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ABSTRACT

Recent years have seen a huge increase in the amount of data collected from

multiple sources: mobile phones are ubiquitous, social networks are widely

used, cities are more and more connected and the mobility of people and goods

has risen to a global scale. ¿e Big Data Era has opened the doors to new kinds

of studies that were unthinkable with previous qualitative methods: human be-

havior can now be analyzed with a �ne-grained resolution, patterns of mobility

and behavior can be extracted from the incredible amount of data collected

every day. Modern large cities are becoming more and more interconnected

and this phenomenon leads to an increasing communication and activities’

synchronization. Due to the amount of data available or for anonymization rea-

sons, it is o en necessary to aggregate data spatially and temporally. A natural

representation of clustered mobility data is the temporal network representa-

tion. In this thesis we focus on these two aspects of spatial distance in human

mobility: (i) we study the synchronization of 76 Italian cities, using mobile

phone data, showing that both distance between cities and city size determine

the synchronization in communication rhythms. Moreover, we show that the

e�ect of the distance in synchronization decreases when the size of the city

increases; (ii) we investigate how clustering continuous spatio-temporal data af-

fects spatio-temporal network measures for real-life and synthetic datasets and

analyze how spatio-temporal networks’ measures vary at di�erent aggregation

levels.
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1
INTRODUCT ION

1.1 context

¿e core aim of the social sciences has always been to unveil and explore the

complex pattern of people’s behavior [1]. Social scientists have used all the

tools in their possession to investigate a range of human actions ranging from

�nancial activities to buying preferences [2] and social mobility [3], in order to

uncover newknowledge on these issues. Technological advancements have been

deeply integrated into the life of the individual as well as the society as a whole:

as technological progress goes by, human life is shaped by modern technologies

that not only in�uence people’s behaviors [4], but also allows for innovative

approaches to study human mobility [5], psychological aspects of human life,

such as stress levels [6], personality traits [7] and mental health [8]. ¿rough

collecting data frommobile phones [9, 10, 11, 8], social media [12, 13] and credit

cards [14, 15], innovative research is made possible, giving birth to what is called

computational social science [16, 14]. ¿e Big data era has allowed for studies

that would have been inconceivable with qualitative approaches, expanding

greatly in sample size and span of time that can be observed. Unobtrusive data

collection leads to reducing the possibility of tampering with the habits of study

subjects [17, 18] that, knowing they are being observed, might change their

behavior [19].

In our work, we analyze how spatial distance in�uences the relationship

between cities and, in a temporal network framework, how spatial clustering

a�ects temporal network’s metrics for continuous spatio-temporal data.

One of the possible subjects of study, thanks to the global availability of data,

are cities, and in particular global cities. Modern large cities are becoming more

interconnected [20] leading to an increase in communication and activities’

synchronization [21, 22, 23, 10, 24]. Urban sociology literature [25, 26] has inves-

tigated the synchronization due to globalization, where large companies tend

to spread their headquarters in di�erent cities and countries. ¿is literature [25,

1



2 introduction

26] has also introduced the concept of gateway cities, namely central nodes for

all the communication and economical activities, and for the �ow of people

to and from the region where the city is located. To explore synchronization

and mobility, Call Detail Records (CDR) are o en used [22, 10]; mobile net-

work operators collect these for billing purposes. CDRs contain information

about user’s calls, locations, and communications. We will see that both spatial

distance and city size play a key role in determining cities’ synchronization.

Another natural approach to spatial data, and in particular mobility data, is

graph theory. Each stop point or check-in location can be represented as a node

in a graph and the movement between two locations can be represented as a

directed edge. If we do not consider the temporal component of the mobility

and pick only the links between nodes, no matter the time when they have

been activated, we have what is called static graph. Static graphs have been

successfully used to explore human mobility (e.g. in [5, 27, 28]). To take into

account the temporal aspect of mobility, we can employ what is called spatio-

temporal graphs or spatio-temporal network [29]. A spatio-temporal network is

an ordered collection of graphs. Each graph of the network contains the same

set of nodes and captures the dynamics of the underlying system during a time

frame t. At each time frame t, the graph contains the edges that were active in

the corresponding time interval.

It has been shown that temporal graphs capture di�erent aspects of mobility

[30]. Spatio-temporal networks have been successfully employed as an example

to optimize the immunization process of a population [31], to enhance routing

algorithms [32] and to explore howdi�erent brain regions interact [33]. Classical

static graph metrics, such as betweenness or characteristic path length can

be adapted to the temporal-network case [34], capturing also the temporal

relationship between each node and event of a network. Recent regulations,

such as theGeneral Data Protection Regulation (GDPR) [35], focused on amore

careful di�usion of individuals’ data, stressing the importance of data ownership

and share. A standard approach to anonymization of individual CDR and

mobility data is to aggregate the individual data at a coarser spatial and temporal

resolution. Although it has been shown that anonymization techniques based

on coarser data aggregation are o en insu�cient [36, 15], these techniques are

still widely used, hence the need of a study on how these aggregations in�uence

the spatio-temporal networks’ metrics. For both privacy and computational
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reasons, mobility traces such as gps traces are o en aggregated spatially and

temporally. In our work, we consider di�erent continuous mobility traces and

discretize themboth temporally and spatially.¿e e�ect of temporal aggregation

has already been explored in [37, 38, 39]. ¿e novelty of our study is dual: to our

knowledge, this is the �rst work on the e�ects of spatial aggregations on spatio-

temporal networks’ metrics; furthermore, we explore synthetic models that

reproduce the behavior of temporal network’s measures for real-life datasets or

characterize di�erent types of mobility (high mixing, low mixing, global-scale

distance, and city-scale distance) based on temporal network metrics.

1.2 research directions

Given the availability of CDR data and large scale spatio-temporal datasets, we

took advantage of the information collected to investigate the spatial aspects

on human behavior. In this thesis we focus on two main topics:

i. Understanding and analyzing global cities’ synchronization using CDRs.

ii. Studying how spatio-temporal networks’ metrics behave when clustering

continuous GPS data at di�erent resolutions, exploring two di�erent syn-

thetic mobility models (randomwaypoint and s-EPR) and characterizing

the mobility based on temporal network measures.

In our �rst work, we explore the communication synchronization between 76

Italian cities of di�erent sizes by using mobile phone data. Our results show that

both the spatial distance and the size of the city in�uence the synchronization:

larger cities are more similar to larger cities in communication rhythms than

medium cities are to medium cities, and medium cities are more similar to

medium cities than smaller cities are to smaller cities. Furthermore, for all the

cities’ sizes we observe a dri in similarity due to spatial distance. Interestingly,

the dri due to distance over similarity is less strong in large cities, that act as

gateway nodes for the Italian economical system, hence having an emerging

strongly connected and synchronized network, than for medium and small

cities, that are more bound to local industries. Finally, our results also show

that highly synchronized cities have greater trends of immigration and increase

in wealth.
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In our second work, we focus on temporal networks generated from geo-

spatial data. In particular, we study how spatial clustering a�ects the topological

features of location-based dynamic networks. We show how a coarse-graining

process based on geographical distance redesigns the network structure by

changing both the nodes and the edges among them. We found that di�erent

type of mobility–high mixing mobility, where a trajectory rarely returns to the

same point and lowmixingmobility, where a set of preferential locations such as

home or work place are visited more o en–have di�erent behavior with respect

to the metrics considered. ¿is study is intended to be a guide to mobility

modeling and clustering calibration in a dynamic network environment.

1.3 dissertation outline

¿is thesis is organized as follows:

In Chapter 2 we present our �rst study about cities’ synchronization. In sec-

tion 2.3 we describe the mobile phone data and the socio-economic indicators

(section 2.3.1), we introduce the Dynamic TimeWarping distance algorithm

(section 2.3.2) that we use for computing the synchronization among the com-

munication activity timeseries of our cities, and �nallywe describe the bootstrap

resampling procedure used (section 2.3.3). In section 2.4 we present our results

on communication synchronization and on the in�uence played by the city size

and the spatial distances as well as the associations between the synchronization

of calling patterns of a city and the city’s socio-economic indicators. Moreover,

in section 2.5 we discuss the obtained results with regard to urban sociology

literature. In Chapter 3 we present our preliminary results on spatio-temporal

netwoks. In section 3.3 we introduce the methodology and data used for this

study. In particular, we give an introduction on temporal networks (section

3.3.2) and we present the spatio-temporal metrics we considered (section 3.3.3);

we then introduce the datasets we used (section 3.3.1), we describe the sampling

procedure we implemented for real-life datasets in section 3.3.4 and describe the

synthetic models we used in section 3.3.5. We present our results on temporal

networks in section 3.4 and discuss them.

Finally, in Chapter 4, we present a summary of the main results of this

dissertation, initially discussing the practical and theoretical implications of

our work, and then pointing out some limitations.



