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Abstract

Controlling epidemic outbreaks is, and has throughout history been, a major
problem for society. Vaccination campaigns are important events that can be
used to mitigate the spread of epidemics. Vaccination of an entire population
is rarely feasible in real-world situations and therefore it is of interest to find
methods that can predict important individuals which, when vaccinated,
have a significant contribution to the immunization of a population. A
majority of the previous research on network epidemiology has focused on
static network topologies, where contacts are modeled as permanent events.
Recently, scientists have started to use temporal networks, where contacts
are not continuously active in time, for contagious disease studies.

In this thesis, we propose a method to estimate the future importance of in-
dividuals with respect to disease spreading. The proposed method is based
on practically obtainable local contact information of individuals and could
thus be implemented in practice. In order to evaluate the efficiency of the
proposed method, it is implemented as a vaccination strategy. We study the
performance of the vaccination strategy with the help of computer simula-
tions of diseases which spread upon person to person contact in a number
of real-world temporal networks.

With the help of comparative studies, we find that the proposed method
outperforms a benchmark vaccination strategy for a number of empirical
networks. This indicates that the method is able to estimate important
individuals with respect to disease spreading.
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Sammanfattning

Att kontrollera epidemiska utbrott är, och har varit, ett stort problem för
samhället. Vaccinationskampanjer är viktiga preventiva metoder som kan
användas för att minska spridningen av epidemiutbrott. Att vaccinera en hel
population är sällan möjligt i praktiken. Det är därför viktigt att utveckla
metoder som kan prediktera viktiga personer som, när de vaccineras, har
ett signifikant bidragande till den totala populationens immunitet. En stor
del av tidigare forskning kring sjukdomsspridning p̊a nätverk har fokuserat
p̊a statiska nätverkstopologier, där kontakter modelleras som permanenta
händelser. P̊a senare tid har forskare börjat använda temporala nätverk,
där kontakterna inte är kontinuerligt aktiva i tiden, för att studera sjuk-
domsspridning.

I denna avhandling presenterar vi en metod som förutsp̊ar viktiga individer
med avseende p̊a deras framtida betydelse vid sjukdomsspridning. Metoden
använder sig av tillgänglig lokal kontaktinformation för individer och skulle
därmed kunna användas i praktiken. Vi implementerar metoden som en vac-
cineringsstrategi och med hjälp av datorbaserade sjukdomssimuleringar p̊a
ett antal empiriska kontaktnätverk undersöker vi effektiviteten av metodens
förm̊aga att förutsp̊a viktiga individer.

Med hjälp av komparativa studier visar vi att den utvecklade metoden
presterar bättre än en klassisk referensstrategi för ett antal av de empiriska
nätverken vi använder. Detta indikerar att metoden kan förutsp̊a viktiga
individer med avseende p̊a deras framtida betydelse vid sjukddomsspridning.
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Chapter 1

Introduction

Infectious diseases, for example human immunodeficiency virus (HIV), se-
vere acute respiratory syndrome (SARS), influenzas, etc. , spread in popula-
tions via close contact interactions between susceptible and infected individ-
uals. Due to the development of transportation networks—such as flights,
shippings, trains and highways—that connect distant parts of the globe, an
infectious disease outbreak has the potential to reach a significant part of
the society. Infectious diseases are estimated to account for an annual loss of
about 160 million disability-adjusted life years1 (DALYs), which correspond
to around 10 % of all diseases [1]. The development of strategies intended
to mitigate and stop the spread of infectious diseases are thus important
research for public health.

Vaccination campaigns play an important role in the prevention of disease
outbreaks. Vaccination of an entire population is rarely feasible in real-world
situations since the vaccination campaigns can be expensive and vaccines
may come with severe side effects and take time to produce. Fortunately,
it is often sufficient to only vaccinate a certain fraction of a population to
stop the spreading of an infectious disease. Therefore it is of interest to
find methods that reveal important individuals which, when vaccinated, has
a significant contribution to the herd immunization of a population. The
development of these methods can save resources and life.

The spread of an infectious disease in a population is a complex process,
ranging from the microscopic behavior of blood cells and details of pathogens
to the movement and interaction of the individuals. Throughout this thesis,
we—as in you, the reader, and me, the author—will neglect the microscopic
details about how diseases spread.

1An estimate of the number of life years lost due to illness, disability or early death.
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The development of the science of networks has altered the study of con-
tagious diseases [28]. However, much of the current work on the topic of
theoretical vaccination strategies and disease propagation is based on static
network structures, which model the contacts as permanent events. In this
thesis we model the interacting population as a temporal network, where
contacts are instantaneous events, and we use a number of empirical con-
tact networks for computer simulations.

1.1 Aims and objectives

This thesis aims to investigate how one can use the temporal network struc-
ture, i.e. the information of when contacts occur, in a number of empirical
contact networks to estimate the future importance of the individuals, with
respect to infectious disease spreading. To estimate important spreaders,
only local contact information for each individual can be used—that is,
each individual is assumed to be able to name their past contacts. We will
propose a vaccination strategy and use computer simulations of infectious
diseases to evaluate the efficiency of the prediction method and vaccination
strategy.

1.2 Outline

The outline of this thesis is as follows. In Chapter 2 we introduce concepts
in network theory and epidemiology. More specifically, we briefly discuss
static networks, temporal networks, mathematical models in epidemiology
and the more recent branch of network epidemiology. The chapter ends with
a review of previous theoretical vaccination strategies.

Chapter 3 contains a presentation of the empirical datasets that we use
in this thesis. Furthermore, we present a derivation of the method used
to estimate the future importance of individuals with respect to disease
spreading. The chapter ends with a description of the computer simulation
procedure used to evaluate the proposed method.

Chapter 4 presents the results obtained from the computer simulations. In
Chapter 5 we discuss the obtained results in more detail and we motivate the
assumptions made throughout the thesis. We also point to some examples
of directions for future research in this branch. In Chapter 6, we summarize
the thesis with the main results, conclusions and contributions.
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Chapter 2

Preliminaries

Throughout this thesis, we use concepts from network theory and epidemiol-
ogy. This chapter provides a brief introduction to some of the basic concepts
in the theory of both static and temporal networks. Traditional models in
epidemiology are briefly reviewed together with modern concepts and mod-
els in the more recent branch of network epidemiology. The chapter ends
with a review of previous research on theoretical vaccination strategies.

2.1 Static networks

A network (frequently called graph in the mathematical literature) is a col-
lection of objects and the interactions between them. A complex network is
a network with a complex topology, in contrast to e.g. objects interacting
on regular or random lattices. Many real-world systems—such as communi-
cation systems (the Internet, the telephone network, the World Wide Web),
biological systems (gene and protein interaction networks) and transporta-
tion infrastructures (railroad, highway and airline routes)—can be, and have
been [2], modeled with the help of complex networks. All these systems share
the property that they consist of a number of interacting objects whose ag-
gregated individual behavior tends to form a complex behavior of the whole
system. The interpretation of a network is ambiguous, the objects can repre-
sent individuals, computers, molecules, organizations, etc. while interactions
can symbolize e.g. wired connections, relationships or roads. The science of
complex networks is a multidisciplinary and relatively young field of science,
starting to catch scientists interest in last decade of the 20th century [2, 3].

Network studies often involves real-world networks, extracted from differ-
ent everyday situations. There are also a variety of methods to generate
synthetic networks with tunable properties [2]. Much of the research and
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use of complex networks includes the study of dynamical systems evolving
on networks. In such studies, a network defines an infrastructure on which
the dynamical system is confined to. For example, the network of roads in
a city confines possible pathways for vehicles to move around and a social
network confines the pathways for ideas, opinions and rumors to spread from
person to person [4]. In this thesis, we focus on the dynamical system of
how epidemics propagate from person to person in a number of real-world
non-static networks.

An example of a static real-world network is illustrated in Figure 2.1. The
presented network is an acquaintance network, extracted from Facebook
(www.facebook.com), and it is composed of so called vertices (blue circles
with black borders), corresponding to individuals (profiles) in the commu-
nity, and edges (blue arcs connecting different circles) representing friendship
relations in the community. By glancing at the network in Figure 2.1, one
can decipher (roughly) two big groups of vertices. The number of edges
within a group is much larger than the number of edges between the two
groups and such groups are often called clusters in network theory.

2.1.1 A crash course in the network jargon

A convenient method to study and describe networks is the mathematical
theory of graphs, which dates back to the 18th century when L. Euler stud-
ied the mathematical problem of the Seven bridges of Königsberg [5]. The
mathematical object graph consists of a set of vertices and edges, where an
edge is defined as a pair of connected vertices1. Formally, a graph is written
G = (V,E) where V and E is the set of vertices and edges respectively.
Consider a graph where the two vertices u and v are connected. If the con-
nection between u and v is mutual (valid in both directions), the edge is
said to be undirected. However, if u is connected to v but v is not connected
to u, the edge is said to be directed. A graph consisting of only undirected
edges is called undirected graph while a graph composed of directed edges
is called directed graph. The World Wide Web (WWW) network is prefer-
ably modeled as a directed graph, since one webpage may link to another
page while the opposite may not be true. Example of an undirected and a
directed graph is illustrated in Figure 2.2a and Figure 2.2b respectively.

