UvA-DARE (Digital Academic Repository)

Complex networks and agent-based models of HIV epidemic
Zarrabi, N.
Publication date
2013
Document Version
Final published version

Link to publication
Citation for published version (APA):
Zarrabi, N. (2013). Complex networks and agent-based models of HIV epidemic. [Thesis, fully
internal, Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).
Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)
Download date:09 Jan 2023

Complex	
  Networks	
  and	
  
Agent-‐Based	
  Models	
  of	
  
HIV	
  Epidemic	
  

Narges	
  Zarrabi	
  
	
  
	
  

	
  

Complex Networks and
Agent-Based Models of HIV
Epidemic

Narges Zarrabi

Complex Networks and
Agent-Based Models of HIV
Epidemic

ACADEMISCH PROEFSCHRIFT

ter verkrijging van de graad van doctor
aan de Universiteit van Amsterdam
op gezag van de Rector Magnificus
prof. dr. D. C. van den Boom
ten overstaan van een door het college voor promoties ingestelde
commissie, in het openbaar te verdedigen in de Agnietenkapel op
dinsdag 24 September 2013, te 12.00 uur

door

Narges Zarrabi

geboren te Esfahan, Iran

Promotiecommissie:
Promoter: Prof. dr. P. M. A. Sloot

Overige Leden:
Prof. dr. C. A. B. Boucher
Prof. dr. H. Afsarmanesh
Prof. dr. M. Bubak
dr. A. G. Hoekstra
dr. J. A. Kaandorp

Faculteit: Faculteit der Natuurwetenschappen, Wiskunde en
Informatica

The work described in this thesis was carried out in the
Computational Science research group of the University of
Amsterdam and within the context of DynaNets
(www.dynanets.org), a project supported by European Union
under EU Grant Agreement Number 233847.

ii

To my parents...

iii

Contents

1 Introduction
1.1 Background and Motivation . . .
1.1.1 HIV Epidemic . . . . . . .
1.1.2 HIV Dynamics . . . . . . .
1.2 Modeling HIV Dynamics . . . . .
1.2.1 Phylogenetic Analysis . .
1.2.2 Agent-based Models . . .
1.2.3 Complex Network Models
1.3 Thesis Overview . . . . . . . . . .

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

2 Modeling HIV-1 Intracellular Replication
2.1 Introduction . . . . . . . . . . . . . . . . . . . . . .
2.2 Modeling HIV-1 intracellular replication . . . . . .
2.2.1 Cell infection . . . . . . . . . . . . . . . . .
2.2.2 Cell states and transitions . . . . . . . . . .
2.3 Model Implementation: Two different approaches .
2.3.1 Stochastic Rate-Based Approach . . . . . .
2.3.2 Stochastic diffusion-based Approach . . . .
2.4 Simulation Results . . . . . . . . . . . . . . . . . . .
2.5 Conclusions . . . . . . . . . . . . . . . . . . . . . .

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.
.

.
.
.
.
.
.
.
.

1
1
3
4
5
6
7
7
9

.
.
.
.
.
.
.
.
.

11
12
13
14
16
17
17
22
26
29

3 Combining Epidemiological and Genetic Networks Signifies
the Importance of Early Treatment in HIV-1 Transmission
3.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . .
3.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . .
3.2.1 Characteristics of the study population . . . . . .
3.2.2 Filter-reduction method and network construction
3.2.3 Analyzing characteristics of the contact network
3.2.4 Constructing the hypothetical transmission networks . . . . . . . . . . . . . . . . . . . . . . . . .
3.2.5 Transmission network and phylogenetic clusters
3.2.6 Factors associated with super-spreaders . . . . .
3.2.7 Comparison with random networks . . . . . . . .
3.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . .
3.4 Materials and Methods . . . . . . . . . . . . . . . . . . .
3.4.1 The Data . . . . . . . . . . . . . . . . . . . . . . .
3.4.2 Phylogenetic analysis . . . . . . . . . . . . . . . .
3.4.3 Filtering process in the filter-reduction method .
3.4.4 Network visualization . . . . . . . . . . . . . . .
3.A Appendix Chapter 3 . . . . . . . . . . . . . . . . . . . . .
3.A.1 Tables . . . . . . . . . . . . . . . . . . . . . . . . .
3.A.2 Figures . . . . . . . . . . . . . . . . . . . . . . . .

47
53
53
56
57
59
60
61
63
64
65
65
67

4 Combining Social and Genetic Networks to Study HIV transmission in Mixed Risk Groups
4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . .
4.2 Combining Social and Genetic Networks . . . . . . . . .
4.2.1 Filter-Reduction Method . . . . . . . . . . . . . .
4.2.2 Overlaying Networks . . . . . . . . . . . . . . . .
4.3 Transmission Between Risk Groups . . . . . . . . . . . .
4.4 Conclusions and Future Directions . . . . . . . . . . . .

73
74
75
76
80
82
86

5 Complex Agent Networks: An Emerging approach
eling Complex Systems
5.1 Introduction . . . . . . . . . . . . . . . . . . . .
5.2 Formal definition of CANs . . . . . . . . . . . .
5.2.1 The agent node model . . . . . . . . . .
5.2.2 Networks of agent interactions . . . . .

89
90
94
95
98

vi

33
34
36
36
37
38

for Mod.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

.
.
.
.

5.3 Applying CANs to modeling infectious diseases . . . . .
5.3.1 Modeling host agent nodes . . . . . . . . . . . . .
5.3.2 Measurements of the spreading of infectious diseases . . . . . . . . . . . . . . . . . . . . . . . . .
5.4 Other Examples of CANs . . . . . . . . . . . . . . . . . .
5.4.1 Ecological examples . . . . . . . . . . . . . . . . .
5.4.2 Economical and social examples . . . . . . . . . .
5.5 Research Issues . . . . . . . . . . . . . . . . . . . . . . .

101
102
104
108
108
109
110

6 Summary and Conclusions

113

Samenvatting

117

Acknowledgments

141

Bibliography

143

vii

1
Introduction
1.1

Background and Motivation

We live in a complex world. Many of the worlds current problems or
natural phenomena can be described as complex, from protein-protein
interactions [179] and spreading of infectious diseases [56], to social
interactions and socio-economics of modern megacities [172, 19], all
the way to the human brain itself [159, 31]. The study of complex systems, modeling and simulation provide means for understanding and
predicting the behavior of such systems and therefore has the possibility of creating significant impact on understanding the complex world
around us.
A complex behavior can occur in any system that consists of large
numbers of components which interact non-linearly [11]. A complex
system can also interact with it’s environment and have emergent properties, such as molecular and cellular systems, organisms, ecosystems
and human societies. To study a complex system, it is essential to
start with real-world data as a base for building models. A model is
an abstraction of a real system which is based on a limited number
of assumptions about the “physical” behavior of the system. Models
can be used for understanding the connections between the system’s
state variables (input, internal and output variables) and assessing the
system’s behavior. If fed with the right data, modeling approaches can
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also provide the requested level of predictability in many complex systems [172].
In the field of biology and bio-medical sciences, many models are
developed to help a better understanding of the underlying biological
phenomena and medical processes. Let us consider the problem of infectious disease spreading in human societies. An infectious disease
results from the presence and increasing the number of pathogenic biological agents (i.e. viruses, bacteria and microbial pathogenic agents)
in a host organism. Social interactions as well as genetic diversity of
the transmitted viral agent among individuals dictate the dynamics
of infectious disease spreading in a population. Hence, the infection
transmission can be investigated at different spatio-temporal scales,
from molecular to epidemiological levels [150].
Human immunodeficiency virus (HIV) infection is one particular
example of an infectious disease that can be mapped to a multi-scale
system. The genetic evolution and mutations of the virus occurs at a
molecular/cellular scale within a time span of milliseconds. On the
other hand, the transmission and spread of the virus is very slow and
happen mainly through blood exchange or sexual intercourse between
individuals in a population. Many data has been collected from HIV
infected individuals, from genome sequencing and blood samples to
contact tracing and social or sexual interactions. The data from each
scale provides information on the dynamics of the system on microor macro-level system dynamics. Models that are built only based on
macro-scale data, neglecting the micro-level dynamics, might be too
abstract and not be accurate enough in representing the real system.
For models that are built only based on micro-scale data, there might
be lack of understanding of the underlying processes of the system
and such models are most of the times not efficient.
Complex systems around us are multi-scale and are made up of
interacting agents with heterogeneous behaviors and goals. Modeling
these systems poses great challenges for understanding and predicting
their dynamics. New modeling approaches are necessary to handle
the multi-scale nature of such complex systems. To model, quantify
and analyze HIV dynamics, there is an urgent need for methods that
can capture the multi-scale spatio-temporal characteristics of complex
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systems. Data-driven modelling is based on the analysis of all the
data characterising the system under study. Formulating data-driven
models that couple together data present at different scales helps us
to address the multi-scale properties of a complex systems. In what
follows, we explain the HIV epidemic and the urge for computational
and modeling methods to tackle the epidemic.

1.1.1

HIV Epidemic

HIV is a member of the retrovirus family which causes acquired immunodeficiency syndrome (AIDS). HIV reduces the number of immune cells in an infected body and causes the immune systems to lack
the ability to fight off other infectious diseases. The first symptoms of
the virus was first observed in 1980s and since then HIV infection and
AIDS have turned out to be one of the most destructive epidemics of
mankind. AIDS has so far killed more than 25 million infected people
around the world [1, 73] and globally, at least 34 million people were
living with HIV at the end of 2011 [2].
Until now, there is still no exact cure for AIDS but there are antiretroviral drugs developed to control the progression of HIV and to
make the lifespan of patients longer. There are different classes of
antiretroviral agents that act at different stages of HIV replication cycle. A combination of these drugs is used, known as highly active antiretroviral therapy (HAART), has had a major impact on suppressing
HIV viral replication and transmission. However, HAART has severe
side effects and increases the chance of acquiring drug-resistant viral
strains [63].
Some virological or medical experiments may be expensive or timeconsuming to conduct, which makes them infeasible to study. For example progression of HIV infection is slow and development of AIDS
is a long term process (approximately 10-12 years under antiretroviral therapies) [125]. In this case, conducting medical experiments to
study the dynamics of HIV is time-consuming and infeasible. Therefore, computer models of HIV dynamics and immune system response
could be a time-efficient and cost-effective approach to study this problem. These models assist researchers and pharmacologists to study the
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viral dynamics and investigate the effect of different drugs on disease
progression (ViroLab, the virtual laboratory for decision support in
viral disease treatment [148]).

1.1.2

HIV Dynamics

The dynamics of HIV occur from intracellular viral replication within
a single cell, to mutations of viral strains within a single individual,
to transmission of the infection between individuals. These dynamics
occur at different spatio-temporal scales (i.e. molecular/cellular, individual and population) and therefore have different timing and spatial
properties. However, the dynamics at all scales are mutually coupled
and drive in large-scale dynamics of HIV epidemic as a whole.
The dynamics at molecular and cellular scales involve many different molecular interactions. A single cell itself has a complex heterogeneous environment. The cell consists of many interacting proteins
and molecules which arise complex behaviors such as replication, internalization, and movement using motor-molecules. With respect to
HIV infection, these dynamical processes become more complicated
to study. The interaction of virus-host cells (mainly T lymphocytes)
and intracellular dynamics of HIV such as intracellular transport of
molecules [51, 27], viral kinetics [164, 134] and intracellular replication of the virus [137, 185] are examples of such processes.
At individual scale, viral dynamics generates 1010 virions every
day, coupled with a high mutation rate of approximately 3 × 10−3 mutations per nucleotide base cycle of replication and recombinogenic
properties of reverse transcriptase [187]. This scenario leads to the
production of many variants of HIV in a single infected patient in the
course of a day [45].
At population scale, we live in an interconnected world with advanced transportation and mobility infrastructure [172, 173, 19]. Thus,
an infected individual can travel and carry the infection from one part
of the world to the other part over the course of a single day [56].

1.2 Modeling HIV Dynamics

1.2
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Modeling HIV Dynamics

Due to multi-scale dynamics of HIV, modeling and simulation of HIV
dynamics can vary from modeling a single cell infected by a virus to
modeling the entire immune response (under virus infection and drug
therapy) [101] up to simulating the transmission of the virus within
a population in a society [152, 104]. Most of the initial modeling research contributed to the study of transmission dynamics of HIV at
the population level [125, 111], since little was known about the epidemiology of the virus. Later, with development of genome sequencing technology an enormous amount of data has been gathered on the
genetic sequences of viral strains. Molecular scientist use bottom-up
approaches such as phylogenetic tree analysis to infer the transmission
and evolution of HIV using these data.
In recent years, many mathematical and computational models have
been developed to investigate the complexity of HIV dynamics, immune response and drug therapy [182, 111, 161, 35, 69, 149]. For
example at the molecular and cellular scales, the dynamic aspects of
a cell such as gene transcription, translation, and protein-protein interaction has been modeled using numerical and computational techniques [137, 185]. Such models become more complicated when the
cell is infected with a virus and is going under viral replication. At the
epidemiological scale, scientists have been trying to study the spread
of infectious diseases using social or sexual contact networks, modelling the population as a complex network (where nodes are individuals and links are relationships) and running models of disease spread
on top of that. In the case of type HIV-1 infection, these models have
been used to understand the complexity of HIV-1 transmission and
spread of viral drug resistance [52, 176, 158, 157, 104, 171, 152]. However, many simplifying assumptions are being made on these models
as well as on the network structure and topology. For instance, a basic
SIR model which classifies individuals into three distinct groups, Susceptible (S), Infectious (I) and Recovered (R), have been used to model
the spread of disease. Even though such a mathematical model provides a general framework to understand the transmission of disease
in a social network, it may be too simple to accurately model a real
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epidemic [171].
Current modeling approaches mainly focus on each scale separately by taking the data from either molecular, individual or population scales. The main modeling methods that are used are either
bottom-up or top-down approaches. Phylogenetic analysis, agent-based
modeling and complex networks are perhaps the most prominent examples of such methods. Phylogenetic analysis is based on the genetic sequence data. Agent-based models (ABMs) are built based on
individual-level behaviors (also known as micro-level dynamics), while
complex networks provide global-level properties (or macro-level dynamics) of the system. In what follows, we briefly introduce methods
that are being used for studying HIV dynamics.

1.2.1

Phylogenetic Analysis

Phylogenetic theory exploits genetic information of viruses using mathematical methods of evolution [92, 58, 90]. Phylogenetic trees are binary hierarchical trees that show the evolutionary relationships among
genetic sequences in a population, where topology and branch lengths
are estimated via likelihood-based or distance-based methods. Genetic sequences are placed at the leaves of these trees and the internal
nodes are considered as hypothetical ancestors under a species’ coalescence paradigm. Phylogenetic trees can be used to infer transmission
clusters, temporal and geographical dynamics. However, these methods may not necessarily accurately represent the evolution of species,
both due to strong assumptions of the underlying mathematical models, and due to noise in the data. For instance, evolution of species
is not always reducible to a tree form and a hierarchical tree may not
necessarily accurately represent the evolution and transmission of disease. Nonetheless, phylogeneticists have been using extensively phylogenetic analysis to investigate transmission events of infection [104],
especially for viruses such as HIV that have a high genetic diversity.
However, the agreement between phylogenetic reconstruction and epidemiological evidence of transmission events can be decreased due to
other species-specific factors: in the case of HIV infection, those include the long period of infectivity and sparse time and space sam-
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pling [138, 79, 28].