2
C IT I E S OF A FEATHER FLOCK TOGETHER : A STUDY ON

THE SYNCHRON IZAT ION OF COMMUNICAT ION

BETWEEN ITAL IAN C IT I E S

2.1 background

Synchronization is a spontaneous process that emerges in many domains in

nature [40], from neurons [41], trees [42], animals [43], and up to human beings

[24, 21, 23].

Contemporary large cities are becoming more and more interconnected [20]

and this phenomenon leads to an increase in communication and activities’

synchronization, as observed in Morales et al. [22]. Recent urban sociology

literature [25, 26] has investigated the synchronization due to globalization,

where large companies tend to spread their headquarters in di�erent cities and

countries. ¿is literature [25, 26] has also introduced the concept of gateway

cities, namely central nodes for all the communication and economical activi-

ties, and for the people �ows from and to the region where the city is located.

Recently, studies on cities’ and human activity synchronization based on CDR

have shown that, within communities, social capital measures (referendum

turnout, blood donations and association density) correlate with high commu-

nity synchronization[23]. In [22], it has been shown using geolocated Twitter

data that there exist a global synchronization of large cities across the world,

leading to an interdependence of behavior that can be observed in synchroniza-

tion of communication; furthermore, synchronization between global cities

has been explored by the means of mobile phone usage patterns in [44]: in

the study, Grauwin et al. show that three global cities (New York, London and

Hong Kong) share common mobile phone usage patterns in business areas. In

our work, we explore the communication synchronization between 76 Italian

cities of di�erent sizes by using mobile phone data (i.e., Call Detail Records)

and investigate if and which Italian cities act as gateway cites. We also explored

how the synchronization between couples of cities changes depending on the

5



6 cities of a feather flock together

size of the city and the spatial distance between them. We found that both

spatial distance and city size in�uence the synchronization: larger cities are

more similar to larger cities in communication rhythms than medium cities

to medium cities, and medium cities are more similar to medium cities than

smaller cities to smaller cities. Moreover, for all the cities’ sizes we observed a

dri in similarity due to spatial distance. In addition, we have also investigated

if cities with a higher average synchronization tend to be richer and to attract

more people from other places. Our results show that highly synchronized

cities have a higher percentage of foreign-born population and higher levels of

average yearly income per tax payer.

2.2 contribution

In our work, we preset a novel study exploring the communication synchro-

nization between 76 Italian cities of di�erent sizes by using mobile phone data:

building upon the results of the previous studies, we further explore cities’

synchronization, focusing on Italy, by considering not only global cities as

previous studies, but also medium and small cities, and by exploring the e�ects

of distance and city size on cities’ synchronization. Our results show that both

the spatial distance and the size of the city in�uence the synchronization: larger

cities are more similar to larger cities in communication rhythms than medium

cities are to medium cities, and medium cities are more similar to medium

cities than smaller cities are to smaller cities. Furthermore, for all the cities’ sizes

we observe a dri in similarity due to spatial distance. Interestingly, the dri 

due to distance over similarity is less strong in large cities, that act as gateway

nodes for the Italian economical system, hence having an emerging strongly

connected and synchronized network, than for medium and small cities, that

are more bounded to local industries. Finally, our results also show that highly

synchronized cities are more attractive for foreign-born population and are

richer.
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abbreviations

CDR: Call Detail Records; CRM: Customer Relations Management; DTW:

Dynamic TimeWarping; LAU: Local Administrative Unit; OECDOrganization

for Economic Co-operation and Development; WLS: Weighted Least-Square

Regression.

2.3 methodology

2.3.1 Data Description

Our dataset consists of 24 consecutive days (18 weekdays and 6 weekend days)

of Call Detail Records (CDRs) data, inclusive of 11.4B outgoing mobile calls of

TIM, one of the major Italian telecommunication companies (30.8% of market

share in Italy1).

CDRs are collected for billing purposes by mobile network operators: more

speci�cally, a CDR record of the user is created every time a phone interacts

with the network, recording (i) the type of the event (incoming/outgoing call,

transmission of a text message, consumption of a certain amount of data tra�c),

(ii) the pseudonym of the users involved (the one producing tra�c and, even-

tually, e.g., in case of voice tra�c, the other party involved), (iii) the timestamp

of the event, and (iv) the cell network’s antenna accessed for the event (i.e., to

which the caller’s phone was connected), that, to a wider extent, represents the

location of the user [45, 46].

¿e CDRs of our dataset are limited to voice tra�c and have been provided

by TIM a er some pre-processing steps. First of all, CDRs have been enriched

with demographic data from the Customer Relations Management, in order

to be able to represent users in terms of gender and age range. CDRs have

then been �ltered at the 99th percentile based on the number of daily calls per

user, in order to remove edge cases that are not representative of the general

population (e.g., call centers). In particular, if the number of calls for a user

during a day exceeds the threshold, all the CDRs associated with that user for

that day are removed from the dataset. Finally, data have been aggregated by

1 https://www.statista.com/statistics/710559/mobile-network-provider-market-share-italy/

https://www.statista.com/statistics/710559/mobile-network-provider-market-share-italy/


8 cities of a feather flock together

city, hour, gender and age-range, getting rid of the identities (even if already

pseudoanonimized) of users. ¿us, for each city and hour, the dataset contains:

(i) the number of outgoing calls divided by gender, (ii) the number of outgoing

calls divided by age range, and (iii) the total number of outgoing calls.

Regarding the identi�cation of our cities, we have adopted the 2012 de�ni-

tion developed jointly by the European Commission and the Organization

for Economic Co-operation and Development (OECD) [47]: a city is a local

administrative unit (LAU) where the majority of the population lives in an

urban centre of at least 50 000 inhabitants. ¿e de�nition provides also a divi-

sion of European cities into 6 size classes: S, M, L, XL, XXL and Global City.

We have considered 76 Italian cities that fall into the OECD de�nition and

grouped them in Small (S),Medium (M), Large (L, XL, XXL). According to

OECD de�nition no city in Italy can be categorized as Global City, since no

Italian city has more than 5 million inhabitants.

Hence, if we de�ne cal l sh(c, d) as the number of calls for a city c, during a

day d and an hour h, the timeseries of the calls, or city’s activity pattern (A), is

a timeseries of the values Ah(c, d) where

Ah(c, d) =
cal l sh(c, d)
∑

h∈[0,23]
cal l sh(c, d)

It is worth highlighting that we are considering the percentage of calls over the

day for each hour and city. ¿us, we can compare di�erent cities independently

of the absolute number of outgoing calls.

Finally, we identify the following socio-economic indicators to investigate

the economic role (i.e., city’s wealth), the attractiveness for foreigners (e.g.,

immigrants), and the incoming and outgoing commuting patterns of the highly

synchronized Italian cities:

• Resident population: ¿e absolute number of the resident population

in a city2.

• Foreign population: ¿e absolute number of the foreign-born popula-

tion in a city2.

2 15º Censimento generale della popolazione e delle abitazioni, ISTAT, 2011,

https://www.istat.it/it/censimenti-permanenti/censimenti-precedenti/

popolazione-e-abitazioni/popolazione-2011

https://www.istat.it/it/censimenti-permanenti/censimenti-precedenti/popolazione-e-abitazioni/popolazione-2011
https://www.istat.it/it/censimenti-permanenti/censimenti-precedenti/popolazione-e-abitazioni/popolazione-2011
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• Population density: ¿e ratio between the resident population and the

city surface2.

• Foreign percentage: ¿e percentage of the foreign population over the

resident population for a city2.

• Average income: ¿e average yearly income per tax payer2.

• In-out commuters ratio: ¿e ratio between commuters moving to a city

X for work or study reasons and commuters moving from a city X for

work or study reasons3.

• Incoming commuter ratio: ¿e ratio between commuters moving to a

city X for work or study reasons and the resident population of that city3.

• Outgoing commuter ratio¿e ratio between commuters moving out

from a city X for work or study reasons and the resident population of

that city3.

2.3.2 Dynamic Time Warping

In order to compute the synchronization between the activity patterns of each

pair of our cities, we have used the Dynamic Time Warping (DTW) distance

algorithm [48]. DTW has been extensively adopted in speech recognition

[49], computer vision [50, 51], natural language processing [52, 53], and image

matching and handwritten recognition [54] as a measure of similarity between

timeseries. ¿e algorithm provides an estimate of the optimal match between

two timeseries, including possible compression, expansion or lags in sections of

the sequences. For example, DTW can capture similarities in walking activities,

even if an individual is walking faster than the other. ¿us, DTW can remove

the lag due to the circadian rhythms characterizing our timeseries [55, 56]. DTW

provides a more correct notion of similarity between cities’ activity patterns

than an approach based on sliding-window correlation due to the less strict

assumptions:it has been shown [57, 58] that the DTW has similar results to

other time series alignment methods such as windowed cross-correlation, but

3 15º Censimento generale della popolazione e delle abitazioni, Matrici del pendolarismo, ISTAT,

2011 https://www.istat.it/it/archivio/139381

https://www.istat.it/it/archivio/139381
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doesn’t require the velocity of the perturbation to be homogeneous nor the

time shi s to be constant or linearly increasing over a given analysis window.

