a mobile phone than access to clean water [55]. In developing coun-

tries, the reason for this phenomena is mostly the adequacy of the necessary

infrastructure. In Africa, the mobile phone coverage, is wider than the gen-

eral land lines, and it allows people to make business by mobile payment,

since there is limited access to financial institutes in Sub-Saharan rural

parts.

The power of mobile phone data lying beneath how vastly it has been

generated. Each call, texting, connection to the Internet leaves a record in

the Mobile Network Operators (MNOs), which is necessary for issuing an

invoice for the provided service to connect people. This research, is about

quantifying the value of aggregated digital breadcrumbs —mobile phone

usage data— for the well-being of human beings.

In the recent years there has been an extensive research effort for an-

alyzing mobile phone usage data to infer, model and/or predict human

traits and behaviors. Thanks to some main MNOs’ Data for Development

Challenges (D4D)2 initiatives on sharing subset of their aggregated and

anonymized Call Detail Records (CDRs) to research communities in several

challenges. In particular, Orange Telecom’s challenges in 2013 and 2015

aims at exploiting sustainable development goals for developing countries

in several categories (i) health, (ii) agriculture, (iii) transport/urban plan-

ning, (iv) energy and (v) national statistics. These challenges demonstrate

success in various applications such as: energy planning, transportation

system planning, detecting clean water dwells, poverty analysis, disease

dissemination etc.3. The insights are attracting governments, policy mak-

ers, organizations like United Nations since it allows fast decision making,

either by complimenting current solutions or as standalone to assess social

2http://www.d4d.orange.com/en/Accueil
3https://www.gsma.com/mobilefordevelopment/programme/digital-identity/discussing-data-for-

development
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problems almost in real time.

Due to privacy it is not possible to leverage CDR even for the purpose

of improving living conditions, especially in developing countries. On the

other hand, benefits of using mobile phone usage data are so promising

that, the academic institutes are looking for solutions to overcome privacy

issues. One of them is OPAL project4, a platform to run algorithms on

without accessing the meta data.

The power of aggregated data for the well-being of the societies has

to be evaluated. A British statistician, Sir Francis Galton, mentioned

about wisdom of crowds when he figured, how precise the average estimates

of the weight of an ox, from a country fair in West England [76]. The

group was composed of around 700 people from different backgrounds, few

were experts, but most of them were common people. On the contrary

to the expectations, group’s estimate was only 1% from the real value.

This phenomena has been later investigated in different domains, including

politics and economy [194]. In that thesis the presence of cumulative

intelligence through the mobile phone usage data is questioned for different

aspects.

In that context, this thesis aim to shed light on several questions present

in social science, with the tools of computer science and data obtained from

real life. To this end, we have first evaluated the common sense of the so-

ciety against unexpected threats, with some evidence from a developing

country. The hourly aggregated number of calls given for each cell tower,

allows us to learn the normal expected call volume, thus to predict the

presence of anomaly in the region. During the data collection period, in

addition to some several social events, such as African Football Cup, New

Year, there were also some emergency events caused by the political in-

stability and conflicts. Under these circumstances, by just looking at the

4http://www.opalproject.org
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number of calls, we could identify with some precision the type, time, and

location of the event. This is an expected behavior as society tends to

share the new information/threat through their connections. When we

carry this hypothesis one step further, the presence of the communication

network urges us to question how the structure of the communication net-

work shape up the society as each connection bring valuable information.

The value generated through networks, is called social capital, which has

been debated for a long time, for existence and also methods for measure-

ment [36, 49]. In particular, we correlate social capital with the structure

of the network to make inferences over four indicators: (i) economical

well-being, (ii) civic engagement and democratic participation (iii) public

health, and (iv) public safety and security. Contrary to the current liter-

ature [64, 37, 49], we observe different behaviour for economic well-being,

and conclude that it could be the outcome of a developing country, since

similar results are observed in another developing country, Colombia [128].

For civic engagement and democratic participation, our results demon-

strate bridging structures, bring more inclusion to the society. Similar to

that, again bridging concludes safer places for society. We could not find

a significant correlation between public health neither bridging nor bond-

ing network structure. As we find positive relation between diversity and

society well-being, next we carry out our analysis to diversity of cultures

in urban life. For this setting, we used data from a developed country

for analyzing segregation through the city, we compare static census base

residential segregation versus dynamic segregation through mobility of the

phone users.

This thesis is structured as follows: in Chapter 2 we describe the mobile

phone data then report the state of the art in the context of social good. We

present our contributions in modeling aggregated human behavior in that

context, in the following three chapters (3,4,5), which can be evaluated as

4



stand-alone, complementary studies. Specifically, in Chapter 3 we exploit

mobile phone usage data to detect countrywide anomalies and validate our

approach by compiling an event dataset from various sources (shared in

Appendix B), this chapter is the partial work from our publication [96];

in Chapter 4 we enlarge the scope of our analyses from spatial points (cell

towers) in time series to network properties by constructing communication

and mobility networks. The bridging and bonding structure of networks

and the relation to socio-economic well-being of the region, have been an-

alyzed. This chapter is composed of our journal submission, which is cur-

rently under review [97]. In Chapter 5, we move towards a bit geography

domain, and extend network properties to spatial polygons, and in each

uniform polygon we analyze how different cultures live, explore, and uti-

lize the city; either in homogeneous or segregated way. Finally in Chapter

6, this thesis is concluded and future research directions have been elabo-

rated. Addition to the main text of the thesis, supplementary supportive

documents are given in appendices. In Appendix A detailed definitions

of datasets are provided. The ground truth information which has been

gathered from various sources are listed in Appendix B and Appendix C.

List of Publications

• Gundogdu, D., Incel, O. D., Salah, A. A., & Lepri, B. (2016). Coun-

trywide arrhythmia: emergency event detection using mobile phone

data. EPJ Data Science, 5(1), 25.

• Gundogdu, D., Panzarasa, P., Oliver, N., & Lepri, B. (Under Review).

Measuring social capital through mobile phone usage: Evidence from

a developing country.
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• Gundogdu, D., Finnerty, A. N., Staiano, J., Teso, S., Passerini, A.,

Pianesi, F., & Lepri, B. (2017). Investigating the association between

social interactions and personality states dynamics. Open Science,

4(9), 170194.

Conference talks and poster presentations

• Gundogdu, D., Moretti, M., & Lepri, B. (2017). Explorative analyse

of two Italian cities: Turin and Venice for diversity, NETMOB 2017,

Poster presentation.

• Gundogdu, D., Finnerty, A. N., Staiano, J., Teso, S., Passerini, A.,

Pianesi, F., & Lepri, B. (2016). Investigating the Role of Social Inter-

actions on Personality States Dynamics, International Conference on

Computational Social Science (IC2S2), Chicago, USA, Invited talk.

• Gundogdu, D., Emergency Event Detection Using Mobile Phone Data

(2016), Oxford Big Data Symposium, Invited talk.

• Gundogdu, D., Incel, O. D., Salah, A. A., & Lepri, B., (2015) So-

cial Event Detection in Aggregated Mobile Phone Data Using Markov

Modulated Poisson Process, International Conference on Computa-

tional Social Science (IC2S2), Helsinki, Finland, Poster presentation.

In the rest of the thesis, mobile phone usage data and CDR are used

interchangeably.
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Chapter 2

Background

Mobile phone operators can analyze the behavior of a large number of peo-

ple from their aggregated mobile phone usage [22, 209, 24]. In particular,

the almost universal adoption of mobile phones is generating an enormous

amount of data about human behavior with a breadth and depth that

were previously inconceivable. In 2013, there were 6.8 billion mobile phone

subscriber accounts worldwide, with millions of new subscribers every day,

corresponding to a penetration of 128% in the developed world and 90%

in developing countries [7].

In this chapter, we first explain the nature of data, and then list the

usage of CDRs in the literature, grouped under various topics in social

well-being.

2.1 Call detail records (CDR)

CDRs are mainly used for billing purposes by telecommunication operators.

Every time a mobile phone communicates, a cell tower delivers the com-

munication through the network, and a new CDR is created. This record

reports the time of the communication, and the cell tower that handled

it. Various types of CDRs exist, recording various types of communication

(e.g., incoming calls, outgoing SMSs, etc.).
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2.1. CALL DETAIL RECORDS (CDR)

Table 2.1: An example from a call detail record.

Caller Id Callee Id Timestamp Duration

123 125 20121004112000 0.056 sec

522 1154 20121004112000 0.125 sec

Access to these data is strictly controlled, because of data privacy issues.

Occasionally research institutes and mobile network operators initiate chal-

lenges, to use data for good. To retain the user’s anonymity, each phone

number is coded such that the original phone number can not be obtained

and no additional information related to the customer can be inferred. An-

other common approach is to aggregate the number of calls and the total

duration, either in the level of cell towers or geographic region. The details

of the two datasets, used in this theses are given in Appendix A.

In this thesis two different CDR datasets have been used.

• Data for Development (D4D) Côte d’Ivoire

• Telecom Italia Big Data challenge

These two datasets are dissimilar, apart from their country of origin,

but also for the level of aggregation. Specifically, D4D data set is richer

with four different level of aggregation. Subset-1 allows us to model in-

formation flow, as the number of calls are given as initiating cell tower to

destination cell-tower. In Subset-2 the initiator cell tower data is available

for a small subset of user, which allows us to model the mobility of the mo-

bile phone users. Thus, we obtain the location data in cell tower precision

for both subsets of Côte d’Ivoire, beside Telecom Italia dataset contains

the aggregated data in grid level, where the dimensions are set by the chal-

lenge organizers. However the given data is aggregated in country code

8



level, which lets us to be able to work on segregation, with the assumption

that the caller/callee is from that country. As one can see that, neither of

the datasets include the information as given in Table 2.1 for the privacy.

Hence, the most fine granular data is from D4D dataset Subset-2, we have

caller id, cell tower id and the timestamp. The more detailed information

can be found for both of these datasets in Appendix A.1.1.

2.2 Mobile phone data and society

The CDRs can be exploited for various purposes, such as: to extract mo-

bility patterns [77, 86, 116], to model social interactions [146, 183], to an-

alyze the dynamics of a city [129, 54], to understand epidemics [215, 199],

to estimate population densities [57], to predict energy consumption pat-

terns [26], and socio-economic indicators and outcomes of territorial dis-

putes [65, 28, 202].

In the following sections, we elaborate the related work that has lever-

aged mobile usage data: (i) to understand public safety and security, (ii)

economic development, (iii) public health, (iv) democratic participation,

and (v) segregation and diversity as these are the indicators that we focus

on in this thesis with respect to their relationship to the social well-being.

2.2.1 Public security and safety

Large scale social events can happen anytime, anywhere, and without warn-

ing. Examples are clashes between ethnic communities, violence among

supporters of political groups or sports clubs, demonstrations and celebra-

tions. Some of these events cause migration phenomena (e.g., refugees and

internally displaced people) [150, 152], higher crime rates and spreading

of infectious diseases [20, 211], and result in economic crises [32]. Subse-

quently, researchers have recently started to automatically identify emer-
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2.2. MOBILE PHONE DATA AND SOCIETY

gency events by using new sources of data, such as geo-referenced social

media and mobile phone data [174, 16, 203].

Mobile phone usage data have been used as a proxy to understand the

public safety. In this thesis we elaborate the use of this dataset in public

safety and security from two different perspectives (i) detecting emergency

events in Chapter 3 and (ii) the effect of diverse interaction patterns within

and between different communities for safety and security in Chapter 4.

Detecting social and emergency events

In the last few years, several studies have shown that natural and man-

made emergency events (e.g. earthquakes, floods, bombings, riots) can be

reflected by dramatic increases in calling and mobility behaviors [203, 108,

13, 17, 81, 131, 77, 224, 10].

The assumption behind these work is that significant changes in behav-

ior are captured by mobile phone data and indicate the occurrence of ex-

treme events. Indeed, people tend to share and inform each other about an

emergency event typically right after it is realized [83]. However, planned

non-emergency events also occur and may provoke significant changes in

mobile phone behavior. Bagrow et al. found easily detected changes in call

frequency during festivals, concerts, sport events; however these changes

may also be a result of other events such as holidays [13, 59].

Social interactions and safety

What kind of communities perform better in safety, close or open? The

debate on that question has not been resolved yet. Coleman [49], Forrest

and Kearns [72] focus on the importance of small, and core communi-

ties/networks for safety. Although it is in a way intuitive, the data driven

approach points to the direction [28], in fact this theory has been favored

by the well known urban theorist Jane Jacob’s, as diversity brings safer
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neighborhoods in [105]. Our results supports the latter, which bridging is

more informative metric to assess the safety of that community.

2.2.2 Economic development

Understanding economic growth has been an important question to answer,

especially in developing economies with inadequate resources to enable sys-

tematic measurements. Recent studies focus on alternative methodologies

to replace long run household surveys to infer economic development in a

cheaper and more scalable way, such as using satellite images [220, 66, 69],

correlating mobile phone usage with different data sources such as geo-

positioning data from search engine data [60], or credit card usage [98, 175].

Regarding previous work that has studied the relationship between phone

data usage and economic factors, we must distinguish between individual

and aggregate analyses. In terms of individual modeling, Blumenstock et

al. recently worked on a large dataset from Rwanda with prominent re-

sults [24]. Through the analysis of the data from 856 subscribers of a main

mobile network operator in Rwanda, they conclude that household posses-

sion and mobile phone usage is strongly correlated. Mao et al. propose the

CallRank model, which analyzes in- and out-going calls to infer the socio-

economic conditions of a region [136]. San Pedro et al. developed the

MobiScore system to automatically infer credit scores from mobile phone

data [175] and evaluated it with ground truth from a Latin American coun-

try. Regarding aggregate modeling, Soto et al. [191] built machine learning

models to automatically infer the socio-economic status of a region from

mobile phone usage variables. Finally, Eagle et al. focused on a network

perspective aimed at identifying social ties and structural holes and their

relation to the economic growth in the United Kingdom [64]. Their find-

ings are consistent with Burts’ theory of structural holes and their benefits

to communities [37].
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2.2. MOBILE PHONE DATA AND SOCIETY

2.2.3 Public health

Throughout the history, human beings have been threatened by pandemics.

Maybe the most famous one is black death, the plague disease ends up the

lives of 75 to 200 million people in Eurasia between 1346 and 1353 [88].

Currently the world is more connected than in those times with transporta-

tion backbones and new technologies. This high integration however also

brings possible global risks, to disseminate diseases very fast and vast cov-

erage. Such as recent Ebola outbreak has spread from west Africa to Spain,

United Kingdom and United States with some fatal incidents. Understand-

ing mobility patterns is crucial to take preventive initiatives against disease

dissemination for the public safety [156, 14]. Thus, the availability of vast

coverage of mobile phone datasets, allowed scientist to undercover the mo-

bility patterns of human beings [113, 142] to model the infectious diseases

like malaria [145, 215, 195], ebola [214], H1N1 etc.

2.2.4 Democratic participation

Democratic participation is a kind of civic engagement like, being involved

into volunteer organizations, reading local newspapers, supporting a local

football team. Apart from the other features we observed, democratic

participation targets the collective benefits, rather than individual. There

are not much work on using mobile phone usage for assessing the influence

effect of civic engagement. On the other hand, in the literature there are

quite flourishing discussions on how to use mobile phone infrastructure as

a framework for elections [133, 43]. In particular, the participating through

SMS to Uganda elections [100], in the context of Government 2.0 [48], or

for the smart cities of our future [15].
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2.2.5 Segregation and diversity

Mobility in the context of urban planning has been analyzed by many

scholars with the availability of mobile phone usage datasets [39, 44, 116].

Russian and Estonian segregation has been analyzed through language

preferences by the mobile phone operators in [106]. In that work, the

findings show that the minority group Russian, presents a limited mo-

bility, comparing to Estonians, and the presence of segregation is more

distinguishable when the observation period extends. Various studies use

complementary data to amplify the use of CDR dataset, such as Flickr

data [84] or taxi and bus routes [38] to assess the tourists’ movements in

the city.
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2.2. MOBILE PHONE DATA AND SOCIETY
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Chapter 3

Emergency Event Detection

Large scale social events that involve violence may have dramatic political,

economic and social consequences. Such chaotic life conditions, creates

forms of suffering, destruction for the well-being of the communities. To

sustain the social fabric of the societies, the way we handle the disasters

is vital [159]. Hence, researchers have started using mobile phone data for

developing tools to identify such emergency events in real time.

In the case of an emergency, defining the casualties and taking action

aftermath is time critical. In the age of information, both noise and actual

signals disseminate very fast, thus reliability and accuracy of the informa-

tion has to be confirmed. In a scenario of an earthquake disaster, which

effects a large geographical region, after defining the effected locations,

prioritizing is needed as the sources are limited. Under these circum-

stances, not being able to evaluate information evenly, even worse if the

facts are contaminated with misinformation, may conclude in a serious

consequences. In the case of a conflict among ethnic or political groups the

authentication of the information is a vital challenge. Thus, it is necessary

to build such applications from multiple sources [52]. Detecting emergency

events from CDR can be implemented as a complementary tool, to over-

come the misinformation challenges.
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3.1. PREVIOUS APPROACHES IN EVENT DETECTION

We apply a stochastic model, namely a Markov modulated Poisson pro-

cess (MMPP), for spatio-temporal detection of hourly and daily behavioral

anomalies. We use the call volumes collected from an entire geographic re-

gion. Our work is based on the assumption that people tend to make

calls when extraordinary events take place. We validate our methodology

using a dataset of mobile phone records and events (emergency and non-

emergency) from the Republic of Côte d’Ivoire (see Appendix A). Our

results show that we can successfully capture anomalous calling patterns

associated with violent events, riots, as well as social non-emergency events

such as holidays, sports events. Moreover, call volume changes also show

significant temporal and spatial differences depending on the type of an

event. Our results provide insights for the long-term goal of developing a

real-time event detection system based on mobile phone data.

3.1 Previous approaches in event detection

The call data can be analyzed at the individual level, to detect changes

from the expected call and mobility behavior [203, 9, 61]. This approach

requires some restrictions for data privacy, and incurs high computational

cost. These problems can be overcome by processing on the aggregated

call volume of each cell tower [224].

Supervised approaches, which have high accuracies, start with the time

and the location of an already known event and then look for anomalous

calling behavior at that time and location by defining a baseline. In this

thesis we focus on unsupervised approaches that can detect anomalies in

streaming data thus can be used in the time of the event, which is more

applicable to real life.