If a graph contains self-edges—that is, an edge that connects a vertex
to itself—or multi-edges—that is, more than one edge between a pair of
vertices—it is called a multigraph. A graph that lacks both self-edges and
multi-edges is referred to as a simple graph. In some situations, it is useful

1In the literature, vertices are also called nodes, sites, agents or actors while edges are
called links, bonds or ties. Two vertices connected by an edge are also said to be adjacent
or neighbors. Directed edges are also denoted as arcs in the literature.
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Figure 2.1: A network representation of an acquaintance network, ex-
tracted from Facebook (www.facebook.com). The network is composed of
vertices (blue circles with black borders) representing indiviuals (profiles)
and edges (blue arcs connecting different circles) representing friendship re-
lations. If two vertices are connected via an edge, the corresponding profiles
are friends on Facebook. The network consists of 293 vertices and 3523
edges and is visualized with the open source graph visualization software
Gephi (www.gephi.org).
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to assign weights (sometimes called strengths) to the edges in a graph. A
weighted edge between two neighboring vertices u and v can, for example,
be used to represent a cost of going from u to v. An example of a so called
weighted (and undirected) graph is illustrated in Figure 2.2c.

A path in a graph is defined as a sequence of vertices where each consecutive
pair of vertices are connected by an edge. The length of a path is equal to
the number of traversed edges along the path. Consider a path of length n,
mathematically the sequence of vertices can be written as {v0, v1, . . . , vn},
where {vi}ni=0 ∈ V . The path has the property that (vi, vi+1) ∈ E,∀i. An
example of a path (of length three) in a graph is illustrated in Figure 2.2d.
A circuit is a closed path, i.e. a path that ends in the same vertex as it
starts and a triangle is a circuit of length three. The distance between two
vertices u and v, denoted d(u, v), is defined as the length of the shortest
path2 between the vertices. The set of vertices at distance 1 from vertex
u is called the neighborhood of u, denoted Γu. There are plenty of other
important concepts in graph and network theory which, however, are out of
the scope of this thesis. For further reading see for example Ref. [6, 7].

From now on, we use network as a general term for real-world or synthetic
systems of interacting objects. The term graph is used as a mathematical
and computational representation of a network.

2.1.2 Mathematical representation

In order to work with the theory of networks, we need to express the networks
with mathematical notations. Moreover, many studies of networks involves
numerical computations and it is therefore important to have a convenient
representation of a network. Two widely used methods for representing a
network is the adjacency matrix and the adjacency list. For a network of n
vertices, the adjacency matrix A is a n× n matrix defined as [2]

Auv =

{
1, if there is an edge between vertices u and v,

0, otherwise.

For an undirected network, the adjacency matrix is symmetric, that is
Auv = Avu, and as long as the network lacks self-edges, the diagonal ma-
trix elements are all zero. A multi-edge can be represented by assigning the
multiplicity value to the corresponding matrix element. The generalization
for weighted networks is straightforward—if the vertices u and v are con-
nected with an edge of weight w, the adjacency matrix element is declared
as Auv = w. For a directed network, the adjacency matrix element Auv = 1,
if a vertex u links to v and Avu = 0, if v not links back to u. Hence, in

2Also called geodesic path.
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Figure 2.2: Example of (a) a graph with n = 7 vertices and m = 8
undirected edges. (b) a graph with directed edges. (c) a weighted graph.
(d) a path (highlighted) of length three, connecting vertices 1 and 7 (via
vertices 3 and 6).
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the case of a directed network, the adjacency matrix may not be symmetric.
The adjacency matrix for the undirected graph illustrated in Figure 2.2a is
given by

A =



0 1 1 0 0 0 0
1 0 1 0 0 0 0
1 1 0 1 1 1 0
0 0 1 0 0 0 0
0 0 1 0 0 1 0
0 0 1 0 1 0 1
0 0 0 0 0 1 0


.

The matrix representation of a network is useful, mainly because the math-
ematical theory and formulas for networks are written in terms of the ad-
jacency matrix. An advantage with the adjacency matrix representation is
that matrix operations are often predefined for various softwares and pro-
gramming languages, which ease the implementation of network algorithms
in computers. One major drawback with the matrix representation is how-
ever the fact that the matrix often turns out to be sparse, i.e. the majority
of matrix elements are zero, and consume unnecessary large amount of com-
puter memory.

Another way to represent a network is the adjacency list, in which each
vertex of the network has its own list, consisting of all the neighbors to the
vertex. The adjacency list is the collection of all such lists. The adjacency
list for the undirected network in Figure 2.2a is presented in Table 2.1. One
way to deal with directed networks and adjacency lists is to construct two
lists for each vertex, where one list contains the incoming edges and the
other list contains the outgoing edges.

For large networks, which produce sparse adjacency matrices, the adjacency
list representation is preferable since it includes only edges which are present
in the network and thus this method consumes less computer memory in
comparison to the adjacency matrix representation. The list structure is also
useful when it is of interest to rapidly find the neighborhood of a vertex,
since it is already saved in the list. On the other hand, if one wants to
check if two vertices are neighbors, the adjacency matrix representation is
more convenient (with respect to the number of computer operations), since
it directly gives the answer via the matrix element. The adjacency list
representation requires a search in the list, which—for large networks—can
be relatively time consuming.
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Table 2.1: Adjacency list of the undirected network illustrated in Fig-
ure 2.2a.

Vertex Neighborhood

1 2,3
2 1,3
3 1,2,4,5,6
4 3
5 3,6
6 3,5,7
7 6

2.1.3 Difference between random and complex networks

Complex networks possess a non-trivial topological structure. Erdős and
Rényi [8] proposed a model to generate random networks—vertices con-
nected purely at random. However, studies have revealed that random net-
works lack the structures observed in many real-world networks [9]. Ran-
dom networks are frequently useful as so called reference networks, used to
define structural biases for e.g. real-world networks. In order to find the
differences between random and complex networks, we use different types of
measures for comparative studies. That is, by comparing metrics from dif-
ferent real-world networks or synthetic networks, properties and structures
of the networks can be quantified. A network defines an infrastructure on
which dynamical systems are confined to and understanding the structure
can gain insight in the behavior of different processes taking place on the
network. In this section, we review some of the basic network metrics. For
a more extensive discussion about different network metrics see for example
Ref. [2, 3].

Central concepts in science of networks are the degree and the probability
density function of the degree—the degree distribution. In the case of an
undirected network, the degree of a vertex u, denoted ku, is the number of
edges connected to the vertex, or equivalently, the number of neighbors for
the vertex. For a directed network, the degree is two-folded and a vertex
has an in-degree and out-degree, corresponding to the number of incoming
and outgoing edges respectively.

The probability of finding a vertex with degree k in a network, is given
by the degree distribution, denoted P (k). The degree distribution reveals
information about the global topology of a network. Studies have shown
that the degree distribution of many real-world networks—for instance, a
human sexual contact network [10], the World Wide Web [11], an electrical
power grid network and a movie actors collaboration network [9, 12]—follows
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a power law degree distribution [13]

P (k) ∝ k−γ ,

where γ is a constant called the exponent of the power law. A power law
degree distribution implies that most of the vertices in the network have
relatively low degree, while a few vertices have substantially higher degree,
i.e. there is no typical scale in the network and such networks are often called
scale-free networks.

Real-world acquaintance networks tend to show a high density of triangles.
This can be explained by the phenomenon of one person introducing two
friends to each other, which forms a triangle in the social network [14]. For
an undirected network, the local clustering coefficient [15] of a vertex u,
denoted Cu, quantifies the likelihood that two random neighbors of u are
connected to each other. This measure is formally written as [2]

Cu =
number of pairs of neighbors of u that are connected

number of pairs of neighbors of u
.

In some situations, it might be useful to have a measure of a global clus-
tering coefficient in a network. One way to calculate the global clustering
coefficient is to compute the average of all the local clustering coefficients in
the network [15]. There are other methods to calculate the global clustering
coefficient, see e.g. Ref. [2] for a covering discussion. Networks that show the
properties of a high probability that two neighbors of one vertex are con-
nected themselves and a small average length of the shortest path between
two vertices are often referred to as small-world networks, alternatively, the
networks show small-world behavior [15].

A connected component, in an undirected network, is a subset of the net-
work in which each of any two vertices are reachable from each other. If a
network contains only one connected component, the network is said to be
connected. The concept of connected components are important for dynam-
ical systems evolving on networks. For example, in a connected network,
a disease outbreak from a single source has the potential to reach all ver-
tices (provided that no other obstructive condition is present). However, in
a network composed of a number of connected components, the disease is
confined to spread only within the connected component which includes the
source of the disease.

It is often useful to identify central vertices in a given network and one
method to do this is to use the betweenness centrality, which measures the
number of shortest paths that cross through a vertex [16]. There are a num-
ber of different methods to quantify the centrality of vertices in networks,
see for example [2, 16] for more a more covering information.
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The highly connected vertices in a network are often called hubs. Hubs are
often believed to be in the center of a network and have traditionally gained
much interest in the research of prevention methods with respect to disease
spreading [17]. However, the k-core measure is a more adequate concept
to find the vertices which are in the core of a network, in contrast to the
periphery. A k-core is a connected component in which all vertices have
degree k or more [2].