More speci�cally, assuming two timeseries X = (x1,⋯, xM) andY = (y1,⋯, yN)

a DTW path P = (p1,⋯, pK) is a sequence of tuples of indices where pk =

(mk , nk) ∈ [1,⋯,M]× [1,⋯,N] is subject to the following constraints:

1. p1 = (1, 1) and pK = (M,N)

2. m1 ≤ m2 ≤ ⋯mK and n1 ≤ n2 ≤ ⋯nK

3. pk+1 − pk ∈ {(1, 0), (0, 1), (1, 1)} for k ∈ [1 ∶ K − 1]

Given a distance function d (e.g., Euclidean distance), the cost of a path cp is

de�ned as cp(X,Y) = ∑
K
k=1 d(xmk , ynk). ¿e DTW distance between X and Y

is hence de�ned as the cost of the wrapping path p⋆ having minimal total cost

among all the possible wrapping paths.

By considering the activity pattern timeseries associated with the activity

level of a city, we have obtained the DTW distance between the timeseries of

all the couples of cities for a given day. ¿erefore, the higher the DTW distance

between a couple of cities, the lower the synchronization of their activity pattern

timeseries. Moreover, we have computed the mean and variance of the DTW

distances, during weekdays and weekends, for each couple of cities. Mean and

variance are estimated by using the jackknife resampling procedure [59].

In order to investigate the association between the DTW distances and

the socio-economic indicators listed in section 2.3.1, for each city we have

considered the average of the means previously computed using the jacknife

resampling method.¿en, we have computed the variance-weighted average of

the DTW distances for each city by using the inverse-variance weighting proce-

dure [60]. ¿is method permits aggregation of two or more random variables

(i.e., DTW distances) to minimize the variance of the weighted average.

Finally, the variance-weighted average of the DTW distances for each city is

associated to each of the socio-economic indicators by means of Spearman’s bi-

variate correlations.¿e Spearman’s bivariate correlation measures the strength

and direction of the association between two variables. Speci�cally, the Spear-

man’s coe�cient is a number between -1 and +1, where -1means perfect negative

correlation, +1 indicates perfect positive correlation and 0 indicates no correla-

tion.
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2.3.3 Bootstrap Procedure

Since we didn’t have a way to asses the error on the dataset, we estimated the

parameters’ variance we used a bootstrap procedure. Bootstrap resampling

method is a widely used technique to infer properties of an estimator by sam-

pling the original data repeatedly. We have performed a group bootstrap by

extracting a city and adding to our bootstrap sample all the couples containing

the extracted city. ¿is procedure guarantees to preserve, at each bootstrap

iteration, all the correlations that a city has with other cities within the bootstrap

sample is preserved, since no couples that include the selected city are le out.

Our bootstrap procedure follows three steps:

(i) For each group of n cities of the same size (Large,Medium and Small)

extract n cities with replacement;

(ii) Create the dataset with couples of cities for the bootstrap iteration using

all the possible combinations of extracted cities (excluding the couples

with the same city);

(iii) Perform a Weighted Least-Square Regression (WLS) on DTW and cities’

distance using as weights the variances previously computed using the

jackknife sampling method.

As an example, in one bootstrap iteration we extractMilan, Naples, Rome,

all the possible tuples of city will be added to the dataset (i.e. {Milan-Rome,

Milan-Naples, Milan-Naples, Naples-Rome}) For each bootstrap iteration we

implement a Weighted Least-Square Regression on DTW and cities’ distance

and collect the values of the slope m and the intercept q of the �t. Finally,

obtained results were evaluated by performing a T-test to asses whether the

slope di�ers from zero.

2.4 results

¿e activity level of a city is the result of the combined behavioural patterns

of di�erent agents (i.e., individuals) and external constraints such as working

schedules, school timetables and vacations. Such activity is mirrored by the

number of calls placed in a city during a day: therefore, we have considered the
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percentage of outgoing calls per hour in each city (city’s activity timeseries) as a

proxy of the activity level of the city over time.

Figure 2.1: a)¿e 76 selected cities, their geographical position in Italy, and their size

according to the OECD categorization. b) Average volume of outgoing calls

as a percentage by hour for the cities in the North, Center and South of Italy.

We can see that during weekdays the drops in percentage of calls for South

of Italy cities are delayed compared to the behavior of the ones from the

North and the Center.

Our sample equally represents cities of classes Medium and Small, while

we have less Large cities. Moreover, the cities we have considered are evenly

spread across all regions of Italy, as can be seen in Figure 2.1a. Interestingly, by

examining the activity timeseries associated with North, Center and South of

Italy (see Figure 2.1b), a similar pattern emerges for North and Center while

South is characterized by a shi in the drop during lunchtime. For this reason,

we have used DTW distance to compute the synchronization between cities’

activity timeseries. Indeed, DTWdistance removes the in�uence of the observed

lags due to circadian rhythms (see section 2.3.2).

In Figure 2.2, each cell of the heatmap represents the mean value over week-

days of the DTW distance between two cities. ¿e cities on both axes are

ordered by total volume of calls from lowest (top le corner) to highest (bottom

right corner). Two emerging clusters can be observed: one at the top le corner,

where smaller cities with lower call volume are located, tends to have larger

average distance between the communication activity timeseries; the other one

can be observed in the bottom right corner, where large cities (with higher

call volume) tend to have smaller mean DTW distance. ¿e mean value of the

DTW distance roughly increases when the volume of calls for a city decreases

(i.e., it roughly scales with the size of the city): thus, the mean DTWdistance for



2.4 results 13

0 10 20 30 40 50 60 70
City ID

0

10

20

30

40

50

60

70

C
it

y
ID

0.15

0.19

0.24

0.28

D
yn

am
ic

T
im

e
W

ar
pi

ng
D

is
ta

nc
e

Figure 2.2:Heatmap for Dynamic TimeWarping Distance Each cell of this heatmap

represents the mean value over weekdays of the DTWdistance between two

cities. In the x and y axes the cities are sorted by volume of calls from lower

(top le corner) to higher (bottom right corner). Blanks in the diagonal

represent the DTW distance between each city and itself.

medium-call-volume cities is lower than the one for smaller cities, but higher

than the DTW distance for larger cities.

As previously said, we have performed a bootstrap for cities of the same size

(Large,Medium and Small) and aWLS is �tted using the mean and the variance

of the DTW distance between cities’ activity pattern timeseries. As seen in

Figure 2.2, DTWdistance roughly decreases when the number of outgoing calls

increases and we can roughly divide the cities into three clusters based on DTW

distance. Remarkably, this relationship still holds when considering the division

of Italian cities into three size classes (Large,Medium and Small) according to

OECD de�nition (see section 2.3.1 for details). Cities of the same size appear to

be more similar: two large cities (such as Turin and Milan) are more similar

than two medium cities (such as Padua and Modena), and medium cities are

more similar than small cities.

As we can see in Figure 2.3, the similarity decreases as the distance between

cities increases, in a consistent way for all classes (see Table 2.A.1 for a complete
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Figure 2.3: Bootstrap for weekdays a) shows the results of the bootstrap for couples

of Large cities during the weekdays. ¿e points and the bars represent the

mean and the variance computed for each couple through the jackknife

sampling method. ¿e shaded area represents the 95% con�dence interval

obtained using the bootstrap method described inMaterials and Methods

and the line represents the bootstrappedWeighted Least-Square Regression

(WLS) �t. b) as a) but for the Medium cities. c) as a) but for Small cities. d)

summarizes the estimates of the bootstrap regression previously obtained

in Figure a-c). Note that 95% con�dence intervals for all the classes mostly

do not overlap. Detailed statistics are reported in Table 2.A.1.

report of the computed statistical measures) and the 95% con�dence intervals

for all classes are mostly not overlapping. Two large cities that are close to each

other such as Milan and Turin are more similar than more distant large cities

such as Milan and Rome. However, the similarity between large cities is higher

than the similarity between medium cities, independently of the distance, i.e.

Milan and Rome (two distant large cities) are more similar than Padua and

Modena (two medium cities that are closer). ¿e same relationship holds for

medium and small cities: twomedium cities are more similar to each other than
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two small cities, and the similarity decreases when spatial distance between

cities increases.
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Figure 2.4: Bootstrap for weekends a) shows the results of the bootstrap for couples

of Large cities during the weekends. ¿e points and the bars represent

the mean and the standard deviation obtained for each couple using the

jackknife sampling method.¿e shaded area represents the 95% con�dence

interval obtained using the bootstrap method described inMaterials and

Methods and the line represents the bootstrapped Weighted Least-Square

Regression (WLS) �t.b) as a) but for theMedium cities. c) as a) but for Small

cities. d) summarizes the estimates of the bootstrap regression previously

obtained in Figure a-c). Note that error bars and con�dence intervals are

larger, due to the lower data availability for weekends (our dataset consists

of 6 weekend days and 18 weekdays).