1.2.2

Agent-based Models

Agent-based models (ABMs) consist of large numbers of heterogeneous
entities, known as agents, that interact with each other according to
some rules; through the interaction of the agents, system level phenomena are said to emerge. In the past 20 years ABMs have been used
to investigate a number of different complex systems, from traffic and
parking within cities [13, 18, 55] to cellular interactions and immune
system dynamics [22, 185, 101]. ABMs are especially useful for simulating the dynamics of those systems that are driven by human behavior, such as social systems [44], financial markets [23], economics [74]
and pandemics [56].
Depending on the system under consideration the agent can be defined through a simple set of rules, or a more sophisticated entity with
many interacting rules governing its behavior. In a complex social
system, the definition of autonomous decision-making agents can be
an abstraction of human actions in the system. ABMs are often built
by first specifying the system components, compiling relevant information about entities at a lower level of the system and formulating
theories about their behavior. The theories are then implemented in
a computer simulation and the emergence of system-level properties
can be observed [67]. Agent-based modeling provides a means to incorporate individual-level dynamics in studying complex systems.

1.2.3

Complex Network Models

Complex Networks have provided insight for understanding many
complex phenomena [162, 177, 152, 157]. A complex network forms
when the components of a system are linked and have dynamical interactions. Many real-world applications can be described as a complex
network, such as social networks [116], the network of protein-protein
interactions [179] and the World Wide Web [6]. These networks are
huge with some having thousands or millions of nodes. Besides their
enormous size, what make these networks complex is the dynamics of
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interactions, which lead to a particular arrangement or topology of the
network elements.
A complex network can be described as a graph composed of a
set of vertices and a set of edges. The number of edges that connect
from a node to other nodes in the network is called the degree of the
node. The frequency distribution of degrees over the whole network
is an important characteristic of the network, called degree distribution. The connectivity of all the nodes in the network is characterized
by the degree distribution. There are various different forms of complex networks, including scale-free [15], small-world [178] and random networks [113]. A scale-free network is a form of network with
a degree distribution that follows a power law of the form P (k) ∼ k −γ ,
where k is the degree, P (k) is the probability of a node with degree k,
and γ is the exponent of the power law. A power-law distribution implies that the majority of nodes in the network have a low-degree, but
also that there are a few high-degree nodes, known as hubs [114, 40].
Power law distributions and scale-free networks occur in a wide range
of phenomena [15, 145]. Small-world networks are another form of
network in which most pairs of vertices are connected through a short
path. The small-world effect is not confined to social networks and is
also observed in many other networks such as brain networks [31] and
the electric power grid networks [3]. Random graphs are the simplest
form of complex networks, in which every pair of nodes are connected
randomly with an independent probability p. The degree distribution
of such a graph is then a Poisson distribution. Random graphs however, typically do not produce the topological and structural properties of real-world systems observed in nature and society [5, 20].
Much of the research in the area of complex networks focuses on
examining real-world systems and understanding what form of network structure the particular natural phenomena maps to. The scalefree structure and power-law distributions are known to occur in many
real-world networks. An example is the network structure of sexual contacts of homosexual males in a population, which is known
to be scale-free with a power law exponent value ranging between
1.5 to 2.0 [145, 104]. The high-degree nodes in the sexual networks
are the promiscuous individuals who may accelerate the spread of

1.3 Thesis Overview

9

sexual transmittable infections in a population. Another example is
the network of protein-protein interactions, which is also known to
have a scale-free structure [83]. Highly-connected nodes in such networks correspond to important proteins that play a major role in a
biological functions. To predict the behavior of a complex system, it
is essential to start with the mathematical description of patterns observed in real-world data [172]. The definition of complex networks
and knowledge of network characteristics provide such descriptions
for many real-world systems. The degree distribution is an example of
a mathematical formulation for the connectivity patterns in the network. Knowledge of network characteristics (i.e. degree distribution,
average path length, centrality, clustering coefficient and community
structure) provides insights on interconnectivity of components and
global-level properties of a system [14, 20].

1.3

Thesis Overview

In this thesis, we explore the limits of these multi-scale models by
looking into the HIV data present at different scales (from molecular
and cellular to epidemiological scales). We build data-driven models
and perform network analysis in order to understand the dynamics
of HIV epidemic at different spatio-temporal scales. We also introduce and define a new modeling methodology called “Complex Agent
Networks” (CANs), by combining complex networks and agent-based
modeling techniques. The introduction and use of CANs helps to better capture and depict the characteristics of a complex system at both
individual and global system levels. In addition we think that the
multi-scale nature of CANs offer a natural way of absorbing complex,
multi-scale real world data. These systems have sparked major attention and facilitated substantial applications in scientific fields, e.g.,
ecosystems, epidemiology, financial markets and economics.
In chapter 2, we propose a computational model of HIV intracellular replication where infected cells undergo a single cycle of virus
replication. A cell is modeled as an individual entity with certain
states and properties. The model is stochastic and keeps track of the
main viral proteins and genetic materials inside the cell. Two simu-
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lation approaches are used for implementing the model: rate-based
and diffusion-based approaches. The results of the simulation are discussed based on the number of integrated viral cDNA and the number
of viral mRNA transcribed after a single round of replication. The
model is validated by comparing simulation results with available experimental data. Simulation results give insights about the details of
HIV replication dynamics inside the cell at the protein level. Therefore
the model can be used for future studies of HIV intracellular replication in vivo and drug treatment.
In chapter 3, a novel method is introduced to reconstruct HIV transmission networks based on patients genetic, demographic and clinical
data. The method is based on real patient data and considers epidemiological factors as well as viral genome data for network construction.
We argue that combining data from different scales is required for a
more realistic description of complex systems behavior such as transmission of infectious disease and HIV epidemic.
In chapter 4, we modify the filter-reduction method presented in
chapter 3 to study the transmission of HIV in mixed risk groups.
In chapter 5, we introduce CANs, as a new modeling methodology
for modeling complex systems. We argue that CANS are able to capture both individual-level dynamics as well as global-level properties
of a complex system, and as such may help to obtain a better understanding of the fundamentals of such systems.
Chapter 6 concludes the thesis and presents future perspectives of
this research.

2
Modeling HIV-1 Intracellular
Replication

This chapter is based on N. Zarrabi, E. Mancini, J.C. Tay, S. Shahand,
P.M.A. Sloot,“Modeling HIV-1 intracellular replication: two simulation approaches", Procedia Computer Science, Volume 1, Issue 1, May
2010, Pages 555-564.
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Introduction

In the field of virology and infectious diseases, mathematical and computational models are developed to provide a better understanding of
the underlying biological phenomena and medical processes. In recent
years, many computational models have been developed to investigate
the complexity of HIV dynamics, immune system response, and drug
therapy [125, 122, 163, 168, 149]. Simulation of HIV infection can
vary from modeling the entire immune response (under virus infection and drug therapy) [12] to simulating the intracellular processes
at a molecular level. A concrete example of this wide-range multiscale modeling is HIV Decision Support: From Molecule to Man by Sloot
et al. (2009) [150, 7]. Despite the wide range of modeling for HIV
dynamics, more and more attention is being paid toward single cell
analysis to understand intracellular processes.
At cellular and molecular level different modeling techniques, from
deterministic to stochastic [164] and from mathematical to agent-based
models [137, 181, 134], have been used to simulate the intracellular
process of viral replication. A mathematical model by Reddy et al.
(1999) [137] was used to study intracellular kinetics of HIV-1 replication. Reddy’s model is based on a system of coupled ordinary differential equations (ODEs) that is solved numerically. Each sub-process
of the viral replication cycle is represented by one or more equations.
The model provides concentration-based insights on how the overall
replication cycle depends on its constituent reactions. Although mathematical models are able to represent the overall behavior of the system, a disadvantage is that they are less helpful in capturing the individual interactions of the system components, ignoring spatial and
topological dependencies. On the other hand Agent-Based Simulation (ABS), an emerging field in modeling microbiological phenomena, has been widely used in modeling at cellular and molecular levels [163, 181, 86, 96, 70]. In ABS cells and molecules are modeled
as individual agents and the complex behavior of the system emerges
from their interactions. A model using ABS principles was CellAK by
Webb et al. (2004) [181]. It includes cellular details such as membrane with lipid bilayers, substrate molecules and enzymes with reac-
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tion rules and metabolic pathways. The cellular entities are modeled
as agents and the cell behavior emerges from the interaction between
agents. Although agent-based modeling has advantages in modeling
biological and microbiological systems, such models are computationally more expensive than ODE mathematical models. This problem is
becoming less important nowadays with fast super-computers and distributed computing. In modeling HIV infection, agent-based models
are generally large-scale and no intracellular agent-based model exists
that specifically concerns HIV.
In this chapter, we have modeled the HIV-1 intracellular replication and the virus kinetics inside the cell. In Section 2.2 we describe
the HIV replication process and present the general model design.
Section 2.3 introduces the two simulation approaches used for implementation. Section 2.4 presents the simulation results which are
comparable with the experimental data. Section 2.5 is the conclusions
and future work.

2.2

Modeling HIV-1 intracellular replication

Despite having a simple structure, HIV has a complex dynamics inside the cell. HIV replication first requires the virus to enter an uninfected host cell such as CD4+ cells or macrophages. After the virus
enters the cell, it utilizes the cell machinery for replication and release of new virions from the cell surface. Figure 2.1a, taken from
Gene Therapy Journal in ref. [144], illustrates the intracellular replication process of HIV-1 from entering the cell to releasing new virus
particles from the cell. For simplicity, we have only simulated the
major steps that are critical in the viral replication process. Figure
2.1b shows the general model design and the main replication steps
in the model marked in red. The following 7 steps are considered in
the model: Reverse transcription, nuclear transport, integration, cell
activation, mRNA transcription, transport to the cytoplasm and translation. Virus entry to the host cell is not simulated in our model and
initiation of infection is modeled as a stochastic process explained in
Section 2.2.1. The cell is modeled as an individual entity with certain
states and properties. Over the course of simulation time, we assume
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the cell to be non-dividing and non-interacting. In what follows we
describe the cell infection and different cell states.

2.2.1

Cell infection

Cell entry is an important part of the HIV host infection and is target
of many drug treatments. In our simulation we decided not to model
the entry in detail because a simple description was not enough to represent such a complex mechanism and we preferred to investigate this
aspect in a later study [57]. The experimental data used to validate
the model is based on quantitative methods that use multiplicity of
infection (MOI) as a measure of infection. MOI is the ratio of virus
particles to cells or the average number of virus particles per cell. In
real experiments the MOI is determined by dividing the number of
viruses per ml by the number of cells per ml. Therefore, we used the
MOI as a measure of infection, rather than measuring the percentage
of infected cells by explicitly modelling the cell entry, until we have
the chance to access data with details on the entry process. Cell infection is thus simulated as a stochastic process. For each run the cell may
get infected (with 1 or more viruses) or remain uninfected based on the
MOI. Although the MOI represents the average number of viruses per
cell, the specific number of viruses that infect any given cell follows
a Poisson distribution [100]. In a population, the proportion of cells
infected by a specific number of viruses is P(n),
mn .e−m
P (n) =
n!
where m is the MOI and n is the specific number of viruses that
infected the cell. For example if m = 1, a higher proportion of cells will
get infected with one virus or will not get infected at all (n = 0), while
some cells may get infected with two or more viruses. We have used
this approach to substitute the entry process and initiating the cell
infection. The value of MOI is an input to the model and is specified
at the start of the simulation.
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(a)

(b)

Figure 2.1: (a) HIV intracellular replication cycle: Entry(Binding to
CD4 receptor(1), Co-receptor binding(2), Fusion(3)), Reverse transcription(4,5), Transfer to the nucleus(6), Integration (7), Transcription and regulation(8,9,10), Export to the cytoplasm (11), Translation
(12), Assembly, budding and maturation(13,14,15) [144]; (b) 7 main
steps of viral replication in the model.
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Cell states and transitions

The life cycle of HIV inside the cell is arbitrarily divided into two distinct phases: The early phase refers to the steps of replication from
cell entry to integration of viral cDNA into the cell DNA, whereas the
late phase refers to the post-integration steps from cell activation and
mRNA transcription to budding and release of new viruses from the
cell [111]. In this model we have defined 6 states for the cell and each
cell has associated a specific state at a time. At each time point the cell
can be in one of the following states: Uninfected (TU I ), early infected
(TEI ), latently infected (TLI ), and actively infected (TAI ), productively
infected (TP I ), and dead (TD ). TU I refers to a healthy cell, TEI is an
infected cell before the viral genome is integrated into its DNA, TLI is
the state of a cell which has an integrated provirus in its genome. TAI
is the state of an activated cell which produces new viral mRNAs transcripts, and TP I is the state of an activated cell that starts to produce
new viral particles from its surface. Hence, the state of the cell may
change during its lifespan. Figure 2.2 shows the state transitions of a
cell during the viral replication process.

Figure 2.2: Cell internal states and transitions
The death rate of the cell might change during its lifespan. It is
possible that the infected-cell death rate is low initially and increases
during the cell state transitions however, the dependency of cell-death
rate on the cell age is still not clear [147]. So, we assumed the death
rate of the cell to be independent of its age. Hence, the rate of cell dying is stochastic for an individual cell and constant over a population
of cells. An Uninfected cell dies with a constant rate µU D = 0.03 per
day, while an infected cell dies with a higher rate of µID = 0.5 per day
[111]. The death rates are rescaled to the time step of the simulation
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and used as a probability for stochastic cell death.

2.3

Model Implementation:
Two different approaches

Two simulation approaches have been used to implement the virus
replication model: Rate-based approach and diffusion-based approach.
In the rate-based approach the quantities inside the cell are defined
as a set of variables and their rates of change are inferred from literature. On the other hand, the diffusion-based approach defines the
internal state of the cell by simulating the molecular quantities inside the cell as agents. The movement of these agents is described by
random walk and events occur based on rules defined upon collision
between agents. Cell infection and viral replication are stochastic processes and are modeled as such in both approaches. The simulation
is time-driven in both approaches and the update scheme is by time
advance. The simulation time advances uniformly by a constant timestep at each iteration. We chose a time step of 0.2 minute (12 seconds)
in the simulation. This time is small enough to capture the level of
detail we are looking at and long enough for completion of occurring
chemical reactions such as DNA synthesis and transcription.

2.3.1

Stochastic Rate-Based Approach

In the stochastic rate-based approach the cell is an individual entity
and the intracellular quantities are a set of variables known as internal variables. These variables are used to determine the cell state and
keep track of the molecular quantities inside the cell. The cell internal variables are: VRNA (viral RNA), VDNA (viral DNA in both cytoplasm and nucleus), PROVIRUS (integrated cDNA), MRNA (mRNA
transcripts), and VP (translated viral protein). At the start of the simulations all variables are set to 0 and if a cell gets infected the number
of viral RNAs infecting it is assigned to VRNA. The value of each internal variable changes based on its current value and its rate of change.
Figure 2.3 shows the structure of a single cell. Squares are the inter-
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nal variables and arrows are their rates of change. An incoming arrow shows an increase in the variable value, while an outgoing arrow
shows a decrease.

