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Abstract
e live in a tightly knit world. Our emotions, desires, perceptions and
decisions are interlinked in our interactions with others. We are constantly influencing our surroundings and being influenced by others.
In this thesis, we unfold some aspects of social and economical interactions by studying empirical datasets. We project these interactions into a network
representation to gain insights on how socio-economic systems form and function and
how they change over time. Specifically, this thesis is centered on four main questions: How do the means of communication shape our social network structures?
How can we uncover the underlying network of interests from massive observational
data? How does a crisis spread in a real financial network? How do the dynamics
of interaction influence spreading processes in networks? We use a variety of methods from physics, psychology, sociology, and economics as well as computational,
mathematical and statistical analysis to address these questions.
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Sammanfattning
i lever i en tätt sammansvetsad värld. Våra känslor, önskningar, uppfattningar och beslut är sammanlänkade i vår interaktion med andra. Vi
påverkar ständigt vår omgivning samtidigt som vi påverkas av andra. I
denna avhandling undersöker vi några aspekter av sociala och ekonomiska
interaktioner genom att studera empiriskt data. Vi projicerar dessa interaktioner i
en nätverksrepresentation för att förståhur socio-ekonomiska system formas, fungerar
och förändras över tid. Specifikt så är denna avhandling centrerad kring fyra huvudfrågor: Hur påverkar olika typer av kommunikation strukturen hos våra sociala
nätverk? Hur kan vi hitta ett underliggande nätverk som representerar intressen i
storskalig data? Hur sprids en kris i ett verkligt ekonomiskt nätverk? Hur påverkas
spridningsprocesser i nätverk av dynamiken hos interaktionerna? Vi använder en
rad olika metoder från fysik, psykologi, sociologi och ekonomi, tillsammans med
beräkningsmässig, matematisk och statistisk analys för att besvara de ovanstående
frågorna.
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Preface
was fortunate enough to be raised in a family that praised knowledge and
wisdom. When I was a teenage girl, my mom decided to pursue her dream of
studying psychology at university. It was a tough time for the family of six,
but I always remember her, working during the days and studying during the
nights. During that time, she used to reward me every month with a book about
stars, planets and galaxies. My interests in understanding the universe grew so far
that I ended up reading about Einstein general relativity during one of my school
summer breaks. Not surprising, I chose Physics as a major subject at the university.
What always fascinates me about observing the sky is the notion of looking at the
past and finding beautiful patterns from millions of tiny stars. In addition, observing
the deep and beautiful sky brings a sort of freedom; freedom from the self and unity
with the whole. I became interested in observing patterns and finding ways to explain
the underlying processes.
Looking back, I still follow my interests in finding patterns to understand and
adore the beauty that is behind the complexity; patterns not only in a bunch of
“foolish” particles, but also in highly “intelligent” units like humans. Network science, I believe, brings fresh perspective to combining individual units and understanding them as a whole. The field of network science is highly multidisciplinary
and demands that people in various disciplines collaborate with each other. Such a
multidisciplinary field resembles the time in the past when scholars were profound in
various disciplines at the same time. Later on, science moved towards reductionism
and scientists become proficient in a specific subfield. Now, we are in an exciting
era where we have the right tools, enough empirical evidence and a collaborative
environment to put different pieces of knowledge together and study the system as
a whole. As Erwin Schrödinger, one of the founders of quantum theory, explains in
his inspiring book, What Is Life:

I

“The spread, both in and width and depth, of the multifarious branches of
knowledge by during the last hundred odd years has confronted us with a
vii

queer dilemma. We feel clearly that we are only now beginning to acquire
reliable material for welding together the sum total of all that is known
into a whole; but, on the other hand, it has become next to impossible
for a single mind fully to command more than a small specialized portion
of it. I can see no other escape from this dilemma (lest our true who
aim be lost for ever) than that some of us should venture to embark on
a synthesis of facts and theories, albeit with second-hand and incomplete
knowledge of some of them -and at the risk of making fools of ourselves.”
This thesis is an attempt to weld together knowledge from various disciplines such
as physics, mathematics, social science and economics into the context of network
theory to gain insights on how social and economical systems form, function and how
“more is different” [1].
Fariba Karimi
Winter 2014
Umeå, Sverige
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3.4 The Barábasi-Albert model
3.5 Null models . . . . . . . . .

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
xi

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

.
.
.
.
.
.
.
.
.
.

.
.
.
.
.

1
2

.
.
.
.
.
.
.
.
.
.

3
3
7
9
10
11
13
14
15
15
17

.
.
.
.
.

21
21
24
24
25
26

3.6
3.7

Topological structures of social networks . . . . . . . . . . . . . . . .
Summary of Paper I . . . . . . . . . . . . . . . . . . . . . . . . . . .

26
27

4 Network inference
4.1 Summary of paper II . . . . . . . . . . . . . . . . . . . . . . . . . . .

30
31

5 Contagion models in socio-economic systems
5.1 Social influence models . . . . . . . . . . . . .
5.2 Contagion processes in temporal networks . .
5.3 Summary of paper III . . . . . . . . . . . . .
5.4 Financial systems and defaults . . . . . . . . .
5.5 Summary of paper IV . . . . . . . . . . . . . .
5.6 Disease spreading models in networks . . . . .
5.7 Influential spreaders . . . . . . . . . . . . . .

34
34
37
37
39
39
41
42

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

.
.
.
.
.
.
.

6 Conclusion and remarks

45

Bibliography

47

xii

Chapter 1
Introduction
etworks consist of individual parts and their interactions. Previously researchers assumed that if we know how individuals behave and if we know
the rule of interactions, we know all the essential characteristics of the system because they assumed that the interactions are random. In the late
20th century, however, people found out that this is not the case in many real-world
networks. Real-world networks turned out to exhibit non-random features in the
macro-scale. Since then, much research have been devoted to find the universality of
non-randomness in real-world networks. In recent years the focus of the research has
moved towards understanding how the micro-scale and meso-scale structure of the
networks give rise to macro-scale patterns. The knowledge of the meso-scale structure of networks will help us to model more realistic real-world networks. One aspect
of this thesis is to analyze the micro-scale and meso-scale structure of an empirical
social network.
Is the non-randomness of real-world networks important? The answer is yes. It
turns out that individuals in non-random networks can have different impacts on the
behavior of the networks. For example, a small number of hubs (highly connected
individuals) in a network can influence the behavior of networks in the macro level.
Here, we examine a real case of financial networks to explore how a default spreads
throughout the network of banks and what characteristics of financial networks are
crucial in the outcome of the default cascade.
Another feature of many real-world networks is that they are dynamic. This
means that interactions between individuals are constantly changing over time. The
temporality of interactions is especially important when a piece of information, news
or a disease spreads throughout the network. The temporal networks, therefore, can
give us information about when the information or the disease spreads from one place
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to another in the network. In this thesis, we explore spreading processes in different
empirical temporal networks to gain insights on the dynamics of spreading when we
have information about the time of interactions.
Finally, there are cases where meaningful relationships between individuals are
hidden in massive amount of interactions. This has become a big challenge in the
era of information technology, where a massive amount of information collected from
individuals on a daily basis. In this case, finding the underlying backbone network
of interaction can shed light on how individuals are connected, how they influence
each other and how information can potentially spread in the network. In this thesis,
we use computational power and statistical analysis to uncover the hidden pattern
of information interests in the largest online encyclopedia.

1.1 Outline of the thesis
This thesis has a compilation structure that comprises summary introduction to the
field of research in addition to a summary of each research article that is appended
in this thesis.
The organization of this thesis is as follows: In Chapter 2, I give a short historic
background about networks and introduce general concepts and measures that we
often use in network theory. In Chapter 3, I will discuss the most common network
models and present a summary of paper I that is about the impact of the means
of communication on the network structure. In Chapter 3, I will discuss network
inference and summarize paper II, which is about finding the underlying network of
information interests in Wikipedia edit activity. In Chapter 4, I will discuss social
influence and spreading processes in temporal networks and summarize paper IV,
which is about how the spreading processes differ in temporal networks compared to
static networks. I will also discuss spreading default in financial networks and paper
V, about cascading defaults in an interbank network. In Chapter 4, I will also briefly
discuss disease spreading models in networks. In Chapter 5, I will summarize the
main findings of the thesis.
In writing this thesis, I made use of some good reviews, thesis works and books on
network science. I would like to recommend them for interested readers. Theses by
Holme [2], Rosvall [3] and Miritello [4], an introduction to networks by Newman [5]
and a comprehensive review of network theory by Boccaletti [6] are recommended.