In Figure 2.4, during weekends, we can observe a similar pattern as for

weekdays (see Table 2.A.2 for a complete report of the computed statistical

measures). In particular, the ordering of the cities’ classes is consistent with

weekdays and the dri due to distance in the similarity is still visible, although
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con�dence intervals are not as clearly separated as the weekdays’ ones reported

in Figure 2.3.

Furthermore, Table 2.A.3 reports the Spearman’s correlation scores between

the variance-weighted average of theDTWdistances and several socio-economic

indicators characterizing (i) the size of a city (i.e., resident population and pop-

ulation density), (ii) the city’s attractiveness for foreigners and immigrants (i.e.,

foreign-born population and percentage of foreigners per resident population),

(iii) the city’s wealth (i.e., yearly average income per tax payer), and (iv) the

outgoing and incoming commuting patterns.

Our results show that the variance-weighted average of the DTW distances

is negatively associated with both the absolute number of resident popula-

tion (Spearman’s ρ = -0.614***) and the population density (Spearman’s ρ =

-0.477***) as well as with the absolute number of foreign-born population (Spear-

man’s ρ = -0.653***) and the foreign percentage (Spearman’s ρ = -0.409***).

¿us, cities which are more synchronized seem to be both more populated

and more attractive for foreigners (e.g., tourists, immigrants). Interestingly,

the variance-weighted average of the DTW distances also correlates negatively

with yearly average income per tax payer (Spearman’s ρ = -0.349**), show-

ing a relationship between highly synchronized cities and the rich ones. We

have also investigated the e�ect of activity timeseries synchronization on the

commuting (incoming and outgoing) patterns of each city. As shown again in

Table 2.A.3, we have not found signi�cant correlations, with the exception of a

slightly signi�cant negative association (Spearman’s ρ = -0.236*) between the

variance-weighted average of the DTW distances and the outgoing commuters’

ratio (computed as the ratio between the number of outgoing commuters and

the number of incoming+outgoing commuters).

We have also tested the correlation between the mean DTW distance and the

spatial distance for each couple of cities. Our results (Spearman’s ρ = 0.205***)

show that the increasing spatial distance is associated with a lower communica-

tion synchronization. Hence, it seems that regional economies are playing a

role in the communication synchronization of our cities.

Finally, in Table 2.A.4 we report the 20 cities with the lowest variance-

weighted average of the DTW distances, namely the cities with higher level of

activity timeseries synchronization. Interestingly, Rome appears as the most

synchronized city in Italy (mean DTW distance = 0.168) and this may be ex-



2.5 discussion 17

plained by a mixture of several factors such as its political and economic role

(i.e., Rome is the national capital and the second wealthiest city in Italy), its

size (i.e., Rome is the most populous city in Italy), and its attractiveness for

foreigners (e.g., tourists). Other cities showing high degree of activity time-

series’ synchronization are important cities for the maritime trade routes (i.e.,

Trieste and Genoa are the major Italian seaports for trade of goods and �ows

of people). Again, relevant touristic cities, such as Florence, Rimini, Ravenna,

Venice, Verona, Milan are among the ones with higher levels of activity time-

series’ synchronization. Finally, it is worth noting that only one city (Palermo)

located in the South of Italy appears in the list of the 20 most synchronized

ones.

2.5 discussion

Cities’ synchronization and similarity using mobile phone and social media

(i.e., Twitter) data has been recently investigated in [44] and in [22]. In Grauwin

et al. [44], three global cities (New York, London and Hong Kong) are studied

by means of mobile phone usage patterns. ¿e paper shows that these three

large cities, despite the distance, have comparable and common usage patterns,

especially in the core business districts of the cities. In Morales et al. [22], an

analysis of the synchronization of large world cities is presented using Twitter

data. In this work, a cluster of similar large cities (Middle Eastern, European

and African cities) is detected.

Our results, based on CDR data for 76 Italian cities, provide some evidence

in support of these �ndings, at least for a subset of European cities (Italian

large cities), by considering only the DTW distance. Indeed, we can observe,

based on the outgoing calls’ similarity patterns, an emerging cluster of similar

Italian large cities (see Figure 2.2). We further investigated the city’s similarity

and synchronization concept, by considering di�erent scales of cities (Large,

Medium and Small) and exploring how distance in�uences similarity between

cities. A er removing the e�ects of circadian rhythms by using DTW as time-

series distance measurement, we have analyzed the e�ect of spatial distance

over cities’ similarity. Tobler’s First Law of Geography[61] states that everything

is related to everything else, but near things are more related than distant things.”.

¿is phenomena can be observed in particular in the distance decay (i.e. the
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e�ect of distance on spatial or cultural interactions), that plays a central role in

distribution of population, time and spatial interactions as shown in [62, 63, 64].

It is therefore reasonable to expect that the similarity between cities decrease

when cities’ distance increase (such as in the gravity model [65]). In our work

we show that when we consider cities’ synchronization, distance is not the

only factor that drives cities’ distance decay, but also city’s size and economic

centrality play an important role in the communication pattern similarity. We

can suppose that Italian large cities act as gateway cities [26]: a gateway city is a

city that plays the role of hub and central node for resources and capital circula-

tion for the whole region where the city is located. Gateway cities host tertiary

services such as banks, trading centers, headquarters of large companies that

require a high degree of synchronization [66]. In our paper, we observed this

behavior for Italian large cities, that are more similar in rhythms to each other,

despite the distance, than medium cities to medium cities or small cities to

small cities. ¿is is con�rmed also by Grauwin et al. [67], that describes North

Italy as a complex interconnected area (city-region), where larger cities provide

advanced services–such as �nancial trading centers–for the whole area and

act as a gateway for information and commercial �ows for the whole region.

Interestingly, in our study the 20 cities showing the highest degree of activity

timeseries’ synchronization are all located in the North (15 out of 20) or in the

Center (4 out of 20) of Italy, with the exception of Palermo. Again, our results

indicate that highly synchronized cities play a relevant economic role (these

cities have higher levels of average yearly income per tax payer) and are more

attractive for foreign-born people (i.e. immigrants, tourists, etc.).

As shown in [66], cities follow a common development trajectory and a er

the population reaches a certain threshold (1.2 million people for the US case

analyzed in [66]), the economical development path moves from primary in-

dustries (e.g., agriculture, mining, etc.) to tertiary industries such as banks and

services. ¿ese kinds of industries require a higher level of synchronization, as

in the case of brokers trading stocks, or large industries that have headquarters

spread all over Italy and the world, thus reducing the in�uence of distance over

cities’ similarity.

Conversely, when considering small cities, distance has a larger role in deter-

mining the communication synchronization and the similarity, since economy

is more bound to local productions and smaller industries. In the case of
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medium cities, as shown in [66], the cities are ongoing an industry transfor-

mation from primary to tertiary, hence the contribution of the distance over

similarity is less than for the case of small cities but still bigger than the one for

large cities.

¿ese �ndings support also the theory exposed in [68], where, by using a

scaling model and analyzing social and economical factors, such as GDP, wages,

number of crimes, it is shown that large cities have a temporal self-similarity,

in terms of higher and faster patterns of social interaction, walking speed of

pedestrians, number of employees in research and development. It is also shown

that smaller cities, when growing, follow a common social dynamic as the larger

ones: when a city increases in population, it tends to accelerate its rhythms

and have faster behaviors and technical innovation rates. ¿is is con�rmed by

our observations, showing a scaling and division of cities based on the city’s

size: large cities are more similar in rhythms to large cities, despite the distance,

than medium cities are to medium cities, and medium cities are more similar

to medium cities than small cities are to small cities.
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appendix

2.a tables

Table 2.A.1: Bootstrap results for weekdays. ¿e table reports the mean values of

intercept q and slopem for 500 bootstrap iterations.¿e bootstrapped 95%

Con�dence Intervals (CI) and the p-value p for the t-test on the slopem

(p ≤ 0.05: * , p ≤ 0.01: ** , p ≤ 0.001: ***) are also reported.

size q m p

Large 0.120 CI [0.084 - 0.151] 0.099 CI [0.043 - 0.153] **

Medium 0.181 CI [0.164 - 0.201] 0.097 CI [0.068 - 0.131] ***

Small 0.232 CI [0.210 - 0.260] 0.077 CI [0.041 - 0.121] ***

Table 2.A.2: Bootstrap results for weekends. ¿e table reports the mean values of

intercept q and slope m for 500 bootstrap iterations. ¿e bootstrapped

95% Con�dence Intervals (CI) and the p-value p for the t-test on the slope

m (p ≤ 0.05: * , p ≤ 0.01: ** , p ≤ 0.001: ***) are also reported.

size q m p

Large 0.119 CI [0.067 - 0.174] 0.112 CI [0.046 - 0.192] *

Medium 0.212 CI [0.183 - 0.240] 0.061 CI [0.023 - 0.114] **

Small 0.279 CI [0.249 - 0.307] 0.062 CI [0.011 - 0.131] *
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Table 2.A.3: Spearman’s correlation between the variance-weighted average of theDTW

distances and (i) resident population (absolute number), (ii) foreign pop-

ulation (absolute number), (iii) population density, (iv) percentage of

foreigners per resident population, (v) yearly average income per tax payer,

(vi) ratio between commuters coming to a city and commuters leaving a

city, (vii) percentage of incoming commuters per resident population, and

(viii) percentage of outgoing commuters per resident population (p ≤ 0.05:

* , p ≤ 0.01: ** , p ≤ 0.001: ***).