Figure 2.3: Cell structure in the rate-based approach. Rectangles are
the cell’s internal variables and arrows are their rates of change. An
incoming arrow shows an increase in the variable value, while an outgoing arrow shows a decrease.
Different steps in viral replication occur with different rates. These
rates are inferred from literature and listed in Table 2.1. The rates
of major steps in HIV replication are: Reverse transcription, nuclear
transport, integration, activation, mRNA transcription, exporting to
cytoplasm and translation rates. Each rate is rescaled to the time step
of the simulation and is used as a probability for stochastic occurrence
of events. As soon as the cell is infected (TEI ) the reverse transcription process occurs with the average rate of krt nucleotides per minute
where the length of HIV RNA component is 9479 nucleotides [136].
The reverse transcription process mainly consists of 3 steps: First synthesis of the first-strand DNA from the viral RNA, next synthesis of
the second-strand DNA and finally the full-length double-strand DNA
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formation which leads to viral RNA degradation. We have considered these 3 steps of reverse transcription by creation of the first and
the second-strand DNAs in our model which together form up a fulllength viral DNA. Nuclear transfer rate, ktransf er , is the rate by which
the viral DNA produced by reverse transcription transfers to the nucleus. The viral DNA in the nucleus is integrated into the host genome,
degraded or circulated. DNA circularization is neglected in our model
because it is very limited [71]. The viral DNA in the nucleus is integrated into the host cell DNA with rate kintegration and the cell becomes
latently infected (TLI ). A latently infected cell may become activated
with an activation rate of kactivation = 3 × 10−3 cells per day. Activation
of the cell is important for a latently infected cell to produce infected
mRNA molecules by transcription and marks the passage from early
stages of infection to the late stages. In the previous model of HIV
intracellular replication by Reddy et al. [137] all cells were considered to be in an activated state at the time of infection, whereas in
our model we make a distinction between activated (TAI ) and inactivated (TLI ) cells. At every time step we check for the cell activation. As
soon as the cell is activated the transcription process is initiated, otherwise no transcription of viral genes occurs in the infected cell. mRNA
transcription is obtained by cellular factors and cell activation and
there are three major classes of transcripts: unspliced, singly spliced,
and multi-spliced [119]. In our simulation, we are not modeling the
splicing event of mRNA transcripts and only consider the full-length
mRNAs. Splicing plays regulatory roles and is required for efficient
mRNA transcription. It basically adds a delay to the process of transcription which is balanced in our simulation by the time delay added
for stochastic cell activation. The cell produces mRNA transcripts at
every time step with an average transcription rate of ktranscription . The
viral mRNA transcripts are exported to the cell cytoplasm by the export rate kexport . In the cytoplasm the mRNA transcripts are translated
to viral proteins with translation rate ktranslation . The list of rates and
parameters used in this approach is summarized in Table 2.1.
The modeling flowchart of the virus intracellular replication cycle
(in the rate-based approach) is presented in Figure 2.4. At the start
of the simulation a cell gets infected randomly based on MOI. The
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Table 2.1: Parameters

Parameter
Reverse transcription rate
Activation rate
Integration rate
Transcription rate
Translation rate
Export rate to the cytoplasm
Transfer rate to the nucleus
Half life of mRNA
Elimination rate of proteins
Death rate of uninfected T
cell (µU D )
Death rate of infected T cell
(µID )

Value
165 nucleotides per minute
3 × 10−3 cells per day
4.5 copies per hour
1000 copies per hour
262 proteins per hour
2.6 copies per hour
0.012 copies per hour
0.2 per hour
1.4 × 10−5 proteins per second
0.03 per day

Ref
[32]
[47]
[137]
[137]
[137]
[137]
[16]
[137]
[51]
[111]

0.5 per day

[111]

function Replication is executed at each iteration in the simulation.
Details of the replication function are shown in the flowchart with a
remark that the function checks the occurrence of an event at each
step by taking a random number between 0 and 1. The event occurs if
the random number is within the range of the event rate, otherwise it
goes to the next step.
The advantage of this approach in comparison to ODE models is
first the stochasticity of the model, which appears at every step of
virus replication. Also cells in the model are considered as individual entities and by looking into these individual cells one can obtain a
better understanding of the dynamics of virus replication process at a
single cell level.
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Figure 2.4: Flowchart of the rate-based model showing the simulation of HIV intracellular replication.
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2.3.2

Stochastic diffusion-based Approach

In the diffusion-based approach we are simulating the HIV intracellular replication based on the movement of particles inside the cell.
The cell is an individual entity in the model and includes the cellular
and viral compartments which have a significant role in the viral replication cycle. The cellular compartments are: the cell DNA, nucleus,
cytoplasm (cell area) and tRNA (transfer RNA), while the viral compartments are viral RNA, viral DNA, viral mRNA and viral proteins.
We have defined a 2-dimentional grid of 100 × 100 for placing the cell.
The position of the cell is assumed to be constant during the simulation run. The compartments inside the cell are modeled as agents with
some properties and behaviors such as position, size and movement.
The agents in the model are as follows:
• Cellular nucleus: The cell nucleus has a size and a fixed position
in the center of the cell.
• Cellular DNA: The cell DNA has a size and a fixed position in
the center of the cellular nucleus.
• Cellular tRNA: The cell tRNA is randomly positioned inside the
cell cytoplasm. It binds to the primary binding site (PBS) of the
viral RNA and act as a primer for initiation of reverse transcription process.
• Viral RNA: HIV contains 2 viral RNAs which are released inside
the cell cytoplasm after infection. Viral RNA randomly moves in
the cytoplasm area of the cell
• Viral DNA: Viral DNA is the product of reverse transcription
process. Viral DNA randomly moves inside the cell area (both
the cytoplasm and the nucleus). The viral DNAs inside the nucleus are identified as viral cDNA.
• Integrated DNA: The viral DNA which is transferred to the nucleus and is integrated into the host cell DNA.
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• Viral mRNA: Viral mRNA is produced in the nucleus and can
be exported to the cytoplasm. mRNAs randomly move in both
nucleus and cytoplasm areas of the cell.
• Viral protein: Viral proteins are produced in the cytoplasm by
translation of viral mRNAs.
At each time step the moving agents can move one grid point, either left, right, up or down, within the cell area or remain in the same
grid position (Finite size effects are not studied). The movement of
viral particles inside the cell is known to be based on both diffusion
and moving along microtubules [103]. Movement along microtubules
leads to a faster transfer of particle toward the cell nucleus. In this
simulation we are modeling the movement of particles only based on
the diffusion and the diffusion coefficient of particles is tuned to compensate this assumption in the model. The tuned value for the diffusion coefficient is 0.010415 µm2 /sec, which is approximately 50 times
bigger than the largest diffusion coefficient known for HIV particles
inside the human 293T cells (50-220 nm2 /sec) [9]. The advantage of
this approach is that we take into account the spatial effects of the cell
which cannot be represented in the rate-based model. We chose the
cell radius equal to 40 grid points (gp). The average T cell radius is
between 4 to 4.5 µm [72]. Considering the cell size 4 µm each grid
point would be 0.1 µm. In T lymphocytes the diameter of the cell is
approximately twice that of its nucleus. Hence, we used the value of 2
for the cell to nucleus size ratio [72, 151], so the nucleus radius would
be 20 gp. If the length of T cell DNA is 0.6µm, with each grid point 0.1
µm, the DNA length would be 6 gp. The amount of tRNA in the cell
is a high value (198000 per cell [72]) however, not all the tRNAs are
available to the virus, as a primer for reverse transcription, and a large
proportion is used by the cell machinery. Hence, the initial value of
the tRNA is used as a free parameter in the model. At the start of simulation, the cell randomly gets infected based on cell infection model
(Section 2.2.1). Then the cell and agents are assigned to the simulation
grid. At each time step every moving agent performs a random movement over the grid area and checks for collision. Events in the model
occur upon collision between agents and collisions will be processed
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by the agent-collision rules listed in Table 2.2.
Table 2.2: Agent Collision Rules
IF
COLLISION
(agent1-agent2)
vRNA - tRNA

THEN(event)

Rules

Reverse transcription

vDNA - cell nucleus
membrane

Nucleus transfer

cDNA - cell DNA

Integration

mRNA- cell nucleus
membrane

Export to cytoplasm

Produce
vDNA,
and vRNA degradation
vDNA
transfers
from the cytoplasm
to
the
nucleus (cDNA)
Produce
integrated
provirus
and reduce cDNA
mRNA
export
from the nucleus
to the cytoplasm

Cell activation, transcription and translation occurs with the same
rates and conditions explained in the rate-based approach. We have
considered these rates constant over time. Figure 2.5a shows a snapshot of the model visualization at the early stages of the simulation.
The visualized entities are: the cell, the nucleus and the cellular DNA
which are all positioned on the center of the grid, while viral RNAs
(red) and cellular tRNAs (purple) are randomly positioned in the cell
cytoplasmic area. Figure 2.5b shows a snapshot of the model at the
late stages of the simulation where viral mRNA (small green) is transcribed from the cell DNA inside the nucleus and viral proteins (big
green) are translated in the cell cytoplasm.
The model is implemented in the Java programming language for
both approaches. We have used MASON (A Multi-Agent Simulation
library core in Java 1 ) libraries and 2D visualization tools in our sim1 Available

at: http : //www.cs.gmu.edu/∼eclab/projects/mason/

2.3 Model Implementation: Two different approaches

25

(a)

(b)

Figure 2.5: (a) Visualization of early stages of the simulation viral
RNAs (red) are assigned to the cell cytoplasm environment. The purple circles are the cellular tRNA available in the cell (b) Visualization
of late stages of the simulation: viral mRNA (small green) mainly in
the cell nucleus, and translated viral proteins (big green) in the cell
cytoplasm. The purple circles are the cellular tRNA available in the
cell.
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ulation. The resulting data of each cell at each run are recorded in a
Hash Table at certain time points. These times can be changed at start
of the simulation according to the interest of the experiment. The data
saved in the history files are used later for analyzing the results in
MATLAB.

2.4

Simulation Results

Although we modeled the intracellular processes at a single cell level,
we are analyzing the results over a population of cells. This is closer
to what happens in in-vivo and in-vitro experiments, where measurements are an average over all the cells in a volume of blood or on a
petri dish. In order to compare our model results with the experimental data we run the simulation for several populations of cells and average over these populations. At each run we compute the first replication cycle up to 72 hours post-infection, corresponding to 3 days,
which is approximately 12 hours more than the average life-span of
an infected cell. In what follows we will discuss the simulation results
of both approaches described in Section 2.3.1.
The initial number of cells in the simulation is set to 103 which is
the average number of white blood cells in a ml of blood [125]. Integration of viral DNA into the host cell DNA is a key step in the virus
replication cycle and if it doesn’t occur, the virus is incapable of fully
replicating and producing new virions. In experiments conducted by
Scott et al. [71] detection of integrated DNA was accomplished using fluorescence-monitored PCR. They used the MOI = 0.4 in their
experiments and limited their measurements to a single cycle of HIV
replication. We used the same MOI value in our simulation, which
indicates that there is on average 0.4 viruses per cell. The simulation results of integrated cDNA are shown in Figure 2.6. The graph
in Figure 2.6a is a result of the rate-based approach, while Figure 2.6b
refers to the diffusion-based approach. The blue (solid lines) line is
the average amount of integrated cDNA per cell over time and the
red (dashed lines) lines are the standard deviation of the output. Error bars show the experimental data that are measured in 12, 24, 48,
and 72 hours post-infection [71]. The concentration of the integrated
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cDNA first rises, reaches a plateau and then slowly decreases. The
decrease in the number of integrated cDNA reflects the death of infected cells. The integrated cDNA is also detected earlier in the simulation results comparing to the experimental data. This difference is
explained by the limited sensitivity in detection and accurate quantification of integrated cDNA in PCR experiments [30]. The simulation
results of integrated cDNA are consistent with the experimental data
in [71]. However, there is an over estimation in the first 36 hours of
the diffusion-based approach, which is due to the assumptions made
on the diffusion of particles inside the cell. The particles inside an
infected cell are in different sizes and have different diffusion coefficients, but we have assumed the same diffusion coefficient for all moving particles. Although this assumption influences the final biological
results of the diffusion-based approach, we are fixing it by improving
the missing data values. Nonetheless, the modeling approach would
still be the same.
Viral mRNA is the product of transcription process. Once the cell
is activated, the transcription process starts. We have measured the
average copies of mRNA transcripts per cell produced over 1000 cells
at different MOIs and compared it with experimental data on genomic
HIV-1 mRNA molecules. In experiments conducted by Barbosa et al.
[16], mRNA of two groups of patients with different viral loads was
measured. The patients in the first group had a high viral load and
patients in the second group had a low viral load. Accordingly, we
choose a range for MOI from 0.01 to 10 and run the simulation for certain values in this range. Then we plot the average amount of mRNA
transcripts produced after 72 hours in each run versus the value of
MOI in that run (Figure 2.7a). The y-axis is the amount of mRNA
transcripts produced per cell (72 hours post-infection) and x-axis is
the MOI range. Figure 2.7a is the results of the rate-based approach
and each data point is an average over 1000 cells. The red bars show
the range of mRNA produced per cell in the two groups of patients
with high (solid bar) and low (dashed bar) viral loads. From these data
points we observed that the simulation results of viral mRNA produced per cell is within the same range (1.0 × 10−2 -1.0 × 102 genomes
per cell) as the data collected from patients in experiment [16]. Fig-
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(a)

(b)

Figure 2.6: Simulation results of integrated cDNA per cell at MOI =
0.4 (average over 10 simulation runs of 1000 cells) (a) Rate-based approach (b) Diffusion-based approach.
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ure 2.7b illustrates the trend of viral mRNA production over time for
certain MOI values in the rate-based approach. We can see that as the
value of MOI increases, the cell activation and transcription processes
start earlier and more mRNA transcripts are produced.

2.5

Conclusions

We presented a model of HIV-1 intracellular replication, where infected cells undergo a single cycle of virus replication. The cell is an
individual entity and cell infection is modelled by a stochastic process.
The model keeps track of the main viral proteins and genetic materials
inside the cell during the virus replication. Using this model we analyzed each step of the viral replication cycle from reverse transcription
to translation. Two simulation approaches were used for implementing the model: rate-based approach and diffusion-based approach. In
the rate-based approach the intracellular dynamics of the cell is based
on the rates that are inferred from literature, while in the diffusionbased approach the dynamics is based on the modelling intracellular
compartments as diffusing agents. Therefore, in the diffusion-based
approach the spatial information of the cell is taken into account. The
simulation results on the amount of cDNA integrated into the host
DNA and the number of mRNA transcripts produced per cell were
consistent with the experimental data.
Both simulation approaches are stochastic and by looking at individual cells we get a more realistic description of the dynamics inside the cell. This is a more precise description of the in-vivo and
in-vitro experiments compared to the large-scale deterministic models in the literature. For future directions the model can be adapted or
extended in both single-cell level and population level. The diffusionbased approach can be extended at the single cell level to focus more
on the behaviour of the cell under viral replication. A more detailed
description of the replication processes such as the movement of particles along the microtubules or the regulatory effects of mRNA splicing
will allow a better understanding of the intracellular mechanisms. At
a population level the rate-based approach can be extended to simulate re-infection and interaction between cells such as cell-cell trans-
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(a)

(b)

Figure 2.7: (a) Number of HIV mRNA molecules per cell (y-axis) at
deferent MOIs (x-axis). Each data point is an average over 1000 cells.
(b) Trend of mRNA production over time for different MOI values.
Simulation results mRNA per cell.
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mission of the virus. So far, our model focuses on the first round of
replication, while it can be enhanced to have a second, third or multiple rounds of replication. Both approaches in modeling HIV intracellular replication as a whole can be used for investigating the effect of
various HIV inhibitors or new drug agents on the replication process.
Effect of various drugs can be modeled either in the form of rates or
real agents. This will help to identify the efficiency of drugs acting at
different stages of virus replication.