Recently, Dobra et al. proposed an unsupervised behavioral anomaly

detection system that identifies days and locations with unusual calling or
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mobility behavior without knowing the event [59]. The authors used mobile

phone records from Rwanda in order to connect the identified anomalous

days and locations with extensive records of violent and political events

(e.g., protests, violence against civilians) and natural disasters (e.g., earth-

quakes). Specifically, they computed the aggregated daily mobility and

calling patterns of each site, starting from the individual behavior of all

assigned subscribers for the corresponding site. This methodology suffers

from high computational cost and works only on a daily basis. Our ap-

proach instead, takes as input the calling volume of a cell tower without

accessing individual data. Hence, we are also able to detect hourly varia-

tions and the behavioral responses occurring within hours of an event.

There are two main approaches for classification of emergency and non-

emergency events from mobile phone data. The first approach is the anal-

ysis of mobility patterns to model individuals and crowds, which has been

used to identify concerts and sport events [203, 40]. The second approach

is the analysis of temporal patterns, which can be used to differentiate be-

tween event types according to the duration of behaviors [224]. We propose

a third approach by observing spatio-temporal characteristics of anomalous

behaviors.

The D4D Côte d’Ivoire dataset [23] is used by numerous studies to

validate event detection approaches. Paraskevopoulos et al. [158] used nu-

merical analysis to detect anomalies. Their model is based on call duration

statistics, which is calculated by dividing the cumulative call duration by

the number of calls, for each day and for each cell tower. During an emer-

gency, people may indeed tend to make more calls, but these can be with

shorter duration. Hence, looking at the total duration may not be suffi-

ciently discriminative. Dong et al. used the D4D dataset for modeling the

movements of flocks of people [61]. Their assumption is that people move

in groups when an extraordinary event happens. This assumption can pro-
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3.1. PREVIOUS APPROACHES IN EVENT DETECTION

vide valuable insights to detect and characterize protests. However, this

mobility pattern is not observed during attacks against civilians that take

place in urban areas. In Section 3.4 we will provide comparative results

with the two recent methods described briefly here.

In the literature, anomalous event detection, which corresponds to the

task of detecting anomalies from time series, is strongly related to outlier

detection [226], and change point detection [46, 168]. Previously, Zhang et

al. used change point detection approach to detect anomalies in mobile

phone data [225]. However, the problem of this method is that it does not

preserve the periodicity of data. Our data is representing quite similar be-

havior for each day; low from midnight until morning and slightly decrease

at noon and high during the day, as shown in Figure 3.1.

Figure 3.1: Number of calls from a cell tower number 524, from 1st of January to 15th of

January 2012.

In our application scenario, the normal behavior is observed by the

temporal (hourly) changes of the aggregated call volumes, collected from

different cell towers. Similar discrete, count-based analysis problems have

been tackled in statistics, econometrics, psychology, and ecology [78, 173,

41, 216].

Other researchers proposed the usage of Hidden Markov Models (HMM)
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[132, 218] for the anomaly detection task. As highlighted by [18], the

Markov modulated Poisson process (MMPP) approach that we propose to

use in our work is a special case of HMM and Markov Chain Monte Carlo

(MCMC) approaches. MMPP has also similarities with the change point

methodology [47] but it has the advantage of preserving periodicity.

3.2 Stochastic model for anomaly detection in peri-

odic data

Stochastic models can be used to make accurate predictions even with

incomplete data. CDRs, even they generally cover very large geographic

regions with quite representative number of people, has its own limitations.

For example the Mobile Network Operator (MNO) (the data provider)

may not represent the whole population. Other limitations are detailed in

Section 6.2.

The nature of CDRs presents a periodicity in the number of calls for

each unique cell tower. A similar behaviour in data has been found a

work from Ihler et al. [104], in particular to understand an event (e.g.

concert, football match) by counting number of cars passing by a stadium

or (e.g. meeting, conference) by counting the number of people entering the

university. Therefore we implement the methodology Markov modulated

Poisson process, to understand anomalous events through the number of

calls, taken place by the cell tower. Implementation of MMPP can be seen

as extending the work of Dobra et al. which has mentioned in the previous

section [59]. The periodicity which is repetition of similar behaviour in

each hour of the day, is modeled through graphical models, the details of

the model is given in the following section.

19



3.2. STOCHASTIC MODEL FOR ANOMALY DETECTION IN PERIODIC DATA

3.2.1 Markov Modulated Poisson Process

Our goal is to investigate the usage of mobile phone data to detect and

characterize anomalous events. Poisson processes are commonly used to

model count data (data in which the observations can take only the non-

negative integer values) [104, 184] in many domains, such as modeling rare

incidents in psychiatric hospitals [78], and traffic analysis [185, 222].

In our setting, the count data are represented by the number of total

calls in 1-hour time intervals, denoted as N(t), for each cell tower, denoted

as k.

The model is represented as a two state Markov chain as shown in

Figure 3.2, with a normal call behavior state z(t) = 0 and an abnormal

call behavior state z(t) = 1 (see Equation 3.1). The transitions between the

states are defined with a transition probability matrix Mz in Equation 3.2.

Figure 3.2: Event transition state diagram, showing z(t) = 0 normal and z(t) = 1 abnor-

mal states.

z(t) =

1, if there is an event in time t.

0, otherwise.
(3.1)

Mz =

(
1− z0 z1

z0 1− z1

)
(3.2)

Our observations are denoted as N(t), and hidden variables are the

amount of calls in a normal call pattern N0(t), and the amount of calls
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initiated because of an anomalous event NE(t). The definition of Nk(t)

for a cell tower k is given by the summation of hidden variables Nk
0 (t) and

Nk
E(t), as shown in Equation 3.3.

Nk(t) = Nk
0 (t) +Nk

E(t) (3.3)

Hence, we assume that the number of calls are generated through a

heterogeneous Poisson distribution Pois(N, λ(t)), with the rate value that

is a function of time λ(t), as shown in Equation 3.4. Changes in the count

data are modeled taking into account the periodicity depending on the

day and on the hour of the day. In Section 3.2.2, this property is used to

calculate the posterior distributions.

Pois(N ;λ(t)) = e−λ(t)(λ(t)N/N !) (3.4)

The normal call pattern of a cell tower k is dependent on the day (i)

of the week (δki ) and the hour (j) of the day ηkj,i, and λk0 represents the

average rate of cell towers in one week. We can formulate the rate function

of the Poisson distribution λk(t) as the product of the initial rate λk0, the

daily effect δki , and the hourly effects ηkj,i, Equation 3.5. Plate notation is

used to depict the repeating form of the data, as shown in Figure 3.3.

λk(t) = λk0δ
k
d(t)η

k
d(t),h(t) (3.5)

Conjugate prior ensures that the posterior distribution is coming from

the same family of the prior distribution. Hence, our model becomes

tractable and it can be written in closed form. Random variables δ, η,

denoting the day of the week and the hour of the day, are coming from a

multinomial distribution as shown in Equation 3.6 and the conjugate prior

is selected as Dirichlet distribution in Equation 3.7.
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3.2. STOCHASTIC MODEL FOR ANOMALY DETECTION IN PERIODIC DATA

Figure 3.3: Left: The graphical model to understand hour of day and day of week effect.

Right: Observation N(t) and hidden variables N0(t) and NE(t), taken from [104].

7∑
i=1

δi = 7

D∑
i=1

νj,i = D, ∀j.
(3.6)

λ0 ∼ Γ(λ; aL, bL)

1

7
[δ1, ..δ7] ∼ Dir(αd1...α

d
7)

1

D
[ηj,i, ...ηj,D] ∼ Dir(αh1 ...α

h
D)

(3.7)

In the left side of the Figure 3.3, the day (δ) and hour (η) effects are

shown in graphical form. Plate notation is used to depict the repeating

form of the data. On the right side of Figure 3.3, z(t−1), z(t) and z(t+1) show

the time series properties of the event transitions. N0(t) and NE(t) are

hidden variables, and N(t) is our observation.
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z0 ∼ β(z; aZ0 , 0
Z) (3.8)

z1 ∼ β(z; aZ1 , b
Z
1 ) (3.9)

NE(t) =

0, z(t) = 0

P (N ;λ(t)), z(t) = 1.
(3.10)

λ(t) ∼ Γ(λ; aE, bE) (3.11)

Event probabilities can be sampled through the densities of a normal

event P (N ; γ) times the probability of having an anomalous event γ(t) as

shown in Equation 3.12.∫
P (N ; γ)Γ(γ; aE, bE) = Nbin(N ; aE,

bE

1 + bE
) (3.12)

3.2.2 Inference and Parameter Estimation

In our model, we need to estimate the parameters for the Gamma distribu-

tion Γ (γ; aE, bE) in order to model the probability of an anomalous event

p(z(t)k|N(t)k).

The hyper parameters of Gamma Distribution Γ, aE and bE in Equa-

tion 3.11 set the distribution’s sharpness or smoothness between the tran-

sition states Z0 and Z1. In traumatic events, the transition generates a

sharp peak.

Let us assume {N0(t), NE(t), z(t)} are given. Then, we may estimate the

parameters of the distribution by computing the maximum likelihood [46],

given that all other variables are conditionally independent. However, as

in Figure 3.3, only N(t) is observed, without separation into N0(t) and

NE(t). The rest of the parameters, including z(t), are estimated from the

observations. Since we do not know when a social or emergency event takes
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3.3. EVALUATION OF THE MODEL

place, we estimate the parameters of the model with the information we

obtained. In that respect, we take one cell tower, which is known for having

an associated event, and calculate the deviation from the mean value of

the hour of the day ηkj,i, and day of the week δki from the observation, as

in Equation 3.3. After tuning these parameters for a single cell tower,

we apply them to all NE(t) in the dataset. We exclude the cell tower

that is used for calculating the hyper parameters from the evaluation set.

Since the model may be sensitive to the selection of hyper parameters, this

selection is important for the evaluation of the model. We recommend the

selection of a cell tower that represents the average rate function of the all

cell towers. Furthermore, the selected antenna should have a number of

observed events, so that the rate change can be quantified. The duration

of the experiment is not important if the data can represent the normal

behavior of the cell tower, which corresponds to the mean value of the call

volume in our case.

3.3 Evaluation of the model

To evaluate event detection models, it is necessary to annotate existing data

by cross-referencing it with news sources. We provide a list of important

events used in our analysis in Appendix B. For each important event,

we grouped the cell towers close to the location provided in the ground

truth, and associated events to cell towers with some certainty. Each cell

tower’s probability distribution is normalized before calculating the average

probability of the region. If the event probability is higher than a defined

threshold (τ) (e.g. 0.15), we classified the output as an event has been

detected in the region.

To assess the MMPP’s performance, we have implemented a baseline

model, which we describe in Section 3.3.1. In addition to that, the results
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are compared with the work of Dong et al. [61] and Young et al. [224]

detailed in Section 3.4.

3.3.1 Baseline Model

For each cell tower, the hourly average call volume is calculated as shown in

Equation 3.13. In our notation, each cell tower is denoted with k, days are

indexed with i, hours with j, N(t) is the observation for time t, and D is

the total number of days for the data collection period. Once the averages

are calculated, we subtract the average value, Φ, from the observed call

volume for time t. If the obtained value is higher than a defined threshold

(τ), the event is labeled as anomalous.

Φk
i,j =

∑D
i=1,j

∑24
i,j=1N(i, j)k

D
,∀k∣∣(N(i, j)k − Φk

i,j)
∣∣ > τ

(3.13)

3.3.2 Event Records

Our data on violent and political events, major holidays and major events

(e.g., elections, the African Football Cup) come from a various structured

and unstructured public data sources such as Armed Conflict Location and

Event Data Project (ACLED) [2], United Nations Council and Interna-

tional Crisis Group reports, local and international news. ACLED and UN

Security reports include extensive data on conflict-related events including

riots, protests, killings, and battles. The information is obtained by local

or international newspapers (e.g. Notre Voie, Le Patriote, France24, BBC)

and radio sources, and it includes details such as the date and location of

each event, the type of event, the groups involved, and the fatalities. Côte

d’Ivoire has been suffering unstable political conditions during the data
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3.4. RESULTS

collection period. According to the United Nations Human Rights De-

partment, more than 600,000 Ivorians were displaced in the country and

around 200,000 Ivorians migrated to neighboring countries in order to be

in secure living conditions [5].

In total, we have gathered 19 emergency events (e.g., confrontations

between groups, protests) and 11 non-emergency events (e.g., national and

regional holidays, African Football Cup games). The complete list of events

(emergency and social non-emergency events) is shown in Table B.1 and

Table B.2.

3.4 Results

Our approach identifies many hours and days with unusual increase in call-

ing volume. As in [59], these anomalies are found sometimes in a specific

site and sometimes across multiple sites. Specifically, our approach pro-

vides the probability of having an anomalous event in a specific location.

Our goal is to identify emergency events. However, non-emergency

events might also produce behavioral changes in calling volume. Hence,

it is relevant to highlight and discuss the specific behavioral signatures of

different events in order to detect emergencies effectively. In this regard,

from the 19 annotated emergency events, our method automatically de-

tected 15, while for the social non-emergency events it was able to identify

8 out of 11 events. Similar to [59] and [104], we find some hourly and daily

anomalies that we were not able to match to any of the recorded events

(i.e. possible false positives).

We compare our MMPP approach with a baseline model, which has

been explained in Section 3.3.1, and show that our approach outperforms

the baseline. Indeed, from the 19 annotated emergency events, the baseline

approach is able to identify 8, while for the social non-emergency events,
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it is able to identify 7 out of 11. While the nature of the problem dictates

a very large dataset with very sparse true positives, the results are quite

promising. Before describing our results in detail, we compare our method

with the event identification approach by Dong et al. [61], as well as with

the event type classification approach described by Young et al. [224] in

the next subsection.

Dong et al. proposed a methodology in 2015 for event identification

based on modeling individuals’ mobility as flocks through the city, and

they tested this methodology on the D4D dataset [61]. They reported a

precision value of 0.0676 and a recall value of 0.9200. In order to provide a

fair comparison, we tested the MMPP approach on the same experimental

setting proposed in their paper, with 140 days of data and 25 ground truth

events. The results show that MMPP outperforms this approach in all the

measures (see Table 3.1).

Table 3.1: Comparative results for the MMPP model and for Dong et al.’s approach [61].

Precision Recall F-Score

MMPP 0.31786 0.9219 0.4727

Dong et al. 0.0676 0.92 0.125

We also compare our approach with the one proposed by Young et al.

in 2014 to classify social non-emergency events [224]. This approach posits

that social events have longer temporal duration than emergency events.

Since the duration of deviation is a major parameter, we compared the

methods for observation periods of two, three, and four consecutive hours.

Setting this to two hours means that an event is detected if the observed

behavior deviates from the expected for two hours. For each of the three

settings, Figure 3.4 shows the number of social events detected by a given

number of cell towers. The best performance is obtained by using two
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3.5. DISCUSSION

consecutive hours, where the average number of detected social events is

equal to 1.34. Using MMPP, on the other hand, we are able to detect 8

social events.

Figure 3.4: The distribution of detected social events with the approach of [224]. Select-

ing a longer duration threshold for unexpected behavior reduces the number of detected

events.

3.5 Discussion

In this section, we match some of the anomalies identified along with key

events that occurred in Côte d’Ivoire and we discuss what we have learned

from matched and unmatched events.

In 2010 and 2011, Côte d’Ivoire suffered from a post election crisis. The

election results initiated a civil war, and the effects of the war were still

present during the data collection period. Therefore, our emergency events

are mainly due to these unstable political conditions.

Violence against civilians - February 3, February 19, and March 8, 2012.

On February the 3rd, the proposed system did not detect any significant

changes in call volume near the location of the event, close to Bouaké.

Instead, we see a clear anomaly in this area on February the 4th (see

Figure 3.5).
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Similarly, no anomalies were detected on February the 19th, while on

March the 8th we detect an anomaly close to Bouaké (cell tower 964)

around 11am. Interestingly, this finding is not detected by the baseline

model.

Figure 3.5: Left: The cell tower locations on the Bouaké-Katiola road. Right: The

corresponding probabilities of having an event on 4th of February.

Violence against civilians - February 11 and February 13, 2012. In Arrah, it

was reported that the confrontation of two groups ended with three people

killed and at least 19 injured. The visualization of our model’s output is

shown in Figure 3.6 for cell tower 113. In the top plot, the red line denotes

the hourly and daily averages and the dark line denotes the observed calling

volume. The plot in the middle shows the predictions of an event occurring,

with the annotated events marked below.

Protests against the government - February 18, 2012. MMPP detects calling

volume increases from a single cell tower at 3pm and 5pm on February 18,

2012. The cell tower is located in the city center of Abidjan, the economic

capital of the Côte d’Ivoire. A non-violent protest against the government
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3.5. DISCUSSION

Figure 3.6: MMPP results for cell tower 113 (Arrah). In the top plot, the red line denotes

the hourly and daily averages and the black line denotes the observed calling volume. The

plot in the middle shows the predictions of having an event, with the annotated events

marked below.

was reported by the United Nations on the same day in Abidjan, in front of

the “Congres National de la Resistance Pour la Democratie” headquarters

located in the city center. We assume those protests took place in the

western part of the map, shown in Figure 3.7. Each orange dot represents

cell towers with an anomalous call volume. Unfortunately, the reports of

United Nations do not specify the duration of the protest.

Elections and violent clashes in Bonon and Facobly - February 26, 2012. Af-

ter 5pm, we observe anomalous calling patterns in two regions of the mid-

west, Bonon and Facobly, for the cell towers 239, 1154, 374, 181. On the

same day, a couple of events were recorded for these two regions, political

elections and consequent violent clashes between political opponents, as

shown in Figure 3.8. The violent events ended with the death of five peo-

ple. Interestingly, we observe that these violent events seem to have effects

not only in the regions involved, but also in Abidjan. Indeed, we detect an
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Figure 3.7: Cell tower locations of Abidjan with high call volume anomalies during the

“Congres National de la Resistance Pour la Democratie” meeting on the 18th of February.

anomaly in Abidjan after 5pm. Although Abidjan is not the administrative

capital of the Côte d’Ivoire, the headquarters of the two opposition parties

are located in this city.

Violence against civilians - February 29, 2012. The event records report that

FRCI (Forces Republicaines de Côte dIvoire) shot civilians in Séguéla, and

this violent repression resulted in the death of two people. On the same

day, we observe an unusual calling activity in the northern part of Séguéla,

close to the border with Guinea.

As previously mentioned, we also collected 11 non-emergency events

(social events and holidays). The main characteristic of those types of

events is that they affect almost the entire country. In the following, we

discuss a couple of relevant non-emergency events.
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3.5. DISCUSSION

Figure 3.8: Overall country anomaly probabilities on February 26, during renewal of

elections in Bonon and Facobly.

African Football Cup, January 21 February 12, 2012. In 2012, the African

Football Cup was held in Equatorial Guinea and Gabon. Côte d’Ivoire

played in the final match and dramatically lost the championship on penal-

ties. It is worth noting that football is one of the most important social

activities in Côte d’Ivoire and that the day after the finals was proclaimed

a national holiday. This enthusiasm is spread across the entire country.