DTW variance-weighted avg

Resident population -0.614 ***

Foreign population -0.653 ***

Population density -0.477 ***

Foreign percentage -0.409 ***

Average income -0.349 **

In-out commuters ratio -0.038

Incoming commuter ratio -0.087

Outgoing commuter ratio -0.236 *
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Table 2.A.4: List of the 20 cities with the lowest variance-weighted average of the DTW

distances. Cities with lower variance-weighted average DTW distances

are more synchronized.

Ranking City DTW variance-weighted avg.

1 Rome 0.168

2 Genoa 0.183

3 Florence 0.186

4 Brescia 0.190

5 Turin 0.193

6 Trieste 0.197

7 Rimini 0.200

8 Ravenna 0.208

9 Bologna 0.210

10 Udine 0.211

11 Milan 0.217

12 Como 0.218

13 Venice 0.218

14 Verona 0.224

15 Terni 0.225

16 Bolzano 0.227

17 Modena 0.230

18 Bergamo 0.231

19 Ancona 0.231

20 Palermo 0.231



3
SPAT IAL CLUSTER ING AND NETWORK TOPOLOGY: A

STUDY ON DYNAMICAL NETWORKS

3.1 background

Network theory has proven to be a valuable framework for capturing several

structural features of geo-spatial systems[69, 70]. Notably, dynamical networks

are becoming increasingly important in understanding and describing real

world behavioral and social phenomena [71, 72]. As a matter of fact, the explo-

sive adoption of dynamical network as a modeling tool for human behavioral

studies has grown along with the increasing data availability from personal

technological devices[73]. More and more data are used for scienti�c purposes

by researchers collaborating with companies. Some of these are made available

for research in aggregated forms and other are released to the public to ben-

e�t communities as a whole[74, 75, 76, 77, 78, 79]. For privacy reasons, data

aggregation and clustering has o en been suggested as a possible solution to

some aspects of these problems and this approach has already been widely

adopted[80].

With this work we aim at bridging the theory of spatio-temporal networks

and clustering by extensively analyzing the impact of an aggregation process

on the topology of the resulting network. In general, given a two-dimensional

space, S, we can represent motion of objects in terms of continuous trajectories.

In the real world, continuous trajectories are collected as discrete sequences

of locations, e.g. GPS sampling. Potentially, each of these locations might be

represented as a node while a connection can be activated from one node to

another following the time ordered sequence of visited locations. A network

approach to dynamical processes on graphs also requires a discretization of

the temporal component: a slice of the network is obtained by sampling times

within a certain time interval and considering them as contemporaneous. Each

slice contains a copy of all the locations considered and all the edges that were

active in the corresponding time interval. As a consequence, how we design

23
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temporal sampling a�ects the network structure and the di�usion processes on

it. ¿is aspect has been extensively studied in previous works[37, 38, 39]. Here

we capitalize over those results and explore more deeply the spatial aspect of

spatio-temporal networks.

In this setting a clustering algorithm has the role of aggregating nodes based

on some heuristics, usually the metric de�ned over S. In this work, we adopt

a similar approach. Based on the Haversine approximation of distance on a

polar coordinate reference system, we cluster together nodes that lie within a

maximum radius of length є. By varying the є parameter we measure how the

topological features of the network and its dynamical properties change. We

also investigate how the small world behavior of spatio-temporal networks [81],

and how it changes depending on the clustering radius.

3.2 contribution

In this work we propose an initial study on how clustering and discretization

of continuous mobility datasets a�ects spatio-temporal network measures. In

particular, we show how a coarse-graining process based on geographical dis-

tance redesigns the network structure by changing both the nodes and the

edges among them. Additionally, we compare these measures with two syn-

thetic models–random waypoint ad s-EPR–as well as presenting an algorithm

for computing temporal betweenness centrality. ¿is study is intended as a

guide to mobility modeling and clustering calibration in a dynamical network

environment.

3.3 methodology

3.3.1 Individual Trajectory Data and Sampling

For our experiments we picked three real-life open data sources: T-Drive and

Brightkite and Gowalla.

T-Drive [75] is a dataset featuring taxi drivers in Beijing. It contains a high

number of users (>10k) with data recorded over a very short period of time

(from 2008-02-02 to 2008-02-08). 75.36% of the traces have a time resolution
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of 1 minute [75]. To clean the dataset and reduce noise we picked only the GPS

points within Beijing where 39○ ≤ latitude ≤ 41○ and 115○ ≤ longitude ≤ 118○.

We discarded Saturday, 2008-02-02 and Sunday, 2008-02-03 since the mobility

and activity behaviormight di�er at the weekends [82].We select a timewindow

Wtaxi = 1 day, hence a time frame will represent 24 hours
100 = 14.4 minutes. We

then sampled 100 datasets, each one containing the mobility of 100 taxis.

Brightkite [74] and Gowalla [83] were World-wide location-based social

networks where users could register their check-ins.¿e datasets consists of 4.8

millions geolocated check-ins, starting fromMarch 2008 to October 2010 for

Brightkite and 6.4 millions check-ins starting from February 2009 to October

2010 for Gowalla. Due to the nature of these two datasets, each user has few

points, sparse both in time and space. ¿erefore, we considered a lager time

window of 6 consecutive months fo both datasets (WBrightkite = 6months),

where we have peaks in the number of check-ins registered. We focused on

America and Europe, that contain most of the points of the dataset (23○ ≤

latitude ≤ 70○ and −130○ ≤ longitude ≤ 45○), and sampled 100 datasets, each

containing the traces of 1500 users.

For all the datasets, we consider the �rst time frame to begin at midnight of

the �rst day selected for the sample and the last time frame to end at midnight

of the last day of the sample. Furthermore, we discard the traces with less than

two distinct GPS points.

Each dataset is then divided in 100 equally-sized time frames, hence, for

each data source, a time frame of the generated network represents a di�erent

span of time. For the both Brightkite and Gowalla, we selected 180 consecutive

days, hence each time frame has a duration of 180 days100 = 43.2 hours. For the taxi

dataset each time frame spans 24 hours
100 = 14.4 minutes

3.3.2 Spatio-Temporal Networks

A temporal (or dynamical) network is a time-ordered sequence of graphs. Each

graph corresponds to a static snapshot of the network in a given time frame.

Typically, each snapshot consists of N nodes where N is equal to the number

of di�erent objects under study. ¿ese might be e-mail senders and recipients,

calls among mobile phone devices, users in social media platforms, as well

as genes, functional brain regions and species of an ecological system [84].
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Similarly, spatio-temporal networks are time-ordered sequences in which each

element of the sequence is represented by a location. In this context, edges

represent movements or connections among locations at speci�c times. ¿ey

can encode mobility information or other structural relationships among the

two. In our study, edges represent individual mobility between two locations.

¿ey are drawn from one node to another on a given slice, which corresponds

to a speci�c time frame, if an individual traveled among them at that time.

¿ese individual-based connections are naturally directional, from the origin

(the earliest visited location among the two) to the destination (the later visited

among the two). As a consequence, in our approach we consider only directed

graphs in which edges can only be crossed along their direction.

More formally, following the notation introduced in [85], we de�ne V to be

the set of all nodes belonging to a spatio-temporal network. Let N = ∣V ∣ be the

number of nodes and T be the number of time frames we divided our network

into. Since spatio-temporal networks are ordered sequences of directed graphs

slices, we can de�ne it as G = {G(t1),⋯,G(tT)}, where G(t) = (V , E(t)) is a

graph slice corresponding to a particular time window t and E(t) the edges

active at that time. We assume that, given a time frame t, all edges in G(t)

can be explored when searching for the shortest paths by following the edge

direction. In our work we consider the edges to have all the same weight–i.e. we

are considering unweighted graphs– and the formalism can easily be extended

to weighted graphs [85]. We additionally make the simplifying assumption

that the velocity of traveling across one edge is negligible with respect to the

temporal size of t, i.e. te ≪ t where te is the time required to go from one node

to the following one individual’s sequence of locations.

For each time frame t we de�ne the corresponding adjacency matrix A(t)i j,

where A(t)i j = 1 if there exists an active edge in G(t) from node i to node j,

A(t)i j = 0 otherwise.