Chapter 2
Networks - Preliminaries
e live in a highly connected world. From online social networks to
man-made systems, networks are all around us. Networks consist
of individuals plus their interactions, but the sum of individual interactions is more than simply summing every individual behavior.
As Gell-Mann puts it “You don’t need more to get something more. That’s what
emergence means”(TED talk on beauty and truth in physics, 2007). The theory of
networks, thus, can guide us to quantify and understand such emergent phenomena
better.
In this chapter I will introduce the basic tools and concepts in the network theory.
But we do not see further if we do not know where we came from a . Therefore I will
first give a short historic background about networks and specifically social networks.

W

2.1 Historic background
“History is only run once!”
— Duncan Watts, Everything is obvious

Network science is an emerging field with roots in many disciplines such as mathematics, physics, computer science, sociology and psychology. To describe all of the
historic backgrounds is beyond the scope of this thesis, but I will try to mention a
few important events. Specifically, I will mention contributions from sociology, psychology and the natural sciences to the foundation of social networks and network
theory in general.
We are social animals. We have developed our communication skills over millennials to adapt ourselves to living in communities. Modern sociology dates back to
700 years ago, when a Tunisian arab, Ibn Khaldun (1332 - 1406) wrote essays on
the history of mankind, evolution of civilization, economic growth, social conflicts
a

“If I have seen further it is by standing on the shoulder of giants.” (Isaac Newton)

4

Networks - Preliminaries

and more [7]. In one of his well-known books, Mughadame, Ibn Khaldun discusses
asabiyeh, which is translated to social cohesion, as a driving force in the formation
and development of groups. From social cohesion, Ibn Khaldun argues that societies
become great civilizations followed by decay and are eventually conquered by another
civilization.
About 300 years later, sociology as scientific discipline was established in the
West by Auguste Comte and others. Around the same time, quantitative methods
to understand such social phenomena such as marriage, crime and suicide rates were
established by Belgian scientist Adolphe Quetelet [8]. In his essay published in 1835,
On Man and the Development of his Faculties, or Essays on Social Physics, Quetelet
describes the concept of an average man, a man who is characterized by variables
that follow a normal distribution.
Truly understanding social phenomena demands studying the psychology of the
human being and her relation to other beings, what is now called crowd psychology
or social psychology. Crowd psychology dates back to 1895 when Gustave Le Bon,
the French social psychologist, published a book called The crowd: A study of the
popular mind [9]. In this book, Le Bon describes the characteristics of a crowd and
the crowd’s influence on individuals. Another famous psychoanalyst who turned his
attention to the relationship between the individual and the crowd was Sigmund
Ferud. In his book Group psychology and the analysis of the ego, published in 1921,
Freud explains mutual induction: the power of the crowd that is induced in the
individual’s act that otherwise would not exist in the isolated individuals [10]. Freud
borrowed the notion of mass in physics to describe a crowd as a “temporary entity,
consisting of heterogeneous elements that have joined together for a moment” (page
7).
Gradually, social scientists started to conduct experiments to verify their theories. For example, in the 1950s, Solomon Asch conducted a series of experiments to
demonstrate the influence of the group on individual perception (social conformity).
In one experiment, individuals were asked to perform a simple task e.g. matching
the lines. In reality, all the other participants were actors except one real participant. The real participant in the absence of the group pressure, responded correctly
to the questions. However, in the presence of the group majority, participants gave
incorrect answer to conform to the group [12].
Asch’s student, Stanely Milgram also performed some remarkable studies about
the influence of the crowd on individuals. Amoung other things, he showed that social
relations are embedded in a small world, known as six degrees of separation. In this
experiment, published in 1967, random subjects were asked to pass a letter from
the west coast to the east coast of the US by sending it to a friend or acquaintance
who might bring the letter closer to the final destination. Each time the letter was
passed to the next person, the step was recorded. Milgram wanted to know how
many steps were needed to connect a random person from the far west to the far
east. It turns out that in many cases, people are separated from each other by only
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Figure 2.1: Königsberg bridges. Euler formulated the problem of finding a way to walk
through the city and cross each bridge only once. Euler used the concept of vertex and edge
to solve the problem. The picture is taken from Ref. [11], available in the public domain.

a few handshakes [13].
Social interaction between individuals is a complex process that cannot be understood without simplifying the process and visualizing it in a proper way. In his book,
Who shall survive?, published in 1934, Moreno introduced sociograms as graphical
ways to show social tie formation in a classroom [14]. In Fig. 2.2, Moreno shows the
attraction between boys and girls in a school.
In the 20th century, many sociologists started focusing on the influence of social ties and contagion processes such as riots or the adoption of innovations. For
instance, in the paper Personal Influence published in 1955, Katz and Lazarsfeld
emphasize that “people rarely act on mass-media information unless it is also transmitted through personal ties” [15]. In 1973, Mark Granovetter, an American sociologist, published a highly influential paper, The strength of weak ties [16]. Granovetter
describes the strength of a tie as “combination of the amount of time, the emotional
intensity, the intimacy, and the reciprocal services which characterize the tie”. He
argues that weak ties are essential to bridging different separated communities in
a social network. He also emphasizes the notion of embeddedness of individuals in
their social relations. As he puts it, “The behavior and institutions to be analyzed
are so constrained by ongoing social relations that to construe them as independent
is a grievous misunderstanding” [17]. In another study, published in 1977, Wayne
Zachary made a three-year observational study of a karate club. During that pe-
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EVOLUTION OF GROUPS

Figure 2.2: Moreno used a sociogram
to illustrate
Class Structure,
1st social
Grade attraction in a school. In this
sociogram,
by triangles18,and
are illustrated by circles. The direchoys are
21 boys
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14 girls.
Unchosen,
GO,girls
PR, CA, SH, FI, RS, DC, GA.
tional arrows
showTS,
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Arrows
with
centered
are mutual attractions. Taken
SM. BB,
VVI, KI. TA, HP, SA, SR, KR line
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from pageCE-HN;
35 of Ref.
[14].5, CE, WO, HC, FA, MB; Chains, 0; Triangles, 0;
Stars,
;

Inter-sexual

Attractions. 22.
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riod, because of the conflict between the director of the club and one instructor,
the club became divided and eventually another organization was formed. In his
paper, Zachary uses a matrix representation to capture the evolution of the network
organization and split [18].
The science of graphs started to take shape in 1735 by Swiss physicist and mathematician Leonhard Euler, who formulated the problem of the Königsberg bridges
[19]. The city of Königsberg is divided into two parts and an island in the middle.
The divided parts of the city were connected by seven bridges. The mathematical
problem was to find a way to walk through the city and cross each bridge only once.
Euler formulated the problem by describing land parts as vertices and bridges as
edges (see Fig.2.1). Euler devised a graph representation of the problem and laid the
idea of topological constructions that are independent from the solid shape of the
objects.
Quantitative methods in social network analysis could not have flourished without
two major advances in graph theory and computer simulations. For example, Kalman
and Cohen, in their paper published in 1960 [20], emphasize the use of computer simulations to model social phenomena. In this paper, they explain the terminology of
defining models in finance and the advantages of using computer simulations compared to analytical approaches. In another work by Davis and Leinhardt in 1967,
they put forward the effort to use electronic computers to examine the significant
amount of cliques in social groups that cannot be explained by random models [21].
In 1959 and 1960, Paul Erdős and Alfréd Rényi used probabilistic methods to
discuss random graph formation and its evolution [22]. Random graphs became
useful tools to investigate the formation of components and percolation on graphs.
Between the years 1980 and 2002, many advances in quantitative sociology, graph
theory in mathematics, chaos theory and fractals in physics, information theory and
artificial intelligence in computer science, in addition to the discovery of scale-free
structure of many biological and social networks [23] and small-world properties of
networks [24], paved the road for new perspectives in the science of complex systems
and networks.
In the next section, I will introduce basic measurements to characterize and quantify networks in general. Many of this measurements will be used later in different
parts of the thesis.

2.2 Preliminaries
A network consists of two essential elements: nodes (vertices) and links (edges) which
connect the nodes. Depending on the context, the names can vary. For example, in
sociology nodes are normally called actors (often divided into ego or alter) and links
are called ties. A network or a graph with sets of V vertices and E edges can be
presented as G = (V, E). In this thesis, I will mainly use the terms node and link
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when I talk about entities in the graph, and I use graph or network interchangeably.
A network can be represented with an adjacency matrix (Aij ) in which the elements
in the matrix represent if there exists a link between each pair of nodes:

1 : (i, j) ∈ E
Aij =
0 : (i, j) ∈
/E
Links between nodes can be directed. This can be shown by arrows (directed
networks) or they can be bi-directional (undirected networks). Thus, in a directed
graph the adjacency matrix is not symmetric. For instance, in Twitter, an online
social platform, users can follow other Twitter users, but the follower-followee relationship is not mutual. In this case, in the Twitter network, the links of who follows
whom are directed. In addition, networks can be weighted. Weight is an additional
attribute to the link that corresponds to the value of the connection. For instance,
in interbank networks in which banks loan money to each other, the banks can be
presented by nodes and the links can be weighted based on the amount of money
that is being exchanged.