Interestingly, African football cup matches have a highly specific call sig-

nature, causing a very high call volume for one or two hours after the match

on cell towers across the country. Figure 3.9 contrasts the anomalies de-

tected before and after the match. Specifically, the left side of Figure 3.9

shows the anomalies detected before 8pm and the right side shows the ones

detected after 8pm.

Mavlid an Nabi (celebration of the birth of the prophet), February 4 - February

5, 2012. The Côte d’Ivoire is composed of different ethnic groups and

32



religions. The north is mainly Muslim and the south is mainly Christian.

During these two days we found calling anomalies in the northern part of

the country.

Figure 3.9: The detected anomalies on the 4th of February. On the left before 8pm, on

the right after 8pm. Darker dots correspond to higher probabilities.

Ash Wednesday Christian festival, February 22, 2012. We do not observe

any significant difference in the calling patterns of the Christian south and

the Muslim north. Only in the capital city, Yamoussoukro, during the

whole day and night we register some unusual calling activity. Interest-

ingly, Yamoussoukro has the biggest church in the world, the Basilica of

Our Lady of Peace. This monument usually sees large number of Chris-

tians gathering during the festival.

Our results do not confirm the patterns observed by [187] and [161]

that found a positive correlation between the mobile phone coverage and

the probability of having a conflict. In our setting, the densest population
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3.5. DISCUSSION

and the highest coverage is in the Abidjan area, while the violent events

tend to happen in the mid-west of Côte d’Ivoire, where many conflicts

between different ethnic groups exist.

Another finding is an irregularly high call volume on the first day of each

month. One possible reason is the high penetration of mobile payments in

Côte d’Ivoire. People typically pay their utilities, rents, etc. on this day.

However, we do not have any formal way of confirming this, and we assume

this behavior is normal. Note that our work suffers from a number of limi-

tations. First of all, we focused our attention only on anomalous increases

in calling patterns. However, emergency and non-emergency events may

also cause changes in mobility patterns, as shown by [59]. Second, the an-

notated event records may be incomplete given the scarcity of information

and the chaotic socio-political situation during the data collection period.

Moreover, the exact event locations are often not provided and the dates

can fluctuate a bit in the reports. For example, UN records report events in

Arrah from February 11 to February 13, while Le Figaro newspaper [4] re-

ports the same events from February 12 to February 13 (our results seem to

confirm the dates provided by Le Figaro). Third, we observed daily data

losses in several cell towers, e.g. cell tower 49 on the 5th of December.

This data loss tends to generate a high number of false positives when the

average call volume of a cell tower is high, e.g. greater than 1500. Finally,

the MMPP performance is sensitive to prior parameters, even though we

have empirically shown that cell tower call volumes can be easily and ro-

bustly estimated from a few days worth data [104]. Yet, in our case, the

models performance may be sensitive to the cell tower selected for tuning

the parameters.
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3.6 Conclusion

In this work, we have proposed an approach based on Markov modulated

Poisson processes for spatio-temporal detection of hourly and daily behav-

ioral anomalies in call volume. It is based on the assumption that people

tend to make calls when extraordinary events take place. We validate our

methodology using a dataset of mobile phone records, together with emer-

gency and non-emergency events from Côte d’Ivoire. Our results show

that we can capture anomalous calling patterns associated with violent

events, protests, holidays and major sport events (e.g. African Football

Cup games). One of our findings is that the impact area is a better feature

than the temporal duration for identifying social non-emergency events

from mobile phone data, which runs counter to the general opinion held

in the literature. Another valuable finding is that for event detection,

analysing mobile phone activity as a time series gives better performance

compared to tracing movements of the masses. It is worth noticing that

our methodology uses only aggregated call volumes of cell towers and no

data can be traced back to individuals. Hence, there are minimal - if any

- privacy concerns.

In sum, we believe that our work contributes to the process of creating

an effective emergency detection system that may be used by governments,

policy makers, and international organizations to significantly increase hu-

man well-being and the wealth and security of countries.
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Chapter 4

Social Capital: The Value Generated

Through Connections

Sociologists and economists have been debated on the intrinsic value of

social relations in the last decades. Namely, social capital has long been

associated with the opportunities of accessing the valuable resources that

actors can tap from the social structure underlying the interactions among

them. Despite the overall consensus on the structural signature of social

capital, there is still arguments over the relative benefits associated with

different types of social structure, and their impact upon individuals and

society. In this chapter, we advocate a two-faceted perspective on social

capital, as value originating from both closed bonding structures, rich in

third-party relationships, and open bridging structures, rich in brokerage

opportunities. We aim to shed light on how measures of social capital,

computed using data on mobile phone usage, correlate with key social

indicators. To this end, we draw on aggregated mobile phone usage data,

and investigate social interactions uncovered from the communication and

mobility networks in the city of Abidjan in Côte d’Ivoire. We begin by

defining network metrics that characterize the social capital of each of the

10 districts (communes) in Abidjan. We then compare such metrics across

districts and find significant differences between them. Finally, we compute
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3.6. CONCLUSION

correlations between the defined social capital metrics and a number of

district-level socio-economic indicators broadly related to socio-economic

well-being, health, and democratic participation.

Using mobile phone data to measure social capital has important advan-

tages with respect to the previous approaches, namely: it collects data on

everyday life rather than experimental data collected in the lab; it is gen-

erally large-scale considering the large levels of adoption of mobile phones

both in developed and developing economies; and it provides a methodol-

ogy that could be easily extended to other locations and countries.

While mobile data could offer significant advantages as a relevant source

of information related to the social capital of a region, there has been little

research carried out to explore how measures of bridging and bonding social

capital, computed using data on mobile phone usage, correlate with key

social indicators, in particular in developing countries [192]. This work

aims to fill such a gap, validating hypotheses and theories on bridging and

bonding social capital in Abidjan, the economic capital of a developing

African country.

Our main findings suggest that (1) mobility and communication net-

works act as sources of social capital through different mechanisms; (2)

social cohesion is beneficial especially within wealthy communities; (3)

node degree and density do not accurately represent economic well-being,

especially in mobility networks; (4) there is no universal explanation for

developing and developed countries, which have different characteristics.

By providing empirical evidence of the existence of different structural

sources and generative mechanisms of social capital across a large city’s

different districts; (5) different network structures contribute different as-

pects of the social capital; in a developing country for economic well-being

bonding is preferred, however for civic engagement and security bridging is

better. Our work contributes to a better understanding of the intricate re-
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lationship between communication and mobility networks in a developing

country, and how these networks can enhance and sustain socio-economic

growth and prosperity.

4.1 What is social capital?

In this study, we define social capital as the value generated from the “in-

vestment in social relations, bonding similar people together and bridging

diverse people, with norms of reciprocity” [45, 56]. Hence, social capital

consists of building trust networks in a society and measuring the value

derived from the existence of such networks.

However, social capital does not have a unique undisputed definition.

Network-based definitions of social capital differentiate between two types

of social capital, namely bonding and bridging :

• Bonding social capital is based on building trust between individuals

who share the same social identity, through a close and dense network.

Thus, this form of social capital derives from the mutual trust present

in the group. Traditional within-group favoritism is an example of

this type of social capital [74].

• Bridging social capital is the value generated through the connection

of individuals with different characteristics (e.g. socio-economic lev-

els, ethnicity, or cultural background). The positive effect of this form

of social capital is to support the flow of ideas and the access to differ-

ent information sources. Bridging social capital is quantified through

the analysis of spanning structural holes, which allow different com-

munities to interact and connect through weak ties [36].

In addition, we can consider two levels of aggregation for social capital:

individual and collective. Individual social capital refers to the benefits
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4.2. THE IMPORTANCE OF INFORMATION DIFFUSION TO UNDERSTAND
SOCIAL CAPITAL

that an individual enjoys thanks to his/her belonging to trusted social

relations. Collective social capital captures the aggregate benefits of a

certain community derived from the existence of bonding and bridging

social connections that follow accepted norms of reciprocity [119].

Thus, even if the importance of social capital has been established in

the literature [126, 92, 91], it is not easy to empirically measure it. In the

sociology and economics literature, we find three methodologies to measure

social capital: (i) surveys [75], (ii) measures that collect data on non-profit

associations density and on selfless activities such as donating blood or

voting for a referendum [162], and (iii) experimental in-lab measures [19].

In the last decades, social capital has been studied in sociology [49,

164, 31, 37], economics [85], and political science [75] as one of the key ele-

ments to promote the development of modern societies. Several works have

highlighted the role played by social capital for economic growth [163], pro-

viding evidence that it reduces the transaction costs associated with formal

coordination mechanisms [114], and predicts strong economic performance

and financial development [93]. Moreover, additional direct and indirect

benefits have been attributed to social capital, such as helping people find

new job opportunities [90, 42], create new businesses [208, 178], enable

safe and secure residential environments [72], improve public health [206,

109, 82], increase democratic participation [164, 207] and reduce corrup-

tion [68, 153].

4.2 The importance of information diffusion to un-

derstand social capital

Information diffusion is a key variable that contributes to the creation of

social capital. The underlying assumption of social capital is that social

networks carry valuable information for the well-being of the peers. Burt’s
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theory of structural holes states that new information flowing through dis-

tant social connections could generate prosperity. However, the absence

of these types of connections creates social cohesion, which results in the

same information circulating through the network [37]. In parallel to this

theory, Onnela et al. show the importance of weak ties or structural holes

to enable information flow [156].

Information diffusion has recently been analyzed by Smith and Capra

through the analysis of mobile phone data [190]. Mobile phone usage data

allows us to analyze not only the communication patterns of a very large

population, but also their mobility patterns to infer possible physical con-

nections between different places [58]. Diffusion of information is gener-

ally modelled through epidemic models, such as the Susceptible-Infectious-

Recovered (SIR) model [111]. Miritello et al. used a SIR model to explain

information diffusion with temporal and topological features of social ties

by modelling human interactions via mobile phone usage data [147].

Here, in Figure 4.1, we visualized the aggregated calls taken place in

Côte d’Ivoire in week 50, to show how information disseminate among the

country.

4.3 Quantifying social capital through communica-

tion network

In this chapter, we propose using mobile phone data to construct network

variables as a proxy to measure social capital. We focus on collective

social capital at a district (commune) level in a large city in a developing

economy (i.e. Abidjan, the economic capital of Côte d’Ivoire). In addition,

we analyze the relationship between the proposed mobile phone data-based

metrics and several socio-economic indicators.

Using mobile phone data to measure social capital has important ad-
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4.3. QUANTIFYING SOCIAL CAPITAL THROUGH COMMUNICATION
NETWORK

Figure 4.1: Aggregated calls from Week 50, showing the information diffusion.

vantages with respect to previous approaches, namely: it collects data on

everyday life rather than experimental data collected in the lab; it is gen-

erally large-scale considering the large levels of adoption of mobile phones

both in developed and developing economies; and it provides a methodol-

ogy that could be easily extended to other locations and countries.

While mobile data could offer significant advantages as a relevant source

of information related to the social capital of a region, there has been little

research carried out to explore how measures of bridging and bonding social

capital, computed using data on mobile phone usage, correlate with key

social indicators, in particular in developing countries [192]. This work

aims to fill such a gap, validating hypotheses and theories on bridging and

bonding social capital in Abidjan, the economic capital of a developing

African country.

As the structure of the network impacts the outcome, network properties

have an important role to play in the characterization of social capital. The
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capital can be utilized depending on the bonding or closure of the network,

according to [30, 49, 162, 37]. This may help to share resources among the

individuals in that group. Moreover, the bridging structures with access

to different kind of resources, with more utility, may increase the benefits

and hence the social capital [90, 127].

Contrary to the general intuition, close communities where bonding so-

cial capital high, do not perform well for public safety and security. Which

is in fact parallel to the Bogomolov et al. and Forrest and Kearns find-

ings; the more diverse the area the more secure [28, 72]. A similar study

to understand empirically social capital and security has been performed

by Buonanno et al., in their work they found a negative correlation be-

tween blood donation and crime related features [33]. If we take blood

donation as a civic engagement, which can be treated as a similar indica-

tor for democratic participation. We could see that bridging social capital

brings more democratic participation, which is in parallel with the current

literature [99].

4.4 Socio-Economic indicators

In this section, first we give some background information regarding the

city, then we describe in detail the socio-economic indicators we correlate

with the communication and mobility network characteristics of the geo-

graphical areas under investigation. We focus not only on indicators of

economic well-being, but also on proxies for civic engagement and demo-

cratic participation, and public safety and security.

4.4.1 Abidjan: Economic capital of Cote d’Ivoire

Abidjan is the biggest city in Côte d’Ivoire, with 20% of the country’s total

population. It is composed of 10 communes, as shown in Fig 4.2 and in
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4.4. SOCIO-ECONOMIC INDICATORS

Table 4.1. Given its population and economic power, it is the region in the

country with the densest levels of mobile cell towers (antennae) with 378

out of 1, 238.

Figure 4.2: Left: Côte d’Ivoire’s economic capital Abidjan shown in red. Right: 10

communes of Abidjan.

Even though Abidjan is the economic capital of Côte d’Ivoire, it has

the highest levels of income inequality compared to the rest of the country.

Adjame, Marcory and Treichville are the city’s poorest communes; Cocody

is its wealthiest commune; Plateau is the administrative and commercial

commune with skyscrapers; and Yopougon and Abobo are the most pop-

ulous communes of the city, including some slum housing and communal

areas [136].

To sum up, the city of Abidjan has several characteristics that make it

a suitable environment to address our research questions. In particular,

(1) it is the wealthiest and most populated city in Côte d’Ivoire; (2) it has

high levels of mobile phone adoption; (3) there are relevant demographic

indicators available for each of its 10 communes; and (4) the disparity in

socio-economic indicators across districts is large [136] (in fact, its slums
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have developed under the shadows of its skyscrapers [155]).

As the first step in our analysis, we compute six network variables that

are related to social capital both for the communication and mobility net-

works and for each of the 10 communes in the city of Abidjan, as described

in Section 4.6.

Table 4.1: Abidjan’s communes population, area coverage in Km2 and number of cell

towers in each commune, from 2014 census.

Commune Population Area in Number of

(Km2) cell towers

1 Abobo 1.030.658 112.7 45

2 Adjame 372.978 12.1 23

3 Attecoube 260.911 38.6 14

4 Cocody 447.055 76.1 91

5 Koumassi 433.139 4 17

6 Marcory 249.858 12.6 31

7 Plateau 7.488 8.9 35

8 Port-Bouet 419.033 60.5 25

9 Treichville 102.580 11.4 20

10 Yopougon 1.071.543 117 77

4.4.2 Economic well-being

Traditionally, different metrics have been used to capture the economic

development of a country, such as the Gross Domestic Product (GDP) and

the Gross National Income (GNI). However, when we restrict the analysis

to a district (commune) level, such indicators are neither well defined nor

accessible for the 10 communes of the city of Abidjan. Therefore, we rely

on two alternative datasets: (i) the land use master plan of Abidjan [107]

and (ii) the budgets for the 10 communes from 1990 [62], as shown in
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C.1 [62]. We use this data to obtain suitable indicators for economic de-

velopment, and we study the association between these indicators with the

social capital metrics described in the following sections.

Previous qualitative studies have suggested that: (1) Adjame, Marcory,

and Treichville can be regarded as poor areas [135, 136]; (2) Cocody can be

classified as a rich, residential commune, as reflected by its large percentage

of expatriates and consulates located within its boundaries [186]; (3) Abobo

is a residential low-class area [186]; (4) Adjame is a commercial place with

markets and a bus station [186]; and (5) Plateau is the business district.

Moreover, data on land usage provides relevant information regarding

the economic status of communes, particularly given that some of the Abid-

jan’s communes have slums. We obtained land use data from the urban

master plan of Abidjan published in September 2014 [107]. The plan was

constructed through the collaboration between the Japan International Co-

operation Agency (JICA) and the Ministry of construction, housing, san-

itation and urban development (MCLAU) 1. Data on land usage include

several categories, including informal settlement, commercial/office land,

educational land, and security offices. In particular, we used the informal

settlement percentage of each commune to assess its economic condition,

and the security offices land coverage to assess its security. An additional

data source for land use was obtained from the thesis of Quonan Christian

Yao-Kouassi on the spatial distribution of housing settlements in Abidjan,

shown in C.2 [221]. The type of settlements are changing from prospectus

unshared houses, to slums without covered floors.

1http://open jicareport.jica.go.jp/pdf/1223060301.pdf
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4.4.3 Civic engagement and democratic participation

The norms and networks of civic engagement play a crucial role in perfor-

mance of the government, according to Putnam [164, 165]. He associates

democratic participation with dense networks, which corresponds to social

cohesion, or less structural holes. There are various studies to measure

democratic participation through social networks, but not much for the

mobile phone usage. The one, which analyzed bridging and bonding ef-

fect on democratic participation through surveys of land and mobile phone

users [99]. In that work, Hampton argued that the bridging or highly con-

nected nodes, have a significant impact on the democratic participation.

Indeed, this is in parallel with our findings.

People’s democratic participation is significantly influenced by the un-

derlying network of social interactions connecting them [99]. We used the

number of voters and the percentage of voters out of all registered citizens

to investigate associations between democratic participation and various

types of the underlying social structures (e.g., bonding and bridging struc-

tures). Specifically, we used data obtained from the 2011 presidential elec-

tion, as shown in C.3. The percentage of participation varies significantly

across communes, ranging from 15.7% in Cocody to 36.8% in Treichville.

4.4.4 Public health

Abidjan has a public health service in the city which provides access to

health in its communes. However, malaria and HIV are still threatening the

city, particularly areas with poor sanitation. With respect to social capital

and its relation to public health, we obtain estimated HIV prevalence, and

malaria cases for each commune in the city.

We obtained the number of people living with HIV (PLHIV) from a

report by The U.S. Presidents Emergency Plan for AIDS Relief (PEP-
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FAR) [200], in the first column of Table C.4 and malaria cases in the

second. Wang et al. report the number of confirmed malaria cases from

2001 data obtained by Programme National de Lutte Contre le Paludisme.

CHU: Centre Hospitalier Universitaire [210], shown in Table C.4.

In the literature, social capital is related with well-being of the so-

ciety from different perspectives, such as life expectancy and mortality

rates [115], obesity [110, 112], mental health [148]. In these researches so-

cial capital is modeled with “trust”. Our work is different as we model

social capital in means of network structure. So the hypothesis we intro-

duce is the importance of information flow rather than building trust to

evaluate social capital. Such as World Health Organization (WHO) orga-

nizes campaign against sexually transmitted diseases in Africa, in order to

prevent the people from HIV. The bridging social capital lets the commu-

nities to access information.