3.3.3 Spatio-Temporal Metrics

Here we introduce the temporal measures we studied with a brief discussion

on the algorithms implemented, while details of the clustering process are

presented in section 3.3.4. As it is true for static networks, the properties and

topological structure of a temporal network can hardly be captured by a single
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metric. ¿us, in order to have a deeper understanding of how a clustering

process a�ects the structure and relationship among nodes, in this section we

introduce the extension to temporal networks of several established metrics in

network theory.

Except for average edge density estimation, all the other measures for tem-

poral networks involve the concept of temporal shortest path.

De�nition 3.3.1. Temporal path

Given a spatio-temporal network G, a temporal path from node i to node j in

the time interval [1,T] is a sequence of edges

pi j = (a0 = i, a1, t1 = 1), (a1, a2, t2),⋯, (ak−1, ak = j, tk) (1)

such that ∀k ∈ [1,T] it holds that tk−1 ≤ tk [86].

We stress that, here, we consider all temporal paths as starting at the same

initial time t1.

De�nition 3.3.2. Temporal length

We de�ne the length of a temporal path pi j as l(p) = k, where k is the number

of time frames needed to reach j starting from i at time frame t1 = 1.

De�nition 3.3.3. Temporal shortest path

Temporal shortest paths, σtemp(i, j), are de�ned as temporal paths whose

temporal length, l(pi j) is minimal:

σtemp(i, j) = p′i j ∈ {pi j} ∶ l(p′i j) = min{p i j}
(l(pi j)) (2)

If two temporal shortest paths have the same temporal length, the path that

requires less hops across di�erent nodes is de�ned to be the shortest one (as

de�ned in [86, 87]).

Temporal shortest paths de�ned above are o en also called earliest arrival

path [88], or temporal foremost path in [87].

De�nition 3.3.4. Temporal distance

We de�ne the temporal distance di j as the temporal length of the temporal

shortest path σtemp(i, j).

di j = l(σtemp(i, j)) (3)

If a temporal path between the two nodes does not exists, the temporal distance

is de�ned as di j =∞.
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Conveniently, we also introduce the concept of temporal connected component

with the following de�nition:

De�nition 3.3.5. Temporal connected component

Wede�neC as the temporal connected component, i.e. the set of origin-destination

pairs (i, j) of a temporal network for which di j <∞.

Inspired by the work of [69, 89], we propose an algorithm that allows to com-

pute together both shortest temporal path and temporal betweenness centrality,

de�ned later in this section. We provide the pseudo-code of the algorithms in

Appendix 2.5.

Using these de�nition we can easily introduce several measures that capture

di�erent aspects of a spatio-temporal network.

3.3.3.1 Temporal Characteristic Path Length

¿e temporal characteristic path length is proposed as ameasure that collectively

describes the average temporal path length of all the paths among nodes of a

temporal connected component C. It is de�ned as follows:

L =
1

N(N − 1) ∑i, j∈C
di j (4)

where the sum runs over all the pairs of nodes (the set of origin-destination

nodes) (i, j) ∈ C. Here, di j is the temporal distance between i and j, as de�ned

in De�nition 3.3.4. We can imagine temporal characteristic path length as

a measure of how quick the information can �ow over a temporal network:

the larger the temporal characteristic path length, the larger the number of

timestamps it will take, on average, for the information to reach a node of the

temporal connected component C.

3.3.3.2 Temporal Diameter

A di�erent measure that captures the temporal size of the network is the tempo-

ral diameter. It is de�ned as the length of the longest temporal shortest path

and can be easily computed from the distance matrix di j.

D = max
i, j∈C

[di j]

We can imagine the temporal diameter as the shortest time it takes (as number

of time-frames) starting from the initial time t1 to reach every node of the

connected component C.
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All these measures are readily obtained once the temporal shortest paths of

a temporal network are computed. Indeed, each of these de�nitions capture dif-

ferent aspects of the same objects, i.e. the temporal shortest paths. However, to

better understand the relationships among nodes and their relative importance

in bridging the dynamics that might occur on the network, a more complex

measure must be studied.

3.3.3.3 Temporal Betweenness Centrality

To this extent, we choose to focus our attention also on centrality measures, in

particular, betweenness centrality, that represents the importance of a node in

supporting connectedness within the network. Keeping in mind the de�nitions

introduced above and following the ideas of previous works [90, 34, 91, 92],

let us introduce σtemp(i, j) as the number of shortest temporal paths between

node i and j in a temporal network G. Let σtemp(i, j, k) be the number of

temporal shortest paths from i to j going through k. ¿e temporal betweenness

centrality for a node k can hence be de�ned as:

CB(k) =
1

(N − 1) ⋅ (N − 2) ∑
m≠n≠k∈V ∶

σtemp(m,n)>0

σtemp(m, n, k)
σtemp(m, n)

As displayed in the formula, the temporal component adds a layer of com-

plexity to the already high computational costs of static betweenness centrality.

Inspired by the Brandes solution for static betweenness centrality[89], we im-

plement a temporal version of the algorithm. ¿e algorithm’s pseudo-code is

reported in Appendix 2.5.

3.3.3.4 Topological Overlap and Temporal Network Overlap

Real world networks, such as networks representing contacts between people,

o en have links that repeat over time [93]. ¿e topological overlap is a measure

intended to quantify to what extent links in one time frame t of the network

are persistent in the following time frame t + 1. More formally, if we consider

a node i and two adjacent time frames t and t + 1, the topological overlap for

node i is de�ned as [34, 81]:

Ci(ti , ti+1) =
∑ j [ai j(t)ai j(t + 1)]

√
[∑ j ai j(t)][∑ j ai j(t + 1)]
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where ai j(t) is the i j coe�cient of the adjacency matrix of frame t, being 1 if an

edge from i to j is active at t, and 0 otherwise. Being dependent on time t and

characterizing node i (and the edges originating from it), this measure does

not bring a global description of the whole network itself. However, by simply

averaging over all the time frames of the temporal network, we can introduce

the average topological overlap C̄i of node i. Let then

C̄i =
1

T − 1

T−1
∑
m=1

Ci(tm, tm + 1)

be the average topological overlap for node i. Again, by averaging over all the

nodes of the network, we can introduce the temporal-correlation coe�cient for

a temporal network as

C =
1
N

N
∑
i=0

C̄i

We stress that through the averaging processes we obtain a quantity that is 1 only

if all the snapshots of the temporal network have the same edges. Conversely, it

is equal to zero if no active edge at any time frame appears in the subsequent

snapshot.

3.3.3.5 Average Edge Density

Let ∣E(t)∣ be the number of edges at time frame t in G(t) = (V , E(t)), exclud-

ing self-loops. ¿e average edge density D is de�ned as follow:

D =
1
T

T
∑
t=1

∣E(t)∣
N ⋅ (N − 1)

¿e average edge density is 0 for a spatio-temporal network without edges and

1 for a complete spatio-temporal network.

¿e measures presented here were all computed as descriptors of the net-

work temporal structure. Aiming at presenting a �rst deep assessment on how

clustering a�ects the spatio-temporal networks’ structure, we will dedicate

the following sections to introducing both our clustering approach and the

synthetic and real data spatio-temporal networks before presenting the results

of our analysis.
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3.3.4 Clustering Trajectories and Aggregated Networks

To asses how spatial clustering in�uences the spatio-temporal metrics described

in section 3.3.3, for each trajectory we cluster the latitude and longitude coordi-

nates using a vanilla DBSCAN [94], which is a well known standard clustering

method for clustering geographical data [95]. Di�erently from [96], where the

behaviour of a temporal network is explored at di�erent temporal resolutions,

we consider the duration t of the time frames to be �xed for each data source,

and we focus only on the spatial clustering aspect. Each cluster corresponds to

a node in our temporal networkG, and for each movement happening during a

time frame t in a trajectory, we add a corresponding edge to the network G(t).

In order to investigate the behavior of the network when the ε parameter of

DBSCAN varies, we �x to 1 DBSCAN’s min_pts parameter. ¿is parameter

represents the minimum number of points for each cluster. ¿en we aver-

age max_εS i and min_εS i to obtain max_εS and min_εS that will be used to

perform the experiments for the data source S. Since we observed that the

distribution of the number of clusters decreases in a superlinear way when

ε increases, we pick 20 logarithmically spaced values ε̂S from the interval

[max_εS ,min_εS].

For each ε̂S so obtained, we cluster every sample of the data source S, generate

the network as described in section 3.3.4 and compute the metrics listed in

section 3.3.2.

3.3.5 Synthetic Models of Mobility

3.3.5.1 Random waypoint

In order to generate a synthetic model that mimics our real-world datasets, we

use a randomwaypoint with Gaussian attractors, similarly to [97, 98] and adopt

importance sampling to decide the next point of a trace [99]. For each simula-

tion, we position one Gaussian bi-modal attractor for the T-DRIVE dataset in

a location corresponding to the center of Beijing and two Gaussian bimodal

attractors for the Brightkite dataset, corresponding to America and Europe.