2.2 Temporal networks

The static network topology can affect the dynamics of an evolving system
on a network, but also the temporal structure (time ordering of events) can
have a significant impact on the evolving system. A temporal network is
a collection of objects and the time dependent interactions between them.
Thus, a temporal network is in principle the same object as a static network
but with the additional time dimension. Studies on temporal networks often
involve real-world networks, extracted from different real-world situations.
However, there are models to produce synthetic networks with tunable char-
acteristics [18].

We will discuss two different types of temporal networks. Consider, for
example, an e-mail communication network, composed of a number of ver-
tices representing e-mail addresses and a number of edges between pairs of
vertices—representing e-mail conversations between the involved vertices.
The edges, or conversations, in such a network are practically instanta-
neously active in time, when one individual sends a mail to another. Thus,
each edge comes with an attached time stamp, corresponding to the time
when the conversation took place. To follow the terminology of Ref. [18],
we use the term contact sequence for such networks, i.e. temporal network
where the duration of the edges is negligible. Another example of a real-
world temporal network is a telephone communication network, where an
edge express a phone call between two vertices (individuals with phones). In
this case, an edge is active for a certain time period—as long as the duration
of the call—and can be represented by a start and stop time. These types
of temporal networks are sometimes denoted interval networks or interval
graphs. In some data sampling situations, e.g. sampling a telephone commu-
nication network, the duration of a phone call can be much shorter than the
total sampling time of the network. Hence, one can consider the network as
a contact sequence although the edges has a duration from an individual’s
point of view. Graphical examples of the different temporal networks are
illustrated in Figure 2.3.
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The importance of the temporal structure can be explained by considering
the three vertices C, D and E in Figure 2.3a. By taking the time ordering
into consideration, C and E are disconnected—i.e. one can not reach E from
C—since the contact between C and D happens after all contacts between D
and E. With an aggregated3 network, these two vertices would be connected
via the path (C,D,E), and in that case, one would miss vital information.
Consider, for example, an epidemic outbreak in the discussed network, where
C is initially infective and D and E are both susceptible. Independent of
the transmission probability4 of the disease, E can not get infected from
C. However, in the case of an aggregated network, the disease could spread
from C to E. In the interval network example, illustrated in Figure 2.3b,
the intervals between vertices (C,D) and (D,E) overlap5, yielding a time-
respecting path (C,D,E). In other words, one can reach vertex E from C
and vice versa. These examples illustrate that not only do the topological
structure, but also the time ordering of the edges (temporal structure) in
networks play an important role for different processes on networks. Another
way of representing a contact sequence is seen in Figure 2.3c where the time
axis is explicitly illustrated. However, for large contact sequences, these
illustrations may be cumbersome to use.

2.2.1 Representation

Depending on the type of temporal network which is under study, there
are some different methods to represent the network. A contact sequence
can be represented as a set V of vertices and a set C of contacts. A contact
corresponds to a triplet (u, v, t) ∈ C where u, v ∈ V are the two vertices that
are in contact at time t. Another way of representing a contact sequence is
to use the set of vertices V and a set of edges E (pairs of vertices), where
each edge e ∈ E has a set of contact times Te = {t1, . . . , tn}.

An interval network can be represented by a set of vertices V and edges
E, together with a set of contact times Te = {(t1, t

′
1), . . . , (tn, t

′
n)}, where

the first time in a parentheses set corresponds to the start time of an edge,
while the second time, t

′
, denotes the stop time. In some situations, it can

3With an aggregated temporal network, we refer to the static representation of the
network with neglected time dimension. Thus, if two vertices have been in contact at
least once during the total sampling time, a static edge is established. Another way of
aggregating a temporal network is to construct a weighted network, where the weight
between two vertices corresponds to the number of contacts between the pair [18].

4Probability that an infective individual infects a susceptible.
5Overlapping contacts are sometimes denoted as concurrent. In the application of e.g. a

sexual network, concurrency corresponds to being in two active sexual partnerships at the
same time.
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Figure 2.3: Illustration of different types of temporal networks. Panel
(a) shows a contact sequence with 5 vertices and 9 contacts. The contact
times are displayed on the edges. Panel (b) shows an interval network with
5 vertices and 6 contacts. The time intervals are displayed on the edges.
The first time in a parentheses set is the start time of the contact and the
second time is the stop time of the contact. Another way of visualizing the
contact sequence in (a) is shown in panel (c), where the temporal dimension
is explicitly depicted. A vertical line between two vertices (circles) indicates
a contact.
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be convenient to introduce an adjacency index for interval network as [18]

Auv(u, v, t) =

{
1 if u and v are connected at time t,

0 otherwise.

2.2.2 Reference models

Studies involving temporal networks often focus on a dynamical process
taking place on top of the network. Both the temporal structure and the
network topology can influence the dynamical process. One method to eval-
uate if a certain feature of the dynamical process is observed by chance or
by the cause of a certain structure in the network is to compare a measured
feature with the same feature obtained from a reference model (sometimes
called null model). This procedure is comparable with hypothesis testing in
statistics, although p-values are rarely used in the case of comparing with
reference models.

To study the temporal effects, one can randomize the time ordering of con-
tacts (events) [18]. That is, for each contact (u, v, t) ∈ C, randomly choose
another contact (u∗, v∗, t∗) ∈ C and switch the time ordering of these two
contacts, i.e., switch t with t∗ and vice versa. This procedure will retain the
network topology and the total number of contacts while the temporal cor-
relations are destroyed. To study the effects of the structural effects network
structure, we may use the randomized edges reference model [18]. With this
method, we randomly choose two edges (pair of vertices) (u, v) and (w, x)
and reconnect the edges as (u, x) and (w, v) or as (u,w) and (v, x). This
procedure retains the temporal structure, while the topological structure is
randomized.

The choice of reference model depends on what type of feature one wants
to investigate. For a more comprehensive discussion about different types
of reference models, see for example Ref. [18].

2.3 Epidemiology

Epidemiologists study the spread and distribution of diseases in different
populations, groups and societies. Issues of interest are for example: “What
is the chance of a major epidemic outbreak in a population?”, “How many
will get infected by the disease?” and “What are the effects of vaccinating a
certain fraction of the population?”. Epidemics can be studied at many dif-
ferent levels of abstraction. In this section—and throughout this thesis—we
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neglect the detailed microscopic story about white blood cells and antibod-
ies. Instead, we focus on the contact pattern and infrastructure on which
diseases propagate.

Mathematical models in epidemiology dates back to the 18th century, when
D. Bernoulli analyzed the smallpox morbidity [19]. More general and disease
specific models have been developed since then [20, 21]. Traditional epidemi-
ological models often assumes that a population is well-mixed, that is, every
individual can infect every other in the population. This assumption is an
oversimplification in most cases and with the development of complex net-
works, scientists have started to apply epidemiological models on networks.
In the following sections, we discuss some traditional analytical models and
more recent network models, as well as some previously proposed theoretical
vaccination strategies.

2.3.1 Analytical models

W. O. Kermack and A. G. McKendrick presented, in the year of 1927, an
analytic6 model for infectious diseases [22]. In this model, one considers a
closed population consisting of N individuals where each individual is in one
of three possible states; susceptible, infective or removed. The fraction of
individuals which are susceptible to the disease is denoted S(t), the frac-
tion of infective7 individuals is denoted I(t) and the fraction of removed8

individuals is denoted R(t). Susceptible individuals catch the disease from
infective individuals (transfer from state S to I) at an average rate β (per
unit time) and infective individuals cease to be infective (transfer from state
I to R) at an average rate γ (per unit time). The dynamics of the states are
given by the following set of coupled nonlinear differential equations [23]

dS

dt
= −βSI,

dI

dt
= βSI − γI, (2.1)

dR

dt
= γI.

Since the population is closed and all individuals are in one of the three
available states, one has the constraint

S(t) + I(t) +R(t) = 1.

6Analytic in the sense of integrable equations which can be written in terms of funda-
mental mathematical functions.

7Infected and can infect others.
8Removed as in recovered and immune to the disease—or dead.
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Due to the three states and the order of which an individual transfer between
the states, the model is called the SIR model. For a more comprising analysis
and an analytic solution of Eq. (2.1), see for example Ref. [2].

Depending on what type of disease one wants to resemble, the model can be
extended to include more, or less, states and also the coupling between the
states can be rearranged. The SIR model is appropriate for contagious dis-
eases that give lifelong immunity, for example whooping cough [24]. Other
common models are SI, SIS and SIRS model, where each model are governed
by a set of differential equations, slightly different from the equations pre-
sented in Eq. (2.1) [20]. Ref. [25] devised a disease specific model for HIV-19

infection, where a susceptible state is followed by four infective states, each
infective states associated with a different transmission probability.

The advantages with analytic epidemic models are that they are continuous
in time and time-reversible, that is, changing the sign of t makes it possi-
ble to evolve the dynamics backward in time. The analytical models can
also be solved mathematically and can, for example, be used to find the
expected final size of an epidemic outbreak. The disadvantages with most
analytic models are that they presume that all individuals have roughly the
same number of contacts (in the same time) and that every individual in the
population is weakly connected to every other—i.e., the same probability to
meet all other individuals. Clearly, these assumptions are not reasonable
for empirical contact patterns of for example humans or animals. How-
ever, there are analytic models which includes heterogeneous mixing in the
population, see e.g. [26, 27].

A central concept in epidemiology is the basic reproductive rate, denoted
R0 and defined as the expected number of new infections that a host would
produce in a totally susceptible population10 [24]. The basic reproductive
rate for the SIR model introduced in Eq. (2.1) is given by

R0 =
β

γ
.