3
Combining Epidemiological
and Genetic Networks
Signifies the Importance of
Early Treatment in HIV-1
Transmission

This chapter is based on N. Zarrabi, M. Prosperi, R.G. Belleman, M.
Colafigli, A. De Luca, P.M.A. Sloot,“Combining Epidemiological and
Genetic Networks Signifies the Importance of Early Treatment in HIV1 Transmission", PLoS ONE 7(9): e46156 (2012). doi:10.1371/journal.
pone.0046156.
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3.1

Introduction

Understanding the dynamics of infectious disease spreading demands
a holistic approach [59]. Social interactions as well as genetic diversity
of the transmitted viral agent among individuals dictate the dynamics
of infectious disease spreading in a population. Hence, the infection
transmission can be investigated at different spatio-temporal scales,
from molecular to epidemiological levels.
At the epidemiological level, scientists have been trying to study
the spread of infectious diseases using social or sexual contact networks, modelling the population as a complex network (where nodes
are individuals and links are relationships) and running models of disease spread on top of that. In the case of type HIV-1 infection, these
models have been used to understand the complexity of HIV-1 transmission and spread of viral drug resistance [52, 176, 158, 157, 104,
171, 152]. However, these models require estimation of many parameters such as frequency of sexual actions, transmission probability per
action, and parameters that shape the network structure. For example,
even though there is uncertainty about the network structures formed
by social/sexual contacts, the network structure of “men who have sex
with men” (MSM) is assumed to be approximately scale-free with an
exponent value in the range from 1.5 to 2.0 [145, 104]. Therefore, the
degree distribution follows a power-law with a scaling factor equal to
the exponent. A power-law distribution implies that low-degree nodes
are many, whereas high-degree nodes are few [114, 40]. These assumptions however, are subject to change in different communities and cultures. Therefore the primary assumptions on the network structure
and the choice of the uncertain parameter values to build a sexual contact network are still controversial.
Phylogenetic analysis has been employed to study the evolution
of HIV-1 both at the population and intra-host level during different
stages of the disease, using molecular sequences [91, 26]. Phylogenetic
theory exploits genetic information of viruses and other species using
mathematical methods of molecular evolution [58, 160]. Phylogenetic
trees show the evolutionary relationships among genetic sequences in
a population, where topology and branch lengths can be estimated via
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likelihood-based, parsimony-based or distance-based methods. Genetic isolates are placed at the leaves of these trees and the internal
nodes are considered as hypothetical ancestors under a species’ coalescence paradigm. Phylogenetic trees can be used to infer transmission clusters [92, 130], as well as temporal and spatial dynamics of the
species’ evolution, in a so-called phylodynamic framework [90, 53].
However, phylogenetic methods may not necessarily accurately represent the evolution of species and transmission of disease, both due
to strong assumptions of the underlying mathematical models, and
due to noise in the data. For instance, evolution of species is not always reducible to a tree form and a hierarchical tree may not represent
the evolution of a species, such as in the case of recombination events
[81]. Moreover, the agreement between phylogenetic reconstruction
and epidemiological evidence of transmission events can be decreased
due to other factors: in the case of HIV-1 infection, these include the
long period of infectivity and convenient sampling (i.e. biased, nonuniform sampling in terms of locations or periods) [81, 79, 28].
This work proposes a new approach to combine information present
at both genetic and epidemiological levels in order to obtain a more
comprehensive picture of HIV-1 transmission. A filter-reduction method is applied to infer a meta-network of HIV-1 sequences based on
the corresponding patient’s demographic and medical information.
For this meta-network, we use the term contact network as it contains all the contacts that are socially and sexually possible contact
between infected individuals in the population. In contrast to standard network methods, no assumptions are being made on the network structure. An intersection of such contact network with a genetic
distance network is subsequently computed, from which a hypothetical transmission network is inferred. The method is then applied to
identify the HIV-1 subtype B transmission networks in central Italy.
The structure of the inferred networks for the MSM and heterosexual risk groups is in agreement with the recognized network structures for social and sexual contacts in the HIV-1 infected population
[29]. Moreover, highly connected patients in the network are found to
be significantly correlated with longer periods without antiretroviral
treatment.
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Considering population level data beside genomic data is essential
for understanding the true nature of infectious disease transmission
networks, as was alluded to by DeGruttola et al. [48]. The approach
presented here is, to the best of our knowledge, the first attempt to use
both genetic and social information in order to characterise transmission networks for HIV-1.

3.2
3.2.1

Results
Characteristics of the study population

A dataset of 895 HIV-1 infected patients from a regional study cohort
in Rome, Italy (see methods) was used in this study. Patients were
divided into two separate groups according to their viral subtype: B
and non-B subtype. One-hundred-twenty-two (13.5%) patients with a
non-B subtype were excluded from the analysis. Of the 773 (86.5%)
subtype B patients, 118 (15.3%) patients who had an unknown/other
entry for the transmission group were also excluded from the analysis.
Of the 655 patients included in the analysis, 65.0% were males and
35.0% females; HIV transmission risk categories were 27.0% MSM,
39.0% heterosexual contacts, 33.0% injecting drug users (IDU), 1.0%
infected through blood products; 84.4% were Italian-born, 10.4% nonItalian born, while for 5.2% nation of birth was unknown. The median interquartile range (IQR) age was 48 (43-53) years; the median
(IQR) calendar year of estimated seroconversion, an estimate of the
start of the infection, was 1996 (1993-2000); the median (IQR) calendar year of viral genotyping was 2004 (2001-2007). At the time
of viral genotyping, the overall median (IQR) plasma viral load was
4.1 log10 HIV RNA copies/ml (3.5- 4.7). The percentage of therapynaive patients was 19.3%, whilst 80.7% were antiretroviral therapyexperienced. The median (IQR) time from the estimated seroconversion date to the first viral sequence date was 8 (4-11) years. In the subset of therapy-experienced patients, the median (IQR) time from the
estimated seroconversion date to the first therapy date was 3 (1.25-5)
years, and the median (IQR) time passed from the first therapy date to
the viral sequencing date was 4 (1-8) years.
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Table 3.1: Social/sexual filters for constructing a contact network.
gender (g), risk group (r), therapy date (t), estimated seroconversion
date (s).

Age filter
Risk
group
filter
Treatment
filter

3.2.2

Connection = 0 for patients 1 and 2
If ( maximum_age_range ≤ |age1 − age2 | )
If ( r1 , r2 )
If( r1 = r2 = Heterosexual and g1 = g2 )
If (r1 = blood products or r2 = blood products)
If ( t1 is older than s2 )
If( t2 is older than s1 )

Filter-reduction method and network construction

We propose a filter-reduction method to infer networks of HIV infected patients, taking into account patients attributes and parameters from literature. The filter-reduction method is defined as follows.
Consider a social-sexual network as a graph/network composed of N
nodes, V(N). We started with an undirected fully-connected network
of V(N) in which there is a link between each pair of nodes. A set
of filters F was applied to the fully-connected network, reducing the
number of edges through the filtering process. Depending on the data
and type of the network the filtering process could vary. For building the network, we used HIV-1 sequence data that were annotated
with demographical information and we applied a set of social filters
(Table 3.1). The social filters were basic epidemiological criteria such
as belonging to a similar age range (filter 1) and similar transmission
risk group (filter 2), and the effect of treatment in reducing the transmission probability (filter 3). A direct connection between every two
nodes that did not satisfy the epidemiological criteria was removed
from the network. Table 3.1 summarizes the specific filtering rules
used for reduction of the associated contact network (For details on
the filtering process see Material and Methods).
An undirected contact network is derived through the filtering process. For the heterosexual population a bipartite network is derived.
This is an effect of rule b in of the second filter, in which we con-
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sider two populations with different genders, males (g1) and females
(g2), and only links between different genders are allowed. A seroconversion function is applied to convert the undirected network to
a directed one. The seroconversion function is based on patient’s estimated seroconversion date and assigns the direction from a patient
with an older seroconversion date to a patient with a more recent seroconversion date. The function results in having no directed cycles
in the networks, meaning that there is no way to start at some vertex v
and follow a sequence of edges that loops back to v again. Hence, the
inferred network is a directed acyclic graph (DAG), a directed graph
with no directed cycles [169]. DAGs are suitable to study and model
processes in which information flows in a consistent direction through
the network such as disease transmission [60, 118]. In the case of HIV1, a “super-infection” may rarely occur, in which a patient is infected
twice with two different virus strains (from different donors). However, it is highly unlikely that a patient is infected back with a variation
of its own virus. In DAG, it is possible that nodes receive more than
one incoming-link (the case of super-infection) but, since there are no
directed cycles in the network, a node would never be re-infected with
a variation of its own virus. Figure 3.1 shows the workflow for constructing networks using the filter reduction method.

3.2.3

Analyzing characteristics of the contact network

To analyse the inferred networks we fist visualized the networks and
plotted the degree distributions. Figure 3.2 shows the network for
the entire population that consists of three sub-networks corresponding to the major HIV-1 transmission risk groups (MSM, heterosexual,
IDU). There were a few patients with “blood product” mode of infection which were isolated from other risk groups. We analyzed the
degree distribution of the network as a whole (i.e., for all risk groups)
and the degree distribution of each sub-network separately. The cumulative degree distributions of the contact networks of the total-, inand out-degrees are plotted (log scale) and shown in Figure 3.3. Indegree is the number of incoming edges to a node and out-degree is
the number of outgoing edges from a node. The total degree is the
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Figure 3.1: Workflow for constructing networks using the filterreduction method

40

Combining Epidemiological and Genetic Networks Signifies the
Importance of Early Treatment in HIV-1 Transmission

sum of in- and out-degrees.

Figure 3.2: Visualization of the contact network consisting of three
sub-networks corresponding to the major HIV-1 transmission risk
groups: MSM (yellow), Heterosexual (red), and IDU (green).
The degree distributions presented in Figure 3.3 are based on social and demographical information and are intermediate results before incorporating the genetic data. From the distributions however,
one can see that the degree of highly connected patients in IDU is significantly higher than those in MSM and patients acquiring infection
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through heterosexual contacts. To further investigate the structural
differences between networks of the three risk groups, we measured
additional network properties including fraction of removed edges,
average degree, average path length, global and local clustering coefficients and assortativity, (Table 3.2).

Figure 3.3: The cumulative total- (black), in- (blue), and out-degree
(pink) distributions for the entire network (all risk groups), MSM, Heterosexual, and IDU risk groups plotted in log-log scale.
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Table 3.2: Properties of the contact network.
MSM

fraction of removed edges
average degree
average path length
clustering coefficient (global)
clustering coefficient (local)
assortativity (degree)

80.4%
34.7
2.16
0.59
0.70
0.04

Heterosexual
91.2%
22.30
2.83
0.00
0.00
-0.20

IDU
45.7%
117.1
1.48
0.76
0.82
-0.11

All risk
groups
91.3%
56.7
2.20
0.71
0.47
0.45

The percentage of removed edges from the MSM and heterosexual networks is almost twice as the percentage of removed edges from
the IDU network. This implies that the MSM and heterosexual contact networks are sparser than the IDU and although the same filters
were applied to all risk groups, the nodes in the IDU contact network
remains more connected and the network structure is more compact.
These observations together with the discrepancies in the degree distributions (Figure 3.3) and measurements in Table 3.2 implies that
there are structural differences in the contact networks and therefore
HIV-1 transmission dynamics between the IDU, MSM and heterosexual populations. The higher degree in the IDU population can be understood from the fact that the IDU was one of the first risk groups
affected by the HIV epidemic in Northern Italy and had the highest
risk of HIV infection in 1985 [17].Moreover, needle sharing among
IDU has a much higher probability of transmission per single act and
therefore it is plausible that, besides the differences in trend over time
and access to treatment over time regarding the epidemics among the
different risk groups, the mode of transmission within IDU by itself
might also have contributed to the observed higher degree of distribution. The heterosexual population has a bipartite contact network and
therefore the clustering coefficients are zero. Bipartite networks are
representative of heterosexual contact networks for sexually transmitted diseases (STDs) such as HIV/AIDS, since the infection only trans-
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mits between males and females and not between individuals with the
same gender [65]. We used community detecting methods based on
the leading eigenvector of the community matrix to identify community structures in the network [115]. The method helps to identify
parts of a network where nodes are densely connected to each other
but are sparsely connected to other nodes in the network. The results
confirmed the existence of two major communities in the MSM and
Heterosexual risk groups (Figure 3.4).

Figure 3.4: Two main communities (green and blue) identified in the
MSM and heterosexual populations using community structure detecting methods based on the leading eigenvector of the community
matrix. The red edges are connecting different communities.
We explain the appearance of these communities from an epidemiological point of view. Formation of communities in a network is due
to a local increase in the connectivity between nodes in some parts
of the network. Knowing that the connectivity of patients within a
community is higher than between communities suggests that people residing in one community have a higher possibility of contacts
and infecting each other. To explore the possible reasons of a higher
chance of having infection transmission events between people residing in one community, we mapped the patient’s estimated seroconver-
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sion years to colour codes from cyan to red. An interesting trend was
observed suggesting that the first community (blue to green) contains
patients who were infected from 1980 to the late 1990s, while the second community (yellow to red) contains patients who were infected
more recently, after the year 2000 (Figure 3.5).

Figure 3.5: The inferred contact network coloured based on estimated
year of seroconversion. The colouring trend in the patient’s estimated
seroconversion year, ranging from 1982 (blue) to 2008 (red).
The temporal separation of the communities may reflect the influ-
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ence of the introduction of more potent and effective anti-retroviral
therapies during the second half of the 90s [126]. The observed trend
in the estimated seroconversion year also showed that the HIV-1 incidence in the IDU population decreased over time after the late 80s
(see Figure 3.5). This is inline the observed decrease in spreading of
HIV among the IDU population in Italy after the 80s as reported by
Rezza et al. [139]. However, the trend of HIV infections through different modes of transmissions in our data set (see Figure 3.10) did not
necessarily respect the overall Italian trends [25, 64] and a more representative sample is needed if we want to extend the results from the
county/regional to the national scale. Next we studied the relationship between the untreated infection period and the connectivity of
the patients in the network. For that we defined an untreated infection period (UIP) for each patient which is computed by:
U IP = first available therapy date – estimated seroconversion date
UIP is the period that the patient was infected but had not started
antiretroviral therapy yet (either because of being unaware of infection
or not fulfilling the immuno-virological criteria to be eligible for treatment or not willing to be treated). We detect a correlation between the
untreated infection period and the number of out-going edges from
a node (out-degree) in the network. The correlation is strongest for
the MSM population with a high statistical significance (r = 0.90, 95%
confidence interval, CI (0.87, 0.93), p-value < 2.2e − 16), where r is the
Pearson’s product-moment correlation. The correlation was less strong
but still highly significant for the heterosexual contacts (r = 0.74, 95%
CI (0.68, 0.79), p-value < 2.2e − 16), IDU (r = 0.86, 95% CI (0.83, 0.89),
p-value < 2.2e − 16) and the overall population (r = 0.83, 95% CI (0.81,
0.85), p-value < 2.2e − 16). The UIP versus the out-degree of nodes is
plotted in Figure 3.6 and one can clearly see that nodes with higher
out-degree tend to have longer UIPs. The inferred networks are direct
outcome of the filters we applied. To test the effect of filters on the
detected correlations, we rebuilt the networks by each time removing one filter from the filtering process and measured the correlations
again. We see that removing the age and risk group filters does not
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significantly change the correlations. By removing the treatment filter, the correlations decrease but are still statistically significant (data
shown in the appendix Table 3.9).