¿emean and standard deviation of the attractors are chosen by computing the

mean and standard deviation of latitude and longitude. At each iteration, we
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sample a tuple (δ_l at, δ_lon, v), representing respectively the shi in latitude,

in longitude and the speed from the corresponding dataset.

Each trajectory is built as follows:

1. Initially, we pick an origin point by sampling the Gaussians.

2. For each iteration we pick one point h = (l ati , loni) by sampling uni-

formly on a circumference of radius r =
√
δ_l at2 + δ_lon2 and center in

the previous point of the trajectory and evaluate the probability density

function of the attractors in h.

3. Wemultiply the pdfs, obtaining pki = pd f _l atki ⋅ pd f _lonki . In the case

of random waypoint for Brightkite, the values of pki for the attractors

in America and Europe are summed by weighting on the percentage of

users in the corresponding countries in the Brightkite dataset.

4. We compute the maximum value of the pdf m = max(pd fl atk , pd flonk)

and pick a value u form a uniform distribution in the interval [0,m]

5. Until pki < u, repeat the process from point 2

6. ¿e shi (δ_l ati , δ_loni) is added to the latitude and longitude of the

previous point of the trace

7. Finally the timestamp for a mobility trace is obtained by dividing the

spatial distance between the origin point and the chosen destination

point by the sampled velocity v and summing it to the timestamp of the

previous point of the trace.

¿e process terminates when the timestamp reaches a �xed value: 24 hours

for the T-DRIVE simulations and 6 months for the Brightkite simulations. For

both T-Drive and Brightkite, we generate 100 synthetic datasets, each consisting

of respectively 100 traces for T-Drive and 200 traces for the Brightkite. We

�nally perform a spacial clustering as described in section 3.3.4, create the

corresponding spatio-temporal network and compute the metrics described in

section 3.3.3.

3.3.5.2 Spatial Exploration and Preferential Return

Another syntheticmodel we consider is the Exploration and Preferential Return

(EPR), and in particular the spatial version of EPR (s-EPR) [100]. EPR is a
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syntheticmodel where an user at each timestamp can either return to previously

visited locations (preferential return) or explore a new location at a given

distance from the current location (exploration), according to a truncated

power law distribution of standard mobility measures such as the waiting time

and the jump length [100, 101].

¿e s-EPR model is an evolution of the EPR model, where the movement

happens within a �xed bounding box and for each individual a gravity model

is used to assess the probability of returning to a given location. ¿e exploring

phase is achieved by sampling points within the bounding box where the jump

length and waiting time between movements follow a truncated power law.

To simulate the inaccuracy of GPS data, we add Gaussian noise to each point

with σ equal to the 5% of each dimension’s range. We consider the movements

to happen on a sphere and create a dataset, simulating movements of the scale

of Brightkite and Gowalla.

We decided to use s-EPR only for datasets where the individual mobility pat-

terns are well describe by a preferential return behavior, rather that using s-EPR

for collective behavior such as the one described by T-Drive taxi dataset, that

might need more speci�c models to properly describe the taxis’ trajectory[102,

103].

3.4 results

In this section we show the results obtained for the T-Drive, Brightkite and

Gowalla datasets presented in section 3.3.1, for the random waypoint model

(section 3.3.5.1) and for the s-EPR model (section 3.3.5.2). A er generating the

spatio-temporal networks by clustering with DBSCAN, as described in section

3.3.4, for each data source we compute themetrics described in section 3.3.3 over

20 log-spaced ε values. To be able to plot and compare di�erent scales of ε, for

each dataset we rank the values of ε.¿e rank value takes the name of cluster size

in the following �gures. As an example, all points for a data source S in the plot

having cluster size = 0 correspond to networks generated with ε = min_εS , as

described in section 3.3.5.1, and the points with cluster size = 1 correspond to the

measures resulting from clustering with ε = max_εS . We stress again that the

larger the value of the local cluster radius ε (and consequently the cluster size),

the fewer clusters we will have. We used the same values of min_ε and max_ε
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for both the synthetic and real-life datasets. Finally, for each value we report

the mean and Standard Error of the Mean (SEM) over 100 runs for all datasets

and synthetic models. ¿e ε values considered range from 4km to 400km for

Brightkite and Gowalla and from 60 meters to 5km for the taxi dataset. We

will divide the datasets presented into two categories: low mixing (Gowalla and

Brightkite dataset), where each trace consists of fewer and recurrent locations

(mirroring personal mobility patterns) and one with high mixing, such as the

taxi dataset, where each trace is not the results of the mobility of a single

individual and therefore each trace contains more non-repeating locations.
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Figure 3.4.1: Temporal characteristic path length mean and standard error of the

mean for 100 runs for all datasets and synthetic models.

In Figure 3.4.1A,that high mixing mobility (taxi dataset in Figure 3.4.1B), is

well described by the random waypoint model. We can notice also that the

random waypoint model does not capture correctly the changes in distances

for the global datasets. Furthermore, the temporal characteristic path length is

mostly stable when the cluster size is between 0.5 and 0.9 for the taxi dataset,

corresponding to an ε between 0.6km and 3km.
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Figure 3.4.2: Temporal diametermean and standard error of the mean for 100 runs

for all datasets and synthetic models.

In Figure 3.4.2 we can see that the temporal diameter stays constant during

an initial phase and super-exponentially decreases when ε increases. Temporal
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diameter is well captured for Brightkite and Goawalla by the random way-

point model while the same is not true for the s-EPR model, that decreases

smoothly and gradually when clustering radius increases. ¿e real-life datasets

and random-waypoint models maintain some pairs of node that are at maxi-

mum distance (100 time frames) throughout most of the range of the cluster

size. ¿e same is true for the taxi dataset, where we can �nd nodes that are at

maximum distance until ε reaches 1.3km.
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Figure 3.4.3: Temporal Network Overlap mean and standard error of the mean for

100 runs for all datasets and synthetic models.

In Figure 3.4.3 we can see that the temporal network overlap is mostly stable

for both the high and low mixing datasets, with a slight increasing trend in the

low mixing dataset and a slight decreasing trend for the high mixing datasets.

We can see that the random waypoint model in Figure 3.4.3A better captures

the increasing trend in the correlation coe�cient. ¿e s-epr model, although

closer as value to the real-life dataset when the ε value is between 7km and

110km, misses the increasing trend and generates networks with no repeated

edges in consecutive time frames for ε > 110km.

By looking at averaged measures of the network structure we can conclude that,

while for lowmixing personal mobility patterns the temporal structure is better

preserved at lower values of ε, corresponding to smaller cluster-size aggregation,

for high mixing non-personal patterns the structure rapidly changes both at

small cluster sizes as well as at larger cluster size, thus suggesting to carefully

tune the cluster size depending on the speci�c characteristics of the system

under study and on the speci�c goals of the analysis. For these high mixing

datasets reduced e�ects on network topology are shown for intermediate values

of epsilon (between 350mt and 2km).
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Figure 3.4.4: Temporal betweenness centrality. Each line corresponds to the kernel

density estimation for non zero values of temporal betweenness centrality

for one clustering radius ε. In the inset we can observe the behavior of

the fraction of nodes with zero betweenness (ext nodes).
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In Figure 3.4.4 we can see that the low-mixing datasets’ behavior of the tem-

poral betweenness centrality is well captured both as fraction of nodes with zero

betweenness and distribution by the s-EPRmodel (Figures 3.4.4a, 3.4.4c,3.4.4g),

while the random waypoint model misses the peaks in the distribution that we

can see in 3.4.4a, 3.4.4c. ¿e random waypoint model better mimics the metric

for the taxi dataset (Figure 3.4.4e)

3.5 discussion

In our work, based on the spatio-temporal metrics described in 3.3.3, we identi-

�ed two types of mobility and behavior in the temporal network representation

of real world and synthetic mobility traces: one with low mixing (Gowalla and

Brightkite dataset)–where each trace consists of fewer preferential locations,

as in the case of human mobility[100]–and one with high mixing where each

trace contains mostly non-repeating locations (random waypoint models and

T-Drive dataset). We assume the taxi dataset to be a high mixing dataset: al-

though a taxi might work in a speci�c area, the locations visited by it are the

resulting mobility of di�erent people. Similarly, the random waypoint model

can also be considered an high mixing model, since the Gaussian attractors for

each user doesn’t have memory of previously visited location. For each of the

metrics considered, we noticed di�erent behaviors for the synthetic models

and the non synthetic traces, that depend both on the metric and on the clus-

tering radius: the behavior of some metrics, such as temporal characteristic

path length, is better modeled by the s-EPR model, while others like temporal

network overlap is better modeled by the random waypoint model.