In the situation of R0 greater than 1, the disease has the capability to spread
in the population. In the case of a R0 less than 1, the disease eventually van-
ishes. If R0 is equal to 1, the number of susceptible, infective and recovered
individuals is unchanged. The value of R0 does not reveal the number of
individuals that will become infected or when the peak of the epidemic will
occur, it rather tells whether the pathogen is above or below the epidemic
threshold in a given population.

9A subtype of the human immunodeficiency virus.
10Another common concept is the so called effective reproduction rate which represents

the expected number of new infections a host produces among his contacts during the
epidemic process.
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2.3.2 Network models

The development in the complex network field has altered the research in
epidemiology [28]. By combining network theory and epidemiology, scien-
tists have been able to study systems that are too complex for analytical
approaches. Limitations like homogeneous population mixture and contact
rates can be relaxed with the help of an underlying network structure, on
which diseases propagate. The network structure on which a disease unfolds
defines potential transmission routes and knowledge of the structure can be
used to control and monitor the dynamics of the disease. The possibility to
study the dynamics of a disease is important, for example, in the develop-
ment and evaluation of the efficiency of different vaccination strategies.

Computer simulations are often used to study the propagation of infectious
diseases in networks, although there exist more theoretical approaches as
well [29, 30]. By discretizing the analytical epidemic models discussed in
the previous section, the models can be applied on networks. Consider a
network consisting of N vertices, where each vertex is in one of two avail-
able states—susceptible (S) or infective (I). The states of the vertices are
iteratively updated and one iteration is denoted as one time step. At each
time step, an infective vertex infects a susceptible neighbor with transmis-
sion probability ρ. This gives a stochastic time discrete SI model, with one
parameter, ρ. To start a simulation, an initial infected vertex (or a num-
ber of vertices) is chosen, called the source of the disease. By iterating
the SI dynamics long enough, eventually all vertices become infected in a
connected network. In order to introduce more dynamic to the model and
avoid the case with all vertices ending up in the infective state, it is possible
to extend the SI model by introducing a latency period δ, after which an
infective individual recovers and either returns back to susceptible state—
resulting in the SIS model—or in a recovered (immune) state—leading to
the SIR model. Another common disease model is the SIRS model, where
an infective vertex becomes recovered (immune) for a certain time period
and then transfer back to the susceptible state. In some situations, it can be
relevant to have a time dependent transmission probability or a probability
which varies between different vertices [30], reflecting situations where some
individuals in a population are more likely to catch a disease. Using static
networks as the underlying structure for disease models are decent for sit-
uations where the time scale of the disease is much larger than the change
in the network structure, i.e., for rapidly spreading diseases [31]. Previous
research on epidemic models on static networks shows that a high density
of triangles is a factor that lowers the speed of an epidemic outbreak in
the network [32]. Furthermore, Ref. [31] found the absence of an epidemic
threshold in the limit of infinitely large scale-free networks. Thus, infinite
scale-free networks are prone to the spreading of a disease, independent of
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the transmission probability.

The static network representation of a contact network presumes that the
contacts are permanent. Still, individuals behave differently. Some individ-
uals are more active than others during certain time periods, while other in-
dividuals may change their social behavior and make new, or break existing,
relations. These effects can be captured by using temporal networks. The
time discrete epidemic models, described earlier, can be applied onto tempo-
ral networks in the same manner as for static networks. For example, with
a contact sequence, one iterates the contacts and upon a contact between
a susceptible and an infective vertex, the disease spreads with transmission
probability ρ. An example of a disease outbreak in a contact sequence is
illustrated in Figure 2.4. As in the case of static networks, there is a variety
of different models where one introduces different periods of e.g. immunity
or time-of-infective—resulting in more complex spreading dynamics. These
models are straightforward to use on temporal networks and are commonly
used for disease simulation [33, 34]. Most studies in network epidemiology
concern static networks. Yet, Ref. [35] argues that temporal correlations, in
the sense of bursty11 contact pattern of the individuals, reduce the speed of
spreading phenomena on temporal networks. However, Ref. [33] simulated
an outbreak of an infectious disease in a real-world temporal network and
found that the temporal correlations in the network accelerated the disease
spreading.

time

A

B

C

E

Dsource

Figure 2.4: An illustration of a disease outbreak in a population of five
vertices, labeled A–E, modeled as a contact sequence (temporal network).
The vertex D is the source of infection and upon contact with other vertices,
the disease spread with probability ρ = 1. Infected vertices are highlighted
(red).

11Ref. [36] proposes a measure of the burstiness observed in the activity of events in a
number of real-world systems [37, 38]. Bursty in the sense of an intense period of activity
followed by a period of less activity.
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2.3.3 Vaccination strategies

Controlling epidemic outbreaks is, and has been, a major problem for hu-
manity. As late as in 2009, the society faced a pandemic outbreak of the
H1N1 influenza virus [39]. Vaccination is used to stimulate the immune
system to develop immunity to a disease. In an ongoing disease outbreak,
vaccination campaigns12 can be used to mitigate the spreading of the dis-
ease. It is rarely possible to vaccinate all individuals in a population, e.g. due
to limited resources and economic reasons. Furthermore, some vaccines may
have severe side effects and therefore it can be important to keep the number
of vaccinated individuals as low as possible. Hence, with a limited amount
of vaccination doses, the problem of identifying important and high-risk in-
dividuals arises. How can we find the individuals which, when vaccinated,
has significant contribution to the immunization of a population?

Suppose that a fraction f of a population is to be vaccinated at a certain
time (the vaccination time). A traditional and simple vaccination strat-
egy is to randomly select a fraction of vertices to vaccinate—called random
vaccination (RV). Studies have shown that this strategy is ineffective for
scale-free networks, where the number of contacts for individuals is power-
law distributed [17]. As discussed in section 2.1.3, a power-law distribution
implies that the majority of vertices have only a few neighbors. Thus, the
probability to vaccinate a vertex with few neighbors is more likely and this
has a relatively small impact on the overall immunization of the population.

Much of the current research on theoretical vaccination strategies focuses
on the targeted immunization of the most central vertices in a network,
where the centrality is measured via a number of different methods. It is
most commonly believed that the most efficient vaccination strategy is to
vaccinate the hubs in a population [40, 31]. In order to find the hubs, the
total network topology has to be known, which is rarely the case in real-
world situations. Thus, this method becomes impractical in most situations.
Ref. [41] compares the hub-vaccination method with the use of the k-core
measure as a vaccination method, and show that the k-cores gives better
indications on influential spreaders for the specific networks analyzed in
the study. Ref. [42] argues that the static network structure changes as
important vertices are removed (vaccinated). The development of adaptive
strategies is therefore of interest and Ref. [42] investigates the betweenness
centrality measure as a vaccination strategy, showing a good performance for
the analyzed networks. Ref. [43] proposes a network partitioning method,
dividing a given network into clusters of approximately equal size, as an
immunization strategy. In that way, immunization can be focused on more
central clusters which is shown to be more efficient than the hub-vaccination

12Other strategies are for example educational campaigns and containment strategies.
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for the tested networks in the study.

In a more realistic situation, the network topology is unknown. Ref. [17]
proposes a more efficient strategy, in comparison to RV, for scale-free net-
works. The strategy is called neighborhood vaccination (NV), in which one
vaccinates the neighbor to a randomly chosen vertex. The NV strategy as-
sumes that an individual can estimate his, or her, neighborhood, i.e. all of
the contacts. By assuming that each individual can guess more about their
neighborhood—the degree of their neighbors and the edges from one neigh-
bor to another—one can improve the efficiency of this strategy even further
[44].

As discussed in Section 2.2, temporal contact patterns can affect the dy-
namics of e.g. disease spreading. A few theoretical vaccination strategies
which accounts for the temporal effects have been proposed. The RV and
NV strategies can be applied on temporal networks, whereas some of the
global metrics strategies lack temporal equivalents. Ref. [34] proposes and
investigates two vaccination strategies for temporal contact networks. In the
first strategy, called recent, a person is asked to name his, or her, most recent
contact. That contact (individual) is then vaccinated and the procedure is
repeated until the desired fraction f of individuals are vaccinated. This
method tries to utilize the burstiness of human activity [36]; after a certain
contact has happened, it is likely that it will happen again. In the second
strategy, called weight, individuals are asked to name their most frequent
contacts (neighbors) since some time before the present. The probability
to vaccinate a certain contact is proportional to the contact frequency, i.e.,
a more repetitive contact is more likely to be vaccinated. This method is
based on that the historical activity of a vertex is repeated in the future.
The study [34] shows that both these vaccination strategies outperforms
neighborhood vaccination for a number of real-world temporal networks.

Most current work on the development of theoretical vaccination strategies
is based on, and tested for, different networks, both real-world and synthetic
networks. These networks can have different structures, which in turn can
favor certain strategies in comparison to others.
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Chapter 3

Materials and methods

This chapter begins with a discussion of the empirical datasets used in this
thesis. We continue by proposing a method to estimate the future impor-
tance of individuals, with respect to disease spreading, by giving them score
values. To evaluate the efficiency of the proposed score method, we im-
plement it as a vaccination strategy and perform comprehensive computer
simulations of disease spreading on the empirical datasets. The chapter ends
with an explanation of the simulation procedure.