Figure 2.3: The Facebook friendship graph of the author’s friends. The nodes represent
the author’s Facebook friends and the links represent where two friends are also Facebook
friends. In this graph there are 238 nodes and 1028 links. There are only 27 isolated nodes
that only connect with the author and they are not shown. The nodes are colored by gender;
the green nodes are male friends and pink nodes are female friends. Dark blue nodes means
that the gender is not specified. The author herself is not shown in the graph. The data is
generated by a Facebook application (netvizz). The graph layout is made in Gephi.

Figure 2.3 shows the author’s Facebook network. A network that has a focal
node (ego) and nodes that are connected to the focal node (alter) is called an ego
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network. In this case, the author is the ego and Facebook friends are the alters. In
the network in Fig. 2.3 the ego is missing and only the connection between alters
is shown. What is striking is that removing the focal node in the graph does not
completely disconnect the small groups.
In the following section, I will discuss basic measurements to characterize networks. We start with the definition of the degree distribution. The degree distribution historically has been an important measure, as it turns out the connectivity
structure of many real-world networks are far from random.

2.2.1

Degree

The degree of a node is the number of links that are connected to the node. If
a network is directed, then the node has in-degree and out-degree. In a simple
undirected graph, let us assume there are n nodes and m edges. The average degree
of the nodes in this graph, hki, is proportional to the number of nodes
and links

n
1
.
The
maximum
possible
links
in
a
graph
is
=
n(n − 1).
in network hki = 2m
n
2
2
Therefore, network density or connectance is the ratio of possible links in the graph:
ρ=

m

n =
2

2m
n(n − 1)

(2.1)

In sufficiently large networks in which n → ∞, if the connectance tends to a
constant, the network is called dense. On the other hand, if ρ → 0 as n → ∞,
network is called sparse.
In a random graph, let us assume degree is denoted by k and there are n nodes
with the probability of being connected to other nodes p, the form of the degree
distribution is a binomial distribution:


n−1 k
p(k) =
p (1 − p)n−1−k ,
(2.2)
k
In the real world, however, connectivity is not random. As it turns out, in many
real-world networks such as the World Wide Web [25], metabolic networks [26] or
even the network of Hollywood actors [27], the degree distribution follows a power-law
distribution. The discovery of the power-law degree distribution, thus, established a
great deal of research on the properties of such networks.
In networks with power-law distribution, the form of degree distribution, p(k) is:
p(k) = ak −γ

(2.3)

in which a is a constant and γ is the exponent that represents the slope of the
distribution. Typically, real-world networks have an exponent in the range from 2 to
3. Moreover, the finite size of real-world networks imposes a natural cut-off in the
power-law distribution [28, 29, 30]. A power-law distribution with an exponential
cut-off can be expressed as follows
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k

p(k) = ak −γ e kc

(2.4)

where kc is constant.
One explanation for the natural cut-offs in real-world networks, especially in
social networks, is that people have a limited capacity for maintaining certain social
relationships. The limited capacity can arise from limited time and resources in
addition to the limitation in the capacity of the social brain. The concept of the
Dunbar number suggests that people are capable of maintaining meaningful social
relationships with roughly 150 individuals [31]. Similar results were also found in
online social interactions such as Facebook [32].

2.2.2

Centrality

Centrality addresses the question of which nodes are the most central in the network.
For example, in marketing, companies target influential people or celebrities to advertise their products in online social networks because the celebrities can be central
nodes in the network [33]. In epidemiology, central individuals have a higher chance
of receiving and transferring the disease to others.
There are different ways to define centrality. A simple measure is degree centrality
that assumes nodes with higher degree are more central. However, degree centrality
is a local measure and does not capture the centrality of the nodes with regard to the
rest of the network. Therefore, there are other measures of centrality that capture
the centrality of the node with regard to other nodes in the network. Here, I define
three of those measures.
Eigenvector centrality Eigenvector centrality captures not only the importance of a node according to its degree but the importance of its neighbors as well.
The eigenvector centrality is proportional to the leading eigenvalue of the adjacency
matrix. Assume κ1 is the largest eigenvalue of the adjacency matrix, and x is our
desired eigenvector centrality, the relation between eigenvalue and the centrality is
Ax = κ1 x,

(2.5)

Thus the eigenvalue centrality of node i is proportional to the sum of centrality
of node i’s neighbors:
xi = κ−1
1

X

Aij xj .

(2.6)

j

Fig. 2.4(a) shows the eigenvector centrality of the nodes in the Facebook network.
Central nodes in this definition are those who know many people or who know few
people in a highly connected group. The definition is not straightforward for directed
networks. For more discussion on this topic, I refer the reader to Ref. [5].
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Closeness Centrality Suppose there exists a path, dij , from node i to j
through the network. Such path is called the geodesic path or the shortest path.
Consequently, the average number of shortest paths for all possible pairs of nodes is
defined as average path length, lG :
lG =

X
2
dij .
j(6=i)
N (N − 1)

(2.7)

Closeness centrality captures how close a node is to the rest of the nodes. Thus,
the average distance of the node i to the rest of the nodes is the sum of all the
geodesic paths that pass through the node i:
l(i) =

1 X
dij .
j(6=i)
N −1

(2.8)

If the node has on average a large distance to the rest of the network, the node is
not central. Therefore, the closeness centrality of the node is defined as the inverse
value of the mean distance
1
C(i) = .
(2.9)
li
Fig. 2.4(b) shows the closeness centrality of the nodes in the Facebook network.
In general, most of the nodes have similar centrality.
Betweenness Centrality Betweenness centrality captures how much the node
is in between other pairs; in other words, how many geodesic paths of other pairs go
through the node. Suppose there are σkj (i) paths that travel through the node i. If
the total number of geodesic paths between k and j is σkj , the betweenness centrality
of node i is
X  σkj (i) 
.
(2.10)
B(i) =
σ
kj
kj
Fig. 2.4(c) shows the betweenness centrality of the nodes in the Facebook network.
In general, most of the nodes have similar centrality except one node that in between
different groups. This node is a close tie to the author and therefore s/he knows
many of the authors’ friends.

2.2.3

Clustering

By definition, a clique is a maximal subset of nodes in which every node is connected
to the other nodes in that subset. A three-node clique, for example, would be a
triangle. Triangles are building blocks of social networks [34]. If person A knows
person B and person B knows person C, in social networks it is likely that person
A and person C also know each other.
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a) eigenvector centrality

b) closeness centrality

c) betweenness centrality

d) clustering coefficient

Figure 2.4: In the Facebook network, the nodes are colored according to different network
measures: a) eigenvector centrality: nodes’ centrality is based on the sum of centrality of
its neighbors. b) closeness centrality: the inverse value of the mean distance of the node
to the rest of the networks. c) betweenness centrality: how many geodesic paths go through
the node. d) clustering coefficient: to what extend node’s neighbors are connected together.
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The clustering coefficient captures to what extent nodes are tied to other nodes
in the network. We can define clustering in two ways: the local clustering coefficient
for individual nodes and the global clustering coefficient for the graph.
For the global clustering coefficient, we count the number of triangles in the whole
network. The global clustering is also called transitivity in the sociology literature
[35]. Assume, a connected triple that consist of three nodes that are either connected
by two links or three links (triangle). By definition, the global clustering is the
number of triangles divided by the total number of connected triples
C=

3 × number of triangles
.
number of connected triples

(2.11)

Note that the factor in the numerator is because each triangle is counted three
times when we count the connected triples. If C = 1, the network has perfect
transitivity and all the components are cliques. C = 0 implies no triangle in the
network, e.g. in the case of a square lattice.
The local clustering coefficient captures to what extent nodes’ neighbours are
connected together. Imagine a node i has N neighbours and ki degree. In an undirected graph, the maximum number of edges that could exist among node i’s
neighbours is ki (k2i −1) . If ei denotes the number of edges that exist between nodes i’s
neighbours, the local clustering of the node is
Ci =

2ei
.
ki (ki − 1)

(2.12)

Fig. 2.4(d) illustrates the local clustering coefficient of the nodes in the Facebook
network.