Figure 3.6: UIP vs. the out-going degree of nodes in the MSM, Heterosexual, IDU and all risk groups populations. The Pearson’s correlation
coefficients, 95% confidence intervals and p-values are depicted on
each graph.
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Constructing the hypothetical transmission networks

To construct a hypothetical transmission network we coupled information from both genetic and epidemiological scales. To this aim,
we computed the intersection of the contact network with a genetic
network which was obtained from a genetic distance matrix [92, 80]
. The genetic distance matrix gives a weighted fully connected network which connects all sequences with each other using their genetic
distances as weights1 .
The connection between every two nodes with a genetic distance
higher than a certain threshold was removed from the network. We
used the threshold value of 0.04 nucleotide substitutions per site and
derived a genetic network (See Figure 3.11 and Figure 3.12). The
threshold of 0.04 corresponds to the 15th percentile of the overall distance distribution measured through the phylogenetic tree. The sense
is that all retained links include sequences that are closer than the
85th percentile of the all pairwise comparisons (see [130] for a discussion on the optimal threshold). Additionally, we measured the fraction of removed edges from the genetic network by varying this parameter in a range from 0.02 (1st percentile) to 0.05 (35th percentile).
We observed that by increasing the threshold value, the percentage of
removed edges gradually decreases for the MSM. But, for the heterosexual, IDU and all risk groups the percentages drop under 50% for
threshold value 0.05 (Table 3.10). Subsequently, the genetic network
was overlaid with the contact network and the intersection network
was computed. The resulting social-genetic intersection network, as
a hypothetical transmission network, satisfied both genetic and epidemiological criteria for transmission events. Figure 3.7 shows the
hypothetical transmission network of the entire population.
To analyse the characteristics of the inferred network, we plotted
the degree distributions (Figure 3.8) and measured the network properties presented in Table 3.3.
1 The

dataset of genetic distance iss available at: http://www.plosone.
org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/
journal.pone.0046156.s013

48

Combining Epidemiological and Genetic Networks Signifies the
Importance of Early Treatment in HIV-1 Transmission

Figure 3.7: The hypothetical transmission network of the entire population obtained from computing the intersection of the contact and the
genetic network. Patients are colored based on their risk groups: MSM
(yellow), Heterosexual (red), IDU (green) and blood products (cyan).
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Table 3.3: Properties of the hypothetical transmission network.
MSM
fraction of removed edges
average degree
average path length
clustering coefficient (global)
clustering coefficient (local)
assortativity (degree)

98.1%
3.32
2.86
0.36
0.50
-0.07

Heterosexual
98.0%
4.86
3.27
0.00
0.00
-0.17

IDU
74.4%
55.30
1.78
0.60
0.74
-0.22

All risk
groups
96.7%
21.10
2.22
0.59
0.45
0.11

In Figure 3.8, the cumulative degree distributions of the hypothetical transmission networks for the MSM, heterosexual, IDU and for all
risk groups are shown. For the MSM and heterosexual populations,
the cumulative out-degree distributions were fitted to a straight line,
in log-scale, with slopes equal to 2.65 ± 0.43 and 1.88 ± 0.31. Fitting to
a straight line in a log-log scale suggests that the degree distribution
follows a power-law with a scaling factor equal to the slope [114, 40].
To ensure the fit to the power-law distribution we performed a statistical test, using maximum-likelihood fitting methods with goodnessof-fit tests based on the Kolmogorov-Smirnov statistic [114]. We followed the procedure proposed by Newman et al. (2007) [40]. The
method uses maximum likelihood estimators for fitting the power-law
distribution to the data, along with the goodness-of-fit based approach
to estimate the lower cutoff for the scaling region. The uncertainty
in the fitted parameters was estimated using a function that implements the nonparametric approach for estimating the uncertainty in
the estimated parameters for the power-law fit. To calculate the pvalue for the fitted power-law model, we use a function that implements the Kolmogorov-Smirnov test (which computes a p-value for
the estimated power-law fit to the data) for the power-law model. If
the resulting p-value is greater than 0.1 the power law is a plausible
hypothesis for the data, otherwise it is rejected (See Table 3.4).
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Figure 3.8: Cumulative total- (black), in- (blue), and out- (pink) degree
distributions of the hypothetical transmission network of the MSM,
heterosexual, IDU and all risk groups plotted in log-log scale.

Quantity

n

MSM

176

Heterosexual

255

IDU

217

All risk
groups

655

Degree
Total
in
out
total
in
out
Total
in
out
Total
in
out

<x>
3.32
1.66
1.66
4.86
2.43
2.43
55.30
27.65
27.65
21.10
10.55
10.55

Data
σ
5.62
3.05
5.58
7.68
3.56
5.67
43.43
23.90
33.54
35.15
18.47
23.08

xmax
27
18
27
49
17
39
175
90
146
175
90
146

Power Law (p)
α̂
x̂min
1.82 (0.54) 11 (1.80)
2.09 (0.38)
2 (1.26)
2.65 (0.43)
5 (1.61)
3.50 (0.61) 18 (4.78)
2.50 (0.48)
4 (1.71)
1.88 (0.31)
2 (1.87)
3.50 (0.12) 69 (5.23)
3.50 (0.31) 42 (6.02)
1.96 (0.47) 15 (12.37)
3.5 (0.82) 69 (27.84)
1.6 (0.51)
5 (3.91)
2.0 (0.29)
14 (7.24)

3.2 Results

Table 3.4: Basic parameters of the data and the power law fit. Basic parameters of the data (total-, inand out-degree distributions of the MSM, heterosexual, IDU and all risk groups), along with their
power-law fits and the corresponding p-value. Goodness-of-fit tests compare the observed data to
the hypothesized power-law distribution. If the resulting p-value is greater than 0.1, a power-law is
plausible for the data (statistically significant values are denoted in bold).
goodness of fit
p-value
0.0040
0.0590
0.1730
0.6130
0.0030
0.1020
0.0170
0.0000
0.0000
0.0160
0.0000
0.0000
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Then we performed statistical tests (via a likelihood ratio test) to
compare the power-law against alternative (Exponential and Poisson)
distributions for the data. For each alternative distribution, we computed a likelihood ratio shown in Table 3.5. If the calculated likelihood ratio is significantly different from zero, then its sign indicates
whether the alternative is favored over the power-law model or not.
The statistical tests results and positive likelihood ratios show that the
MSM out-degree distribution is a good fit to the power law model in
comparison to Exponential and Possion distributions.
Table 3.5: Test of power law behavior in the data and likelihood ratios
of alternative distributions. For each degree distribution we give a pvalue for the fit to the power-law model and likelihood ratios (LR) for
the alternatives. We also quote p-values for the significance of each of
the likelihood ratio tests. Significant p-values are denoted in bold.
Positive values of the likelihood ratios indicate that the power-law
model is favored over the alternative. The final column of the table
lists the judgment of the statistical support for the power-law hypothesis for each distribution. “Moderate” indicates that the power-law is a
good fit but there are other plausible alternatives as well; “good” indicates that the power-law is a good fit and that none of the alternatives
considered is plausible.

MSM
(out-degree)
Heterosexual
(totaldegree)
Heterosexual
(in-degree)

Power law
(p-value)
0.1730

Poisson
LR p-value
2.31
0.02

Exponential
LR
p-value
0.35
0.72

Support for
power law
good

0.6130

4.08

< 0.01

-2.67

0.01

moderate

0.1020

2.28

< 0.01

1.85

0.06

good
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Transmission network and phylogenetic clusters

We compared the inferred transmission network with a set of genetic
clusters obtained through phylogenetic analysis of the corresponding
viral sequences (see Materials and Methods and Figure 3.13). A total of 61 clusters (from size 2 to 52) were identified, where 39% of all
patients were included in these clusters (see Figure 3.9 for the cluster size distribution). Nodes, representing individual viral isolates,
residing in the same cluster are identified to be genetically close and
therefore, possibly transmitted the virus to each other. For every two
nodes in a same genetic cluster we tested if they were connected (directly or indirectly) in the transmission network. The percentage of
genetically close nodes that were connected in the transmission network was 37% for MSM, 55% for heterosexual, and 95% for IDU. The
high percentage of genetically close nodes in the IDU population also
supports the idea that the needle sharing does play an important node
in the transmission of HIV in the resulting contact network.

3.2.6

Factors associated with super-spreaders

High out-degree nodes in the network have a higher probability of outspreading the virus to more contacts. In a population these nodes can
play the role of super-spreaders with lot of connections [97, 95, 36,
87]. In Table 3.5, we report the results of a multivariable linear regression analysis conducted to identify factors associated with superspreaders or higher out-degree nodes in the network. In all populations a longer untreated infection period and a higher number of incoming links were associated with super-spreaders. The risk of being
a super-spreader was also associated with a higher viral load and an
older age in the MSM population. The risk in males was higher than
females in the heterosexual population and in all risk groups. We also
performed a univariable regression analysis to identify the independent effect of covariates with respect to super-spreaders (See Figure
3.14).
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Figure 3.9: Cluster size distribution of the genetic clusters extracted
from the phylogenetic tree analysis. A total of 61 clusters (from size 2
to 52) were identified and 39% of all patients were included in these
clusters.

Table 3.6: Results of a multi-variable regression analysis showing the factors associated with high
out-degree nodes. The out-degree is the dependent variable in the analysis, and age, viral load, UIP,
gender, and In-degree are independent variables.
Factor/risk
group
Age
(years)
Viral load
(copies/ml)
UIP
(years)
Gender(male/female)
In-degree

MSM

Heterosexual

IDU

All risk groups

Coef
0.02

Std
0.01

P value
0.0078

Coef
0.01

Std
0.01

P value
0.7788

Coef
0.03

Std
0.00

P value
< 0.0001

Coef
0.02

Std
0.00

P value
< 0.0001

0.02

0.06

0.7450

-0.03

0.04

0.5242

-0.06

0.01

0.0001

-0.08

0.01

< 0.0001

0.22

0.01

< 0.0001

0.24

0.01

< 0.0001

0.13

0.00

< 0.0001

0.17

0.00

< 0.0001

-

-

-

0.39

0.10

0.0001

0.09

0.03

0.0044

0.31

0.03

< 0.0001

0.12

0.01

< 0.0001

0.15

0.01

< 0.0001

0.01

0.00

< 0.0001

0.03

0.00

< 0.0001
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3.2.7

Comparison with random networks

To compare the hypothetical transmission networks with random graphs, we generated random networks of the same size (nodes and edges)
as the inferred transmission networks for each population (MSM, heterosexual, IDU and all risk groups). For this, we used the fraction
of remaining edges in each network, as a probability to generate an
edge in the random network. Table 3.7 compares the properties of
the inferred transmission networks with random networks. One can
see that the inferred networks are different from random networks of
their own size by having lower average path lengths, higher clustering
coefficients and higher assortativity coefficients.
Table 3.7: Properties of the inferred transmission network and randomized networks. Both inferred (infrd) and random (rndm) networks
are of the same size in terms of number of nodes and edges. The properties of the randomized network is an average over the properties of
5 random networks.
Networks
properties
average
degree
average
path
length
clustering
coeff
(global)
clustering
coeff
(local)
assortativity coeff
(degree)

MSM

Heterosexual

IDU
rndm

All risk groups

infrd

rndm

infrd

rndm

infrd

3.32

3.24

4.86

5.02

55.30 55.35 21.10 21.50

infrd

rndm

2.86

4.38

3.27

3.59

1.78

1.74

2.22

2.44

0.36

0.02

0.00

0.02

0.60

0.25

0.59

0.03

0.50

0.02

0.00

0.01

0.74

0.25

0.45

0.03

-0.07

-0.02

-0.17

0.03

-0.22

-0.02

0.11

-0.01
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Discussion

A new method for inferring hypothetical HIV-1 transmission networks
is introduced using information from both genetic and epidemiological scales. This study constitutes, to the best of our knowledge, the
first attempt to combine social and genetic data to characterise transmission networks for HIV-1. We propose a new filter-reduction method
for network construction and used it to build a network of HIV-1 sequences based on their connected social and demographical information. To characterise the hypothetical transmission networks we compute the intersection of the social network with the genetic network
obtained from the genetic distance matrix of Italian patients. Standard
network approaches consider a predefined network structure with certain parameter values to build a network, such as scale-free structure
with an exponent in the range of 1.5 to 2.0 for the MSM population in
HIV transmission [157, 104].
The main advantage of the method presented here is that it does
not require any pre-assumption on the network structure. The network structure itself is an emergent characteristic of our approach.
The power-law distribution for the MSM and heterosexual out-degree
distributions yields a scale-free structure for these networks with exponents equal to 2.65 and 1.88. This means that the structure of
the hypothetical transmission network for the MSM and heterosexual population is heterogeneous, consisting of a majority of ‘peripheral nodes’ that have only a few sexual interactions and a minority
of ‘hub nodes’ that have many sexual interactions. This finding is in
line with the results obtained from analysis of the degree distribution of HIV transmission networks for the MSM population in the UK
[29]. Interestingly, we uncover a positive correlation between the duration of untreated infection periods and the out-degree of the nodes
in the network. This important finding may be explained by the fact
that untreated individuals have higher viral loads and are therefore
more infectious; moreover not being on therapy is generally associated to a higher probability of not being diagnosed or not being compliant to treatment and prevention messages conveyed by health care
providers. This finding underscores the importance of case finding,
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early diagnosis and anticipated antiretroviral treatment as tools to
prevent HIV-1 transmission and spread [41, 8].
The delay between the median estimated seroconversion and the
start of genotyping may have caused the older half of infections to
be a bias sample, as in the pre-HAART (highly active antiretroviral
therapy) era when only the slow progressors survived to be genotyped
later. To investigate this effect, we perform the analysis on a subset
of recent infections, by only considering instances with first positive
test after 1998 calendar year. There were 202 patients with a recent
infection in the data in which 79 were MSM, 99 were Heterosexual,
24 were IDU. The correlation between the untreated infection period
and the out-degree of nodes in the contact network still holds (Figure
3.15). However, the degree distributions of the transmission network
did not pass the statistical test for fit to a power-law. The number of
202 recent infections in our current dataset is relatively a small sample. Doing the analysis on recent infections is worthwhile but requires
having access to recently collected data, which will definitely be considered in our future studies. Super-spreaders are highly infectious
individuals with a high viral load and a high rate of partner change
[97, 38]. Identifying and controlling these super-spreaders is crucial
for stopping the spread of disease in a population [108, 123]. The
identified factors associated with super-spreaders highlighted in the
results section could help to achieve this goal.
The identified correlation presented in this work also suggests the
association of hubs in the network (super-spreaders) with not being on
antiretroviral treatment for longer periods. The stages of infection between the seroconversion, the detection of the infection, and the initiation of therapy are crucial in driving the transmission epidemics. Individuals who do not test regularly and have a risky sexual behaviour
can more easily become hubs or super-spreaders, along with those who
do not initiate a therapy early after the first positive test and do not
change at risk behaviours. The fact that, in this study, networks’ hubs
were those with a longer untreated period confirms this hypothesis.
Until recently, the initiation of antiretroviral treatment has not been
decided by a transmission prevention policy, but rather by consider-
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ing patient’s immunological conditions 2 . Our observation, along with
data presented from recent clinical studies [41, 66], strongly suggests
that early treatment should be considered in order to prevent transmission, although the cost-benefit of such a strategy must be further
assessed in different populations and epidemiological scenarios.
The transmission of HIV drug resistance is another important clinical and epidemiological concern which induces treatment failure. Approximately 10% of newly diagnosed patients with HIV-1 infection
in Europe are infected with a drug resistant virus [170, 174]. Therefore, there is an urgent need for prevention strategies in order to block
the transmission of drug resistant virus. Characterisation of the HIV
transmission networks proposed in this study is a first step that can
facilitate the investigations on the transmission of viral drug resistance. In this study we have limited ourselves to transmission within
the three main risk groups, omitting transmission between risk groups
which are also observed in the phylogenetic analysis [130]. The reason
for that was having no access to reliable social and behavioral data
to include transmission between risk groups and we will consider extending our current study in that direction upon availability of the
required data. We believe that the new approach presented here for
inferring transmission networks can have important repercussions in
the design of intervention for disease control not only for HIV, but
potentially for a wide range of viruses and emerging pathogens.