3.1 Empirical datasets

Nowadays, with the rapid development of sensor technologies and the preva-
lence of electronic communication services, there are massive amounts of hu-
man activity and communication data available. In this thesis we use four
datasets that originates from empirical interactions of humans as proxies
for human contact structures for disease simulations. The first two datasets
are extracted from pure online communication, in the sense of e-mail traffic
at a university and communication logs from an online dating community.
The third dataset is more closely related to actual (offline) contact pat-
terns of humans—it contains claimed sexual contacts between sex-buyers
and sex-sellers. The fourth dataset consists of proximity patterns gathered
via electronic devices at a conference—i.e. empirical contact patterns of hu-
mans. We do not claim that all these datasets are representative structures
for infectious disease spreading—however, they contain temporal structures
produced by humans and may exhibit some general features of dynamical
human interactions.

All datasets are composed of anonymized contact lists. The total number
of individuals in a dataset is denoted as N and individuals are labeled with
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ID-numbers (integers) enumerated 0, 1, . . . , N − 1. The total number of
contacts in a dataset is denoted NC and a contact is structured in the form
of a triplet (u, v, t) where u and v are the ID-numbers of the two individuals
that are in contact at time t. Thus, a dataset is made up of a list of such
contacts (ui, vi, ti) where i = 1, 2, . . . , NC . The contacts are undirected, i.e.
the order of u and v in a contact triplet does not matter—a disease could
for example spread from u to v or vice versa if one of them is infective. All
datasets are time-ordered such that ti ≤ ti+1 for all i and the time resolution
(unit of t variable) varies between the different datasets. The time of all
contacts are measured relative to the first contact. That is, the first contact
in each dataset occurs at time t1 = 0, while the last contact occurs at time
tNC

= T . This yields a total time frame [0, T ], where the magnitude of
T varies between the datasets. A summary of the structural properties of
the datasets are presented in Table 3.1. A more detailed description of the
background of the datasets are given in the following four sections.

Table 3.1: Structural properties of empirical contact networks used to eva-
lute the efficiency of the vaccination strategy and to run disease simulations.
The structural properties includes number of vertices N , number of contacts
NC , duration T and time resolution.

Network N NC T (days) Time resolution

E–mail 3188 309 125 82 1 sec

Community 29 341 536 276 512 1 sec

Escort 16 730 50 632 2232 1 day

Conference 113 20 818 2.5 20 sec

3.1.1 E–mail communication data

The first dataset we use is an e-mail communication network, provided by
Ref. [45]. The e-mail traffic is extracted from the log files of one mail server
at a university and covers the internal e-mail communications within the
university. The content of e-mails is not included in the dataset and e-mails
sent to addresses outside of the university mail system are ignored. The
dataset contains about 3200 unique e-mail addresses and 310 000 registered
contacts, recorded during a period of 82 days and with a time resolution of
one second. The aggregated network exhibits both small-world properties
and scale-free behavior [46].
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3.1.2 Internet community data

The second dataset contains anonymous communication from a Swedish In-
ternet dating community1, provided by Ref. [47]. The dating community
targeted adolescents and provided an arena for different types of commu-
nication. A user could send private messages to other users, sign another
users guestbook (visible for all users) and send (and accept) friendship re-
quests to other users. We do not make any difference between the different
types of contacts, all contacts are considered as potential disease transmis-
sion contacts. A special property of this communication dataset is that it
is closed, there is no bias from ignored interactions going in and out of the
system as in the case of the e-mail dataset. The dataset includes roughly
30 000 members, 550 000 interactions and spans over a time period of 512
days with a time resolution of one second. As in the case of the e-mail traffic
data, this dataset does not contain content from any type of conversation.

3.1.3 Escort data

The third dataset contains claimed sexual contacts between sex-buyers and
sex-sellers (escorts), provided by Ref. [48]. The data is extracted from
a Brazilian online forum, where sex-buyers posted information about en-
counters with escorts. From these forum posts, a human sexual contact
network—the underlying structure by which sexually transmitted infections
(STIs) spread—is constructed. The time stamp of a sexual contact is roughly
estimated as the time of the corresponding forum post. The dataset includes
roughly 17 000 individuals, 51 000 claimed sexual contacts and spans over a
time period of about 6 years (sampled between September 2002 and October
2008) with a time resolution of one day.

3.1.4 Conference data

The fourth dataset is composed of the contact pattern among participants
of the AMC Hypertext 2009 conference, hosted by the Institute of Scientific
Interchange Foundation in Turin, Italy, from June 29th to July 1st in 2009
[49]. Participants carried a Radio-Frequency Identification (RFID) device
embedded in the conference badge and the registration of contacts worked
like the following. Upon a close (1–1.5 m) face-to-face2 contact between
two participants, the devices exchange radio packets and register a contact.
Once a contact has been established, it is considered ongoing as long as the

1www.pussokram.com, no longer active.
2The human body acts as a shield for the signals. Thus, only contacts where the

individuals were facing each other were recorded.
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involved devices continue to exchange at least one radio packet for every
subsequent interval of 20 seconds. Thus, a contact is terminated when an
interval of 20 seconds elapses without packets exchanged. The time reso-
lution in this dataset is therefore 20 seconds. The dataset includes about
100 participants and roughly 21 000 registered contacts, captured during
approximately two and a half days.

3.2 Score method

To estimate the future importance of individuals with respect to disease
spreading, we propose a method which assigns a score value to all individuals
in the dataset. The score is based on the historical activity of individuals in
temporal contact networks and information from both the temporal patterns
and the network topology is used. In general, the score of an individual is a
measure of the individual’s activity in the past and we use it as a predictor
of importance for the coming near future.

The derivation of the score method is divided into two parts. To start with,
we derive the expected number of persons an individual i will infect in the
future, given the future neighborhood of i. Based on this measure, we make
some modifications to include the temporal patterns in the contact sequence
and to also consider historical activity.

Let ρ denote the constant per-contact transmission probability—the prob-
ability that a susceptible individual becomes infective, upon a contact with
an infective individual. We do not consider any recovery of infective individ-
uals, i.e. an individual stays infective throughout the sampling period once
it becomes infected. Consider a future contact between two individuals i and
j, where i is infective and j is susceptible. The probability that j remains
susceptible after the contact is 1−ρ. Let σij denote the number of indepen-
dent contacts between i and j in the coming future. The probability that j
remains susceptible after these independent contacts is (1−ρ)σij . Thus, the
probability that i infects j in the future is given by 1− (1− ρ)σij . Given Λi,
the set of future neighbors to i (future neighborhood), the expected number
of persons that an individual i will infect in the future can be estimated as

ψ(i) =
∑
j∈Λi

[1− (1− ρ)σij ] , (3.1)

under the assumptions that all contacts are independent of each other and
i is the only source of the infection—i.e. no other individual can infect j.
Eq. (3.1) works forward in time, but also makes sense by looking backward
in time. In this case, we can interpret the measure ψ(i) as the (hypothetical)
expected number of infection events of an individual i, if one neighbor could
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infect i one time even though i is already infected. An individual can only
be infected once, still ψ(i) can be interpreted as an estimate of how easily
i can get infected by other individuals and we use it as a starting point to
score the future importance of individuals.

In order to obtain a more dynamical score, we weight the transmission prob-
ability such that more recent activity is awarded with a higher score and
to compensate for the fact that in growing epidemics—when the number of
infective individuals increases—contacts in the distant past does not matter
as much as recent contacts. Let c denote a historical contact between two
individuals and let t(c) represent the age of the contact, measured relative
to the current time. We weight the transmission probability, ρ, with an ex-
ponential factor which decays with the age of a contact as e−t(c)/τ , where τ
is a time scale parameter related to the decay of the importance of a contact,
with respect to disease spreading. A small value of τ relative to the total
sampling time T corresponds to a relatively short memory of the scoring
method—i.e. mainly the most recent activity contribute to the score value.
By increasing the value of τ , more historical activities become important in
the calculation of the scores.

In analogy with the derivation of Eq. (3.1), the probability that an infective
individual i infects a susceptible individual j at a contact c is ρe−t(c)/τ . The
probability that j remains susceptible after a contact is 1 − ρe−t(c)/τ . Let
C(i, j) denote the set of past contacts between individuals i and j. The
probability that j remains susceptible after all contacts c ∈ C(i, j) is given
by ∏

c∈C(i,j)

(
1− ρe−t(c)/τ

)
.

By introducing Γi as the historical neighborhood of an individual i, the
expected number of infection events can be estimated as

Ψ(i) =
∑
j∈Γi

1−
∏

c∈C(i,j)

(
1− ρe−t(c)/τ

) . (3.2)

We use Eq. (3.2) to calculate a score for each individual within a population.
An individual who has a larger neighborhood Γi (more unique contacts) are
awarded with a higher score—that is, having contacts with a number of
different individuals often yields a higher score in comparison to having
multiple contacts with the same person.

We interpret the score as an indicator of the future importance of individuals
with respect to disease spreading within the population. To evaluate the
score’s ability to predict important disease spreaders, we implement Eq. (3.2)
as a vaccination protocol, denoted score vaccination (SV). The hypothesis
is that individuals with high scores are important with respect to disease
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spreading and by vaccinating them, the total immunization of the population
is improved. To test this hypothesis, we compare the SV strategy with the
classical neighborhood vaccination (NV) strategy [17].