2.2.4

Assortativity
“The more people do together, the more they
are drawn together.”
— Homans, Human Group

People communicate and create social ties for good reasons. Normally we tend
to interact to those whom we have higher similarities. Such a tendency to create
social ties that depends on similarity is known as homophily or assortative mixing.
In a highly cited review paper, Birds of a feather: Homophily in social networks
[36], McPherson et al. put emphasis on the notion of homophily as a fundamental
backbone of social structure. As they put it, “similarity breeds connection”. This is
important, because if we know what mechanism creates the social structure, we can
model social networks in more realistic way.
Homophily is found in many kinds of social relations such as obesity, smoking
behavior and many more. For instance, Christakis and Fowler found that the weight
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gain of a person is related to the weight gain of her social ties [37]. There are,
however, other studies that criticize Christakis and Fowler’s method because the
homophily and social influence are not distinguishable in social networks [38].
One way to quantify such similarities is the measure of Assortative mixing by
degree. The degree of assortativity shows the tendency of two nodes to be connected
if they have similar degree of connectivity:
P
ij (Aij − ki kj /2m)ki kj
.
(2.13)
r=P
ij (ki δij − ki kj /2m)ki kj
By this definition, r has a range from −1 (disassortative) to +1 (completely
assortative).
Assortativity correlation is an important property in social networks, especially in
the case of the diffusion of information or resilience of networks [39]. For example, in
disassortative networks, removal of the high degree nodes can lead to dis-connectivity
in the network and can be effective in case of targeted attacks. On the other hand,
in assortative networks, removal of the high degree nodes is not completely efficient
since it does not destroy the connectivity in the whole network [40].

2.2.5

Social network motifs and balance theory
“Let A be a man, H a top hat, and C a necktie.
This man greatly likes to wear a top hat, and
greatly dislikes to wear a necktie; but he knows
that the top hat is worn with a necktie: his
situation is very unpleasant.”
— Flament [41]

In the previous section, we described triangles as building blocks of social networks. We learned that social connections motivate triangles in social networks.
Social interactions, however, carry emotional meaning with them that can be positive, negative or neutral. People naturally try to create connections such that the
social interaction creates an emotional stability. Cognitive balance or balance theory
was first proposed by Heider in 1946 to explain those emotional stability. In essence,
the theory suggests that in the connection of two people and an interest, the pattern
of connection between the three entities can be balanced or imbalanced. The balance
pattern is that if ‘p’ likes ‘X’ and ‘o’ likes ‘X’, ‘p’ and ‘o’ like each other [42]. The
notion later was generalized to describe the configuration of many different social
and economic structures [43]. Fig. 2.5 shows different balance and unbalance configurations of positive and negative social ties. The balance theory has been studied in
case of political stability between countries [44] or even the way players treat friends
and enemies in role-playing games [45].
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balance

unbalance

balance

unbalance

Figure 2.5: The balanced and unbalanced triads. Circles are individuals and their social
ties are either positive (friends) or negative (enemies).

In principle, we do not have to restrict ourselves to studying only triangles; we
can study higher order cliques or subgraphs. If a network has statistically significant
subgraphs, those subgraphs are often called motifs.
The concept of a network motif was first introduced in biological networks by Alon
and coworkers. They showed that motifs exist in biological and ecological networks
as well as WWW networks. They used z-scores to compare the significance of motifs
with randomized graphs [46, 47].
In paper I, we analyzed communication motifs in an online community with two
means of interactions between the members in the community.

2.2.6

k-cores

A k-core is a subset of nodes with degree k or higher. Thus, each node has a k-core
index corresponding to the subset to which it belongs. One method to find the kcore index of a node is to start from the whole network and prune all nodes with
the degree one. Then we repeat the search until no node with degree one remains.
That results in finding nodes in k = 1 shell. Then we continue this process for higher
degree nodes [48, 49]. An illustration of the k-core is shown in Fig. 2.6. k-core
analysis is interesting because it captures not only the node connectivity, but also
the nodes’ neighbors’ connectivity. In section 5.7, we will discuss one application of
k-core analysis in disease spreading models.

2.2.7

Pair similarity

From the topological structure of networks, there are different ways to define to
what extent two nodes are similar. One way to define pairs’ similarity is the Jaccard
similarity index. In this definition, two nodes are similar if they share a high number
of common neighbours. Let us assume ΓA is A’s sets of neighbours and ΓB is B’s
sets of neighbours. Nodes A and B have a set of ΓA ∩ ΓB common neighbours.
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Figure 2.6: k-core decomposition of a network. Nodes that are connected to other nodes
with degree k or higher belong to the same shell.

Figure 2.7: Jaccard similarity illustration. Node A has 4 neighbors and node B has
3 neighbors. Node A and B have 2 common neihgbors; therefore, their Jaccard index is
2
2
(4+3−2) = 5 .
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Normalizing with respect to the union of ΓA and ΓB , we get
J(A, B) =

|ΓA ∩ ΓB |
.
|ΓA ∪ ΓB |

(2.14)

Jaccard index thus can vary from 0 (no similarity) to 1 (maximum similarity).
Figure 2.7 illustrates the similarity measure. In paper I, we examined whether or not
the similarity of pairs in the forum communication is correlated with the similarity
of pairs in personal messages.

2.3 Temporal aspects of human communication
Until now we discussed the characteristics of social networks and various measures
to describe networks. The networks we have investigated so far are static, which
means we do not care about when a link or connection occurs. In reality, however,
social interactions are dynamic. Imagine that you visit a dentist today that you
might never meet again. If we assume that the visit to the doctor is a social contact,
the impact of that contact does not influence the social contacts that happened in
the past. When we project all the interactions in a static network representation,
we lose all the information about the time of events that can be crucial. Unfolding
social interaction in time results in so-called temporal networks. Temporal networks
contain more information than static networks. One way of representing temporal
networks is shown in Figure 2.8.
Temporal correlations between contacts are crucial to consider, especially when
there are dynamics on top of the network. Imagine there is a piece of information
passing from person to person in email contacts. If person A sends an email to
person B and person B sends an email to person C, in a static representation the
information has passed from A to C. However, if the email between B and C was
sent before the email that A sent to B, then there is no chance that the information
could have traveled from A to C. In this respect, the temporal correlations can
influence the spreading dynamics compared to the static representation of networks.
We will discuss this in more detail in chapter 5.
Another feature of human communication is burstiness. In our daily life, we
split our time between work, home, social activities, shopping and visiting relatives.
Switching between activities creates time windows in which we focus on certain types
of activity in bursts. For example, answering emails has a bursty behavior, which
means we often answer a bunch of emails in a short time window, followed by a time
window of inactivity. To illustrate this point, Figure 2.10 shows the author’s email
activity over a period of two months.Burstiness can occur on the individual level or
the organizational level. For example, at a conference, the majority of people attend
talks, have coffee breaks and lunch together. In paper III, we show that the such
organized activity can increase the spreading processes in temporal networks.
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Figure 2.8: Two representations of a social network. In the upper part, each node is
represented in a time line and links are social contacts that appear at a certain time stamp
in the time line. In the lower part, the same network is shown without time stamps on the
links.
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Figure 2.9: The inter-event time distribution of an email dataset [50]. The data is logbinned.

One way to quantify burstiness is proposed by Goh and Barábasi [51] using interevent time distribution. Inter-event time is the time lag between two consecutive
events. In Fig. 2.9 the inter-event time of a bigger email dataset [50] is shown.
If events occur independently and uncorrelated, the process is a Poisson process
and is considered to be memoryless. The Poisson process has an exponential distribution in which standard deviation σ and mean µ are the same, σµ = 1. Now, the
sequence of events is defined as bursty if it deviates from a Poisson process
B=

σ
µ
σ
µ

−1
+1

=

σ−µ
σ+µ

(2.15)

Burstiness, B, according to the definition, can vary from -1 (periodic) to +1
(completely bursty). For example the value of burstiness according to the above
definition is 0.68 for email communication [50], 0.74 in a conference interaction [52]
and 0.86 in an online forum data [53].
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Figure 2.10: The barcode shows outgoing email activity of the author over the course of
two months. Each line corresponds to at least one email that the author sent in a minute.
If you use Gmail, you can download your data from Google dashboard.

Chapter 3
Network models
“It can scarcely be denied that the supreme
goal of all theory is to make the irreducible
basic elements as simple and as few as possible
without having to surrender the adequate
representation of a single datum of experience.”
— Einstein

odels are thought experiments that allow us to design different hypothesis and study them by using computational power. With models we can
investigate many aspects of the systems that are difficult to capture in
real-life situations. They allow us to modify the system and repeat the
experiment to investigate which parameters are essential components of the system.
A good model is simple, and unnecessary details are left out [54]. Similarly, network
models can be used to uncover the process of their formation, their functionality and
their dynamics. In this chapter, I will discuss the most common models of networks
such as random graphs, small-world networks and scale-free networks. In addition I
will discuss how we construct null models and their usefulness. Then I will briefly
discuss the topological structure of social networks. Lastly, I will summarize paper
I.