3.4

Materials and Methods

In this study, we combined information from both genetic (derived
from HIV-1 RNA sequences) and epidemiological scales to characterize a transmission network of the HIV-1 epidemic in central Italy. The
study population included HIV-1 infected patients, with viral genotyping between 1997 and 2009, enrolled and followed up at the Clinic
of Infectious Diseases of the Catholic University of the Sacred Heart in
Rome, Italy. Inclusion criteria were to have at least one viral genotype
2 HIV-AIDS

treatment 2011 guidelines:
http://www.aidsinfo.nih.gov/contentfiles/adultandadolescentgl.pdf
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sequence performed for each patient, allowing multiple observations
for patients with more than a viral genotype available. We applied
a novel filter-reduction method to infer a network of HIV-1 sequences
based on the corresponding patient’s epidemiological information, obtaining a potential contact network. The method is based on real patient data and no pre-assumptions are made on the network structure.
To characterize the transmission network of HIV-1, the intersection of
the contact network with a genetic network based on a genetic distance
matrix was computed.

3.4.1

The Data

HIV-1 RNA sequences from a region-wide cohort study of HIV-1 infected people in Rome and Lazio region, Italy, were used 3 . The viral sequence information encompassed the HIV pol gene region, covering the whole protease and most of the reverse transcriptase gene
(at least the first 1-250 amino acids). Sequence data was annotated
with corresponding patient’s demographics and treatment information, including: sequence id (numeric), viral subtype, sequence calendar year (numeric), patient’s gender (male/ female), age (numeric),
mode of HIV transmission (MSM, heterosexual, IDU, blood products,
other/ unknown), country of origin (Italian/ non-Italian/ unknown),
ART status (ART-experienced/ ART-naive), seroconversion year (median time between last HIV-1 negative test date and first HIV-1 positive test date), calendar year of first HIV positive test and of first
available antiretroviral therapy (numeric), plasma HIV-RNA load (numeric) at viral sequencing time, presence of resistance mutations for
nucleoside-tide/ non-nucleoside reverse transcriptase inhibitors and
protease inhibitors in the HIV-1 sequence (binary). The unknown/
other risk group members were excluded from the analysis. In the
case of missing values for the last negative test date, in order to estimate the seroconversion we take the first positive test date minus one
year which is the average time difference between the estimated se3 The

database is a part of the three national HIV data cohort in Italy:
ARCA (www.hivarca.net), Icona (http://www.fondazioneicona.org), and Master
(http://www.mastercohort.it)
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roconversion date and first positive test in the data. For a number of
patients in the dataset, multiple sequences were recorded at different
time points, but we only considered the earliest sequence per patient
for social/epidemiological analysis. The sequence data was used for
phylogenetic analysis and subsequent inference of transmission clusters, while the annotated demographical and treatment information
were used for social network construction. The statistics of patient’s
characteristics are presented in Table 3.8.

3.4.2

Phylogenetic analysis

HIV-1 sequences matching the inclusion criteria were aligned using
MUSCLE software [54] and the resulting multiple alignments were
edited in order to remove drug-resistance associated mutations 4 that
can lead to a convergent evolution bias in the phylogenetic tree estimation. A phylogenetic tree was then estimated using the maximum likelihood FastTree software [129], assessing node reliability via the builtin Shimodaira-Hasegawa test. Transmission clusters were extracted
from the phylogenetic tree using the PhyloPart java application[130].
The PhyloPart uses a depth-first algorithm to extract a crisp partition (i.e. clustering) from an input phylogenetic tree, constraining its
search on the comparison between sub-tree (i.e. potential clusters)
and whole-tree patristic distance distributions, plus additional ancillary topologic criteria. When the sub-tree is highly (> 90%) supported
by bootstrap (or posterior probability or other statistical test), when
at least two distinct patients are in the sub-tree, and when the median
patristic distance is below a percentile threshold of the whole-tree distance distribution, then a cluster is found. If the depth-first search
reaches a leaf node without finding any cluster, then the instance is
classified as a singleton. Additionally, a genetic distance matrix was
calculated with the MEGA software using the LogDet function [166].
4 IAS-USA

list 2010 (http://www.iasusa.org/pub/topics/2010/issue5/156.pdf)
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Table 3.8: The statistics of patients characteristics (total n = 655, subtype B patients, excluding entries with unknown risk group).
Data statistics

Risk group

22.8%
MSM
(n=176)

33.0%
heterosexual
(n=255)
65.0% male (n=426)
84.0% Italian (n=553)

Gender
Country of origin

28.0%
IDU
(n=217)

0.9%
bloodproducts
(n=7)
35.0% females (n=229)
10.4% non-Italian (n=68)

Unknown/
missing
data

-

5.2%
unknown
(n=34)

Antiretroviral
therapy

19.3% therapynaive (n=127)

Age
Estimated seroconversion date
Last
date

negative

80.7% therapyexperienced
(n=528)
median (IQR)
48 (43-53) years
1996 (1993-2000) calendar year

-

79.0%
unknown
(n=517)
78% unknown
(n=515)

test

1995 (1991-1999) calendar year

First available positive test date
Viral
genotyping
date

1995 (1991-2000) calendar year

-

2004 (2001-2007) calendar year

0.4%
unknown
(n=3)

First available therapy date
plasma viral load
(At the time of viral
genotyping)
time from estimated
seroconversion date
to the first therapy
date
time from estimated
seroconversion date
to the first viral sequence date

1998 (1995-2003) calendar year

-

4.1 log10 HIV RNA copies/ml (3.5-4.7)

3 (1.25-5) years

8 (4-11) years

0.4%
unknown
(n=3)
79.0%
unknown
(n=517)
79.0%
unknown
(n=517)
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Filtering process in the filter-reduction method

The filter-reduction method was used to build a contact network from
the dataset. Each node in the network represents a viral sequence isolate of HIV-1 obtained from a patient. Starting from an undirected
fully-connected network of all patients, a set of social/sexual filters
was applied. These filters considered patients’ demographical and
treatment information. A direct connection between every two nodes
that did not satisfy the epidemiological criteria was removed from the
network (the percentage of removed edges from the network by applying each filter is presented in Table 3.11). In what follows the social
filters for building the contact network are described in more detail:
Filter 1: The age filter indicates the maximum age range for an individual to be socially or sexually interactive with another individual.
If the age difference between two patients exceeds the maximum age
range the direct connection between them is filtered. The age difference is a free parameter and can be changed. We used a value of 10
years for this parameter based on a study on age-disparate and intergenerational sex in South Africa [89]. We also perfrmend a sensitivity
analysis on this parameter by varying the value between 2 to 20 years
(data shown in Table 3.12). Filter 2: This filter considers the patient’s
gender (g) and risk group (r). Three rules are implemented: Rule a:
the connection between patients from different risk groups is filtered,
this results in creation of three separate sub-networks corresponding
to the major HIV transmission risk groups (MSM, Heterosexual, and
IDU). Rule b: for the heterosexual risk group the connection between
patients with the same gender is filtered. Rule c: The “Blood product”
risk groups are isolated from the population, as they were not infected
through sexual relationships. Filter 3: Observational studies suggest
that the transmission probability of HIV-1 decreases by 80-98% after
a patient starts treatment [37, 10]. This is mainly due to the smaller
amount of viral particles in the genital secretions and mucosa after
treatment and the behavioural changes in the patients sexual and social habits when they become aware of their disease. Following this
observation, we filtered connections to a patient A from any other patient whose therapy initiation date (t) predated patient A’s estimated
seroconversion date (s).
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3.4.4

Network visualization

The network visualizations in this study were produced using an inhouse developed interactive visualization tool, called “Twilight”, which
is based on the igraph software package for complex network research
[43]. The layout for all graphs was produced using an implementation
of Fruchterman-Reigngold algorithm provided by igraph [61]. A demo
of network visualization is shown in the video available at http://
www.plosone.org/article/fetchSingleRepresentation.action?uri=
info:doi/10.1371/journal.pone.0046156.s014 and more information on Twilight can be found at http://uva.computationalscience.
nl.
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3.A.1

Tables

Table 3.9: Correlation between the UIP and out-degree of the nodes by
removing each filter from the filtering process in network construction. None implies that all filters are applied and none is removed
from the filtering process.
Age filter
cor p-value
MSM
0.87 < 2.2e − 16
Hetero- 0.94 < 2.2e − 16

sexual
IDU
All
risk
groups

0.80 < 2.2e − 16
0.90 < 2.2e − 16

Risk group filter

Treatment filter

cor p-value
0.91 < 2.2e − 16
0.90 < 2.2e − 16

cor

p-value
0.34 3.05e − 06
0.31 3.76e − 06

cor p-value
0.90 < 2.2e − 16
0.74 < 2.2e − 16

None

0.86 < 2.2e − 16
0.87 < 2.2e − 16

0.61 < 2.2e − 16
0.55 < 2.2e − 16

0.86 < 2.2e − 16
0.83 < 2.2e − 16

Table 3.10: Fraction of removed edges from the genetic network using
different genetic thresholds. Each threshold value corresponds to a
percentile of the overall distance distribution measured through the
phylogenetic tree.
Thresholds
(percentile)
0.022 (1st)
0.031 (5th)
0.036 (10th)
0.040 (15th)
0.042 (20th)
0.045 (25th)
0.047 (30th)
0.050 (35th)

MSM
99.8%
98.0%
95.1%
91.1%
87.2%
82.9%
78.3%
70.8%

Fraction of removed edges
Heterosexual IDU All risk groups
98.7%
94.3%
98.2%
93.1%
79.3%
91.6%
85.8%
66.5%
84.1%
77.5%
56.3%
76.5%
70.9%
49.7%
70.5%
63.8%
43.3%
64.3%
57.4%
37.9%
58.5%
48.4%
30.5%
50.1%
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Table 3.11: Percentage of edges filtered from the network by applying
each different filter and all filters.
Age filter

MSM
Heterosexual
IDU
All risk groups

44.5%
37.5%
15.7%
34.7%

Risk
group
filter
0.0%
55.1%
0.0%
75.0%

Treatment
filter

All filters

69.2%
67.7%
38.2%
61.1%

80.4%
91.2%
45.7%
91.3%

Table 3.12: Sensitivity analysis on the “maximum age difference” parameter.
Max.
age
diff.
(years)
2
4
6
8
10
12
14
16
18
20

MSM

Heterosexual

IDU

All risk groups

cor

removed
edges

cor

removed
edges

cor

removed
edges

cor

removed
edges

0.83
0.85
0.88
0.90
0.90
0.91
0.92
0.93
0.94
0.94

94.6%
90.4%
86.6%
83.2%
80.4%
78.3%
76.5%
75.0%
73.9%
73.0%

0.66
0.67
0.68
0.71
0.74
0.76
0.77
0.78
0.78
0.79

97.4%
95.6%
94.0%
92.4%
91.2%
90.3%
89.4%
88.7%
88.2%
87.7%

0.75
0.78
0.82
0.84
0.86
0.88
0.89
0.89
0.90
0.90

80.2%
67.2%
57.3%
50.6%
45.7%
43.1%
41.4%
40.0%
39.4%
39.0%

0.73
0.76
0.78
0.81
0.83
0.84
0.85
0.85
0.86
0.86

97.0%
95.0%
93.4%
92.2%
91.3%
90.7%
90.2%
89.8%
89.6%
89.4%
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Figures

Figure 3.10: Prevalence of mode of transmission groups stratified by
calendar year in the study population.
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Figure 3.11: Visualization of the genetic network. The genetic network is built based on the genetic distance matrix. There is a link
between every two patients in the network if their genetic distance is
smaller than the threshold value of 0.04 ns/s. Patients are coloured
based on their corresponding risk group: MSM (yellow), heterosexual
(red), IDU (green) and blood products (cyan).
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Figure 3.12: Cumulative total- (black), in- (blue), and out-degree
(pink) distributions of the genetic network plotted in log-log scale for
the MSM, Heterosexual, IDU and all risk groups.
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Figure 3.13: Phylogenetic tree and genetic clusters. Phylogenetic tree
with the leaves colored as cluster Ids (nodes residing in one genetic
cluster have the same cluster Id). The colors have been generated by
dividing the RGB spectrum into specific intervals, corresponding to
the number of distinct clusters. The red leaves scattered through the
whole tree are “singletons” (i.e. unclustered isolates).
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Figure 3.14: Univariable regression analysis of factors associated with
super-spreaders. Plots of numerical factors (age, viral load, UIP and
in-degree) versus the out degree of nodes in the MSM, heterosexual,
IDU and all risk groups. The correlation coefficients depicted on the
graphs show the strength of a linear relationship between independent
factors with respect to super-spreaders.
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Figure 3.15: Untreated infection period (UIP) versus out-degree of recent infections. UIP vs. the out-going degree of nodes in the MSM,
Heterosexual, IDU and all risk groups populations, for recent infections in the dataset (instances with first positive test after 1998 calendar year). The Pearson’s correlation coefficients, 95% confidence intervals and p-values are depicted on each graph.