An important property of the SV strategy is that it requires no knowledge
about the global contact network. The SV strategy uses only local contact
information from the past, e.g. like when and with whom a specific individual
had a contact with—information that most people can recall. The time scale
parameter τ can be used to tune and optimize the efficiency of the score
method, depending on the time scale of the disease and the time correlations
in the historical contact patterns.

3.3 Numerical simulations

In order to evaluate the efficiency of the proposed SV strategy, we use com-
puter simulations of vaccination campaigns and the spreading of influenza-
like diseases. We compare the SV and NV strategies in order to quantify
the efficiency of the score method as a predictor for future importance with
respect to disease spreading.

A dataset consists of several contacts in the time frame [0, T ] and all contacts
are considered as potential disease transmission contacts and instantaneous
contacts. We start by dividing the dataset into two parts, [0, t∗] and (t∗, T ],
where t∗ is the so called vaccination time—i.e. the time where we vaccinate a
fraction f of the population and the time where a random vertex is infected.
Therefore we assume, for simplicity, that the vaccination campaign is con-
ducted instantaneously at time t∗—in practical situations this corresponds
to the situation of a much shorter time scale for the vaccination campaign3

than the epidemic time scale. We use t∗ = tNC/2 throughout this thesis,
i.e. half the dataset is used as information to the vaccination strategies and
the other half is used for disease simulations. The vaccination is assumed
to be completely effective, meaning that a vaccinated person can not catch
the disease in any way. Another simplification in the simulations is that
we introduce the disease at the same point in time, t∗, as the vaccination
campaign is performed. We do this since it yields one unique set of contacts
as information for the vaccination strategies and one unique set for the dis-
ease simulations. A more realistic scenario would maybe be to perform the
vaccination campaign a while after the disease outbreak occured.

3A more realistic scenario would probably be to have a pulse-like vaccination period.
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3.3.1 Vaccination protocols

We use the first part of the dataset, i.e. the contacts in the time frame [0, t∗],
as available information for the vaccination strategies. At the vaccination
time t∗, we vaccinate an equal fraction of f ·N(t∗) individuals according to
both strategies, where N(t∗) denotes the number of individuals that have
been involved in at least one contact until time t∗. Thus, f = 100 % cor-
responds to all individuals present in [0, t∗] which is not (necessarily) the
same as all individuals in [0, T ]. We will test a number of different choices
of f . Note that the actual individuals that are vaccinated may not be the
same since the strategies have different criteria of vaccination and that f is
the fraction of vaccinated individuals present in time [0, t∗].

Algorithmically, the SV strategy can be summarized as:

1. Calculate the scores of all present individuals in [0, t∗] according to
Eq. (3.2).

2. Rank the individuals according to the score.

3. Vaccinate individuals with the highest score (rank) until f · N(t∗)
individuas are vaccinated.

We briefly discussed the concept of the NV strategy, proposed by [17], in
Section 2.3.3. The NV strategy presumes that an individual can name his,
or her, historical contacts and thus it makes use of the same kind of infor-
mation as the proposed SV strategy. Algorithmically, we summarize the NV
strategy as:

1. Randomly choose an individual i among the present individuals in
[0, t∗].

2. Randomly choose a neighbor j from i’s neighborhood Γi.

3. If j is already vaccinated, go to step 1. Otherwise, vaccinate j.

4. If f ·N(t∗) individuals are not yet vaccinated, go to step 1.

3.3.2 Disease simulation

The second part of the data, time frame (t∗, T ], is used for disease simulation
where we use the SI model to obtain the infectious disease dynamics. The
SI model is adequate for modeling the early phase of a disease outbreak.
Ref. [33, 34] studied both the SI model and the more extensive SIS model
for one of the datasets used in this thesis and the same qualitative results
were obtained. Eventually all individuals become infected in the case of SI
epidemic model on static networks. However this is not necessarily the case
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in a temporal network which makes the SI model more realistic in temporal,
compared to static, contact networks. For simplicity, we use the SI model
throughout this thesis. The overall simulation process can be summarized
as follows:

1. Use data from time [0, t∗] to vaccinate f ·N(t∗) individuals.

2. Start disease simulation by randomly infecting an individual and con-
sider all other vertices as susceptible.

3. Iterate the contact sequence (t∗, T ] and if a pair of susceptible and
infected individuals is in contact, the disease spread (individual with
state S turns to state I) with a constant per-contact transmission prob-
ability ρ.

4. Record the fraction of infective individuals Ω(t) at each time step.

The key quantity we study is the fraction of infected vertices, Ω(t). If the
time evolution is not explicitly stated we refer to Ω as the final outbreak size,
given as a fraction of the total population. In order to get reliable results,
we perform a number of independent simulations and evaluate the average
outbreak size, including standard error.

We measure the performance of the SV strategy relative to the NV strategy
by recording the final outbreak sizes, ΩSV and ΩNV, obtained from the same
initial infection source and an equal fraction f of vaccinated individuals.
The performance measure is denoted ∆Ω and corresponds to the difference
in outbreak sizes between the SV and NV strategies, as a fraction of the
total number of individuals N . The performance measure is thus calculated
as

∆Ω =
ΩSV − ΩNV

N
,

where N is the total number of individuals in the dataset. Thus, a negative
value of ∆Ω corresponds to a better performance of the SV strategy in
comparison to the NV strategy. In the situation of for example ∆Ω = −5%,
the SV strategy reduces (on average) the final outbreak size—obtained with
the same infection source and fraction f of vaccinated individuals—with 5
%.

3.3.3 Time scale estimation

The time scale parameter τ determines the level of importance of historical
contacts. To analyze the dependence of the value of τ , we start by randomly
choosing a set M of individuals from the first part of the dataset, [0, t∗]. For
each individual i ∈ M , we perform a SI simulation with i as the infection
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source on the second part of the dataset, time frame (t∗, T ]. We record the
fractional final size of the outbreak, Ωi, caused by i as infection source.

A relatively large value of Ωi indicates that individual i is important with
respect to disease spreading—this means that the individual caused a rela-
tively large outbreak in the population. The hypothesis is that a relatively
large value of Ωi should correspond to a relatively high value of the score
for the same individual, Ψi. To investigate this hypothesis, we look at the
correlation between Ωi and the corresponding score for individual i, Ψ(i).
That is, for a number of values of τ ∈ [0, t∗], we calculate the scores for all
individuals i ∈ M and analyze the Pearson correlation coefficient between
Ωi and Ψi. A relatively strong correlation implies that if Ωi is relatively
large, then the score Ψi tends to be relatively high. The value of τ that
yields the strongest correlation is used when evaluating the efficiency of the
SV strategy. Given a disease, i.e. a value of ρ, and the contact patterns of a
population the SV protocol can be optimized by calibrating the value of τ .

29



30



Chapter 4

Simulation results

This chapter presents the results from the numerical computer simulations
used to evaluate the efficiency of the proposed score method. The simula-
tions are performed using the methods discussed in Section 3.3. In the first
part of the chapter, we investigate the importance of the temporal corre-
lations in the different datasets. We also analyze how the final outbreak
size varies with the choice of the transmission probability. Furthermore, we
investigate the choice of the time scale parameter for the score method. In
the last section of this chapter, we evaluate the efficiency of the proposed
score method.

4.1 Temporal effects

One method to study how the time ordering (temporal correlations) of the
contacts in the empirical datasets affect a propagating disease is to compare
the outbreak size from the original network with reference model, where the
temporal correlations are removed by randomization of the time stamps of
contacts. We randomize the contact times by choosing two random con-
tacts and interchange the time stamps for these contacts, the procedure is
described in more detail in Section 2.2.2.

In Figure 4.1, we plot the time evolution of the outbreak size 〈Ω(t)〉 obtained
by averaging1 the results from 1000 independent disease simulations with
both empirical (squares) and randomized (triangles) data. The results are
obtained with the SI model and transmission probability ρ = 0.6. Important
to note that these results are obtained without any vaccinated individuals.

1We use the angle bracket notation 〈·〉 to indicate that a quantity is averaged over all
independent simulations.
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We can directly see one consequence of the SI model in Figure 4.1, the
number of infected individuals are a monotonically increasing curve. This
originates from the fact that, with the SI model, a once infected individual
can not recover back to the susceptible state. Looking at the results obtained
from the conference data, seen in Figure 4.1d, one can notice that there are
no data points for the time periods 0.5 to 1.0 and 1.5 to 2.0. These periods
correspond to the nights, where the dataset lacks reported contacts.
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Figure 4.1: Time evolution of the outbreak size 〈Ω(t)〉 (averaged over 1000
independent simulations) for a number of different times and with trans-
mission probability ρ = 0.6. Squares correspond to SI simulations on the
empirical datasets and triangles correspond to simulations on randomized
data. The different panels correspond to the four different datasets. The
error bars indicate standard errors over the set of simulations and in panels
(a), (b) and (d) the error bars are smaller than the symbol size. Dashed
lines are guides for the eyes.
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In Figure 4.2 we present the final outbreak size 〈Ω〉 versus transmission
probability ρ where the latter is displayed in logarithmic scale. The results
are obtained with the SI model and 1000 independent disease simulations
(for each value of ρ) with empirical (black squares) and randomized data
(blue triangles).
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Figure 4.2: The final outbreak size 〈Ω〉 obtained from a number of different
transmission probabilities. The outbreak sizes are average over 1000 inde-
pendent simulations. Squares correspond to SI simulations on the empirical
datasets and triangles correspond to randomized data. The different panels
correspond to the four different datasets. The error bars indicate standard
errors over the set of simulations and in panels (a), (c) and (d) the error
bars are smaller than the symbol size. The abscissa is in logarithmic scale.
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4.2 Time scale estimation

In order to evaluate the performance of the score vaccination (SV) strategy,
we need to determine an adequate value for the time scale parameter τ . As
described in Section 3.3.3, we search for an optimal value of τ by looking
at the correlation between the outbreak size Ωi with an individual i as the
source of infection and the corresponding score of individual i, Ψi, calculated
with a number of different values of τ . The correlations (circles), obtained
by using 1000 randomly chosen individuals from the first part of the data
[0, t∗], are presented in Figure 4.3. The dashed lines in Figure 4.3 repre-
sent second order least squares polynomial fits to the correlation values. A
more thorough discussion about how we choose the values of τ is given in
Section 5.3.