M

3.1 Random graphs
Random graphs are simple representations of networks where all nodes have the same
probability of being connected. The random graph model was first mathematically
described by Erdős and Rényi (ER) [22]; therefore, random graphs are also called
ER-networks. We can define random graphs in two ways. Given sets of nodes, V ,
edges can be added with probability p. Equivalently, given sets of V nodes and E
edges, the edges are randomly distributed among pairs of nodes such that there will
be no loops or multiple edges. Due to their simplicity, many of their properties can
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be derived analytically. If the probability of drawing an edge is p, the expected total
number of edges, hmi, is derived by simple multiplication of the probability p by the
total number of possible pairs:
 
n
hmi =
p,
2

(3.1)


where n2 is the total number of possible pairs in a graph.
Therefore the mean degree in a random graph is
hki =

2hmi
= (n − 1)p.
n

(3.2)

Despite their simplicity, random graphs lack the structure that is often observed
in real-world networks. For example, in many real-world networks, the degree distribution is skewed and they exhibit non-zero clustering and assortativity mixing. In
random graphs when N → ∞, the clustering and assortativity go to zero [40].
Giant components Now given the probability of connection, p, in the graph,
we can investigate the formation of components. When p = 0, the network is completely disconnected and it contains n separated components. In the opposite case,
when p = 1, all nodes are connected to other nodes and the network is an n-node
clique. In this case, there is one giant component in the network that contains all the
nodes. Now let us consider the size of the giant component in the random graphs.
Let us assume the fraction of nodes in the network that do not belong to the giant
component as u. The condition for a node, i, not to belong to the giant component
is: a) it is not connected to a node j, which means p − 1, and b) it is connected
to the node j but the node j is not in the giant component, which is pu. The two
conditions are independent and can be summed. Therefore, the total probability of
the node i not being in the giant component is 1 − p + pu.
The total probability is the product of all the probabilities for a given pair
u = (1 − p + pu)

n−1



c
(1 − u)
= 1−
n−1

n−1
,

(3.3)

where c is the mean degree that is derived in Eq.3.2. Taking logs from both sides,
we get



c
ln u = (n − 1) ln 1 −
(1 − u) ,
n−1

(3.4)

In the limit of large n, we get
ln u = −c(1 − u),

(3.5)
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Figure 3.1: Size of the giant component as a function of the average degree in random
graphs. At c = 1, the size of the largest component suddenly undergoes a rapid change
which is called phase transition.
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and from here we get the form of u
u = e−c(1−u) ,

(3.6)

where u is the fraction of nodes that do not belong to the giant component. We
define the fraction of nodes in the giant component by S = 1 − u. Consequently we
can derive S from the definition of u
S = 1 − e−cS .

(3.7)

The last equation shows that the size of the giant component is proportional to
the average degree (c) in the random graph. Solving the equation analytically is not
simple, but we can see the form of the function by numerical analysis. Figure 3.1
shows the from of the equation 3.7. What is interesting here is that as the average
degree increases, the size of the giant component undergoes through a phase of a
sudden change that is called a phase transition. Put differently, we observe that the
random graph can have a giant component only for c > 1.

3.2 Small-world networks
In analogy to the small-world phenomenon that Milgram introduced, Watts and
Strogatz introduced a model of networks, small-world graphs, in which their topology
lies somewhere between regular and random graphs [34]. Regular graphs are graphs
where all nodes have the same degree, e.g., in a lattice all the nodes have degree four.
The model starts from putting all nodes in a lattice (regular) and links all nodes to
their nearest neighbors. By increasing the probability, some links are picked at
random and connect nodes at a farther distance. By increasing the probability of
picking links, the network eventually becomes completely random. See Fig. 3.2 for
an illustration of small-world graphs. Small-world networks have short path lengths
and high clustering coefficients, which makes them better models to compare with
real-world networks. Small-world network models, however, do not capture the broad
degree distribution that exists in many real-world networks [5].

3.3 Scale-free networks
As we discussed previously, many real-world networks show degree distributions that
follow a power-law. Such networks are called scale-free, meaning that no matter the
scale of the system size, it always exhibits a structure similar to fractals. Because
of the power-law distribution of the degree, there are nodes in the network with a
large number of degree. These high-degree nodes are often called hubs. Hubs are
specifically important in transmitting information or diseases to other nodes in the
system because they are connected to large number of nodes.
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Figure 3.2: The left figure panel shows a ring with nodes that are connected to their 4
nearest neighbors. As probability p increases, we randomly pick an edge and reconnect it to
nodes that are chosen at random. As p increases, the network becomes completely random.
For intermediate value of p, the graph has small-world properties.

The models we have described so far do not capture the network formation process. In the next section, I describe a network model that takes growth into consideration.

3.4 The Barábasi-Albert model
One explanation of the nature of power-law degree distribution in real-world networks
is that nodes with higher degree are more likely to be attached to new nodes. This
explanation is similar to the “rich get richer” phenomenon described by Simon in
1955 about wealth distribution [55]. Barábasi and Albert (BA) used a similar idea
known as preferential attachment to explain the growth of networks and emergence
of the power-law degree distributions. It is worth mentioning that prior to the BA
model, Price discovered that a similar process can explain the emergent of power-law
distribution in citations networks [56].
The preferential attachment model is constructed as follows: the network starts
with a few nodes that are connected arbitrarily. The network grows by adding a new
node in each time step to m different nodes. The preferential attachment rules imply
that the probability of an old node i being attached to the new node, pi , depends
linearly on its degree ki
pi = P

ki

v∈V

kv

.

(3.8)

The BA model generates power-law degree distributions with clustering and as-
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sortativity coefficients that tend to zero. Despite its simplicity, the model still lacks
some aspects of social networks, e.g., in social networks, the number of connections
that people tend to hold is limited [31].

3.5 Null models
Empirical networks often have many non-random features that are difficult to capture
by simple network measures. To examine what network properties are significant in
a certain empirical network, we can use a network model as a null model to compare
the results. For instance, to measure whether or not the clustering coefficient in
our empirical network is significant, we need a model to preserve the degree of each
individual node and randomize the meaningful relationships between nodes. In other
words, we want to capture, given the same condition as in the empirical network,
what are the other possibilities that a network could be formed. Other motivation
for having null models is to detect other structures than the degree distribution. To
keep the degree of the nodes intact, one model is the link reshuffling method [57]. In
this model, two pairs are randomly selected from the empirical network, e.g. (A-B)
and (C-D). We rewire the links such that A becomes connected to D and B becomes
connected to C only if the pairs are not already linked. Such method conserves the
degree connectivity of each node. In paper I, we make use of this null model to
measure the significance of the clustering coefficient and assortativity in an empirical
network.
Another null model that preserves the degree distribution is the configuration
model. In this model, the degree sequence is given by the network. Thus we pick
the fraction of nodes in the network based on the distribution and assign links to
the nodes as ”stubs” that are sticking out the node. Then we choose pairs of stubs
randomly and connect them. This process can generate all the possible topological
structures of the network given the degree sequence [58, 59]. One drawback of the
configuration model is that it can generate self-loops and multiple edges. However, for
relatively sparse graphs with moderate size, multiple iterations of the algorithm can
generate graphs without self-loops or multiple edges. In paper IV, we use different
null models to gain insight what characteristics of interbank networks are crucial for
default cascades.

3.6 Topological structures of social networks
In the previous chapter, we described common measurements that are used to characterize networks. Social networks in particular have certain characteristics that
separate them from other types of networks. Social networks in general consist of
nodes that are mainly human beings and links that represent some kind of social
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interactions. Examples of social networks are film-actor collaboration, company directors, email networks, forum discussion networks, sexual networks and so on.
Many real social networks have the small-world feature, meaning they exhibit
short path lengths [34]. This feature, as we mentioned in the introduction, was first
introduced by Milgram in the 1960s. Milgram studied how many steps are needed
to pass a message from the west to the east of the United States [13].
The short path length property is often associated with a high clustering coefficient that results in the creation of groups and communities in the network. The
presence of communities in social networks also results in higher assortativity which
does not exist in other networks [60, 29, 61, 30].
Groups and communities are linked together by a subset of individuals that act
as bridges. Bridges are also called weak ties. Bridges are responsible for transmitting
information or disease between communities. Granovetter argues that weak ties are
crucial when it comes to finding a new job [16]. In the Facebook network we saw
earlier, Fig. 2.3, there are five distinct interconnected groups that are linked together
by intermediate links that act as bridges.
The topological characteristics of networks consequently affect the dynamical
processes on top of the network, e.g. cascade of information adoption or default
contagion in financial networks. We will discuss such dynamical processes in chapter
5.