Countries like United States, with high incomes have lower life ex-

pectancy rate, comparing to developing countries like Sri Lanka, Jamaica

[115]. Kawachi et al. compared body mass index (BMI) and neighborhood

to empirically analyze social capital [110, 112]. Thus, this approach may

be arguable which can be the outcome of another phenomena: homophily

[144]. The society may take care about your health, however social capital

definition underlies the importance of structure of neighbors. So the hy-

pothesis we introduce is the importance of information flow rather, such as

World Health Organization (WHO) organizes campaign against sexually

transmitted diseases in Africa, in order to prevent the people from HIV.

High social capital lets the communities to access this type of information,

the risk would be less. Apart from that, unexpected positive association

between mental distress and bonding capital has been observed in [148].
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4.4.5 Public safety and security

To measure public safety and security, we used the number of stolen cars

from 2009 and 2010, obtained from the Statistical Department of Côte

d’Ivoire [12]. The data is shown in Table C.5. In addition to these records,

the land usage of security related buildings in the commune is also analyzed,

as mentioned before.

4.5 Characterizing social capital from mobility and

communication networks

From the mobile dataset, we constructed two different networks: (i) a mo-

bility network, denoted by Gm, and constructed by analyzing consecutive

calls by the same user from Subset-2 in our dataset; and (ii) a communica-

tion network, denoted by Gc, obtained from traffic from cell tower to cell

tower available in Subset-1 of our dataset. In both networks, A is the set

of all cell towers in the country A = {a1, a2, ..., an}, and U is the set of all

unique users in our dataset, U = {u1, u2, ..., un}.

4.5.1 The mobility networks

The mobility network is constructed based on the location of the cell towers

in consecutive calls by the same user. If user u makes a call from cell tower

ai and a subsequent call from cell tower aj, where i, j ∈ A, and i 6= j,

the path of user u is denoted as a pair Pu(ai, aj), which corresponds to a

movement from cell tower ai to cell tower aj. T represents the entire time

period in days, which is 140 days in our case.

Thus, we constructed the mobility graph Gm(A,P,W ), where cell towers

A are the nodes, user paths Pu(ai, aj) are the edges connecting nodes ai and

aj, and W are the weights of the edges, which correspond to the number
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4.5. CHARACTERIZING SOCIAL CAPITAL FROM MOBILITY AND
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of transitions between the two nodes connected by the edge. We computed

W for all users u ∈ U , and then we aggregated the paths between the same

nodes as shown in Equation 4.1.

Wi,j = Wi,j + 1, if Pu(ai, aj) > 0. (4.1)

W is an asymmetric matrix whose order is the number of cell towers

(A) in the dataset.

We constructed the mobility network using the data in Subset-2 with

the geographic granularity given by the locations of cell towers. In this

network, information is assumed to flow between connected pairs of nodes,

and therefore between the locations to which the nodes are associated.

Thus, as people move from one location to the another, they act as vehicles

of information across space.

4.5.2 The communication networks

Since we do not have data on which users made or received calls, we mod-

eled the information flow through the hourly aggregate records of call

volumes in each initiating and receiving cell tower, which is available in

Subset-1, defined in Appendix A.1.1.

We thus used the total number of phone calls that took place hourly

between each pair of cell towers ai and aj in A. From this data, we con-

structed the call graph Gc(A,P,W ) where the weight of the link between

each pair of nodes corresponds to the total number of phone calls that

took place between them within an interval of one hour. Like the mobility

graph, the communication graph is also directed.
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4.5.3 The Abidjan networks

We constructed the Abidjan mobility and communication networks follow-

ing the methodology described above. From Subsets-1 and -2, we selected

the data corresponding to cell towers which are within the city boundaries.

In order to capture communication and mobility patterns involving places

outside the city, an arbitrary node 0 was created to represent phone calls

taking place outside the city’s boundaries.

The total number of nodes (cell towers) in the Abidjan networks is

378 (in addition to the arbitrary external node). The total number of

links for communication and mobility networks are 689, 244 and 142, 080,

respectively.

We computed network statistics for each cell tower, obtained six metrics

characterizing the social capital originating from the mobility and commu-

nication networks, and then aggregated values at the Abidjan’s commune

level. In the next section we shall describe in detail these metrics, namely:

(i) the degree centrality, (ii) the betweenness centrality, (iii) the effective

size, (iv) the efficiency, (v) the node density, and (vi) the local clustering

coefficient of each commune.

4.5.4 Temporal and spatial aggregation

Before computing the network metrics, we performed a temporal and spa-

tial aggregation. More specifically, we first aggregated the data for the

entire observation period (i.e., 140 days) and for each network. Next,

we computed the six metrics for each cell tower and then we aggregated

them spatially at the commune level, because the demographic and socio-

economic indicators publicly available are only provided at this level of

granularity. Notice that the number of cell towers in each commune is not

constant, as shown in Table 4.1. In particular, we computed the mean,
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4.6. NETWORK METRICS TO ASSESS SOCIAL CAPITAL

the standart deviation, the median, the mode, the min., and the max of

each distribution for each metric. Descriptive statistics of the data and

variables of interest are presented in Appendix C.1.

4.6 Network metrics to assess social capital

In this section we describe the six network metrics that we computed to

investigate social capital. These six metrics are: (i) degree centrality, (iii)

betweenness centrality, (iii) effective size, (iv) efficiency, (v) network den-

sity, and (vi) local clustering coefficient [29, 162, 137]. Notice that both

the communication (Gc) and the mobility networks (Gm) are directed and

weighted graphs. However, not all of our metrics leverage these charac-

teristics. Indeed, some of our metrics (i.e., effective size and efficiency)

use an undirected graph and one of our metrics (i.e., clustering coefficient)

assumes an undirected and unweighted graph. In these latter cases, we

transformed the directed graph into an undirected one by computing the

average weight of each edge.

In what follows, we shall organize our discussion of the metrics into

two main building blocks. We begin by introducing the simplest centrality

measure (degree centrality) that we shall use to detect the value a node that

can be extracted solely from the direct connections to its local neighbors.

We shall then broaden our perspective also to account for connections

between the first neighbors of the nodes or even for connections beyond

first neighbors and local networks. To this end, we shall group the network

metrics into two groups, depending on which type of social structure they

are aimed to capture [122, 118].

The metrics included in the first group – betweenness, effective size,

and efficiency – share the idea that a node can draw influence, power,

importance from the absence of edges in the network [37, 90]. In this
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sense, they capture the degree to which nodes span structural cleavages,

holes, discontinuities in the network, and can therefore act as potential

intermediaries for others to interact and communicate with one another.

This is indeed the idea of social capital as the bridging potential that nodes

can tap from open structures rich in brokerage opportunities. The metrics

in the second group, on the other hand, share the idea that nodes can

draw value from the presence of edges in their local or global network [49].

Specifically, they capture the degree to which a node’s contacts are also

connected with each other, and therefore the triads centred on the node

are closed into triangles. These metrics can thus be used to test hypotheses

on social capital rooted in the value of social cohesion and in the bonding

potential that nodes can tap from closed structures rich in third-party

relationships.

4.6.1 Degree centrality

In graph theory, the degree centrality of a node refers to the number of

connections incident upon the node [71, 154]. In the context of the commu-

nication network, a connection is established whenever a call takes place

from one cell tower to another. In the mobility network, a connection be-

tween any two locations is established whenever the same mobile user has

made consecutive phone calls connected to the cell towers of the two loca-

tions. In our current work, we established a connection between locations

if either an inbound or an outbound link between the corresponding cell

towers was created. Thus reciprocity is not accounted for.

It has been widely suggested that degree centrality quantifies the poten-

tial amount of information a node may have access to [71]. Thus, central-

ity can be used to measure the amount of resource an actor can mobilize

through her or his direct contacts, and in this sense it can be seen as a

measure of the value that can be extracted from one’s local network. From
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4.6. NETWORK METRICS TO ASSESS SOCIAL CAPITAL

this perspective, for instance, in Borgatti, Jones and Everett’s work [29]

degree centrality has been positively related with social capital. However,

degree in itself is not sufficient for capturing the potential benefit a node

can derive from the underlying network. Indeed, degree alone does not

reflect the value an actor can extract beyond her or his direct connections,

nor the bridging or bonding potential of the node’s ego-centred network.

4.6.2 Network metrics for open structures

This section will outline three network metrics that aim to capture bro-

kerage opportunities and thus the value that actors can extract from the

bridging potential of the underlying network. The first of these metrics –

betweenness centrality – is a global centrality measure that accounts for

edges lying across the whole network. The other two measures – effective

size and efficiency – are local measures that only reflect the topology of

the node’s ego-centred network, that is the node’s direct connections to its

first neighbors and the connections between these neighbors.

Betweenness centrality

Betweenness centrality measures the extent to which a node lies on the

paths that connect other nodes [73, 154, 71]. Nodes with large between-

ness centrality may gain considerable influence within a network by virtue

of their control over information flowing to and from other nodes. These

nodes are also the ones whose removal from the network will most disrupt

communication between other nodes because they lie on the largest num-

ber of paths along which messages travel [29]. From this perspective, it

can be argued that betweenness centrality quantifies the bridging poten-

tial of a node that leverages on the lack of edges connecting other nodes.

Thus, betweenness can be used to test hypotheses on the value that can
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be extracted from open social structures providing nodes with brokerage

and bridging opportunities.

Effective size

The effective size of node is ego-centred network aims to capture the de-

gree to which the node’s first neighbors are redundant. Formally, it can

be expressed as a function of the following two matrices: the transition

matrix P, and the marginal strength matrix M. The element pil of matrix

P measure the proportion of is network time and energy invested in the

relationship with node l, as defined in [37, 122]:

pil =
wil + wli∑

m (wim + wmi)
, (4.2)

where wil + wli is the sum of the weights of the two links connecting i to

l, while
∑

m (wim + wmi) is the total strength of node i. This is the sum

of node i’s out-strength, souti =
∑

mwim, and in-strength, sini =
∑

mwmi,

i.e., the sum of the weights of all the incoming and outgoing links incident

upon node i. Notice that by definition 0 ≤ pil ≤ 1 for all i, l with pil = 0

if there is neither a link from node i to node j, nor a link from node j to

node i. The transition matrix P is row-stochastic:
∑

j Pil = 1.

The entry mjl of the marginal strength matrix M is defined as:

mjl =
wjl + wlj

maxm(wjm + wmj)
. (4.3)

Notice that 0 ≤ mjl ≤ 1 for all j, l with mjl = 0 if there is neither a link

from node j to node l nor from l j. Finally, the two matrices P and M

defined above are asymmetric.

Thus, the effective size Si of node i’s ego-centred network can be for-

malized as follows:
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4.6. NETWORK METRICS TO ASSESS SOCIAL CAPITAL

Si =
∑
j∈Ni

[
1−

∑
l

pilmjl

]
. (4.4)

where Ni is the set of node i’s neighbors.

Effective size was originally introduced by Burt to quantify the degree

to which node i’s ego-centred network is rich in structural holes, and thus

provides the node with bridging potential and brokerage opportunities [36].

Efficiency

Efficiency can be defined as the normalized value of effective size, namely

the ratio between node i’s effective size and degree. Formally,

Efficiencyi =
Si

Degreei
. (4.5)

Like effective size, efficiency quantifies the bridging potential of a node.

As it is normalized by the degree, the measures takes value within 0 and

1. The closer it is to 1, the greater the bridging potential of i’s ego-centred

network. That is, a unitary value means that each of node i’s neighbors

is non-redundant, whereas a value close to zero would imply that all of i’s

first neighbor are redundant, and are thus unable to provide unique and

non-overlapping information or resources.

4.6.3 Network metrics for closed structures

In this section, we shall outline two metrics for capturing the social capital

that originates from closed structures. The first metric – density – is a

global network-based volume measure that aims to detect the number of

edges in the whole network. It directly captures the degree of closure of

the whole network, and indirectly is sensitive to the closure of each node’s
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ego-centred network. The second measure – the local clustering coefficient

– is a node-level local measure of social cohesion that captures how closed

the node’s ego-centred network is.

Network density

Network density is a volume measure, traditionally defined as the ratio be-

tween the number of actual links in the network and the maximum number

of possible links [71]. Formally, density is defined by Equation 4.6. Typ-

ically, given a fixed number of nodes (n) in the network, higher density

contributes towards enhancing social cohesion, as it fosters the creation of

tightly knit and closed structures, rich in third-party relationships [122].

A large body of literature on social capital has regarded dense networks

as wellsprings of social capital, as a result of the benefits that interact-

ing actors can derive from the enforcement of social norms and control,

reduced risks of free-riding, and better opportunities for the exchange of

tacit, complex and proprietary information.

All possible connections =
n(n− 1)

2

Network density =
Actual connections

All possible connections

(4.6)

Local clustering coefficient

In order to capture the social cohesion of node i’s ego network, we now focus

on i’s local clustering coefficient, (Ci), which measures the probability that

a pair of node i’s friends (first neighbors) also befriend each other [154, 212].

Formally, the local clustering coefficient can be formalized as
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4.6. NETWORK METRICS TO ASSESS SOCIAL CAPITAL

Ci =


E[Gi]
ki(ki−1)

2

for ki ≥ 2

0 for ki = 0, 1
(4.7)

where E[Gi] is the number of edges included in the subgraph Gi induced

by the set Ni of node i’s first neighbors (i.e., E[Gi] is the number of edges

linking i’s neighbors), and ki is the degree of node i. Notice that Ci is

normalized such that it varies between 0 and 1, 0 ≤ Ci ≤ 1. In particular,

it takes the value of 0 when none of i’s neighbors are connected with each

other, and takes the value of 1 when all pairs of i’s neighbors are connected.

So conceived of, the local clustering coefficient thus captures the degree to

which the triads centred on i are closed into triangles, and thus can suitably

measure the degree to which node i’s ego-centred network is closed and

rich in third-party relationships. In this sense, local clustering has been

widely used in studies of social capital to investigate the benefits of closed

structures [122].

Furthermore, the local clustering coefficient is formally related to Burt’s

redundancy measure, which in turn is closely related to ego network den-

sity. To formalize this relationship, we begin by showing how effective size

can be expressed as the difference between the number of node i’s first

neighbors and i’s ego-centred network redundancy. Formally,

Si = Ni −
2E[Gi]

Ni
, (4.8)

where 2E[Gi]
Ni

is the redundancy of node i’s ego-centred network, measured as

the average degree of i’s neighbors. In turn, 2E[Gi]
Ni

is simply the ego-centred

network density, scaled by a factor of Ni − 1.

Moreover, it has been demonstrated that effective size is formally related

to the local clustering coefficient as follows [122]:
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Si = ki − (ki − 1)Ci. (4.9)

where ki = Ni. If we now plug Equation 4.8 into Equation 4.9, we obtain:

Ci =

2E[Gi]
Ni

ki − 1
=

Redundancyi
ki − 1

(4.10)

Thus, the local clustering coefficient can be expressed in terms of local

network redundancy. The more redundant a node’s contacts are, the larger

the proportion of triads centred on the node that close into triangles, and

thus the higher the local clustering. Most importantly, local clustering and

effective size vary with redundancy in opposing ways (see Equation 4.8 and

Equation 4.10). In this sense, it has been argued that the former can be

seen as a mirror image of the latter [122]. Indeed, while effective size is

sensitive to the absence of edges between node i’s alters, and thus captures

the non-redundancy of edges in i’s ego-centred network and its bridging

potential, the local clustering coefficient is sensitive to the presence of edges

in i’s ego-centred network, and therefore captures the redundancy of edges

in the network as well as its social cohesion and bonding potential. In this

sense, the two measures, and thus the two local network topologies they

aim to quantify, can be regarded as the two faces of the same coin [122].

4.7 Results

In this section we present the results obtained by computing bivariate cor-

relations between social capital network metrics and a number of district-

level socio-economic indicators broadly related to (i) economic well-being,

(ii) civic engagement and democratic participation, and (iii) public safety

and security. These results are obtained by computing Pearson’s r, Spear-

man’s ρ, and Kendall’s τ correlation coefficients. More precisely, we have
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computed the mean, the mode, and the median of each node’s network

metrics in order to have single values for each district to correlate with the

socio-economic indicators of the region. While in this aggregation process

we loose some information, we can still see different behaviors among poor

and wealthy regions.

4.7.1 Economic well-being

Interestingly, we have found negative correlations between open bridging

network metrics (i.e. effective size and efficiency) and indicators of eco-

nomic wealth, while positive correlations were found with indicators of

economic deprivation. For example, the effective size, computed from the

communication network, is negatively associated with the revenue budget

per person (Pearson’s r = −0.9145, p = 0.00021) and the capital budget

per person (Pearson’s r = −0.90812, p = 0.00027). Moreover, the commu-

nication network-based efficiency is negatively associated with the revenue

budget per person (Pearson’s r = −0.8079, p = 0.00468) and with the

capital budget per person (Pearson’s r = −0.8133, p = 0.0042), and the

mobility network-based efficiency is negatively associated with the revenue

budget per person (Pearson’s r = −0.7973, p = 0.0057) and with the cap-

ital budget per person (Pearson’s r = −0.8148, p = 0.00408). Thus, it

seems that the found associations tend to be valid both for metrics ob-

tained from the communication network and for the ones computed from

the mobility network. In Table 4.4 we summarize the significant results

(p < 0.05).
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Table 4.2: Communication networks’ average degree, density, effective size, efficiency, local

clustering coefficient, and betweenness centrality. The communication network measures

have been calculated for each of the ten communes of Abidjan.

Open Structure Close Structure

Degree
Between.

Centrality
Eff. size Efficiency

Network

density

Local

clust.coeff.

Abobo 1200.200 1128.866 624.555 0.521 2.96E-05 0.946

Adjame 1195.565 1123.036 609.005 0.509 7.74E-06 0.946

Attecoube 1202.538 1147.459 619.986 0.516 2.47E-06 0.945

Cocody 1141.789 1054.691 560.872 0.476 1.14E-04 0.948

Koumassi 1188.118 1125.058 654.206 0.551 4.23E-06 0.947

Marcory 1025.103 841.657 573.949 0.552 1.17E-05 0.958

Plateau 1001.588 789.809 427.779 0.394 1.61E-05 0.961

Port-Bouet 1067.750 896.124 607.666 0.568 8.42E-06 0.956

Treichville 1113.850 950.254 612.798 0.550 5.85E-06 0.954

Yopougon 1175.697 1143.794 599.460 0.502 8.22E-05 0.946
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Figure 4.3: Effective size and efficiency for economical indicators showing wealth.

Effective size and efficiency for three economic indicators: budget per person, individual

residents, collective residents percentage.
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Figure 4.4: Effective size and efficiency for economical indicators showing poverty.