4.3 Performance of the vaccination protocols

For a given value of τ , we are able to measure the performance, as described
in Section 3.3.2, of the SV strategy in comparison to the neighborhood
vaccination (NV) strategy. We use τ = 20, τ = 130, τ = 1200 and τ =
0.5 days for the e-mail, internet community, escort and conference dataset
respectively. In Figure 4.4 we plot the performance measure 〈∆Ω〉 of the SV
strategy as a function of the fraction f of the population vaccinated, where
the results are based on 5 000 independent simulations or more. The shaded
regions displays the situations where the SV strategy performs better than
the NV strategy. For the majority of the datasets and values of f , we can see
that the SV strategy outperforms the NV strategy. We discuss the obtained
results in more detail in Section 5.4.
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Figure 4.3: Correlation (circles) between the final outbreak size caused by
individual i as the source of infection, Ωi and the score of individual i, Ψi.
The dashed (black) lines represent second order least squares polynomial
fits to the correlation measures. The different panels correspond to the four
different datasets.
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Figure 4.4: The performance of the score vaccination (SV) strategy rel-
ative to the neighborhood vaccination (NV) strategy as a function of the
fraction of vaccinated individuals f . The results are obtained from 5000
independent simulations or more. The performance measure ∆Ω is the dif-
ference in the final outbreak size from the two vaccination strategies as a
fraction of the total number of individuals. Thus, ∆Ω = −1 % correspond
to the situation that the SV strategy, on average, reduced the outbreak size
with 1 % in comparison to the NV outbreak size. The different panels corre-
spond to the four different datasets. The error bars indicate standard errors
over the set of simulations.
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Chapter 5

Discussion

This chapter starts with a more detailed discussion about the empirical
datasets used in this thesis. We continue the chapter with analyzing the
effects of temporal patterns with respect to disease spreading. We discuss
the choice of the time scale parameters and the following consequences. In
the last part of the chapter we discuss the performance of the proposed score
method. We also discuss some topics for future research in connection with
this thesis.

5.1 Empirical datasets

Temporal contact networks defines potential transmission routes for disease
spreading. In this thesis, we use the empirical contact networks presented
in Section 3.1 to test the ability of the proposed score method, applied as
a vaccination strategy. Two of the datasets originate from online communi-
cation situations—the real contact structures over which for example elec-
tronic viruses spread—one dataset is a human sexual network representing
the topology over which e.g. sexually transmitted diseases spread and one
dataset is a human proximity network over which e.g. airborne pathogens
spread. These empirical datasets show some different properties in both the
temporal and static structure.

The e-mail communication and conference datasets, unlike the other two
datasets, show a more stationary population—that is, individuals that once
enter the system tend to stay in the system—i.e. be active in the dataset—
for a longer time. In the e-mail dataset, about 56 % of the individuals
that are present in the first 10 % of the contacts are also present in the
last 10 % of the contacts. The corresponding proportion is 55 % for the
conference dataset. On the other hand, the Internet community and escort
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datasets possess a more non-stationary population, i.e. individuals show a
tendency of entering and leaving the system at a relatively high rate. In
the Internet community and escort datasets there are roughly 3 % and 2
% of the individuals that are present in both the first and last 10 % of the
contacts respectively.

A potential source of bias in the escort dataset is the fact that the time of
encounters between sex-buyers and sex-sellers is estimated as the time of
the corresponding forum posts. Another effect caused by the using the time
of forum posts is that the dataset results in some days with relatively many
reported contacts. This is probably caused by a number of sex-buyers that
send multiple forum posts about different encounters at the same day [48].
Missing contacts is another potential source of bias in the escort dataset.
Most probably, not all sex-buyers report their encounters on the forum.

The activity, in the sense of number of contacts per time unit, in the con-
ference dataset follows the typical daily human behavior [49]. During the
day, there are periods of increased activity which is caused by the coffee
breaks and lunch times at the conference—where the participants meet and
interact more with each other. On the other hand, there are periods of no
activity which correspond the evenings and nights. The failure rate of the
RFID devices, used to detect contacts at the conference, is estimated to be
around 1 % [49]. Thus the problem of missing contacts also occurs in this
dataset, although the effects are believed to be negligible.

5.2 Temporal effects

In Figure 4.1, we study the effects of time ordering of contacts by comparing
the propagation of a disease (using SI model with transmission probability
ρ = 0.6) on the empirical datasets as well as the corresponding reference
models. From the results obtained by using the escort dataset, presented
in Figure 4.1c, we see that the temporal correlations tend to accelerate the
disease spreading in comparison to the reference model. For the other three
datasets, presented in Figure 4.1a, 4.1b and 4.1d, the time ordering seems
to slow down the spreading process in comparison to the reference model.
Ref. [35] argues that the deceleration is caused by the bursty behavior in
the contact activity.

From Figure 4.1c, we can notice that after about 1000 days the disease starts
to spread in the population. This is believed to be caused by the fact that the
escort dataset shows a transient period with fewer users and sparse contacts
[48] during the initial part of the dataset. Previous studies on this dataset
[33] ignored the first 1000 days when performing various disease simulations
due to the transient property, but in this thesis we use the full original
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dataset. For the other datasets, one can discern a more rapid increase in
the number of infective individuals in the beginning of the simulations. The
conference data, seen in Figure 4.1d, show a drastic increase in the number
of infected individuals. Already after the first day of the conference, about
70 % of the individuals is infected (in the case of the empirical dataset).

In Figure 4.2, we investigate the effects on the final outbreak size by varying
the transmission probability ρ. In this figure, the same pattern as in Fig-
ure 4.1 is seen, i.e. the temporal correlations in the empirical escort dataset
accelerate the disease spread (in comparison to the reference model) for a
majority of the analyzed ρ values. The opposite conclusion holds for the
other three datasets—the temporal correlations slows down the spreading
in comparison to the reference model.

Another interesting phenomenon, seen in Figure 4.2, is that in the case of
e-mail and conference datasets the disease outbreak is practically absent for
transmission probabilities lower than about ρ = 10−2. For the other two
datasets, community and escort data, the corresponding value is around
ρ = 10−1. Thus, there seems to be an epidemic threshold for the datasets—
i.e. if the transmission probability is under the threshold, the disease does not
spread in the population during the studied time window. Ref. [31] argues
that infinite scale-free networks lack epidemic thresholds. However, in this
thesis we use finite size networks which explain the different conclusions
regarding the thresholds.

Ref. [33] investigated the choice of the transmission probability for the escort
dataset and found that different choice of ρ generated qualitatively the same
results. The temporal effects are believed to be stronger than the stochastic
effects of the disease spreading process—i.e the value of the transmission
probability. We use transmission probability ρ = 0.6 when nothing else
is stated. To capture the dynamics of a sexually transmitted disease, a
more realistic value for the transmission probability would for example be
0.001 ≤ ρ ≤ 0.3 [25] but we are not trying to model a specific disease type
with a precise accuracy in this thesis.

5.3 Time scale estimation

In order to evaluate and test the proposed score method, we need to de-
termine a value for the characteristic time scale parameter τ . We perform
SI simulations on the second part of the data (t∗, T ], where we record the
outbreak size caused by a randomly chosen initially infected individual. The
score for the same individual is also calculated and by repeating this proce-
dure for 1000 individuals, yielding two sets of 1000 observations, we inves-
tigate the correlation coefficient between the two sets. A strong correlation
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between the two sets implies that if an individual is ranked with a high
score, it causes a major outbreak in the population when he or she is the
infection source.

In Figure 4.3 we plot the correlation for a number of choices of the time
scale parameter τ ∈ [0, t∗]. Some general trends seen in the plots are that
for the smallest values of τ , the correlation tends to be low and in some
cases even negative. One factor that is believed to cause these trends are
the temporal patterns in the datasets. The most stationary dataset, the
e-mail communication seen in Figure 4.3a, shows a positive correlation and
three clear peaks. We use τ = 20 days when evaluating the performance
of the proposed score method. The populations in the Internet community
and escort datasets shows a more non-stationary behavior and as seen in
Figure 4.3b and 4.3c, the correlations are weaker. We use τ = 130 days and
τ = 1200 days for the Internet community and escort data respectively.