¿is distinction between preferential return traces (lowermixing) and higher

mixing traces can be seen also in the temporal diameter: the steep drop in the

value of the temporal diameter, corresponds to a super-exponential decrease

in the number of clusters, for large enough values of ε. We can observe that

the larger the scale of movements within the dataset (Brightkite and Gowalla),

the later the temporal diameter decreases. We may suppose that this is due

to the nature of low mixing datasets: they are generally more disconnected

and characterized by users having fewer points per trace. When considering

temporal network overlap, we can observe that for Brightkite and Gowalla

datasets, even though the shape of the corresponding random waypoint model
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is similar, the scale di�ers signi�cantly. As previously remarked, thismay suggest

that random waypoint for Brightkite and Gowalla captures the mobility at

level of countries and continents due to the presence of only two Gaussian

attractors for the same geographical area; on the contrary, in real-life mobility

the movements are less random and more structured at di�erent resolutions:

we have big cities that act as attractors (e.g. Los Angeles, New York, London,

etc.) and within a city we have micro-mobility towards each area of the city (e.g.

the industrial area, the residential zones, etc.): all this shorter-scale mobility

might be missed by a model with only two attractors. We can observe that

in low mixing datasets the characteristic path length is mostly constant. In

particular, for short range mobility, that models a large city such as Beijing, the

characteristic path length is constant for a clustering radius between 0.6km

and 3km and within that range, the measure is well described by the random

waypoint model.

¿e analyses performed over a wide range of clustering-size values point

out that, when using spatial clustering and temporal network, a coordinated

harmonization of the clustering scale with the scale of the dynamics under

study plays a major role in shaping the structure of the system. While small-

scale clustering mildly a�ect networks describing personal mobility patterns,

this does not hold for non-personal mobility patterns (high mixing networks).

In this case we revealed that a more structurally stable region is present at

intermediate clustering scales (i.e., with a clusters with radii between 0.35km

and 2km for the taxi dataset).

Our work highlighted the importance of these considerations, providing

a systematic analysis of the structural properties of the temporal networks

underlying di�erent dynamical systems: while working with temporal network

and spatial clustering is a powerful tool for describing and understanding the

behavior of the various components living the system, it should always be kept

in mind that the manipulations we are making over the raw data have a strong

impact on the description of reality and, in particular, we shown that when

working in a temporal network framework clustering scale might a�ect our

conclusions.
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Figure 3.A.1: Average edge density mean and standard error of the mean for 100 runs

for all datasets and synthetic models. We can observe an exponential

increase for all the datasets.
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3.b algorithms

Algorithm 1 All pairs shortest paths
1: function single_node_temporal_shortest_path(s, G)

2: // All initialized lists have size N = nodes ∈ G

3: min_t[]←∞ // Contains ds j for all j ∈ G

4: min_t[s]← 0

5: reached ← {s}

6: Q ← queue

7: for t ∈ [1 . . . T] do

8: for u in reached do

9: Q.push(u)

10: while Q is not empty do

11: u ← Q.pop(0) // Pop u from the bottom of the queue

12: for w in neigh(u,G(t)) do

13: if w not in reached then

14: reached.add(w)

15: min_t[w] = t

16: Q.push(w)

17: if l ength(reached) = N then

18: // Stops if all nodes are reached

19: return min_t

20: return min_t
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Algorithm 2 Single node temporal betweenness centrality
1: function single_node_betweeneess(s,G)

// All the lists initialized have size N where N is the number of nodes of the network G

2: N ← number of nodes of the network G

3: T ← number of time frames of the network G

4: δ[]← 0

5: σ[]← 0

6: σ[s]← 1

7: min_t[]←∞

8: min_t[s]← 0 // Contains the temporal distance of any

node from the starting node s
9: reached ← {s}

10: Q ← queue

11: S ← stack

12: P[]← [] // List of lists of parents of each node

13: for t ∈ [1 . . . T] do

14: for u in reached do

15: Q.push(u)

16: while Q is not empty do

17: u ← Q.pop(0) // Pop u from the bottom of the queue

18: if u not in S then

19: S.push(u)

20: for w in neigh(u,G(t)) do

21: if t < min_t[w] then

// First time we reach a node

22: min_t[w]← t

23: Q.push(w)

24: dist[w]← dist[u]+ 1

25: reached.append(w)

26: if t = mint[w] and dist[w] = dist[u]+ 1 then

27: σ[w]← σ[w]+ σ[u]

28: P[w].append(u)

29: return S, P, σ , min_t
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Algorithm 3 Temporal betweenness centrality and temporal distance
1: function accumulate_betweeneess(betweenness, S, P, σ , s)

2: while S is not empty do

3: w ← S.pop()

4: for v in P[w] do

5: δ[v]← δ[v]+ σ[v]
σ[w] ⋅ (1+ δ[w])

6: if w ≠ s then:

7: betweenness[w]← betweenness[w]+ δ[w]

8: function betweeneess_centrality_and_temporal_distance(G)

9: T ← number of time frames of the network G

10: N ← number of nodes of the network G

11: temporal_distance[]← []

12: betweeneess[]← 0

13: for all s ∈ V do

14: S, P, σ , min_t ← single_node_betweeneess(s, G)

15: betweeneess←accumulate_betweeneess_and_temporal_distance(betweenness,

S, P, σ , s)

16: temporal_distance[s]← min_t

17: return betweeneess ⋅ 1
⋅N ⋅(N−1) , temporal_distance



4
CONCLUS IONS

In this thesis we analyzed di�erent aspects of spatio-temporal data, focusing

on the role of spatial distance. We investigated how distance between cities

in�uences cities’ synchronization and how the clustering radius, when creating

a temporal network description of continuous GPS data, in�uences temporal

networks’ metrics.

Firstly, we have investigated Italian cities’ communication synchronization

and the in�uence of spatial distance over this communication synchronization

by analyzing the CDR data of 76 Italian cities of di�erent sizes. We found

that larger cities tend to be more similar to each other than medium cities

when considering only similarity between call patterns. We also found that

similarity decreases when spatial distance between cities increases. ¿e dri 

due to distance over similarity is less strong in large cities, that are gateway

nodes for the Italian economic system, hence they have an emerging strongly

connected and synchronized network, compared to medium and small cities,

which are more bound to local industries. We observed that the similarity

decreases in a consistent way according to size of the city: large cities are more

similar to large cities than medium cities to medium cities, independently of

the spatial distance, and the same holds for medium cities and small cities.

Finally, our results have shown that cities with higher average synchronization

tend to be richer and to attract more people from other places (e.g. tourists,

business people, and migrants).

However, our work has several limitations: for example, while we could

hypothesize that the high synchronization of some cities (e.g. Trieste, Genoa,

Ancona) is due to their importance for maritime trade routes, this result cannot

be validated by checking per city correlations between the variance-weighted

average of the DTW distances and the amount of traded goods (or similar

indicators about commercial trades). Indeed, to the best of our knowledge, there

is no available dataset that provides information about commercial trades at

city-level granularity. Furthermore, even if our method could be applied for any
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city for which the CDR data is available, for our study we did not have access to

any CDR data, for the same time period, for other world cities. ¿us, we cannot

investigate the gateway role played by Italian cities worldwide. Another possible

limitation is that the telecommunication company TIM, which provided the

CDR data, covered only 30.8% of the Italian market, so we cannot have a full

picture of all users for all operators. ¿ough, it is a fair assumption that this

sample is representative enough of the population of the cities considered.

In our second study, we adopted a temporal network description of spa-

tial data and studied how spatial clustering a�ects the topological features of

location-based dynamical networks. Namely, we showed how a coarse-grain

process based on geographical distance redesigns the network structure chang-

ing both the nodes and the edges among them. We analyzed the behavior of

two synthetic models: random waypoint and s-EPR. Based on the analysis of

the temporal network measures, we identi�ed two categories of behavior: high

mixing mobility (T-Drive dataset and random waypoint), where a single trace

is the result of the movements of multiple individuals and low mixing mobility

(Brightkite and s-Epr), where each trace corresponds to a single person, and

hence has fewer preferential return locations. We have shown that the met-

rics’ behavior is dependent both on the metric and on the clustering radius

and therefore future studies based on spatio-temporal network should take

into account this result when dealing with spatially clustered data. Our results

shows how a �ne tuning of clustering techniques is a key step for preserving

systemic representatives, maintaining individual privacy as well as for reducing

and speeding up the computational e�ort. Finally, we proposed a modi�ed

version of the Brandes algorithm to e�ciently compute temporal betweenness

centrality and shortest temporal paths.

Nonetheless, this latter study is focused only on three speci�c real-life datasets;

in the future it will be expanded to include a wider range of data sources. Fur-

thermore, we limited our analysis to subsamples of the whole networks due to

computational and time constraints. For future analysis, we plan to expand the

study to include larger samples and other metrics (such as motifs). Finally, we

considered the duration of each time frame to be constant and simpli�ed the

model by studying only unweighted directed temporal networks. Future work

could further explore the subject by investigating also weighted networks and
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extending the study to both spatial and temporal clustering with algorithms

other than DBSCAN.
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