Effective size and efficiency for three economic indicators: Informal settlement, sur cor

percentage in the district.
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Figure 4.5: Abidjan effective size from communication network.
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Figure 4.6: Abidjan effective size from mobility network.
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Table 4.3: Mobility networks’ average degree, density, effective size, efficiency, local clus-

tering coefficient, and betweenness centrality. The mobility network measures have been

calculated for each of the ten communes of Abidjan.

Open Structure Closed Structure

Degree
Between.

centrality
Eff. size Efficiency

Network

density

Local

clust.coeff.

Abobo 417.489 2642.071 369.086 0.881 4.84E-04 0.666

Adjame 533.174 7693.997 474.576 0.884 1.25E-04 0.555

Attecoube 466.308 4076.686 412.843 0.882 3.86E-05 0.626

Cocody 370.258 904.283 319.693 0.850 1.75E-03 0.756

Koumassi 406.353 1431.543 366.306 0.901 6.73E-05 0.690

Marcory 285.690 497.009 256.203 0.885 1.76E-04 0.805

Plateau 324.176 845.653 276.827 0.811 2.04E-04 0.776

Port-Bouet 276.000 861.109 253.292 0.916 1.19E-04 0.772

Treichville 369.250 1067.158 331.506 0.894 8.98E-05 0.737

Yopougon 394.880 2021.052 350.846 0.881 1.27E-03 0.688
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Table 4.4: Summary results on economic well-being indicators based on both communication and mobility networks. Only

statistically significant results are reported with pvalue < 0.05. Note: ‘*’: p < 0.05; ‘**’: p < 0.01; ‘***’: p < 0.001.

Revenue Capital Percentage of Percentage of Percentage of Informal

budget budget land covered by land covered by land covered by settlement

per person per person unshared houses shared houses slums land use

Comm. Mob. Comm. Mob. Comm. Mob. Comm. Mob. Comm. Mob. Comm. Mob.

Degree -0.64* -0.68* 0.78** 0.72**

Open structures

(bridging soc.cap.)

Betweenness

centrality -0.63* 0.73*

Effective size -0.91*** -0.91*** -0.66* -0.76** 0.73**

Efficiency -0.81** -0.79** -0.81** -0.81** -0.69* -0.71* 0.63*

Closed structures

(bonding soc.cap.)

Local clustering coeff 0.64* 0.62* 0.7* -0.72* -0.75**



4.7. RESULTS

4.7.2 Civic engagement and democratic participation

The political scientist Putnam associates high levels of democratic par-

ticipation and civic engagement with dense networks, which corresponds

to high level of social cohesion and few structural holes [164, 165]. In-

stead, our findings show an opposite trend: in particular, we have found

a positive correlation between effective size and democratic participation,

both in the communication (Pearson’s r = 0.66, p = 0.00021) and mobility

(Spearman’s ρ = 0.66, p = 0.0375) networks.

Figure 4.7: Effective size versus democratic participation for mobile and communication

networks.

4.7.3 Public safety and security

Our findings show that more connected (i.e. high degree centrality), and

more diverse and bridging districts (high betweeness centrality, effective

size, and efficiency) have a lacking presence of police stations and other
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Table 4.5: Summary of results for civic engagement and democratic participation, based

on both the communication and mobility networks. Only significant results are reported,

with (p < 0.05). ‘*’ is shown for (p < 0.05), ‘**’ is shown for (p < 0.01), ‘***’ is shown

for (p < 0.001). By default Pearson’s correlation coefficients are shown, (S) stands for

Spearman’s ρ.

Democratic participation

Communication Mobility

Bridging soc. cap. Effective size 0.66* (S) 0.66*

Bonding soc. cap. Network density -0.6327* -0.61*

Local clustering coefficient -0.64*

public safety and security offices. For example, degree centrality is neg-

atively associated with the proportion of land covered by security offices

(Pearson’s r = −0.71055, p = 0.02127). Similarly, effective size and be-

tweeness centrality are inversely correlated with the proportion of land

covered by security offices (Pearson’s r = −0.60287, p = 0.06505 and Pear-

son’s r = −0.6760, p = 0.0318, respectively). Instead, districts showing

higher social cohesion (i.e. high levels of local clustering coefficient) have

more security offices (Pearson’s r = 0.63182, p = 0.050). For a summary

of the obtained results see Table 4.6.

Interestingly, our results also show that bridging districts (i.e. high ef-

fective size) experience an lower numbers of stolen cars (Kendall’s τ =

−0.50128041, p = 0.0436314). However, we observe a statistically signifi-

cant result only for the communication network. Indeed, the mean values

of the bridging and bonding characteristics of the mobility network do not

correlate, in a statistically significant way, with the number of stolen cars.

Focusing our attention on the the mode values of the efficiency (an

example of bridging network characteristics), we find a negative association

with the number of stolen cars in 2009 (Pearson’s r = −0.62994, p =

0.0.05093) and in 2010 (Pearson’s r = −0.71570, p = 0.0199) for mobility
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Table 4.6: Summary of results for public safety and security based on both the communi-

cation and mobility networks. Only significant results are reported, with (p < 0.05). ‘*’

is shown for (p < 0.05), ‘**’ is shown for (p < 0.01), ‘***’ is shown for (p < 0.001). By

default Pearson correlation coefficients are shown; (K) stands for Kendall τ .

Security

Security Stolen cars

Land coverage 2009

Comm. Mob. Comm. Mob.

Degree -0.71* -0.63*

Open Structures

(bridging soc. cap.)

Betweenness centrality -0.67*

Effective Size -0.60* -0.66* -0.5* (K)

Closed structures

(bonding soc. cap.)

Network density 0.722* 0.727*

Local clust. coeff. 0.647* 0.7*

networks.

4.8 Discussion

The measurement of social capital is a challenging task, as both social

interactions and the value that such interactions bring to the society are

hard to model and quantify. In general, there is a lack of ground truth

data about such interactions. In this paper, we have proposed to use

aggregated mobile phone usage data to overcome this lack of information

on social interactions.

Moreover, the availability of high-quality, high-granularity socio-economic

data is also a challenge, particularly in developing countries. For example,
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the communication and mobility networks that we have constructed from

the mobile phone usage data have 1238 nodes, while the publicly available

socio-economic indicators are only for 10 districts of the city of Abidjan.

Nonetheless, our findings shed a novel light on the relationship between

bridging and bonding social network metrics and a diverse set of socio-

economic indicators of a developing country, providing some surprising

results.

Our findings shed light on the relationship between social capital and

socio-economic indicators with some surprising results.

Economic well-being We find a negative correlation between bridging so-

cial capital metrics and wealth indicators (e.g., wealthy residential areas)

in both the communication and mobility networks, and a positive correla-

tion between bridging social capital metrics and poverty indicators. Thus,

our results do not seem to corroborate Burt’s theories on the role played by

the structural holes [37]. In his seminal work, the sociologist Burt showed

that the individual’s economic remuneration within a company increase

with the number of structural holes surrounding the node (i.e. the sub-

ject) [37]. Indeed, an individual who acts as a bridge between two or more

closely connected groups of people could gain significant comparative ad-

vantages; for example his/her position allow him/her to transfer valuable

information from one group to another, and to combine a more diverse set

of ideas [37]. Along this line, Eagle et al. have shown that the diversity

of individuals’ social relationships is also strongly correlated with the eco-

nomic development of their communities. In particular, their results have

found that socio-economic opportunities in a given community in United

Kingdom (UK) increase with the number of structural holes in the ego

networks of the members.

Our results, indeed, seem more in line with the observations done by the

71



4.8. DISCUSSION

sociologist Coleman on the role played for economic well-being by the com-

munity closure [49]. In particular, Coleman used the term ‘closure’ to refer

to mutual knowledge and social ties between community members who sup-

port each other and sanction deviant behaviors. In a recent work, Lotero et

al. have conducted an extensive survey among 56, 513 citizens of Medellin,

Colombia, about their mobility behaviors and their socio-economic charac-

teristics, such as age, gender, job, etc. [128]. Interestingly, they have found

that mobility routines and travels of rich people are highly redundant and

localized, while the opposite trend characterizes the mobility routines of

poorer citizens [128]. This means that the social interactions and mobility

routines of the economically disadvantaged people are more diverse than

the ones of rich people.

A possible explanation may be related to the Maslow’s hierarchy of needs

[138]. Since the more basic needs, such as the biological and physiological

needs, have not been covered yet, the behaviors may be ruled by fulfilling

these needs. Once these needs have been met, the search for safety is the

next ruling stimuli. In developing countries, most of the communities are

at the very bottom of the Maslov’s pyramid; hence a larger number of

structural holes could be indicative of the efforts, done by their members,

in order to achieve more prosperity. On the opposite, the members of richer

communities in developing countries are driven by the search for safety.

Taken together, our findings and Eagle et al. findings [64] provide ev-

idence that there may not be one universal pattern regarding the rela-

tionship between social capital and economic well-being but at least two

patterns: one for developed countries and one for developing ones.

Civic engagement and democratic participation According to Putnam’s the-

ories [163, 164, 162], closed and cohesive communities, namely communi-

ties with high levels of bonding network metrics, are expected to show an
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higher democratic participation and civic engagement. However, in our

analyses we find evidence of the opposite phenomenon as the denser the

community i.e., the lower is the democratic participation. In addition,

our result show that communities with high values of bridging social cap-

ital have higher levels of democratic participation, a finding in line with

some previous works in social science [134, 198, 99]. Indeed, Magee [134]

found a significant correlation between diversity and voluntary participa-

tion and neighborhood social support, and Tindall and Cormier [198] found

that network diversity predicted participation in voluntary organizations

as well as extent of political ties.

Interestingly, the areas with higher levels of democratic participation

tend to be economically deprived districts of Abidjan. One potential ex-

planation for this finding is that poor communities may have a larger incen-

tive to participate in the democratic process with the aspiration to instill

changes that would lead them to improve their quality of life [50]. However,

we cannot conclude, from our correlational analysis, if being able to access

different types of information (i.e., having high levels of bridging capital),

their socio-economic status or some other hidden factors is what motivates

that civic involvement.

Public safety and security Our results provide evidence that the more di-

verse is the network of interactions of a district, the more secure the district

is (i.e. less stolen cars). Thus, our findings support Jacobss theory of natu-

ral surveillance that high diversity of functions in an area and high diversity

of people (gender diversity and age diversity) act as ’eyes on the street’ de-

creasing the number of crimes [105, 72]. Similar results were found recently

by several crime predictions studies [28, 204, 27].

Another interesting finding is that security offices are more likely to be

built in communities with high level of bonding social capital, which are
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the ones were less effective is the role played by the natural surveillance.

Note that we did not carry out a causality analysis. Hence, we cannot make

any inferences regarding the causes behind higher safety in neighborhoods

with higher network diversity.

Public Health Positive effect of raised consciousness among the societies

against health related problems are investigated through number of people

living with HIV and malaria cases declared to health units. On the con-

trary to the prior expectations, we could not find any significant relation

between health and information flow for these two networks. Again for the

heterogeneity of the districts, in means of number of non-Ivorian, does not

reveal any significance either bridging nor bonding features.

4.9 Conclusion

We investigate the value that large scale aggregated mobile phone usage

data has to infer variables related to bridging and bonding social capital in

the case of Abidjan, the biggest city of Côte d’Ivoire. From the mobile data,

we build two networks that characterize the interactions and information

flows in the city. Next, we investigate the relationship between the inferred

social capital metrics and socio-economic indicators. Some of our findings

support existing theories and previous work [28, 99] whereas other findings

do not corroborate the literature [164].

Given our findings and the fact that we have only analyzed one city

in a developing economy, we believe that further research is needed to

better assess the generalization power of our findings and shed light on

the relationship between bonding and bridging social capital and socio-

economic indicators. We plan to continue our research using large scale

mobile data to characterize social capital to other regions.
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Our work complements previous work on this topic by analyzing the

impact of bridging network structures –inferred from mobile phone usage

data– in a large city within a developing economy. We build two different

networks from this data: a communication network and a mobility net-

work. Next and following Burt’s work on social capital [37], we compute

six metrics for each of these networks, including weak and strong ties, de-

scribed in Section 4.6. Finally, we correlate the six network variables with

several demographic indicators, including socio-economic status.

Starting from the complexity as those authors mentioned, our work

focused on how social ties between regions relate to the economical status.

Following the work of Burt on social capital, the weak and strong ties can be

calculated also on mobile phone dataset to exploit the social brokerage [35].

There are different metrics in the literature to uncover complex networks,

Latora et al. in their study compare those metrics and proposed effective

size (efficiency) [122].

75



4.9. CONCLUSION

76



Chapter 5

Residential Segregation or

Segregation in Mobility

Everything is related to everything else, but near things are more related

than distant things.

Geographer Waldo R. Tobler

Segregation, in the context of sociology, is the exclusion of some of the

identities from the rest of the society for being different. The difference

may be coming from age, religion, race, physical conditions etc. The ma-

jority may be represented as students in a school, employees in an office,

or as well as the people in the cities [181]. In urban life in general, seg-

regation corresponds to residential segregation, which includes separation

of two or more social groups within a specified geographic area, such as a

municipality, a county, or a metropolitan area [197].

The social distances between majority and minority groups, associated

residential segregation with spatial inequalities [139], however Schelling de-

scribes the causes of segregation as a complex mechanism, where all the

causes need to be diminished for complete integration, neither of them
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drive this phenomena alone. He grouped the causes as: (i) individually

motivated, (ii) collectively enforced, and (iii) economically induced [181].

Another important contribution of Schelling is showing segregation as a

function of preference among the neighborhood, which change over time.

Granovetter generalized the work of Schelling for collective behavior, which

covers not only for segregation, but all collective decisions given by society,

such as voting, information diffusion etc. The equilibrium state, which cor-

responds to the benefit/cost threshold value, has to be reached for collective

behavior in order to be effective [89]. Maybe the solution for integration lies

beneath promoting benefit rather than the perception of the cost among

society, which in general being raised by seeing the other as a threat.

The scientists analyze the residential segregation phenomena and the

roots mainly in the census data [103]. Censuses are very powerful to have

an opinion of the society, as American historian Frederic Jackson Turner’s

famous statement on his thesis: census with the combination with other

source of data becomes “lenses through which we form images of our so-

ciety” [205]. However as we mention in Section 5.2.1, some drawbacks

resides in it, the most important for our work is being static, not including

the daily life of interactions of the immigrants. Thus, to solve the urban

challenges, we need further tools rather than static census data [124]. Since

the availability of new forms of data, like CDRs we could observe things

that we could not before.

In this perspective we use the country code of the calls as an indicator

for the foreigners’ location in the city. Here, we use data collected from

the Telecom Italia Mobile (TIM) phone network in order to analyze two

months of spatio-temporal activity patterns of migrants in six major Italian

cities: Bari, Milan, Naples, Palermo, Rome and Turin. We exclude Venice

because of its touristic dynamic. The details of the dataset is given in

Appendix A.1.2.
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In this work, we would like to answer the answers the below questions:

Static versus dynamic segregation

• Q1. The level of segregation from two different data sources resembles

each other or not?

• Q2. Does greater urban diversity reduce segregation, do bigger cities

perform better for having less segregation [103]? Two contradictory

claims exist one from Schelling’s work having smaller segregation for

that question. In his work from 1969 “the minority clusters become

absolutely larger as the minority of itself becomes smaller” [181]. The

second is more recent work from Lamanna et al. claims, as big global

metropolitan cities have been threatened by social spatial segrega-

tion [117].

Different nationalities’ neighborhood preference motives within the city We

elaborate Turin in the first phase of our study and leave the detailed anal-

ysis (Q3 and Q4) as future work.

• Q3. Can we find some clues if there are some nations, independent

from their economical status, if exist prefers being segregated?

• Q4. Is there a pattern between different cities?

A possible application from our work can help urban planners, munic-

ipalities and policy makers to create spaces in the city such as Trafalgar

Square in London [223]. Thus, the methodological formulation can be

achieved if we can describe the cases, perform better.
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5.1. HISTORY OF ETHNIC AND RACIAL SEGREGATION

5.1 History of ethnic and racial segregation

From the early 1900s until 1968 (Fair Housing Act of 1968), racial seg-

regation or discrimination was legal and wide-spread in United States of

America (USA) [141]. Even the majority and minority populations existed

in many societies in the time being in different countries, the line between

black and white people in America, was devastating. It corresponds to

the period of historical African-American civil rights movement [143, 53].

Indeed, the pioneer articles for segregation mainly focused on two-groups

— white and black — [63, 103, 181, 182, 34]. Several decades pass but the

problem of segregation persist even on the digital platforms [67, 79, 120].

Ethnic and racial discrimination have been prohibited in USA for half

a century ago, however in practice it is still an issue, not only for African-

Americans but also for other ethnics groups and not only in United States,

but also for Europe. Migrants expect to find improved life conditions in

cities and therefore they move from poor to rich countries, from rural to

urban places, and between cities [179, 180]. The massive influx of refugees

are migrating to Europe, even putting their life in danger, almost every day.

As a result of these migration waves, the urban segregation is inevitable in

all metropolises.

Apart from integration related problems, this transition has been fa-

vored by several scholars [36, 94, 164], as cultural diversity brings pros-

perity to society, with bridging network structures we mentioned in Chap-

ter 4. Thus without integration, some issues like (seclusion, discrimination,

xenophobia, etc.) may be raised, from the increasing ethnic and cultural

diversity of the population.
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5.2 Evidence of segregation through census

The origin of the word “census” is coming from Latin, means “taxing”.

As well as the etymology of census, the written historical documents show

that it arises from the need of taxation since ancient ages [213]. Census

has become an important tool, in the following years, not only for Kings’

treasure calculation tool, but for quantifying demographic, socio-economic

status of the society.

Relatively pioneer work from 1928 by Burgess [34], states that the cen-

tral of the cities, Zone 1 and 2 are generally the entry point for immigrants,

and they prefer to be in the business district. His statements are quite rel-

evant still. In his work Louf and Barthelemy claims that, larger cities are

less socially polarized as higher income households prefer large cities, but

low income do not[130].

In addition to the census based studies, there is a survey based study

from 8 Italian cities [25]. Only Milan is in common in this study and the

TIM data we use.

5.2.1 How to count a nation and assumptions

National institutes or census bureaus generally organize censuses in each

10 years, which is conducted by enumerators through a questionnaire 1.

Complementary or alternative approach is sampling, instead of counting

each individuals, surveys are conducted through a subset of population

then the results are projected to larger units. In general, in order to reduce

the errors, in particular: coverage, sampling, content biases. Therefore

censuses are controlled from several sources, such as administrative records.