Unlike the other datasets, all the measured correlations on the conference
dataset (seen in Figure 4.3d) are negative. Even a relatively low transmis-
sion probability, e.g. ρ = 0.1, of an epidemic outbreak infects nearly 95 %
of the population (see Figure 4.2d). This dataset includes relatively few
individuals, about 100, which report around 20 000 contacts during a short
time frame of 3 days, yielding a vast contact density in comparison to the
other datasets. We believe that this results in the scenario that almost all
individuals tend to have a high future importance Ωi—infecting a majority
of the total population. At the same time, the temporal patterns in the
dataset are strongly correlated to the daily patterns of humans which seems
to be hard to capture for the proposed score method. Nevertheless, we use
τ = 0.5 days, which corresponds to the least negative correlation, when
evaluating the performance of the score method with this dataset.

Consider the situation of an individual that is awarded with a relatively
high score from the first part of the data. If the individual is not active in
the second part of the data, he or she will not cause any outbreak in the
population. This may lead to a negative correlation for the τ estimation
procedure.

This procedure of estimating the time scale parameter is not feasible in
practical situations since it requires knowledge about the future—we ran
disease simulations on the second part of the dataset to find the correla-
tions. Nevertheless, we are using this future information in order to find an
adequate estimate of the time scale. The motivation to this is that we are
investigating the performance of the proposed score method via benchmark
tests and we are not trying to mimic a real-world epidemic outbreak and
vaccination campaign with a perfect precision. In practical situations the
time scale parameter can for example be estimated from the specific disease
that is in progress. For example, an influenza-like disease has a typical time
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scale of about a pair of weeks.

5.4 Performance of the vaccination protocols

In order to analyze the performance of the proposed score vaccination (SV)
strategy, we perform a comparative study by comparing the SV strategy
with the traditional neighborhood vaccination (NV) strategy. Thus, we do
not use any absolute metrics to analyze the performance of the SV strategy.
The performance of the SV strategy is presented in Figure 4.4 where the
results are obtained from 10 000 independent simulations (for each value of
f) and with ρ = 0.6. The gray-marked area in the plots correspond to the
regions where the SV strategy performs better than the NV strategy.

As seen in Figure 4.4, the performance varies between the different datasets
and this can be explained by the fact that the datasets exhibit different
temporal structures. Overall, the SV strategy outperforms the NV strategy
for a majority of the values of f in the case of the e-mail, Internet community
and conference datasets.

The best performance is obtained for the e-mail dataset, seen in Figure 4.4a.
This can be understood by recalling that the score method is intended to
summarize the activity of individuals and that the behavior of individuals
is somewhat repeated in the near future. This dataset possesses a relatively
stationary population and thus it is more likely that individuals with high
score (found in the first part of the data) are active in the second part of the
data. In other words, the score method is able to estimate the important
spreaders with a relatively good accuracy.

In the case of the escort dataset, seen in Figure 4.4c, the NV strategy shows a
better performance for relatively low fractions of vaccinations. This dataset
shows a more non-stationary behavior and a transient period, as discussed
earlier in this chapter, and it is more likely that the important individuals
found (by the score method) in the first part of the dataset are not active in
the second part of the dataset. Thus vaccinating these individuals may lead
to a small contribution to the immunization of the population. It is harder
to discern a typical trend in the performance obtained from the conference
dataset presented in Figure 4.4d. Although, for a majority of the analyzed
values of f , the SV strategy outperforms the NV strategy in this case as
well.

Looking at Figure 4.4a and 4.4b, we can conclude that the SV strategy out-
performs the NV strategy for the smaller values of f . This is an important
finding since in some real-world situations of vaccination campaigns, it is
desired to vaccinate as few individuals as possible, due to economic rea-
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sons and the fact that some vaccine may come with severe side effects. For
all datasets except the conference data, the two strategies approach roughly
equal performance as the values of f approach 80 %, which indicate that the
choice of strategy is not that important for these datasets when vaccinating
a majority of the population.

We test the SV strategy on only four different empirical datasets and there-
fore it is not a general conclusion that this method is better than the NV
strategy. However, the results indicate that the score method seems to esti-
mate the important spreaders with relatively good accuracy.

The proposed score method can be used for other diffusion processes taking
place on top of temporal networks, for example to estimate important indi-
viduals with respect to information and rumor spreading in social networks.
Although the results and conclusions found in this thesis is only valid for
the disease spreading application.

5.5 Future studies

Lacking in this study, and an interesting area for future studies, is an exten-
sive analysis of the time scale parameter τ as well as an investigation of the
dependence of the transmission probability ρ. Ref. [34] propose two theoret-
ical vaccination strategies that use the temporal structures in networks and
these strategies could be used to test the performance of the score method
even further. With the developing technologies in data gathering it is of
interest to use additional empirical networks, as well as synthetic networks
with tunable characteristics, to test the performance of the score method.
The effects of introducing more complex disease models, for example SIR
and SIS models [2], could be an interesting addition if one wants to simulate
more specific disease types. Furthermore, with an ongoing epidemic the con-
tact structures in a population can change as individuals start to be aware
of which of the others that are infected. This is an effect that we neglect in
this thesis. An interesting scenario would be to allow the transmission prob-
ability to vary within the different individuals in a population, in order to
capture the situation where some people are more likely to catch a disease.
Other interesting approaches to work with the problem of identify impor-
tant disease spreaders are for example data mining or machine learning. We
hope for more research in this direction.

42



Chapter 6

Conclusions

Much of the previous work on theoretical vaccination strategies are based on
static network topologies, which model the contact networks as permanent
structures. In reality, social contacts are not permanent in time and to
capture this property, we use temporal networks throughout this thesis.
The temporal structures can affect the dynamics of an evolving system on
a network.

In this thesis we propose and evaluate a method intended to estimate the
future importance of individuals with respect to disease spreading. By using
the temporal patterns (time ordering of contacts) and the network topology,
each individual in a given population is assigned a score value which depends
on their historical activity. The hypothesis is that individuals with a rela-
tively high score are important with respect to disease spreading within the
population. Thus, by comparing the score of all individuals, we can identify
the ones which are believed to be most important.

To evaluate the score’s ability to identify important disease spreaders, we
apply the method as a vaccination strategy where we choose to vaccinate
the individuals with the highest score. By using computer simulations of
disease spreading, we compare the number of infected individuals obtained
by the proposed vaccination strategy and a traditional vaccination strategy.
From these results, we quantify the performance of the score method.

Important features of the score method are among others: (i) It is based on
obtainable local contact information that most people can recall—like when
(some time back into the past) and with whom one had contact—and could
therefore be implemented in practice. (ii) It includes a time scale parameter
which can be used to calibrate and optimize the vaccination strategy. (iii)
It is not only confined to disease spreading situations. It could be applied
to other diffusion processes taking place on temporal networks.
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With the help of the comparative studies we demonstrate that the scoring
method, implemented as a vaccination strategy, outperforms the neighbor-
hood vaccination strategy for a number of empirical datasets. In real-world
situations, we may need to keep the fraction of vaccinated individuals low
due to limited resources or because of economic reasons. The proposed
strategy shows a relatively good performance especially in situations where
a small fraction of the population is to be vaccinated.
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[18] P. Holme and J. Saramäki. Temporal networks. 2011.

[19] D. Bernoulli and S. Blower. An attempt at a new analysis of the mortal-
ity caused by smallpox and of the advantages of inoculation to prevent
it. Reviews in Medical Virology, 14:275–288, 2004.

[20] H. W. Hethcote. Mathematics of infectious diseases. Soc. Int. Appl.
Math. Rev., 42:599–653, 2000.

[21] M. J. Keeling and K. T. D. Eames. Networks and epidemic models. J.
R. Soc. Interface, 2:295–307, 2005.

[22] W. O. Kermack and A. G. McKendrick. A contribution to the mathe-
matical theory of epidemics. Proceedings of the Royal Society of London.
Series A, 115(772):700–721, 1927.

[23] N. T. J. Bailey. The Mathematical Theory of Infectious Diseases and
its Applications. Hafner Press, New York, 1975.

[24] R. M. Anderson and R. M. May. Infectious diseases of humans. Oxford
University Press, Oxford UK, 1994.

[25] T. D. Hollingsworth, R. M. Anderson, and C. Fraser. HIV-1 transmis-
sion, by stage of infection. J Infect Dis., 198:687–693, 2008.

[26] A. S. Novozhilov. Epidemiological models with parametric heterogene-
ity: Deterministic theory for closed populations. 2012.

[27] F. Brauer. Epidemic models with heterogeneous mixing and treatment.
Bulletin of Mathematical Biology, 70:1869–1885, 2008.

[28] L. Danon, A. P. Ford, T. House, C. P. Jewell, M. J. Keeling, G. O.
Roberts, J. V. Ross, and M. C. Vernon. Networks and the Epidemiol-

46



ogy of Infectious Disease. Interdisciplinary Perspectives on Infectious
Diseases, 2011, 2011.

[29] C. Moore, , and M. E. J. Newman. Epidemics and percolation in small-
world networks. Phys. Rev. E, 61:5678–5682, 2000.

[30] M. E. J. Newman. The spread of epidemic disease on networks. Phys.
Rev. E, 66:016128, 2002.

[31] R. Pastor-Satorras and A. Vespignani. Epidemic spreading in scale-free
networks. Phys. Rev. Lett., 86:3200–3203, 2001.
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