3.7 Summary of Paper I
In the previous section, we discussed general characteristics of social networks. However, to capture similarities and differences in the structure of networks with respect
to the type of interaction, we need a comprehensive analysis that contain different
types of interactions in similar sets of condition. In paper I, we study a unique
dataset of an online community that contains two communicational means among
their members: members can interact in public forums and they can send direct
messages to other members of the community. Therefore, we are able to compare
the fine-grained structure of social networks with respect to the type of interaction.
In the online social network, communication between members is in two forms: public (open) in the form of forum discussions that is visible to other members, and
direct (personal) communication that is not visible to other members of the community. Such networks that consist of more than one type of interaction among nodes
are called multiplex networks [62]. An example of a multiplex network is shown in
Fig. 3.3, where nodes are connected either by green or red interactions.
It turns out that some features of online communication are similar to the offline
interaction in terms of broader connectivity in open space and limited and selective
connectivity in the personal space. We assigned a weight to the links representing
the number of times that a link is active. We observe that the link weight is broader
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Figure 3.3: In this multiplex network, nodes are connected with two types of interactions
shown by red and green colors.

in direct communication. The interevent time distribution, the time lag between two
consecutive activities of the user, is generally broader in answering messages than
replying in forums.
In this paper, we have defined two simple measures to capture sociality and
interactivity of the users. Sociality is measured by the degree of the connectivity that
is normalized by the total time that the member is observed in the database. We see
that there is an upper bound of 20/day which means that members do not interact
with more than 20 other members per day. Interactivity is measured by aggregating
all the interactions that the user has, normalized by the total time that the member
is observed in the database. We observe that the upper limit for interactivity is
32/day.
In sociology, social investment theory is defined as investment or commitment to
adult social roles [63]. One of such social roles is making and maintaining friendship
ties. Although the definition of friendship in online context is rather vague, there
are certain aspects that can be studied. In this paper, we measured the time that is
needed for creating new social tie comparing open and direct communication. Our
analysis shows that in the direct communication it takes longer for users to create
new social ties compare to open forums. Furthermore, we observe that the more ties
a member has, the longer it takes to create a new tie. Put differently, the direct
communication not only takes time to create, it also takes time to maintain.
In the macro-scale structure, the two networks of direct and open communication,
display common features such as similar assortativity, transitivty and reciprocity.
Because our network is multiplex, we can analyse various communicational motifs
that combine open and direct links. The communicational motifs can be considered
as the building blocks of the community. It turns out that the significant motif in
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this multiplex network is the motif of forum-forum-forum triads.
Overall, our analysis suggests that, at a micro scale and meso scale there are
differences in online social networks that reflect the purpose of the communication.

Chapter 4
Network inference
“The purpose of computing is insight, not
numbers.”
— Hamming , Numerical Methods for
Scientists and Engineers (1962)

n network science, if we deal with empirical datasets, our knowledge about the
system is incomplete. Normally we have access to partial information of a possible correlation between events. Thus, in many cases our empirical network
is sparse and we try to find patterns from the existing information [64]. However,
there are also cases where the patterns are not apparent from direct observation and
the interconnection between the entities in the system is not clear. Therefore, overwhelming amount of information about a system can hide the underlying “backbone”
networks.
One example of finding the network backbone is in weighted networks. There are
cases where the high density of connections results in densely connected weighted
links, e.g., an air traffic network or bluetooth interactions. In these cases, the resulting weighted network is very dense, which makes it difficult to distinguish the
significant links from random interactions. Hence, filtering methods can be used to
prune the random interactions by removing uncorrelated weights and discover the
backbone network. One simple method to tackle this problem is to put a threshold on
the weights. This filtering method has been used in studies such as finding temporal
correlations in the network of human brains [65] or pattern of food webs [66].
The thresholding method is only useful if the intensities of the links are independent and identically distributed [67]. However, in many real-world examples, the
weight distribution is not distributed identically. Therefore, the thresholding method
underestimates the significant correlation between heterogeneous correlated events.
Instead of using a global perspective toward filtering, we need to consider node level
link inference. One example of node level link inference is proposed by Serrano et al.
[67] using disparity filtering. In their method, they preserve links but reshuffle the
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connections. Similar filtering methods are used in inferring social ties from mobility
data, social networks of birds, correlated topics in text recommendation systems and
metabolic networks [68, 69, 70, 71].
In paper II, we used statistical analysis to infer significant co-occurrence in
Wikipedia geo-edits. If two regions, for example, countries, happen to co-occur in
editing certain articles more than expected, then we draw a link and assign a weight
related to the strength of their co-occurrence. Thus, we will be able to infer a graph
of countries that are clustered depending on their common information interests.

4.1 Summary of paper II
In this paper, we use the largest online collaborative encyclopedia, Wikipedia, to
investigate the edit behavior of the editors in different geographical locations. The
reliability and popularity of Wikipedia worldwide gives us a unique opportunity to
study cross-cultural analysis such as which nations edit similar topics and the time
correlation between edits. Editors in Wikipedia are people from various backgrounds
and education who contribute by creating and sharing content in the world’s largest
online encyclopedia. Therefore, the articles that people edit reflect the importance
and relevance of the topic to a certain region. In this paper, we examine the locality of
topic edits by using the link inference method described above. From the IP addresses
of unregistered editors, we extract their geographical location with a resolution of
country level. For each Wikipedia article, we also extract all language editions of the
article, to ensure that our analysis is not biased to a certain language.
From the data of topics and locations, we are able to measure which pairs contribute to which topics. To ensure that our analysis is not biased toward the activity
level in different countries, we use a null model. We build the null model based on
knowledge of the probability theory. Given the edit size of an article and the activity
level of a country, we use multinomial distribution to estimate the expected mean
and variance of a country pair co-occurrence edit in the same topic.
To illustrate why we use a multinomial distribution, suppose we are interested in
finding out if the occurrence of certain colored balls in a basket is random or not.
There are N balls with k different colors and there is an empty basket that can
accommodate n balls. If the probability of picking a ball, i, is pi , and the number
of extracted balls with color i is xi , the probability function of picking n balls is a
multinomial distribution:
k

X
n!
px1 1 ...pxkk , when
xi = n.
f (x1 , ..., xk ; n, p1 , ..., pk ) =
x1 !...xn !
i=1

(4.1)

The above distribution gives us the mean and variance of the co-occurrence of
different balls in a basket. Thus it can be used as a null model to evaluate the significant occurrence. Now in the case of multiple comparisons—in this case, k different
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network representation
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time-line of articles geo-edits
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Figure 4.1: Time and location of edits are extracted from randomly selected Wikipedia
articles. Projecting all the co-occurrences of places (countries) as weighted links results in
a densely weighted network. Thus, we use a null model (topical model) using multinomial
distribution to check the significant co-occurrence. The null model performs random reshuffling of edits. Then, the results of the null model are compared with the empirical weighted
links and insignificant links are filtered. The network that is extracted from the filtering
method is shown in the bottom right.
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colors—we make use of the Bonferroni correction to correct for false positives.
Thus we are able to compare the empirical observation with the null model and
infer significant links. Extracting significant links results in a network where countries are nodes and links represent common information interests. Furthermore, by
using clustering analysis, we find that countries with similar cultural and language
backgrounds are more likely to be in the same cluster.
In conclusion, the tendency to edit Wikipedia articles is dependent on language,
geographic and historic backgrounds. Although the means of communication have
become global, people’s interests still remain local. The locality in interests result in
limitation for propagation of information exchange. Therefore, the network backbone
extracted from the information interests can be used to study information spreading
on a global scale in more realistic way.

Chapter 5
Contagion models in
socio-economic systems
e are inevitably embedded in a network of interactions with other people. Consequently, not only do we carry our decisions, behavior, culture or even diseases with us, but we can also exchange them with
other people in the network. On the global scale, all those local exchanges create global contagion in the network. Therefore, truly understanding many
contagion phenomena such as riots, diffusion of innovation, technology adoptions or
disease outbreaks requires investigating not only the individuals but also the network
of their interactions. In this chapter, I will mention previous works on modeling of
social influence and impact of the network topology in static networks. Then, I will
summarize paper III in which we expand the social influence model to temporal networks. In addition, I discuss one example of default contagion in financial systems.
Lastly, I discuss disease spreading models in networks and the impact of individuals
on the spreading processes.