The smallest unit is called as census tract (block) [213]. It is defined as

homogeneous, compact, territorial units, which administrative boundaries

1https://unstats.un.org/unsd/demographic/sources/census/docs/P&R Rev2.pdf
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5.2. EVIDENCE OF SEGREGATION THROUGH CENSUS

form through them. The boundaries of census tract has to be align with

the administrative boundaries, which in turn allows building demographics

from census tracts level up to the nation. The census results are aggregated

in the level of census tract. From definition, the census tracts aim to have

uniform number of people inside, however in year 2000 USA census, tract

population is set to 4000 as optimum, with 1500 and 12000 as the minimum

and the maximum thresholds. As you may notice, the variance of upper and

lower bound is quite far. In addition to that, spatial information is also not

being taken into account for the census tract construction, the only measure

for setting the boundaries of tracts is population size [124]. Thus, according

to the arguments of Lee et al. the conventional researches for segregation

which mainly based on census data, may encounter measurement errors

because of these assumptions.

5.2.2 Census areas and administrative structure in Italy

Italian National Institute of Statistics (ISTAT) is organizing the popula-

tion census in every ten years. The last census has been done in 2011.

The smallest unit of census area (tract) is called Sezioni di censimento in

Italian2. However in addition to this, the data can be accessible also in dif-

ferent administrative levels, as the sezioni di censimento must be aligned

with the administrative borders. Such as, the smallest administrative unit

is called commune, followed by province and the first sub-nation level re-

gione. In addition to that there is a categorization of metropolitan areas,

called circoscrizioni.

Here, the census data, regarding each nationality resident in a given city,

are obtained from ISTAT as shown in Table 5.1. The seven cities under

consideration have different characteristics in terms of population hetero-

2http://www.istat.it/it/files/2016/02/AttiCIS Fascicolo 5.pdf
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geneity or the number of foreign residents. Interestingly, while Milan’s for-

eign population is more heterogeneous, Rome and Turin are significantly

dominated by the Romanian community (see Figure 5.1 and Figure 5.2).

% of # of

City Italian Foreigners Foreigners Grid

Milan 2.769.201 439.308 0.1586 1.419

Rome 3.816.517 523.957 0.13 928

Turin 2.059.453 222.744 0.108 571

Naples 3.005.147 108.751 0.036 535

Venice 773.914 81.782 0.105 496

Bari 1.223.947 39.873 0.032 144

Palermo 1.235.797 35.609 0.028 165

Table 5.1: Italian and foreign population in the seven Italian cities. The list is ordered

by the percentage of foreign population. Source ISTAT 2011.

In Figure 5.1 and Figure 5.2, the top presence of immigrant nationalities

are shown from the cities Turin, Milan, Rome and Naples, respectively.

Figure 5.1: The ten top foreign nationalities present in Turin and Milan from 2003 to

2016 from ISTAT.
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5.3. SOCIAL ASPECTS OF SEGREGATION

Figure 5.2: The ten top foreign nationalities present in Rome and Naples from 2003 to

2016 from ISTAT.

5.3 Social aspects of segregation

Cities are the places where pragmatic solutions need to be found daily

to promote integration and to address the issues raised by the increasing

ethnic and cultural diversity of the population. Several studies in urban

planning and urban sociology have underpinned the importance of ethnic

and cultural diversity of urban population [223, 189]. The heterogeneity of

the communities may foster creativity [157], encourage tolerance [70], and

boost economical growth [166]. For example, the urban planning theorist

Leonie Sandercock terms her ideal city Cosmopolis, describing a metropo-

lis that allows people from a variety of ethnic and racial backgrounds to

have equal rights in the city environment [176, 177]. The political theorist

and urban planner Susan Fainstein has shown that some cities are more

successful to create diversity and social integration than others [70].

For most cities, the efforts to manage diversity and decrease segrega-

tion and discrimination rely on social policies, e.g., income support, public

education, etc. that are usually under the responsibility of national gov-

ernments. However, the social inclusion of newcomers also depends on the

quality of the daily interactions and exchanges that occur among the in-

dividuals, communities, and social groups, and on how these communities
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live spatially in the different urban areas. Yet in our work, we would like

to discover the segregated hot spots to improve integrity, beside being able

to characterize the diverse hot spots, later allow us to use it on prior.

5.3.1 Urban diversity and economical development

In the last decades cities become the center of attention to people from

various background, for the economical potential. Especially when we look

at the whirlpool of big, cosmopolitan cities all around the world. The

effect of segregation in the urban life has been questioned for the last

decades [141, 167]. For the economic development the effect of diversity

and segregation is the two side of the same coin. Segregation means so-

cial cohesion, if we recall from previous chapter, it corresponds to bound-

ing structure of the network. If the segregated community is prosperous,

wealth will stay in the same society, however if the majority is poor, they

would not benefit from the prosperity. In sum, rich become richer and

poor stays poorer. On the other hand, diversity means, structural holes

and open structure in the community. The values/ideas can be interchange-

able among the society, which fosters new ideas and prosperity [37, 170].

Adam Smith correlated the economic growth with the diversity and

complexity of the labor [188]. Hidalgo and Hausmann empirically proved

Adam’s ideas in their work [101]. As mentioned in the well-known book

of Acemoglu and Robinson “Why Nations fail?”, only the nations which

allows the society to able to reach the sources, with equal rights can per-

form better [8]. If and only the equal rights given to migrants may allow

to integrate and contribute to the urban life. Lazer and Friedman like

their scholars, stated that being connected is good, only if your network

is composed of people different than you [123]. So diversity is not enough,

unless it is integrated.

85



5.4. QUANTIFYING URBAN SPATIAL DIVERSITY AND SEGREGATION

5.3.2 Urban diversity and public safety and security

In particular, some works have recently provided evidence supporting Jane

Jacobs’ natural surveillance theory [28, 204, 27]. In The Death and Life

of Great American Cities [105], one of the most influential book in city

planning, the urban activist Jane Jacobs stated that population diversity

in a neighborhood contribute to natural surveillance and, thus, discour-

age crime. Indeed, as people are moving around an area, they effectively

become “eyes on the street” able to observe what is going on around them.

Along a similar line, De Nadai et al. [54] used mobile phone data, jointly

with Open Street Map and census data, to test the four diversity conditions

(mixed land uses, small blocks, a mix of buildings of different ages and

forms, and a dense concentration of people and buildings) proposed by

Jane Jacobs to promote life in a city. Although the analyzed cities were

different from the places for which Jacobs’s conditions were spelled out

(i.e., great American cities), De Nadai et al. [54] found those conditions to

be indeed associated with urban life.

5.4 Quantifying urban spatial diversity and segrega-

tion

Measuring spatial structure is crucial for understanding how people utilize

the urban space in time. It was first Duncan and Duncan, who take atten-

tion to the importance and challenges of quantifying segregation for the

sake of understanding social well-being [63]. However it was Massey and

Denton, who formalized the segregation indexes into five dimensions and

their properties. Specifically they are:

• (i)Evenness refers to the differential distribution of two groups in ur-

ban space, such as over represented in some part of the city, not ex-
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isting the rest [21].

• (ii) Exposure refers to quantify the potential contact, or the possibility

of interaction, between minority and majority group members within

the city [140].

• (iii) Concentration refers to the relative amount of physical space oc-

cupied by a minority group in the urban space. Groups that occupy

a small share of the total area in a city are said to be residentially

concentrated.

• (iv) Centralization is the degree to which a group is spatially located

near the center of the city.

• (v) Clustering is the degree of spatial units inhabited by minority

group, discarding the majority or become majority within that cluster.

The followers Reardon and Sullivan evolve the Massey and Denton ap-

proach by including two-group segregation to multi-group segregation [171].

5.4.1 Multi-group segregation metrics

We focus on how different ethnicity’s utilize the city, therefore we im-

plemented the multi-group segregation metrics from Reardon and Fire-

baugh [171]. In the following sections, we summarized the six measures for

segregation.

Notation In the following segregation metrics equations, we will use the

following notations: t denotes size and π denotes proportions; subscripts i

and j index census tract and subscripts m and n are indexes for minority

groups.

tj = Population in unit j
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T = Total population

πm = Proportion of group m

πjm = Proportion of group m in unit j.

Apart from these group proportions (πm and πjm), Simpson Interaction

Index and Theil Entropy are used in the calculations of the measurements.

Simpson Interaction Index: Simpson Interaction Index, is denoted as I, [125,

217]:

I =
M∑
m=1

πm(1− πm).

Theil Entropy: Theils Entropy Index, is denoted as E [196]:

E =
M∑
m=1

πm ln (
1

πm
).

Both I and E can be seen as measures of the diversity of a population

when both are equal to zero if and only if all individuals are members of a

single group no diversity and both are maximized if and only if individuals

are evenly distributed among the M groups (πm = 1
M ) for all m.

The indices which are shown below, represent from 0 (complete inte-

gration) to 1 (complete segregation). Multi-group dissimilarity, Gini coef-

ficient, information theory are belong to Evenness dimension.

Multi-group dissimilarity

Dissimilarity (D) measures the evenness of the populations, the percentage

of a groups population that would have to change residence for each neigh-

borhood to have the same percentage of that group as the metropolitan

area.
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D =
M∑
m=1

J∑
j=1

tj
2TI
|πjm − πm|.

Gini coefficient

The Gini coefficient or Gini index is the mean absolute difference between

minority proportions weighted across all pairs of areal units, expressed as

a proportion of the maximum weighted mean difference [140].

Here, Reardon et al. generalized the two-group case of Gini index (G)

to M group, by weighting sum over the absolute difference of all pairs,

normalized by the maximum possible value of this sum.

G =
M∑
m=1

J∑
i=1

J∑
j=1

titj
2T 2I

|πim − πjm|.

Information theory

The information index (H) measures the (weighted) average deviation of

each areal unit from the metropolitan areas entropy or racial and ethnic

diversity, which is greatest when each group is equally represented in the

metropolitan area.

According to Reardon’s work, Information index is the best metric to

quantify the multigroup segregation [171].

H =
M∑
m=1

J∑
j=1

tj
TE

πjm ln
πjm
πm

.

Squared coefficient variation

The squared coefficient of variation (C) function can be interpreted as a

measure of the variance of the dissimilarity functions or as a normalized
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chi-squared measure of association between groups and units.

C =
M∑
m=1

J∑
j=1

(πjm − πm)2

(M − 1)πm

Relative diversity

Relative diversity (R), measures the relative diversity of the clusters. Which

is modified from Goodman and Kruskal’s [87] cross classification work. It

is the level of within cluster segregation, between units. Larger, more di-

verse, and more segregated clusters contribute more to overall segregation

than do smaller, more homogeneous, and less segregated clusters [172].

R =
M∑
m=1

J∑
j=1

tj
TI

(πjm − πm)2

Normalized exposure

Normalized exposure (P ), measures the exposure of each groups, by taking

a simple weighted average of the normalized exposures of each group to all

other groups [171].

P =
M∑
m=1

J∑
j=1

tj
T

(πjm − πm)2

(1− πm)

5.5 Methodology for assessing neighborhood prefer-

ences of different ethnicity

In that section, we describe the methodology which we use in to answer Q3

and Q4. By calculating Local Moran I, we reveal the significant locations’
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of each nation in the urban area. The presence of different nationalities in

the same location (grid), assumed as they do not avoid interacting.

5.5.1 Local Moran I

Morans I is a correlation coefficient that measures the overall spatial auto

correlation of spatial data [149]. In other words, it measures how one ob-

ject is similar to others surrounding it. This is actually about first law

of geography, ”Everything is related to everything else, but near things are

more related than distant things” [201]. Beside from statistics based on

independence of the variables, in geography the spatial distance is impor-

tant. Thus it measures how closer objects are similar. It gives the overall

relation in the given geographic region, therefore it is also called as global

Moran I.

Local Moran I index, local indicator of spatial association (LISA), com-

putes the local spatial autocorrelation statistics disaggregated to the level

of the spatial units, allowing assessment of the dependency relationships

across space [11].

The equation is as follows:

Ii =
xi − X̂
S2
i

n∑
j=1,j 6=i

wi,j(xi − X̂),

where, xi is an attribute for the spatial unit i, X̂ is the mean of corre-

sponding attribute, wi,j is the spatial weight between unit i and j, n is the

total number of spatial units. Si is the aggregated value of the attribute

in unit i.
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5.5.2 Hot-spots of communities from CDR

For each block we calculate the local Moran-I of each community. If the

p-value is significant (p < 0.01), we label this grid as a hot-spot for that

community. If the hot-spots are overlapped with the other communities,

it is assumed to prefer being in the similar neighborhoods.

The details are given below:

• Intersect grid and the urban metropolitan area, as in Figure 5.3.

• Share the number of calls according to the intersection area: i.e. if

whole grid is in the metropolitan area all calls are taken for computa-

tion, if half of the area is inside, take half of the calls. Assuming calls

are uniform distributed to the grid.

• For each different nationalities (j), and for each grid (i) calculate the

normalized value as: zi,j =
Calli,j∑
i Callj

• For each i and j, calculate Local Moran I, and detect the hotspots.

• Find the area percentage intersect two different nationalities’ hot

spots. If Pvaluei,j ∩ Pvaluei,k where j 6= k, means nationality j

and nationality k present in that location significantly,

• build up M, NxN , asymmetric matrix. N is the total number of

nationalities exist in the CDR of the city N = n1, n2, .., N .

• The grids are not uniform in means of the land coverage, the di-

mensions vary. That is why, in order to understand the preference of

staying in the same location, we consider the land coverage of the grid.

Mj,k =
∑
Hj∩Hk∑
Hj

where Hj is the hot spots land coverage of nationality

j. Hk is for the nationality k.
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• The cosine similarity of each nation j, is calculated for each city. This

comparison will be performed for different city similarity.

Figure 5.3: Turin call grids and census areas.

5.6 Results

In that section, we grouped our results in two separate sub-sections, (i)

the segregation residing in census and the dynamic segregation metrics

through CDR, (ii) the neighborhood preference of the immigrants.

In multigroup segregation metrics, three out of six metrics have very

small values, very close to 0, especially from the CDR data. In particu-
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lar, the metrics are: squared coefficient, relative diversity and normalized

exposure. Both of them evaluates the within unit diversity, comparing to

the urban area.

5.6.1 Static versus dynamic segregation

In this experiment, we compare static residential segregation metrics from

census, and dynamic daily interactions through CDR, to exploit if both

static and dynamic segregation are in line. CDR includes the country

code of the incoming/outgoing communication however census data include

continent level information, in particular: Europe, Africa, America, Asia,

Oceania, and apolitical. Therefore, we grouped our country codes in these

five continents, excluding the apolitical.

Here, we also keep in mind that the CDR data, is issued for billing

purpose, therefore we actually do not know the nationality of the person,

who make or receive a call (or send/receive a SMS). The call can either be

business related, or tourists’ call. However, the internet usage data have

some difference, if the country code is different from the local operator’s

code, it means that the user is roaming.

In line with the studies conducted by Susan Fainstein [70], our results

show that some cities experience more population heterogeneity than oth-

ers. Indeed, even if Milan and Rome have a similar percentage of immi-

grants, as shown in Table 5.1, they have different segregation characteristics

both in census, and CDR. According to residential segregation metrics from

census, Milan is the most integrated for multigroup dissimilarity (0.1065),

Gini coefficient (0.1404), and information theory (0.0103). Beside Rome

has (0.1879, 0.2521 and 0.0319) respectively. When we look at the calls

from CDR in Milan, the multigroup dissimilarity (0.4989), Gini coefficient

(0.6454) and information theory is (0.1014), for Rome (0.3782, 0.4818 and

0.0409). It shows that Rome either immigrants or tourists have more di-
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verse mobility patterns, therefore more integration comparing to Milan.

When we focus on Internet and SMS, Rome is the most segregated city

among the six Italian cities for the three indices. Multigroup dissimilarity

is for SMS and internet (0.4120, 0.6130), Gini coefficient (0.4912, 0.6909)

and information theory (0.0556, 0.1066), respectively. As we know from

Internet usage, it shows the touristic activities, we can definitely say that

tourists exploit only a portion of the city. Again from these figures 5.4 and

5.5, we can easily see that Milan is more business center, than Rome, as

we do not expect to send/receive SMS for a developed country to make

business. But it is more likely to use SMS for social connections. Thus,

the share of tourists and businessmen in call data, can be evaluated within

that perspective.

All segregation metrics results for six cities are given in Table 5.2.
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Table 5.2: Multigroup segregation indexes for Bari, Milan, Napels, Palermo, Rome and Turin.

Bari Milan Napels Palermo Rome Turin

Multigroup Dissimilarity Census 0.1963 0.1065 0.3683 0.2873 0.1879 0.1357

CALL 0.3202 0.4989 0.5544 0.4741 0.3782 0.3801

SMS 0.1720 0.2788 0.2948 0.3292 0.4120 0.1843

INTERNET 0.1908 0.4926 0.3849 0.3137 0.6131 0.3766

Gini Coefficient Census 0.2680 0.1404 0.4630 0.3875 0.2521 0.1847

CALL 0.3857 0.6454 0.6642 0.5664 0.4818 0.4879

SMS 0.2119 0.3684 0.3625 0.3976 0.4912 0.2353

INTERNET 0.2438 0.6265 0.4813 0.3772 0.6909 0.4480

Information Theory Census 0.0285 0.0103 0.0805 0.0680 0.0319 0.0193

CALL 0.0386 0.1014 0.0904 0.0617 0.0409 0.0508

SMS 0.0107 0.0319 0.0364 0.0351 0.0556 0.0137

INTERNET 0.0105 0.0751 0.0409 0.0285 0.1066 0.0349

Squared Coefficient Census 0.0013 0.0021 0.0059 0.0065 0.0060 0.0037

CALL 0.0001 0.0003 0.0000 0.0000 0.0000 0.0000

SMS 0.0000 0.0002 0.0000 0.0000 0.0005 0.0000

INTERNET 0.0000 0.0002 0.0000 0.0000 0.0003 0.0000

Relative Diversity Census 0.0036 0.0059 0.0181 0.0251 0.0143 0.0079

CALL 0.0003 0.0008 0.0014 0.0011 0.0001 0.0001

SMS 0.0001 0.0005 0.0010 0.0011 0.0015 0.0001

INTERNET 0.0000 0.0006 0.0002 0.0002 0.0013 0.0000

Normalized Exposure Census 0.0049 0.0077 0.0238 0.0329 0.0194 0.0103

CALL 0.0003 0.0008 0.0024 0.0016 0.0001 0.0001

SMS 0.0001 0.0007 0.0016 0.0018 0.0022 0.0001

INTERNET 0.0000 0.0007 0.0004 0.0003 0.0017 0.0000
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When we rank the cumulative evenness results (multigroup dissimilarity,

Gini coefficient, and information theory) for each six cities, Napels is the

most segregated, Bari is the least as shown in Figure 5.4. For the within

unit segregation metrics, specifically relative diversity, normalized exposure

and squared coefficient, Palermo is the most segregated. However keep in

mind that the most of the shares are coming from residential segregation

obtained from census, the mobility base segregation, is negligible close to

zero.
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Figure 5.4: Cumulative multigroup segregation metrics for Bari, Milan, Napels, Palermo,

Rome, and Turin.
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Figure 5.5: Detailed multigroup segregation metrics for Bari, Milan, Napels, Palermo, Rome, and Turin.