4
Combining Social and Genetic
Networks to Study HIV
transmission in Mixed Risk
Groups

This chapter is based on N. Zarrabi, M. Prosperi, R. Belleman, A. De
Luca, P.M.A. Sloot, “Combining Social and Genetic Networks to Study
HIV Transmission in Mixing Risk Groups", European Physical Journal,
EPJ Special Topics, In press (2013).
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Introduction

Complex Networks have provided insight in understanding many natural phenomena [162, 177], such as infectious diseases spreading [56,
152, 107], financial markets [23, 132], transportation and mobility in
new socio-technological systems [173, 4] and so on. The complexity of
such systems arises from dynamics at different spatio-temporal scales,
from molecular to individual level dynamics, all the way to the population level [185, 150]. For example, infectious disease spreading in
a population is dictated by social interactions as well as the genetic
diversity of the transmitted viral agent at the molecular level. Understanding the multi-scale nature of such complex system requires
data from both micro-level (i.e. genome sequencing or individual behaviours) and macro-level dynamics (i.e. social interactions or the distributions and community structures in human societies). Therefore,
combining data from different spatio-temporal scales is crucial in order to better understand the behaviour of a complex system. Human
immunodeficiency virus (HIV) transmission as a particular application of infectious disease spreading is studied for more than 30 years
[125, 137, 104]. Sociological, clinical and virological data have been
gathered from HIV infected patients. These data are from different
scales such as sexual behaviours and promiscuity of infected individuals and viral genomes sequencing and mutations rates of viral strains
[125, 137]. At the molecular scale, the genome sequencing data indicates the genetic sequences of viral strains that patient are infected
with. Molecular virologists use these genetic information and apply
methods such as phylogenetic tree analysis to infer the transmission
and evolution of HIV [26, 155]. At the population scale, models of social and sexual contact networks are built to study the HIV epidemic
[152, 105, 171, 145]. These models require estimation of many parameters such as frequency of sexual actions, infection probability per action, and parameters that shape the network structure. The validation
of such models are based on data that have been collected from patients registered in hospitals or infected individuals who receive treatment.
In our previous study, Zarrabi et al 2012 [186] (Chapter 3), we tried
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to address this issue by combining the data present at social and genetic scales in order to infer hypothetical transmission networks for
HIV-1. The structure and properties of the inferred networks were
in agreement with the recognized network structures for social and
sexual contacts in the HIV-1 infected populations. We found that the
transmission network of homosexual males and heterosexuals have a
heterogeneous structure with a majority of “peripheral nodes” that
have only a few sexual interactions and a minority of “hub nodes”
that have many sexual interactions. A correlation was also detected
between higher number of out-going links and longer untreated infection periods in HIV infected patients. These findings signified the
importance of early treatment and supported the potential benefit of
wide population screening, management of early diagnoses and anticipated antiretroviral treatment to prevent viral transmission and
spread. The study was only considering the transmission within the
three main risk groups of HIV: MSM, heterosexuals contacts, and injecting drug users (IDU). However, people belonging to different risk
groups, as a part of one population, may have interactions with each
other. For example, homosexuals males who have heterosexual contacts (bisexuals) or injecting drug users who have sexual activities [143,
102]. Therefore, the HIV infection can transmit from one risk group
to the other.
In this chapter, we included mixing risk groups in the model in
order to study transmission between different risk groups. For this,
we modified the filter-reduction method presented in Chapter 3 to include mixture between risk groups. We analyzed the properties of inferred transmission networks and compared the results with those in
Chapter 3. In what follows we briefly describe the proposed method
for combining social and genetic data. Then we explain the modification of the method and use it to study transmission between risk
groups in an Italian patient’s database.

4.2

Combining Social and Genetic Networks

We proposed a new filter-reduction method for network construction.
The method was used to convert raw and unstructured patient data
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from social and genetic scales into network forms. Then we overlaid
the networks from both scales and computed the intersection.

4.2.1

Filter-Reduction Method

The filter-reduction method was defined to convert raw patient data
(i.e. social and clinical data and viral genetic sequence data) into network forms. The method was based on real patients data and no preassumptions were made on the network structure. The method was
defined as follows: Let it be a graph/network composed by a set of
N nodes, V (n). We started from an undirected fully-connected network of V (n) in which there is a link between each pairs of nodes. A
set of filters F were applied on the fully-connected network which reduced the number of edges through the filtering process. Depending
on the data and type of the network the filtering process may change.
We built a social contact network of HIV-1 infected patients based on
their social, clinical and demographical information. The contact network was defined as a graph with a set of nodes (infected individuals)
and edges (possible social/sexual relationships). For building the network a set of social/sexual filters were applied. These filters were basic
epidemiological criteria drawn from plausible assumptions in clinical
studies such as, individuals belonging to the same age range or similar transmission risk group are more likely to have interactions. The
effect of treatment in reducing the transmission probability was also
considered in the filtering process.
In Table 3.1 we have presented the specific filtering rules that are
used for building the social contact network. Age filter indicates the
maximum age range for an individual to be socially or sexually interactive with another individual. Risk group filter considers the patient’s gender (g) and risk group (r) and consists of three rules. First,
the connection between patients from different risk groups is removed,
which results in creation of three isolated clusters corresponding to
the major HIV transmission risk groups (MSM, Heterosexual, and IDU).
Second, for the heterosexual risk group the connection between patients with the same gender is removed. Third, the “Blood product”
risk groups are isolated from the population, as they were not infected
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through sexual relationships. Treatment filter considers an observation in clinical studies that the transmission probability of HIV-1 decreases by 80-98% after a patient starts treatment [37, 10]. The reason
is mainly due to the smaller amount of viral particles in the genital
secretions after treatment and the behavioural changes in the patients
sexual and social habits when they become aware of their disease. Following this observation, we filtered connections to a patient A from
any other patient whose therapy initiation date (t) pre-dated patient
A’s estimated seroconversion date (s). A direct connection between
every two nodes that did not satisfy these epidemiological criteria was
removed from the network. Then we inferred a meta-network of HIV1 sequences based on the corresponding patient’s demographic and
medical information. We used the term “social contact network” as
it contains all the contacts that are socially and sexually possible between infected individuals in the population. The inferred network
is a directed acyclic graph (DAG) [169] that is a directed graph with
no directed cycles. DAGs are suitable to study and model processes in
which information flows in a consistent direction through the network
such as disease transmission [60, 118]. Therefore, we used a DAG to
model the transmission of HIV-1.
To test our method, we used a region-wide cohort study of HIV-1
infected people in Rome and Lazio region, Italy. A total of 655 patients were included in the analysis. The patients were annotated with
demographics and genetic information, including: sequence id (numeric), viral subtype, sequence calendar year (numeric), patient’s gender (male/female), age (numeric), mode of HIV transmission (MSM,
heterosexual, IDU, blood products, other/unknown), country of origin
(Italian/non-Italian/unknown), ART status (ART-experienced/ARTnaive), seroconversion year (median time between last HIV-1 negative
test date and first HIV-1 positive test date), calendar year of first HIV
positive test and of first available antiretroviral therapy (numeric),
plasma HIV-RNA load (numeric) at viral sequencing time. The missing numerical values were replaced with the average. These information were used to build the contact network by applying the filterreduction method. To see the effect of applied filters we measured the
fraction of removed edges by E/Etotal , where E is the number of edges

78

Combining Social and Genetic Networks to Study HIV
transmission in Mixed Risk Groups

Table 4.1: Percentage of links filtered from the network by applying
different filters.
MSM
Heterosexual
IDU
All risk groups

Age filter
44.5%
37.5%
15.7%
34.7%

Risk group
0.0%
55.1%
0.0%
75.0%

Treatment
69.2%
67.7%
38.2%
61.1%

All filters
80.4%
91.2%
45.7%
91.3%

in the network after the filtering process and Etotal is the total number of edges in a directed fully-connected network. Etotal equals to
n(n − 1)/2, where n is the number of nodes in the network.
Table 4.1 shows the percentage of links filtered from the network
by applying each individual filter and all filters for different risk groups.
By comparing the percentages for different risk groups, one can see
that the age-filter removed more edges from the MSM and heterosexual networks than from the IDU. The risk group filter had the highest
impact on all risk groups which results in three separate sub-networks
corresponding to each risk group. The first rule of this filter separated
the three risk groups and therefore confined the study to transmission
within risk groups, omitting transmission between risk groups. The
filter also caused the generation of a bipartite network for the heterosexual population. This was an effect of the second rule of the risk
group filter, in which we considered two populations with different
genders, males (g1 ) and females (g2 ), and only links between different
genders were allowed. The effect of treatment filter on removing edges
from the MSM and heterosexual was almost twice more than from the
IDU.
For the phylogenetic analysis, the viral genomic RNA sequences
of the patients in the same Italian cohort study were used. The sequence data information encompassed the HIV pol gene region (199 amino acids), covering the whole protease and most of the reverse
transcriptase gene (at least the first 1-250 amino acids). HIV sequences
were aligned using MUSCLE software [54] and the resulting multiple
alignment was edited in order to remove drug-resistance associated
mutations that can lead to convergent evolution bias in the phyloge-
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netic tree estimation. A phylogenetic tree was then estimated using
the maximum likelihood FastTree software [129], assessing node reliability via the built-in Shimodaira-Hasegawa test. Phylogenetic clusters were extracted from partitioning the leaves in the phylogenetic
tree using the PhyloPart java application [130]. The PhyloPart uses a
depth-first algorithm to extract a crisp partition (i.e. clustering) from
an input phylogenetic tree, constraining its search on the comparison
between sub-tree (i.e. potential clusters) and whole-tree patristic distance distributions, plus additional ancillary topologic criteria. When
the sub-tree is highly (> 90%) supported by bootstrap (or posterior
probability or other statistical tests), when at least two distinct patients are in the sub-tree, and when the median patristic distance is
below a percentile threshold of the whole-tree distance distribution,
then a cluster is found. If the depth-first search reaches a leaf node
without finding any cluster, then the instance is classified as a singleton (A sequence that is not assigned to any cluster).
A total of 61 clusters (from size 2 to 52) are identified, where 39%
of all patients are included in these clusters. A genetic distance matrix was also calculated with the MEGA software using the LogDet
function [166]. The genetic distance matrix was used to build a genetic network. The distance matrix gave a weighted fully connected
network which connected all sequences with each other using their
genetic distances as weights. The connection between every two nodes
with a genetic distance higher than a certain threshold was removed
from the network. We used the threshold value of 0.04 nucleotide substitutions per site to build a genetic network. The threshold of 0.04
corresponds to the 15th percentile of the overall distance distribution
measured through phylogenetic tree. The sense is that all retained
links include sequences that are closer than the 85th percentile of the
all pairwise comparisons (see [130] for a discussion on the optimal
threshold). The fraction of removed edges from the genetic network
using the threshold value 0.04 is 91.1% for the MSM, 77.5% for the
heterosexual, 56.3% for the IDU and 76.5% for all risk groups. The
percentage of removed edges from the IDU network is less in compare
to the MSM and heterosexual networks which is consistent with the
percentage of removed edges after applying the social filters.
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Overlaying Networks

To combine information from both social and genetic scales we overlaid the networks from each scale and compute the intersection network. Two networks that are overlaid have exactly the same set of
nodes. The edges in one network represent the social relationships and
in the other represent the genetic connectivity. The intersection network contains only edges that are present in both networks. Figure 4.1
shows the workflow for converting unstructured data into network
forms and computing their intersection. We compute the intersection
of the social contact network with the genetic distance network. The
socio-genetic intersection network is a hypothetical transmission network, which satisfies both social criteria (Table 3.1) and genetic criteria
(genetic distance < threshold) for transmission events.

Figure 4.1: Overlaying social and genetic networks
For the MSM and heterosexual populations, the out-degree distributions were fitted to a straight line, in log-scale, with slopes equal
to 2.65 ± 0.43 and 1.88 ± 0.31 Fitting to a straight line in a log-log
scale suggested that the degree distribution follows a power-law with
a scaling factor equal to the slope alpha [114, 40]. To ensure the fit
to the power-law distribution we performed a statistical test, using
maximum-likelihood fitting methods with goodness-of-fit tests based
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on the Kolmogorov-Smirnov statistic as proposed by Newman et al.
2007 [40]. The power-law distribution for the MSM and heterosexual
out-degree distributions yielded a scale-free structure for these networks with exponents equal to 2.65 and 1.88. This means that the
structure of the hypothetical transmission network for the MSM and
heterosexual population is heterogeneous, consisting of a majority of
‘peripheral nodes’ that have only a few sexual interactions and a minority of ‘hub nodes’ that have many sexual interactions. This finding
was in line with the results obtained from analysis of the degree distribution of HIV transmission networks for the MSM population in the
UK [29].
We further analysed other network properties such as fraction of
removed edges, average degree, average path length, global and local
clustering coefficients and anssortativity. Clustering coefficient gives
an indication of the overall clustering in the network and is based on
triplets of nodes [77]. A triplet is three nodes that are connected by
either two (open triplet) or three (closed triplet) undirected edges. A
triangle consists of three closed triplets, one centred on each of the
nodes. The global clustering coefficient is the ratio of the triangles
and the connected triples in the graph. Local clustering coefficient
of a node is the ratio of the triangles connected to the node and the
triples centered on the node. The degree assortativity is a measure of
connectivity between nodes with similar degrees [112]. The assortativity coefficient is positive if the connected nodes tend to have similar
degrees and is negative otherwise. In Table 3.7 the network properties of intersection network in comparison to randomized networks is
presented. We generated random networks of the same size (nodes
and edges) as the computed intersection networks for each population
(MSM, heterosexual, IDU and all risk groups). For this, we used the
fraction of remaining edges in each network, as a probability to generate an edge in the random network. One can see that the inferred
networks were different from random networks of their own size by
having lower average path lengths, higher clustering coefficients and
higher degree assrotativity coefficients.
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Transmission Between Risk Groups

Transmission between different risk groups is important in HIV epidemic [128, 85, 82]. Individuals belonging to different risk groups of
HIV may have contacts as part of a population. For example, homosexuals males who have heterosexual contacts (bisexuals) or injecting
drug users who have sexual activities [143, 102]. Behaviorally bisexual men have long been known as a potential bridge for the entry of
HIV into the heterosexual female population [128, 85]. In the United
States, the percentage of homosexual males who are known to be bisexual is reported between 10% to 15% in 2001[39]. Sex partnerships
with IDU is another risk factor that bridges the infection from IDU risk
group to MSM and heterosexual populations. IDU partnership among
New York city high-risk heterosexuals was reported to be 13.8% in
2006-2007 [82]. Thus, the study of transmission between risk groups
is important in HIV epidemic in order to assess the relative role of
bisexuality or IDU partnership in crossing the transmission of HIV
between risk groups.
To include transmission between risk groups, we modified the second rule of the risk group filter in Table 3.1 which separates transmission risk groups. The new filtering rule keeps connections between
patients based on phylogenetic clusters and certain probabilities. Phylogenetic clusters are a set of genetic clusters obtained through phylogenetic analysis (see Sect. 4.2). Nodes, representing individual viral
isolates, residing in the same cluster are identified to be genetically
close and therefore, possibly transmitted from one host to another.
However, it is not known who has transmitted to whom as each cluster consist of a set of fully-connected nodes. A probability matrix is
defined to specify the rates of sexual contacts between individuals
from the same and different risk groups (Table 4.2). The modified risk
group filter is shown in Algorithm 1, in which cluster represents the
phylogenetic cluster, r is the risk group, pij is the rate of having contact between individuals from different risk groups, and pii is the rate
of having contact between individuals from the same risk group. If
two individuals reside in the same phylogenetic cluster there is a connection between them in the network. Otherwise, a random number,
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between zero and one, is generated as a probability to keep the connection based on the contact rates. In the probability matrix, we used
the value of 0.7 for pii and 0.1 for pij .These are free parameters in the
model and are chosen as such to be close to the the values reported in
the literature [82, 109, 120].
if cluster1 = cluster2 then
connection = 1;
else
rand ← (0 ≤ random number ≤
1);
if r1 , r2 then
if rand ≥ pij then
connection = 0;
end if
else
if rand ≥ pii then
connection = 0;
end if
end if
end if

MSM
MSM p11
HET p21
IDU p31

HET

IDU

p12
p22
p32

p13
p23
p33

Algorithm 1: Modified risk group
Table 4.2: Risk-to-risk contact rates
filter
We visualize the resulting networks using an in-house developed
interactive visualization tool, called “Twilight”1 , which is based on
the igraph software package for complex network research [43]. Twilight provides several algorithms to generate a layout of a network.
We used a force-based layout algorithm developed by Fruchterman
and Reingold [61]. This algorithm employs an iterative force-directed
placement that considers the network as a mechanical system where
the vertices are steel rings and the edges act as springs. Two basic
principles govern the layout produced by this algorithm: (1) vertices
connected by an edge should be drawn near each other, and (2) vertices
should not be drawn too close to each other. The algorithm iteratively
1 Twilight

will be made available from http://uva.computationalscience.nl
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seeks an equilibrium state that reduces the energy in the system from
an initial random configuration to a configuration in which the energy
state is minimal. Hence, the position of nodes in the network is a measure of their connectivity, meaning that nodes that are more connected
to each other are also placed closer to each other in the network layout.
The hypothetical contact network is visualized in Figure 4.2.