W

5.1 Social influence models
“If you think it is easy to violate social
constraints, get onto a bus and sing out loud!”
— Milgram, Psychology in Today’s World

Models of the adoption of opinions and spreading of technologies and innovations
have long been of interest to mathematicians, economists, medical experts and social scientists. Marketing campaigns use rumor-like strategies and target influential
individuals to sell their products. Individuals have an influence on the crowd, and
they are being constantly influenced by the crowd.
In one example, Milgram conducted an experiment to demonstrate the social
influence and the power of the crowd. In the experiment, he brought 15 students to
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a busy New York City street as a stimulus crowd. Their task was to look up to the
sky. Milgram showed that, as the size of stimulus crowd increases from 1 to 15, the
number of passerby who stop and look up to the sky increases [72]. Such experiments
demonstrate the impact of group size on individual behavior.
In a larger scale, understanding the emergence of crowd behavior demands studying individuals and their connectivity in the network. Davis in 1969 argues that the
probability of an entity (rumor, message, news, ...) flowing from one person to another is proportional to two factors: 1) related to the number of positive ties between
the pair and 2) inversely related to the path length [73]. In 1978, Mark Granovetter
put forward the effort to propose a simple model to explain social contagion mechanism, a threshold model. A threshold model describes the benefits of making a certain
decision, for example joining a riot, in the case of social influence. If the proportion of
individuals’ friends who joined the riot exceeds the net costs of making that decision,
the individual decides to join the riot [74]. Consequently, the threshold mechanism
can trigger a cascade of riots in the global scale.
The threshold model is simple and intuitive and generates different outcomes
dependening on the threshold variations. In 2002, Watts used the threshold model
to demonstrate that the topology of the network has an impact on the outcome. He
showed that the type of network connectivity, imposes a limitations for the cascade to
occur [75]. This means that regardless of the quality of the entity that is spreading,
the impact of the contagion can be determined by the connectivity between the
individuals. In Fig. 5.1, the size of the cascade (the final fraction of adopters) is shown
with respect to the value of the threshold and the mean degree of a random graph.
In networks with high connectivity, cascade do not occur if the threshold is large. In
other words, nodes that are better connected are exposed to more individuals and
therefore the fraction of their neighboring adopters decreases.
Another class of rumor spreading models is the so-called DK model. Inspired
by epidemic spreading models, Daley and Kendall proposed a mathematical model
for rumor spreading in 1964 [76]. In their model, people are compartmentalized as
spreaders, stiflers and ignorant. The model follows the same methodology as the
epidemic spreading model, with sets of differential equations and rate parameters.
Although the DK model is richer, the threshold model is more tractable and takes
into account the individual differences.
Despite the existing models of social influence and spreading in the network,
fully understanding the social aspects of spreading demands studying real systems.
Recent advances in data collection enable researchers to use empirical data sets to
gain insights on the dynamics of spreading in social networks. Examples of those
empirical studies are online social networks, e.g., Facebook [77, 78], email data [79, 80]
and mobile phone data [81, 82].

36

Contagion models in socio-economic systems

Figure 5.1: Average connectivity of the graph affects the cascade size (fraction of
adopters). As the threshold value increases, nodes are more resistant to adoption. However, for even small values of the threshold, the connectivity of the graph puts a natural
constraint on the cascade to trigger globally. The graph is random with 10000 nodes and
the results are averaged over 100 iterations.
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5.2 Contagion processes in temporal networks
One crucial aspect of many real-world networks is that they are dynamic or temporal.
The temporal correlations between contacts and burstiness can have an impact on
the spreading process in networks. For example, in the case of information spreading,
if a piece of information is passed from individual A to B, it can only potentially
pass to other contacts that occur afterwards. If there is a contact from B to C that
occurred only in the past, the information cannot pass to C from B. Figure 5.2
illustrates the information passing through contacts in the temporal order.

A
B
C
D
a)

time

b)

time

Figure 5.2: Timeline of the contacts between four nodes. There is an information that
pass from A to B that is shown in red. In panel (a), the information cannot pass from B
to C because the contact (B − C) was established before the contact (A − B). In panel (b),
the information passing from A to B can also pass from B to C and consequently from C
to D.

Some studies show that the temporal correlation is in favor of speeding up the
outbreak size [83], whereas other studies suggest the opposite [84]. In paper III, we
show that the temporal correlation of events mainly slows down the size of the cascade
compared to a static representation of networks. However, it is also important to
consider how the burtiness is manifested in the system. For example, we found
that, in face-to-face contact data in a conference [52], the organizational burstiness
increases the cascade size.
Another approach to studying the temporal correlation in networks is to trace
the time-dependent paths in the network. The events that occur in a certain time
order are non-Markovian processes [85, 86]. The non-Markovian paths result in a
certain betweenness preference and other topological structures in the aggregated
network [87]. In a recent paper, Sholtes et al. argued that the slow-down or speedup effects of the spreading process in temporal networks are related to the way that
the communities are formed in the non-Markovian paths [88].

5.3 Summary of paper III
In this paper, our goal is to investigate the impact of the temporal correlation of
contacts on the threshold model. In this model, each node has a binary state (‘0’ or
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‘1’). Initially all nodes are assigned to state ‘0’. A single seed is chosen at random to
have state ‘1’. The aim is to study given a threshold for each node and connectivity
of the nodes, what fraction of the network switch to state ‘1’. We assign a threshold
value to nodes and we let the nodes be exposed to their connections in a temporal
order. To make the spreading process more realistic, we define a time window in
which the previous contacts influence the decision of adoption. If the contacts are
outside the time window, their influence has vanished and they are ignored. As time
goes by, individuals encounter new contacts, thus the recent contacts are replaced
with older contacts in the fixed time window. We then investigate at the end of
the simulation, meaning after scanning all contacts in the temporal fashion, what
fraction of the system has changed to state ‘1’.
We use six different temporal datasets: email exchange at a university [50], selfreported sexual contacts from a Brazilian online forum [89], face-to-face interactions
between conference attendees [52], a Swedish Internet dating site [30] and a Swedish
community for rating and discussing films (personal messages and public forum discussions) [90]. We use null model by reshuffling the temporal order of contacts, to
compare our results (see Fig.5.3).

a
b
c
d
e
f
g
h
i
j
a) temporal order

b) temporal order reshuffled

Figure 5.3: To investigate the impact of the temporal order of contacts on the spreading
processes, we run the model on both temporally ordered contacts and temporally reshuffled
contacts.

We find that the size of the time window has an effect on the overall cascade
size; as the size of the time window increases, the size of the cascades decreases.
In other words, if we assume that all contacts have an equal impact, we might
underestimate the size of the cascade. Another result is that in most cases, except
the conference data that the burstiness is manifested in an organizational level, the
temporal correlations slow down the cascade process compared to the null models.
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5.4 Financial systems and defaults
One important application of network theory is in finance. In recent decades, economists
have realized that using only agent-based models is not enough to fully grasp large
scale financial phenomena [91]. Specifically, global financial crisis attract more attention to the network aspects of financial markets. Interbank networks are one form
of the financial systems that are the focus of this section.
In interbank networks, nodes are banks. If banks lend money to other banks, there
is a link between them. The link can be weighted by the value of the loans. Thus, we
are able to construct a weighted directed network of the interbank exposures. Banks
are exposed to risk if their neighborhood banks (borrowers) are unable to repay their
debt. In severe cases, the default of a bank will lead to a chain of defaults in the
system. Such interbank exposure networks specifically attracted attention after the
financial crisis in 2008 [92]. An early study of the topology of the interbank market
was done by Boss et al. in 2004. The authors studied the Austrian interbank network
over the course of 3 years. Other interbank networks have been also studied such as
Brazilian interbank exposure [93], Mexican banks [94] and the Italian e-mid market
[95]. In paper IV, we analyse the cascade of defaults in the Italian e-mid dataset.
Figure 5.4 illustrates a network snapshot of the e-mid network. Banks are nodes and
directed weighted links are the loans with different sizes. If one bank is not capable
of repaying its loan, shown by a blue circle in Fig. 5.4 b, a shock can propagate to
the nearest lenders as well as to other banks.
Despite some evidence that the interbank systems are under the influence of
external factors such as central bank and international cooperation [96], the first
step towards understanding the crises is to study which aspects of the real interbank
networks are important in the spreading process of default and that is the focus of
paper IV.