99



5.6. RESULTS

5.6.2 Neighborhood preferences for different nationalities

In that experiment, we exploit the favored locations of different nationali-

ties in the city, not only considering where they live, but also where they

work, travel and interact. Census data is not enough to assess such dy-

namic behaviors, therefore CDR is a better approach to understand these

characteristics, if any.

Experiment setup 2 Here, we measure how different nationalities prefer to

be present in different neighborhood within the urban space. The most rep-

resentative ten nationalities have been selected from ISTAT data (see Table

5.3), which are; Albania, Bangladesh, China, Egypt, Morocco, Moldova,

Peru, Philippines, Romania, and Ukraine. We are going to extend the

cities to six, however up to now, we run the neighborhood preference study

only for Turin.

Turin Milan Rome Naples

Top

1 Albania Albania* Morocco Moldova

2 India Morocco Peru Brazil

3 Ukraine Romania Ecuador Ukraine

4 Romania Moldova Albania Algeria

5 Morocco Brazil* Moldova Romania

Bottom

16 Poland Algeria China Senegal

17 Pakistan China Ukraine Bangladesh

18 Nigeria France* Bangladesh Pakistan

19 Bangladesh* Senegal Sri Lanka Philippines

20 Brazil* Poland* Egypt China

Table 5.3: The top five and bottom five communities, from ISTAT.

As we have seen in Table 5.4, the nationalities’ preferences are not

reciprocal. It is not row stochastic either as the same grid is the hot
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spot for other nationalities as well.

The results shows us that, Albanian’s are more likely to be in the same

neighborhoods, with Romanian and Ukrainian with the value (0.2421),

and less likely with Bangladeshi. China and Bangladeshi are reciprocal for

having same neighborhood to visit. Egypt and Moroccans have similar in

means of preference. Peruvian prefers Ukrainian with (0.7448), and least

Moroccans (0.0552). Philippines is similar to Peruvian with (0.7045) and

(0.0455). Romanian are less likely to be in the Bangladeshi (0.0612) and

Moroccans (0.0612), places. Peru, Ukraine and Albania’s preference are

more suitable for Romanians. Ukrainians are like Romanians they have less

likely to interact with Bangladeshi and Moroccans. From these numbers

we can see that, Romania, Ukraine and Albania some sort of clusters, and

present same characteristics. Not only the way they interact, but also the

interaction pairs of countries either in favor or not, is quite similar.
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Table 5.4: Turin, hotspots overlaping matrix for 10 communities. Y axis represents the nationalities detected with hotspots,

X axis represents how likely it overlaps the corresponding nationalities hotspots in the urban space.

Albania Bangladesh China Egypt Moldova Morocco Peru Philippines Romania Ukrania

Albania 0.0893 0.1071 0.0179 0.1786 0.0179 0.1071 0.1786 0.2321 0.2321

Bangladesh 0.2062 0.6186 0.4536 0.2887 0.4639 0.2474 0.2474 0.1237 0.2474

China 0.1791 0.4478 0.2687 0.2985 0.2687 0.2687 0.3134 0.2090 0.2687

Egypt 0.0250 0.2750 0.2250 0.2500 0.3000 0.2250 0.2000 0.2000 0.2000

Moldova 0.1606 0.1124 0.1606 0.1606 0.0482 0.2570 0.2731 0.1606 0.3052

Morocco 0.0408 0.4592 0.3673 0.4898 0.1224 0.0816 0.0816 0.1224 0.0816

Peru 0.1655 0.1655 0.2483 0.2483 0.4414 0.0552 0.6897 0.3862 0.7448

Philippines 0.2273 0.1364 0.2386 0.1818 0.3864 0.0455 0.5682 0.2045 0.7045

Romania 0.2653 0.0612 0.1429 0.1633 0.2041 0.0612 0.2857 0.1837 0.2449

Ukrania 0.1857 0.0857 0.1286 0.1143 0.2714 0.0286 0.3857 0.4429 0.1714
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The network between these ten communities, disregarding the spatial

domain is as shown in Figure 5.6.

Figure 5.6: 10 minority prefered neighborhood from Turin.

5.7 Discussion

Segregation, is quite a challenging issue for urban scientists, municipalities

and governments. Using static and mostly outdated census data has been

the only tool to convey the analysis. Today, with the presence of different

data sources, it is quite exciting to observe in high precision and almost

real time, how different nations interact and use the urban space.

In the current work, we have explored, by using mobile phone data, how

different ethnic and cultural communities live daily the urban space. We

found out that high presence in census data does not necessarily imply a
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wide presence in the city. Some cultural effects seem also to shape how dif-

ferent ethnic communities live the urban space of a city, e.g., Bangladeshis

and Chinese tend to stay in clustered communities in the city we analyzed.

However, there are quite limitations, and assumptions that we can say

that using mobile phone data is quite a well proxy, for quantifying segre-

gation problem.

As we mention in detail in Section 6.2, working with CDR has some

challenges within itself. For this work we use Telecom Italia Mobile (TIM)

Phone Dataset (see Appendix A.1.2). TIM has with 32.4% market share

in Italy, it is fairly well representative to understand the call behavior. The

incoming calls origin countries are assumed to be same as the destination

of call receiver. For call and SMS, there is no discriminative properties to

differentiate tourists from immigrants. While, for Internet usage data, it

comes from roaming, if the country code is different from local.

The preference of one telecom operator is not uniform among the differ-

ent ethnic groups. Such as in Turin, the immigrants represents the 15.4% of

the citizenships (ISTAT 2015), in which the majority (39.5%) are from Ro-

mania. Their presence in the call dataset is proportional to their presence

in the census data, this may be because they prefer using TIM as mobile

phone operators, and use to communicate with their roots. In March 2013

TIM made a campaign to attract minorities, however this does not explain

the rest of the other nationalities with negative correlation between cen-

sus presence and number of calls. On the contrary, France, Poland, Swiss,

Germany, Russia, Spain, UK show high presence in CDR dataset even with

low presence in census. The possible explanations for that, there are more

people living unregistered in Turin, or they can be tourists.

When we rank the dissimilarity for six cities, for call, SMS and internet

usage, we can notice the most foreign attracted cities are Rome and Milan

as shown in Figure 5.7. One can argue that Palermo and Napels are also
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famous as tourist attraction, however the time period corresponds to March

and April, while the high season for south cities is summer.

Figure 5.7: Dissimilarity of CDR data from six cities of Italy. Y axis from bottom to

high, shows Integrated to Segregated. On X axis from the left part is Call data, in the

middle SMS, and on the right Internet usage data are shown.

It is found out from survey based study in north Italy, that migrants

who live in less segregated places are more likely to find a job [25]. In

the same study, they found Bologna and Milan are the most homogeneous

distributions among the immigrants. Our work based on census, gives the

similar results as Milan is one of the integrated city, however the dynamic

CDR data results do not reveal the same. Interestingly, Napels is the one
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of the most segregated city among the six cities we analyzed, however Bari,

which is again in southern Italy but with less population, seems to be very

integrated from CDR data.

We believe that the inclusion of immigrants to city life brings harmony

and well-being to the society. There is also some scholars also work on the

controversy, stating that the ethnic heterogeneity damages the harmony of

the society [193]. Interestingly the results they have do not strongly prove

their hypothesis.

The data we have, prevent us working on association between ethnic

heterogeneity and socio-economic well-being, because of two reasons. One,

the total number of cities, would provide us only six data point, which is not

enough to say something significant. Second, the causality problem, more

ethnic heterogeneity brings wealth or wealth of a region attracts different

ethnicity, therefore, we avoid this association.

5.8 Conclusion

In that chapter we analyze ethnic groups’ behaviour to utilize the urban

space. To assess that we compare static segregation, from census data, and

dynamic mobility among the city through CDR data.

In our first research question, we compare census and CDR segregation

metrics, and see that they are quite different from each other. Which is in

parallel with the study from Estonia [106]. In our second research question,

for the segregation in bigger cities, we could not find a quite significant trace

in either ways. Our last research questions about neighborhood preference,

can partially performed, and leave the rest of that work as future work.

But in the meantime, we conduct the analyze for Turin, to see how the

different nationalities how leverage the city. We face similar clues about

geographic closeness is an important factor for neighborhood preference,
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as we found in our previous work [95].
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Chapter 6

Conclusion, contributions and

insight for the future

...no matter how many instances of white swans we may have observed,

this does not justify the conclusion that all swans are white.

Sir Karl Raimund Popper

A data scientist may articulate the statement of Sir Karl Popper that

swans are white, about the existence of black swans, one may argue that

they are noises. We are not going to discuss about the swans, but the

importance of data.

In the early ages, scientists have used first their intuition then their

observations to understand the nature. The data they collect for tracing

some evidence, was burdensome. Today we have piles of data, even more

than we can process and be able to conclude meaningful outcomes as it

arises.

Basically what we are doing in the piles of data, is trying to find the

Laplace’s demon. He stated that “An intellect which at a certain moment

would know all forces that set nature in motion, and all positions of all
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items of which nature is composed, if this intellect were also vast enough

to submit these data to analysis, it would embrace in a single formula the

movements of the greatest bodies of the universe and those of the tiniest

atom; for such an intellect nothing would be uncertain and the future just

like the past would be present before its eyes” [121]. In the era of Big Data,

we try to find the answers to our modern urban life problems, through

the lens of mobile phone usage data. In the future, further policies, and

privacy constraints may be overcome to allow these studies applicable for

the well-being of social life.

6.1 Summary of the contributions

In this thesis, we investigate the usage of mobile phone data to solve sev-

eral challenges in urban life. First, focus on detecting and characterizing

emergency and non-emergency events. Specifically, we adopt the Markov

modulated Poisson process framework [51, 104] (MMPP) for the spatio-

temporal detection of hourly and daily behavioral anomalies in call vol-

ume, and we discuss the relationship between these anomalies and the ac-

tual emergency and non-emergency events that might have caused them.

Compared to previous studies [108, 13, 17, 81, 203, 131, 77], we do not

start with the location and the time of an already known event, but we use

an unsupervised approach that spatio-temporally identifies unusual calling

behavior. Moreover, our approach detects not only daily anomalies, but

also hourly anomalies. Hence, we are able to capture behavioral responses

occurring within hours of an event.

To validate our approach, we use mobile phone records from Côte d’Ivoire

in Africa. The data, collected from December 1, 2011 to April 28, 2012

during the post-election crisis, were released for Orange’s “Data for De-

velopment Challenge” (D4D) [3, 23] and contain calls between 5 million
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customers.

Our results show that we can successfully capture anomalous calling pat-

terns associated with violent events, riots, as well as social non-emergency

events such as holidays, sports events on an hourly and daily basis. More-

over, we illustrate that call volume changes also show significant temporal

and spatial differences depending on the type of an event. Unlike previous

work on classification of social events [224], we find that the coverage of

the spatial impact is more significant than the duration.

Second, we advocate a two-faceted perspective on social capital; the

value generated through social interactions originating from both closed

bonding structures, rich in third-party relationships, and open bridging

structures, rich in brokerage opportunities. We analyzed this well de-

bated topic, in a data driven approach from two networks (communication

and mobility) constructed through CDRs. The network metrics for rep-

resenting the bridging/bonding characteristics have been associated with

the several socio-economic indicators: economic well-being, security, civic

engagement and public health. For economic well-being, in a develop-

ing country, the prospectus regions tend to communicate and interact in

a bonding structure, beside the poorer regions behave more diverse and

present more bridging activities in their communications. This finding is

contradicting with several studies [64, 37], however there are some evidence

from similar studies both from a developing country [128] and developed

country [102] supporting our results. For safety our results shows that het-

erogeneity brings safer neighborhoods. Again heterogeneity and bridging

structure is more driving force in the democratic participation and civic

engagement. We could not find a significant relation between public health

and communication and mobility patterns.

Third, we investigate the segregation in the urban metropolitan spaces,

evidences from Italian cities. Apart from the common approach using
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census to understand segregation, we investigate the existence of dynamic,

daily life segregation. After we compare different cities with each other,

and showing the how it differs from census, we move in more detail. The

neighborhood preference of different nationalities among the city is showing

some similarities or not.

Although our aim is not to offer an explanation of the underlying causal

factors, there may be some differences in social behavior for both develop-

ing and developed countries. Our study findings have highlighted several

questions that could be investigated in future research, such as we need

more data from several cities to make a more strong conclusions.

In summary, the main contributions of this thesis are:

• We construct a detailed database of emergency and non-emergency

events in the Côte d’Ivoire using multiple sources of data and merge

them with the geographical locations of the cell towers. This database

is used as ground truth in our analysis;

• We adopt a Markov modulated Poisson process (MMPP) to spatio-

temporally detect hourly and daily behavioral anomalies in call vol-

ume;

• We highlight and discuss the different spatial and temporal signatures

of the discovered events;

• We shed light on the intrinsic value of social ties on socio-economic

well-being of the society;

• We show that there is not one universal network structure which repre-

sents the value of social capital, thus it may be different for developing

and developed countries;

• We show that census based segregation, and CDR based are not rep-

resentative;
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• We found some clues that some ethnic groups prefer same neighbor-

hoods, especially if their country of origin is geographically close to

each other.

6.2 Limitations of working with CDR data

Mobile phone usage data, or CDR is very powerful for urban analysis.

However the limitations coming from the nature of the data source should

be considered. According to Pestre et al. there are three points to tackle

with during the CDR analysis [160]. Which are

Selection bias: The mobile phone operator, may not represent the under-

lying population. Such as some operators may more likely to be prefered

by rich than poor or vice versa.

Compositional changes: The characteristic of the people may change over

time, i.e. change the operator, or stop using phone.

Behavioral changes: Change in behavior for some reason, i.e. not using

phone at the weekend etc.

In addition to these three main source of biases, we should add the

fourth, the socio-economic/geographic biases. Especially in developing

countries, the person who can not afford to buy a phone, can use other

mobile phones, with charge. More general statement is, mobile phones are

not a personal equipment, as in developed countries. Another bias, could

be the one can have more than one mobile phone card, to use according to

the promoted tariffs. The more prefered mobile phone subscriptions is pre-

paid (top-up) cards, rather than long term fixed subscriptions. Therefore,
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it is quite important to know the dynamics of the country, while analyzing

CDR.

Another thing that Pestre et al. do not mention is, aggregation to avoid

privacy issues. Mobile phone data is precious, to exploit sensible individual

data [151], it is quite accepted to understand home and office location of

a person through CDR data, even the precise trajectory can vary [169].

In order to avoid these issues, telecom operators share CDR data with

researchers, aggregated through some predefined spatial areas. The geo-

graphic information, underlying this aggregation should be considered, for

population distribution, or socio-economic well-being, most probably it is

not uniform.

6.3 Future work and possible applications

There are several ways to enrich our works. Such as in Chapter 3 for anoma-

lous event detection can be investigated with the data from a developed

country to obtain a more general and strong. As mentioned in the original

text it can be enriched with different source of data, such as social media,

from Twitter and Facebook posts for more accurate online emergency alert

system for public safety. It is crucial in the era of misinformation, to check

different sources to have accurate interpretations.

The social capital related work mentioned in Chapter 4, can be extended

with data both from developed and developing countries. It is quite nec-

essary as, our findings are contradicting with the common intuition and

some of the prior works. It is important for the policy makers to build up

better societies to motivate interactions in a better way.

The urban segregation in Chapter 5, section on neighborhood prefer-

ences is a preliminary work, based on Turin. In that on going work, we

will include the other five cities, how they are similar or different in uti-
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lization of the city by migrants. This patterns may reveal some clues such

as gentrification. In current work we use LISA to assess spatial autocorre-

lation, however local Getis-Ord (Gi) [219] and local Geary [80] can be used

to compare the performance of different methods.
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Appendix A

Data and Materials

In this section, we introduce the datasets that have been used to evaluate

our proposed methodology: (i) a mobile phone records dataset, obtained

by Orange for the “D4D Challenge,”1 and (ii) an event records dataset

obtained from a variety of public sources (e.g., Armed Conflict Location

and Event Data Project, United Nations Council and International Crisis

Group reports, local and international news).

A.1 Call Details Records

Mobile telecommunication operators collect Call Detail Records (CDRs)

for billing purposes. These records generally consist of a number of fields,

including the encrypted originating and destination numbers, the times-

tamp of the call, the duration of the call and the location of the cell towers

that the originating number was connected to (the cell tower ID of the

destination number could be available if it belongs to the same operator).

Typically, there are CDRs for voice events, SMS events, and data traf-

fic events. Even though the data is typically encrypted and all personal

information is removed, CDRs are not easily accessible due to regulatory

and legal constraints. The datasets we are analyzing in this paper were

1http://www.d4d.orange.com/en/Accueil
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provided as part of two different data challenges: Data for development

(D4D) 2013 data challenge organized by Orange Telecom and MIT Media

Lab2 and Telecom Italia Big Data Challenge.

A.1.1 Data for Development Dataset, Côte d’Ivoire

The Orange dataset contains anonymized and aggregated calls between 5

million customers from December 1, 2011 to April 28, 2012 (referred to as

Set 1 in the D4D Challenge). Specifically, the dataset contains the total

volume (number of calls and SMSs) and duration of calls between each pair

of cell towers over the entire period. The total number of cell towers is 1238;

however, in the pre-processing phase, we have eliminated the cell towers,

which are not present during the whole period, ending up with 970 cell

towers to analyze. The exact locations of the towers are not provided by

Orange Telecom, due to the company’s operational confidentiality. Finally,

it is worth noticing that the data consist of the total traffic between cell

towers, and hence no individual data are ever accessed.

Table A.1: Summary statistics of the Côte d’Ivoire dataset and the country.

Total Area of the Country (Hectares) 32,246,300

Population of the Country around 20 million

Number of Subscribers 5 million

Type of the Data Cell tower to cell tower

Total Number of Calls 190,638,909

Time Period 7 weeks / 20 weeks

Mobile phone penetration is high enough (95%) [1] in Côte d’Ivoire to

make such a dataset sufficiently representative of the population. More-

over, the network operator holds a dominant position in Côte d’Ivoire (48%

of the market share). Table A.1 provides summary statistics for the country

and the dataset.
2http://www.d4d.orange.com/en/Accueil
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Table A.2: Data summary of D4D subsets.

Subset1 Subset2 Subset3 Subset4

Num.User - 50,000 500,000 5,000

Duration 5 Months 5 Months 5 Months 5 Months

Type AntAnt.Call UserAntenna UserSubpref. User-User

Specifically, the call data consist of (i) date, (ii) hour, (iii) initiating

cell tower, (iv) destination cell tower, (v) aggregated number of calls, and

(vi) aggregated duration of calls. The CDR data with an unassigned cell

tower are deleted. From December 14, 2011 to January 19, 2012, half of

the country had a shortage of energy, confirmed by the Orange Telecom

authorities. The data collected during this period are deleted. Addition-

ally, we have missing data from 22nd of January to 30th of January. To

preserve the weekly periodicity without being affected by data collection

issues, we analyze the data from December 5 to December 11, and from

January 30 to March 11 (49 days in total).

To provide some geographical context, Figure A.1 shows the rough lo-

cations of cell towers in relation to the regional boundaries of Côte d’Ivoire

(255 subprefectures). It shows the dense concentration of cell towers in

and around the largest cities of each region. Abidjan, the economic capi-

tal of Côte d’Ivoire, has a significantly higher concentration of cell towers

compared to the rest of the country.

In this section, we describe the datasets that have been used to eval-

uate our proposed methodology and that were part of D4D Côte d’Ivoire

Challenge3.

The dataset contains anonymized and aggregated calls between 5 million

customers from December 1, 2011 to April 28, 2012 (referred to as Set 1

3http://www.d4d.orange.com/en/Accueil
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Figure A.1: Cell tower locations within subprefectures in Côte d’Ivoire.

in the D4D Challenge). Specifically, the dataset contains the total volume

(number of calls and SMSs) and the duration of calls between each pair

of cell towers over the entire period. The total number of cell towers is

1238. The exact locations of the towers are not provided by Orange, due

to the company’s operational confidentiality. However, they provide an

approximate latitude and longitude location of each cell tower (obtained

by adding noise to the actual location). The data consists of the hourly

aggregated total traffic volume between cell towers, and hence no individual

data are accessed.

Mobile phone penetration is high enough (95%) [1] in Côte d’Ivoire to

make such a dataset sufficiently representative of the population. More-
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over, the network operator holds a dominant position with 48% of the

market share. The details of the data corpus of D4D are provided in Ta-

ble A.2. While the D4D Challenge have shared 4 subsets of data, we focus

our analysis on two of them, namely:

(1) Subset-1, which contains hourly aggregated data about the commu-

nication between cell towers with the following fields, (i) date, (ii) hour, (iii)

initiating cell tower id, (iv) receiver cell tower id, (v) aggregated number

of calls, and (vi) aggregated duration of calls;

(2) Subset-2, which contains information per customer, with the fields,

(i) anonymized user id (ii) date (iii) hour (iv) initiating cell tower id.

We use Subset-1 to construct the communication network and Subset-

2 to build the mobility network. We build both networks both at a city

(Abidjan) and at a regional (sub-prefectures) level. The data to evaluate

the model is richer at the city (Abidjan) level than at the sub-prefecture

level. Hence, we mainly focus our analyses on Abidjan.

A.1.2 Telecom Italia Big Data Challenge

Specifically, the data used were provided by Telecom Italia Mobile (TIM),

which is the largest mobile operator in Italy with 34% of the entire market

share, during the TIM Big Data Challenge 2015 4. The data are coming

from both TIM customers and roaming customers in the seven Italian

cities.

The data collection period covers two months, from March 1, 2015 to

April 31, 2015. The data collected cover seven Italian cities: Milan, Rome,

Turin, Naples, Venice, Bari, and Palermo.

In order to keep users’ privacy, the data are aggregated both spatially

and temporally. For example, each city is divided into grids of different

4http://www.telecomitalia.com/tit/en/innovazione/archivio/bigdatachallenge2015.html
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sizes, while temporal aggregation includes the call activities aggregated in

15-minutes time windows.

The schema of the data for Call is given as follows: Timestamp - Grid

ID - Number of Calls - Country Code - Duration of the calls.
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Emergency Event Lists from Côte

d’Ivoire

In Table B.1 and B.2 we list emergency and social non-emergency events,

gathered from a variety of public sources (e.g., Armed Conflict Location

and Event Data Project, United Nations Council and International Crisis

Group reports, local and international news). The cell towers IDs in the

event region are given for the analyzed data period.
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Figure B.1: List of emergency and social non emergency events. MMPP and baseline

results columns show the detected events with ’X’ and the undetected ones with ’-’.

Specifically, we use ’E’ for emergency events and ’S’ for social non emergency events. For

the emergency events not gathered from UN reports [6] we cite the source.
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Figure B.2: List of emergency and social non emergency events. MMPP and baseline

results columns show the detected events with ’X’ and the undetected ones with ’’. Specif-

ically, we use ’E’ for emergency events and ’S’ for social non emergency events. For the

emergency events not gathered from UN reports [6] we cite the source.
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Social Capital Auxiliary Files

Table C.1: Budgets of the 10 district (communes) of Abidjan in 1990, Source: Saint-Vil,

J., Tableau de bord communal, Abidjan, DCGTx, 1991.

Commune Budget, 1990 Revenue budget Capital budget

(CFA ’000) (CFA francs/person) (CFA francs/person)

1 Abobo 734,524 1,405 4,262

2 Adjame 1,475,381 7,387 1,607

3 Attecoube 230,415 1,148 260

4 Cocody 969,471 5,038 2,494

5 Koumassi 731,787 2,420 744

6 Marcory 1,495,000 8,147 2,085

7 Plateau 2,213,876 164,200 25,633

8 Port-Bouet 1,496,000 7,099 1,767

9 Treichville 2,163,537 16,026 3,635

10 Yopougon 711,844 1,298 602

C.1 Descriptive statistics
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Table C.2: Spatial distribution of settlements in Abidjan, left to right, poorer to better

residential areas, source DGCTx, 1996 [221].

Hectar/%in region

Primitive Slums Shared Unshared

Shelters Houses Houses

Abobo 29.130 909.430 23.480 48.520

2.88% 89.99% 2.32% 4.80%

Adjam 23.900 171.080 49.490 64.110

7.74% 55.44% 16.04% 20.78%

Attcoub 37.810 251.090 5.270 49.820

10.99% 73.01% 1.53% 14.49%

Cocody 72.830 94.430 143.780 846.930

6.29% 8.15% 12.42% 73.14%

Koumassi 79.890 130.420 12.520 100.900

24.68% 40.29% 3.87% 31.17%

Marcory 11.340 87.850 27.570 357.010

2.34% 18.16% 5.70% 73.80%

Plateau 0.000 1.850 16.370 39.780

0.00% 3.19% 28.22% 68.59%

Port-Bouet 385.310 28.140 20.700 153.580

65.56% 4.79% 3.52% 26.13%

Treichville 2.960 65.830 23.110 45.640

2.15% 47.87% 16.80% 33.19%

Yopougon 68.990 526.940 29.260 541.450

5.91% 45.17% 2.51% 46.41%
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Table C.3: Abidjan’s communes participation in the 2011 elections.

Commune # of Voters Participation(%)

1 Abobo 354,535 30.6

2 Adjame 102,423 35

3 Attecoube 82,234 30.4

4 Cocody 213,668 15.7

5 Koumassi 143,276 30.8

6 Marcory 83,748 20.6

7 Plateau 24,091 20.9

8 Port-Bouet 97,617 20.3

9 Treichville 46,986 36.8

10 Yopougon 450,717 19.5

Table C.4: People living with HIV(PLHIV) from PEPFAR[200] and confirmed malaria

cases in Abidjan’s communes from [210].

PLHIV Malaria

Abobo 23,506 71,437

Adjame 11,265

Attecoube 7,879 35,714

Cocody 9,419 55,500

Koumassi 9,900

Marcory 7,780

Plateau 226 12,375

Port-Bouet 9,583

Treichville 3,197 62,607

Yopougon 13,703
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Table C.5: Number of stolen cars in Abidjan city, From INS Annuaire des Statistiques

Dmographiques et Sociales, 2009-2010.

Districts 2009 2010 Total

Abobo 82 46 128

Adjam 81 42 123

Attcoub 0 0 0

Cocody 198 142 340

Koumassi 0 0 0

Marcory 171 81 252

Plateau 0 0 0

Port-Bout 97 43 140

Treichville 0 0 0

Yopougon 164 74 238
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Appendix C.1. DESCRIPTIVE STATISTICS

Table C.7: Descriptive statistics on degree centrality, based on the communication net-

work.

Degree Centrality

Mean STD Median Mode Min Max

1 Abobo 1200.2000 11.0774 1204 1205 1145 1205

2 Adjame 1195.5652 26.8867 1202 1202 1081 1202

3 Attecoube 1202.5385 3.7775 1203 1203 1194 1203

4 Cocody 1141.7889 206.9900 1198.5 1206 1 1206

5 Koumassi 1188.1176 24.6548 1199 1199 1109 1199

6 Marcory 1025.1034 262.4302 1109 1171 40 1171

7 Plateau 1001.5882 284.5240 1184 1196 200 1196

8 Port-Bouet 1067.7500 193.8588 1146 1146 376 1146

9 Treichville 1113.8500 131.0939 1145.5 1156 610 1156

10 Yopougon 1175.6974 147.7920 1206 1206 7 1206

Table C.8: Descriptive statistics on effective size, based on the communication network.

Effective Size

Mean STD Median Mode Min Max

1 Abobo 624.5552 39.4500 629.4597 472.3369 472.3369 680.0668

2 Adjame 609.0047 61.9073 621.2195 392.8463 392.8463 672.6013

3 Attecoube 619.9858 20.8695 618.6310 579.4393 579.4393 647.4868

4 Cocody 560.8717 119.0959 595.6323 19.4635 19.4635 660.9705

5 Koumassi 654.2057 14.3398 654.5719 631.0656 631.0656 677.1960

6 Marcory 573.9489 145.8651 626.9734 11.4110 11.4110 663.8848

7 Plateau 427.7789 205.7866 546.9742 26.6545 26.6545 646.7823

8 Port-Bouet 607.6660 111.2927 648.1647 185.6975 185.6975 681.6141

9 Treichville 612.7983 81.1506 641.0399 283.7057 283.7057 656.3072

10 Yopougon 599.4598 75.3283 621.9715 219.1734 219.1734 693.3558
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Table C.9: Descriptive statistics on efficiency, based on the communication network.

Efficiency

Mean STD Median Mode Min Max

1 Abobo 0.5206 0.0292 0.5241 0.4129 0.4129 0.5625

2 Adjame 0.5090 0.0435 0.5175 0.3637 0.3637 0.5568

3 Attecoube 0.5160 0.0164 0.5147 0.4857 0.4857 0.5387

4 Cocody 0.4761 0.0759 0.4977 0.1436 0.1436 0.5463

5 Koumassi 0.5513 0.0177 0.5503 0.5276 0.5276 0.5887

6 Marcory 0.5521 0.0572 0.5682 0.2853 0.2853 0.5916

7 Plateau 0.3937 0.1269 0.4622 0.1339 0.1339 0.5354

8 Port-Bouet 0.5685 0.0244 0.5732 0.4952 0.4952 0.5959

9 Treichville 0.5496 0.0335 0.5620 0.4659 0.4659 0.5875

10 Yopougon 0.5019 0.0498 0.5146 0.3011 0.3011 0.5725

Table C.10: Descriptive statistics on local clustering coefficient, based on the communi-

cation network.

Local Clustering Coeff.

Mean STD Median Mode Min Max

1 Abobo 0.9458 0.0042 0.9448 0.9400 0.9400 0.9638

2 Adjame 0.9460 0.0070 0.9445 0.9387 0.9387 0.9676

3 Attecoube 0.9451 0.0023 0.9451 0.9413 0.9413 0.9503

4 Cocody 0.9483 0.0114 0.9450 0.9381 0.9381 0.9980

5 Koumassi 0.9465 0.0038 0.9459 0.9413 0.9413 0.9566

6 Marcory 0.9582 0.0128 0.9546 0.9411 0.9411 0.9923

7 Plateau 0.9610 0.0200 0.9498 0.9399 0.9399 0.9965

8 Port-Bouet 0.9565 0.0112 0.9540 0.9413 0.9413 0.9867

9 Treichville 0.9538 0.0098 0.9530 0.9405 0.9405 0.9809

10 Yopougon 0.9457 0.0078 0.9437 0.9377 0.9377 0.9844
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Table C.11: Descriptive statistics on betweenness centrality, based on the communication

network.

Betweenness Centrality

Mean STD Median Mode Min Max

1 Abobo 1128.866 31.203 1133.893 987.517 987.517 1189.227

2 Adjame 1123.036 68.566 1134.741 851.771 851.771 1195.990

3 Attecoube 1147.459 68.040 1130.950 1104.335 1104.335 1370.012

4 Cocody 1054.691 227.319 1122.525 0.541 0.541 1175.043

5 Koumassi 1125.058 63.911 1139.323 911.252 911.252 1196.076

6 Marcory 841.657 333.818 959.499 0.074 0.074 1208.695

7 Plateau 789.809 427.570 1075.218 1.821 1.821 1160.059

8 Port-Bouet 896.124 305.849 1033.649 55.760 55.760 1181.863

9 Treichville 950.254 220.239 1001.399 189.344 189.344 1152.663

10 Yopougon 1143.794 188.827 1143.143 1174.250 286.681 2378.507

Table C.12: Descriptive statistics on degree centrality, based on the mobility network.

Degree Centrality

Mean STD Median Mode Min Max

1 Abobo 417.4889 77.5115 420 318 224 318

2 Adjame 533.1739 112.6534 497 471 271 471

3 Attecoube 466.3077 98.2356 455 340 340 340

4 Cocody 370.2584 96.8092 387 448 4 448

5 Koumassi 406.3529 79.4827 438 477 266 477

6 Marcory 285.6897 112.8827 274 371 5 371

7 Plateau 324.1765 170.7148 420 447 12 447

8 Port-Bouet 276 114.3112 265 36 36 36

9 Treichville 369.2500 111.0386 357 348 85 348

10 Yopougon 394.8800 106.6520 413 331 57 331
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Table C.13: Descriptive statistics on effective size, based on the mobility network.

Effective Size

Mean STD Median Mode Min Max

1 Abobo 369.0861 75.8249 375.5944 184.2824 184.2824 542.8057

2 Adjame 474.5761 115.4581 435.3778 210.9621 210.9621 722.4065

3 Attecoube 412.8434 95.8663 398.4168 290.8184 290.8184 622.3746

4 Cocody 319.6934 88.6299 336.8421 2.0098 2.0098 437.3385

5 Koumassi 366.3059 72.6580 394.8219 235.1907 235.1907 464.3018

6 Marcory 256.2028 102.3382 251.9341 3.3112 3.3112 425.9249

7 Plateau 276.8271 156.1693 361.1846 7.6797 7.6797 453.7765

8 Port-Bouet 253.2924 104.8842 243.6615 31.4159 31.4159 444.7033

9 Treichville 331.5060 101.2939 323.2903 66.6192 66.6192 502.7404

10 Yopougon 350.8463 102.1479 371.5441 38.0114 38.0114 552.2725

Table C.14: Descriptive statistics on efficiency, based on the mobility network.

Efficiency

Mean STD Median Mode Min Max

1 Abobo 0.88066 0.02174 0.88092 0.81613 0.81613 0.91690

2 Adjame 0.88360 0.03352 0.87763 0.77846 0.77846 0.93334

3 Attecoube 0.88201 0.01798 0.87884 0.85535 0.85535 0.92204

4 Cocody 0.84963 0.06088 0.86694 0.50245 0.50245 0.88889

5 Koumassi 0.90097 0.00890 0.90292 0.88418 0.88418 0.92004

6 Marcory 0.88453 0.05031 0.89827 0.66224 0.66224 0.92348

7 Plateau 0.81130 0.08416 0.86089 0.63997 0.63997 0.89276

8 Port-Bouet 0.91572 0.01453 0.91819 0.87266 0.87266 0.93362

9 Treichville 0.89355 0.03030 0.90023 0.78375 0.78375 0.92374

10 Yopougon 0.88051 0.03786 0.89164 0.66687 0.66687 0.92546
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Table C.15: Descriptive statistics on local clustering coefficient, based on the mobility

network.

Local clustering coeff.

Mean STD Median Mode Min Max

1 Abobo 0.66559 0.09156 0.66483 0.46873 0.46873 0.86787

2 Adjame 0.55492 0.12910 0.57877 0.32386 0.32386 0.89550

3 Attecoube 0.62562 0.10985 0.64987 0.39461 0.39461 0.76729

4 Cocody 0.75589 0.08795 0.74844 0.60690 0.60690 1.00000

5 Koumassi 0.69004 0.07901 0.65119 0.57454 0.57454 0.83479

6 Marcory 0.80526 0.08263 0.82275 0.62668 0.62668 1.00000

7 Plateau 0.77635 0.13031 0.72754 0.58432 0.58432 0.95072

8 Port-Bouet 0.77236 0.08219 0.80957 0.57527 0.57527 0.85397

9 Treichville 0.73730 0.09869 0.76769 0.52780 0.52780 0.86499

10 Yopougon 0.68755 0.10680 0.67569 0.45786 0.45786 0.96742

Table C.16: Descriptive statistics on betweenness centrality, based on the mobility net-

work.

Betweenness Centrality

Mean STD Median Mode Min Max

1 Abobo 2642.070 2259.401 1876.346 283.580 283.580 10144.262

2 Adjame 7693.997 8454.466 3099.174 49.721 49.721 35592.771

3 Attecoube 4076.686 5433.026 2104.138 965.325 965.325 21049.299

4 Cocody 904.282 795.863 737.297 0.000 0.000 3795.2082

5 Koumassi 1431.543 1029.157 1435.936 78.938 78.938 3303.143

6 Marcory 497.009 819.316 203.666 0.000 0.000 3254.942

7 Plateau 845.653 962.073 583.866 0.016 0.016 3913.121

8 Port-Bouet 861.108 1212.989 243.059 0.879 0.879 4312.045

9 Treichville 1067.158 1365.724 406.400 4.147 4.147 4875.294

10 Yopougon 2021.051 2263.924 1322.205 0.394 0.394 11101.363
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Table C.17: Network Density for communication and mobility networks.

Network Density

Communication Mobility

Network Network

1 Abobo 2.96E-05 0.000484243

2 Adjame 7.74E-06 0.000124894

3 Attecoube 2.47E-06 3.86E-05

4 Cocody 0.000113705 0.001746538

5 Koumassi 4.23E-06 6.73E-05

6 Marcory 1.17E-05 0.000176336

7 Plateau 1.61E-05 0.000203787

8 Port Bouet 8.42E-06 0.000119206

9 Treichville 5.85E-06 8.98E-05

10 Yopougon 8.22E-05 0.001271446
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