5.5 Summary of paper IV
In this paper, we analyze cascades of defaults in an empirical dataset of an interbank
loan market (e-mid). The novel feature of this study is that we use empirical data
to construct the network of the interbank market. In such a graph, nodes are banks
and weighted links represent the amount of loan that is exchanged.
To model a realistic interbank network, we derive a balance sheet for each bank
based on its liabilities and assets that is reflected in the amount of money they
exchanged on a daily basis. Italian e-mid data is an overnight loan market; that
means all obligations should be re-payed the next day. Therefore, we take daily
snapshots of the dataset and create an independent weighted directed network for
each day and regard each day as an independent network. In this case, the impact
of default spreading is instance.
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Figure 5.4: Left: a snapshot of the network of the Italian interbank loan market, e-mid.
Nodes are banks and links are loans. The node size is according to their degree and the
link size is according to the loan. Right: interbank network under default shock. The bank
in the blue circle defaults and it gives a shock to its lenders. Consequently the shock can
propagate trough its neighbors to other banks.
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Our cascade model is inspired from previous studies, e.g., [97]. In this model,
we choose one bank as the initial defaulter. The initial defaulter is not capable of
repaying its loans. Consequently, banks that lent to a defaulted counterpart suffer a
shock. In each iteration, we update the balance sheet of the banks and their financial
assets (including their capital). Depending on the amount of capital, the banks may
withstand the shock or default. If a bank defaults, the shock will transmit to its
borrower. If the capital of the bank is enough to withstand the shock, the bank will
only lose part of its capital. In our model, we made a realistic assumption that the
distribution of the shock to bank’s neighbor is not purely based on its degree, but
also based on the weight of the links. In other words, shocks are distributed based
on the size of the loans.
In the micro level, we analyze the banks that cause the initial cascade (initial
defaulter) and the banks that default (vulnerable banks). We find that the in-degree
of the initial defaulter is a crucial factor in the size of the cascade. Furthermore,
banks with a higher core numbers cause higher cascade. The vulnerability of the
banks is correlated with their out-degree, meaning that more counterparts a bank
lend money to, the more it increases the chance of receiving shocks. The probability
of default increase with the closeness centrality until a certain point. If the banks are
highly central, the probability of the default decreases. Our analysis emphasizes that
degree, centrality and coreness are crucially related to the banks’ ability to withstand
default shocks.
We then compare the results of the cascade in empirical interbank network and
different null models by fixing the loan size or connectivity. We find that the assumption of a random network, that has been regarded in other studies [97], overestimates
the overall cascade size. Similarly, the assumption of homogeneous link weights overestimates the size of the cascade. In overall, the empirical interbank networks exhibit
non-random features in their connectivity and loan size that should be considered
when studying financial instability.

5.6 Disease spreading models in networks
“Human beings are members of a whole,
In creation of one essence and soul.
If one member is afflicted with pain,
Other members uneasy will remain.
If you’ve no sympathy for human pain,
The name of human you cannot retain! ”
— Saádi Shirazi, 13th century

We conclude this chapter with one important models of spreading that is disease spreading. Controlling, predicting and preventing infectious diseases are crucial
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tasks for experts in public health. To control an epidemic, we must understand
the dynamics of the spread of a disease in the population. One common mathematical modeling of disease spreading models is compartmental models. In 1906,
Hammer proposed a model that contains one compartment of susceptible individuals
and one compartment of infected individuals and a probability of infection between
the two compartment [98]. In this model, the population within a compartment was
assumed to be well-mixed, meaning that everybody interacts with everybody else
equally. Later the model was extended by Kermack-McKendrick what is now known
as the SIR model [99]. In the SIR model there are three compartments; Susceptible,
Infected and Recovered or Removed (SIR). The population moves from the susceptible to the infected compartment by transmission probability ρ and from infected
to recovered with a probability µ. The recovery probability is inversely proportional
to the infection duration ( µ1 = Tinfection ). The dynamics of the population movement
between compartments are described by a set of differential equations:
ds
= −ρsi
dt
di
= ρsi − µi
dt
dr
= µi
dt

(5.1)
(5.2)
(5.3)

where s, i and r represent the fraction of individuals in the three compartments:
s + i + r = 1.

(5.4)

Using Eq. 5.3 and 5.4, we can derive the time evolution of the SIR model. The
numerical results are shown in Fig. 5.5.
An epidemic outbreak is affected by three main factors: people who transmit
the pathogen, the infectious agents and the environment in which the infectious is
dispersed. In most cases, the characteristic of the pathogen and environmental effects
such as the seasonal effect have been studied extensively by the medical community.
However, from the network prospective, we are interested in people who transmit
the disease. In the following section I will discuss the research on finding influential
spreaders in networks. For an extensive review of the epidemic process in networks,
see Ref. [100].

5.7 Influential spreaders
In an epidemic, individuals are responsible for transferring the infection among themselves in a network of interactions. However, individuals do not contribute to the
process of spreading equally. Some individuals in particular generate more infected
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Figure 5.5: Time evolution of the SIR model. The parameters that are chosen in this
example are ρ = 0.05 , µ = 0.005 , s0 = 0.99 and i0 = 0.01.
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cases than the average population. Those individuals are so-called super spreaders
[101]. One historic example of a super spreader is “Typhoid Mary”. She was a cook
and an asymptomatic carrier of typhoid fever between. Over the course of seven
years, 1900 to 1907, Typhoid Mary worked as a cook for different families and infected 53 people with the disease [102]. Another debated example of the early HIV
epidemic in the United states is about a Canadian flight attendant named Dugas,
who was known to have a major role in bringing AIDS to the United States [103].
Such stories highlight the importance of understanding the role and location of
the influential nodes in the social network. By eliminating and isolating superspreaders, we can make sure that the population reaches a certain immunization.
Since many social networks are scale-free, it is not surprising to assume that most
connected individuals (hubs) are important contributors to the spreading [104, 105,
106]. In addition, nodes that are situated in the network such that many shortest
paths go through them have higher betweenness centralities and can be important
in terms of spreading [107, 108]. Another measure of the importance of the nodes
is the k-core index which measures not only the connectivity of the nodes but also
nodes’ neighbors’ connectivity. Kitsak and colleagues showed that virus persistence
increases with the k-core index of the nodes and the k-core index is a better predictor
of the epidemic outbreak than the degree [109]. Intuitively, nodes in a higher k-core
index can easily receive the infection and transmit it to a large number of nodes,
whereas high-degree nodes in a low k-core shell can transmit the infection to their
neighbors but the infection does not extend further.

Chapter 6
Conclusion and remarks
e saw previously that many advances in network science were sparked
by the discovery of the scale-free degree distribution of many realworld networks. Although we have observed the scale-free structure
in various empirical networks, more research is now focusing on uncovering the micro-scale and meso-scale structures of networks that result in the
macro-scale structure.
In this thesis, one aim was to uncover those meso-scale structures of social communication and their impact on the macro-scale structure of social networks. We
found that in the micro-scale and meso-scale, there are differences in the way individuals interact. Those differences can be explained by the means of the interaction
that they choose. More specifically, we found that people are more social and interactive in open spaces such as online forums. On the other hand, in personal spaces
such as online messages, people are more selective in terms of their social interactions. Overall, we see that to fully understand the emergence of macro-scale pattern
in networks, we need to find the means of communication and put the interactions
in context.
As our means of communication become global, e.g., the ability to share and edit
information online, it is not clear to what extent our interests have been converged.
The availability of the Wikipedia edit activity dataset allowed us to address this
question to some extend. We connect geographical location of the editors (country)
if they edit similar Wikipedia articles (similar information). Since the edit activity
in each country is biased towards number of active editors, we needed to develope a
null model to filter the noise and find significant correlation between countries and
the articles they edit. After applying the filtering analysis, we found that there are
indeed clusters of countries that have similar information interests. The clusters show
that language, culture, geographic and historic backgrounds are potential factors that
polarize interests of countries in terms of the content that they care and exchange in
Wikipedia.
As we saw in the previous chapter, the structure of the network enforces a con-
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straint on the spreading processes in the networks. In this thesis, we have modeled
the spreading of default that causes cascades in a financial network. We found that
spreading in financial networks, like other real-world networks, exhibits non-random
features in connectivity and loan sizes.
Projecting all interactions in a static network is the classic approach in network
science. However, in reality many of the interactions are dynamic. The temporal networks that assume the time of the interactions contain more information and thus
they are more realistic representation of many real-world networks. Having more
knowledge and information about the interactions can guide us toward a better understanding of spreading processes in networks. In this thesis, we have examined the
role of temporal interaction on the spreading processes compared to static networks.
We have found that indeed the temporal networks exhibit different spreading dynamics compared to static networks. More explicitly, we found that, in many cases, the
temporal correlations slow down the spreading processes on the real-world networks.
Overall, the main contributions of this thesis are:
• Investigating the micro-scale and meso-scale structure of social networks in
which the means of communication shape the social network.
• Finding the network backbone of information interests on the global scale.
• Investigating the spread of defaults in financial networks.
• Exploring the impact of temporal interactions in the spreading processes in
networks.
This thesis was an attempt to put together pieces of knowledge from different
disciplines to gain insight about the macro-scale structure of the socio-economic
systems that arise from micro-level interactions. I would like to end this chapter
with a quote from Schrödinger that beautifully summarized the purpose of doing
science [110]:
It seems plain and self-evident, yet it needs to be said: the isolated knowledge obtained by a group of specialists in a narrow field has in itself no
value whatsoever, but only in its synthesis with all the rest of knowledge and only inasmuch as it really contributes in this synthesis toward
answering the demand, “Who are we?”.
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