Figure 4.2: Hypothetical contact network.
Individuals are colored based on their transmission risk group:
MSM (yellow), Heterosexual (red), and IDU (green). There were a few
patients with blood products mode of infection (light blue) which were
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isolated from other risk groups. The network in this case is a big connected component of most nodes and includes mixing between risk
groups. It’s clear through visualization that nodes from the same risk
groups are more connected to each other than to nodes from other risk
groups.
The intersection network is visualized in Figure 4.3 and the corresponding total-, in-, and out-degree distributions are shown in Figure
4.4.
This network contains fewer edges and is sparser than the contact network. Many isolated nodes exist in the network, which are
the nodes that do not satisfy either the social or genetic criteria for
transmission. From the visualization (Figure 4.3), one can see that the
heterosexual individuals (red nodes) lie between the MSM and IDU.
This suggests that, heterosexuals have tighter connections with both
IDU and MSM, while the MSM and IDU are less connected. An interpretation could be that both bisexual behavior among Italian MSM
and IDU partnership are relatively important in heterosexual transmission of HIV in Italy.
We measured properties of the inferred transmission network (with
mixing risk groups) and compared that with properties of the inferred
network in our previous study (with no mixing risk groups). The average degree in the case of mixing risk groups is almost half than with
no mixing risk groups. The average path length is higher while, the
clustering coefficients (local and global) and assortativity coefficients
are lower. The data is presented in Table 4.3. Properties of the network with mixing risk groups is an average over the properties of 5
networks.
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Conclusions and Future Directions

Considering population level data beside genomic data is essential for
understanding the true nature of infectious disease transmission networks. The current research of HIV epidemic either uses genetic information of patients to infer the past infection events or uses statistics of
sexual interactions to model the network structure of viral spreading.

Figure 4.3: Hypothetical transmission network.
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Figure 4.4: Total-, in-, and out-degree distributions of the hypothetical
transmission network
Methods for a reliable reconstruction of HIV-1 transmission dynamics,
taking into account both molecular and societal data, are still lacking.
This issue was addressed in our previous study by proposing a new
method to infer hypothetical HIV transmission networks by combining social and genetic networks. The method converts the data from
both social and genetic scales into network forms and combines them
by overlaying the networks and computing their intersection. The inferred networks suggested that the MSM and heterosexual population
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Table 4.3: Properties of the hypothetical transmission network with
and without mixing rirk groups.
Networks
properties
average degree
average path length
clustering coeff (global)
clustering coeff (local)
assortativity coeff (degree)

All risk groups
mixing risk groups

no-mixing

12.39
2.71
0.25
0.26
-0.03

21.10
2.22
0.59
0.45
0.11

has a heterogeneous structure with a majority of “peripheral nodes”
that have only a few sexual interactions and a minority of “hub nodes”
that have many sexual interactions. However, the study was limited to
the transmission within the three major HIV risk groups (MSM, Heterosexual and IDU), omitting the transmission between risk groups.
Infection transmission between different risk groups is important in
HIV epidemic, as was also observed in the performed phylogenetic
analysis [130]. In this study, we use the proposed method to infer
networks of HIV infected patients by considering mixture among major HIV risk groups. We modified the filtering process in the filterreduction method in order to include mixing risk groups in the model.
For this, we use the information on phylogenetic clusters obtained
through phylogenetic analysis. A probability matrix is also defined
to specify contact rates between individuals form the same and different risk groups. We apply this method to reconstruct networks of
HIV infected patients in central Italy. Our results suggests that bisexual behavior among Italian MSM and IDU partnership are relatively
important in heterosexual transmission of HIV in central Italy.
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Complex Agent Networks: An
Emerging approach for
Modeling Complex Systems

This chapter is based on N. Zarrabi1 , S. Mei1 , M. Lees, P.M.A. Sloot,
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5.1

Introduction

Many of the worlds current problems can be described as complex [88,
124]. Complexity Science and Complex Systems provide new ways
in which to study many natural phenomena, from protein-protein interactions [179, 50] and the spreading of infectious diseases [42, 56],
to social interactions and socio-economics of modern megacities [19,
172], all the way to the human brain itself [31, 159]. A complex behavior can occur in any system that consists of large numbers of components, which interact in a non-linear way [11], such as molecular and
cellular systems, organisms, ecosystems and human societies. A typical characteristic of these complex and adaptive systems is that the
macroscopic emergent patterns feed back into the system and can impact the microscopic interactions. Therefore it is essential to capture
the underlying mechanisms across all levels of the system. The study
of complex systems provides means for understanding and predicting
the behavior of such systems and therefore has the possibility of creating significant impact on understanding the complex world around us.
Despite Complexity Science itself having no established theory [11,
154], the methods commonly associated with the field have been applied widely and pervasively in solving problems in biology [179], economics [132, 146], traffic [55], pandemics [56], computer science [153]
and many other areas. Complex networks and agent-based modeling
are perhaps the most prominent examples of such methods that provide means to study complex systems.
Complex Networks have provided insight and understanding of
many complex phenomena [133, 152, 157, 162, 124, 177]. A complex
network forms when the components of a system are linked and have
dynamic interactions. Many real-world applications can be described
as a complex network, such as social networks [116], the network of
protein-protein interactions [50, 179] and the World Wide Web [6].
These networks are often huge, with some having thousands or millions of nodes. Besides their enormous size, what makes these networks complex is the dynamics of the interactions, which lead to a
particular arrangement or topology of the network elements. A complex network can be described as a graph composed of a set of vertices
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and a set of edges. The number of edges that connect from a node
to other nodes in the network is called the degree of the node. The
frequency distribution of degrees over the whole network is an important characteristic of the network, called the degree distribution. The
connectivity of all the nodes in the network is characterized by this
degree distribution. There are various different forms of complex networks, including scale-free [15], small-world [178] and random networks [113]. A scale-free network is a form of network with a degree
distribution that follows a power law of the form P (k) ∼ k −γ , where k
is the degree, P (k) is the probability of a node with degree k, and γ is
the exponent of the power law. A power-law distribution implies that
the majority of nodes in the network have a low-degree, but also that
there are a few high-degree nodes, known as hubs [40, 114]. Power
law distributions and scale-free networks occur in a wide range of
phenomena [15, 145]. Small-world networks are networks in which
most pairs of vertices are connected through a short path. The smallworld effect is not confined to social networks and is also observed in
many other networks such as brain networks [31] and electric power
grid networks [3]. Random graphs are the simplest form of complex
networks, in which every pair of nodes are connected randomly with
an independent probability p. The degree distribution of such a graph
is then a Poisson distribution. Random graphs however, typically do
not produce the topological and structural properties of real-world
systems observed in nature and society [5, 20]. Much of the research
in the area of complex networks focuses on examining real-world systems and understanding what form of network structure the particular natural phenomena maps to. The scale-free structure and powerlaw distributions are known to occur in many real-world networks.
An example is the network structure of sexual contacts of homosexual males, which is known to be scale-free with a power law exponent
value ranging between 1.5 to 2.0 [104, 145]. The high-degree nodes
in the sexual networks are the promiscuous individuals who may accelerate the spread of sexual transmittable infections in a population.
Another example is the network of protein-protein interactions, which
is also known to have a scale-free structure [83, 50]. Highly-connected
nodes in such networks correspond to important proteins that play a
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major role in biological functions. To predict the behavior of a complex system, it is essential to start with a mathematical description
of patterns observed in real-world data [172]. The definition of complex networks and knowledge of network characteristics provide such
descriptions for many real-world systems. The degree distribution is
an example of a mathematical formulation for the connectivity patterns in the network. Knowledge of network characteristics (i.e. degree distribution, average path length, centrality, clustering coefficient
and community structure) provides insights on interconnectivity of
components and global-level properties of a system [20].
Another popular method for understanding complex systems is
that of agent-based modeling [23]. Agent-based models (ABMs) consist of large numbers of heterogeneous entities, known as agents, that
interact with each other according to some rules; through the interaction of the agents, system level phenomena are said to emerge. In the
past 20 years ABMs have been used to investigate a number of different complex systems, from traffic and parking within cities [13, 18, 55]
to cellular interactions and immune system dynamics [22, 185, 101].
ABMs are especially useful for simulating the dynamics of those systems that are driven by human behavior, such as social systems [44],
crowd dynamics [110, 98] financial markets [23] and economics [74].
Depending on the system under consideration the agent can be defined through a simple set of rules, or a more sophisticated entity with
many interacting rules governing its behavior. In a complex social
system, the definition of autonomous decision-making agents can be
an abstraction of human actions in the system. ABMs are often built
by first specifying the system components, compiling relevant information about entities at a lower level of the system and formulating
theories about their behavior. The theories are then implemented in
a computer simulation and the emergence of system-level properties
can be observed [67]. Agent-based modeling provides a means to incorporate individual-level dynamics in studying complex systems.
As two of the most prominent methods of complexity science, the
fields of ABM and Complex Networks have both had significant impact on many areas of science. However, each of the two methods
shed light on understanding complex systems behavior from differ-
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ent perspectives. ABMs are built based on individual-level behaviors (also known as micro-level dynamics), while complex networks
provide global-level properties (or macro-level dynamics) of the system. Therefore, to understand the multi-scale nature and complexity
of many systems, such as epidemic outbreaks, information spreading on the Internet and transportation and mobility in new sociotechnological systems [173], moving towards more comprehensive modeling techniques is necessary. Recent years have witnessed the emergence of a new area of work that relates to both Agent-Based Modeling
and Complex Networks and formulation of multi-scale modeling [24].
Essentially, researchers have explicitly (and implicitly) started to combine techniques from both fields. That is describing physical systems
using groups of agents that are mapped to complex network structures [105]. Such an approach is attractive to modelers as it provides
a new and highly expressive way to describe complex systems. To
the best of our knowledge [105] presented the first attempt to unify
ABM and Complex Networks, since then others have looked at different ways of capturing the dynamics on networks using for instance
automata [156].
This work has two important contributions to complex systems
research, both related to this new area that combines complex networks and ABM. Firstly, we attempt to formally describe a form of
modeling that unifies agent-based modeling and complex networks,
which we term complex agent networks (CANs). We argue that CANs
are able to capture both individual-level and global-level dynamics of
a system and can naturally express the multi-scale properties prevalent in complex systems. In the CAN concept, we take advantage of
both 1) structure and interaction patterns in complex networks and 2)
agency and individual-level dynamics in ABM. CANs, as a new emerging paradigm for complex systems modeling, incorporate data from
different spatio-temporal scales and therefore have wider implications
beyond that of either ABMs or Complex Networks. The second part of
the chapter brings together existing work from epidemiology, ecology
and economics that have in some way utilized the CAN concept. We
present a detailed example that uses CANs to study infectious disease
spreading. We also present other examples of existing work that use
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the CANs concepts for understanding complex systems. The chapter concludes with a summary of significant research issues related to
CANs. To the best of our knowledge this study is the first attempt to
formalize and consolidate the research area of CANs.

5.2

Formal definition of CANs

We are surrounded by autonomous and adaptive agents, which interact and through their interactions complex collective behavior emerges.
To define complex networks of interacting agents, or a complex agent
network, we start with the definition of a standard complex network.
A standard complex network can be defined as a graph G = (V , E)
where V is the set of vertices or nodes and E is the set of connecting edges. The form of network, scale-free, small-world, etc. is then
determined by the arrangement of the edges E. Each vertex v will
typically contain a set of state variables sv = s1 , . . . , sn . In some particular models a set of weights we may be associated with edges e in E.
We can then define the state of a network as SG = (we , sv , E, V ). Given
a particular form of network there are well-established mathematical
properties and tools that we can use to reason about the network and
its structure [5].
We define a complex agent network in the same way as a standard
complex network, where vertices are replaced by agents. The edges
in the network represent the interactions, or relationships, between
agents and can change over time. We define a Complex Agent Network
model as Eq. 5.1 based on graph theory notation.
Gagents (t) = (Vagents (t), Eagents (t))

(5.1)

Gagents (t) is a CAN that consists of a set of time-varying vertices
and edges. These vertices and edges are more complicated than those
of a standard complex network. Vagents (t) is a node in CAN, which
we call an agent node. Each edge in the set Eagents (t) connects two
agent nodes, constrained by the formation of interaction. For ease of
explanation, in the remainder of the text we use the term node to
refer to a standard node in a complex network, the term agent node
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to indicate the components of complex agent networks and the term
agent to mean an agent in the ABM or Multi-Agent System (MAS)
context. Furthermore, we empower the CAN to evolve with time t.
Therefore agent nodes can be time-varying in states and edges can be
time-varying in existence and weight. A node in networks is enriched
to be an agent node–Vi (agenti (t), t) in CANs that varies with time in
its internal states and behavior. An edge in networks is enriched to
be (Vi (agenti (t), t), Vj (agentj (t), t)) = Ei,j (agenti (t), agentj (t), t) in CANs
that time-varies according to the states of the two agent nodes. For the
remainder of the text, we simplify an agent node to Vti (agentti ) and an
edge to Eti,j (agentti , agenttj ). In what follows we define an agent node
model and describe the principles we assume for agency to nodes in
CANs.

5.2.1

The agent node model

We define an agent node as a system capable of flexible autonomous
action in some network environment, where flexible implies a reactive, pro-active, social system [34]. Reactivity is typically a property
of a standard node in a complex network, that is the node will react in some way to stimuli or input. Although nodes could also be
considered as social entities, in that they interact with neighboring
nodes to evolve their future state, we formulate this social ability in a
much more explicit way for the agent nodes of CANs. The property
of pro-activeness is where agent nodes and complex network nodes
are clearly distinct. A pro-active agent node will operate with some
form of goal-directed behavior and will not merely react to stimuli or
input. This pro-activeness could be apparent in the evolution of an
agent node’s own state or in its local environment, specifically its connectivity to neighboring agent nodes. To address the pro-activeness
property we define agent nodes such that they can ‘sense’ the stimuli
of outside environment, change their own state through execution of
various behaviors, interact with other agents and influence the states
of the environment and other agent nodes. The definition of some basic concepts related to the internal state and behavior of agent nodes
are as follows:
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Definition 1 (Status). Status is an abstraction of the attributes of an
agent, describing the state, phase or activity that the agent is engaged in.
Denote the status of an individual at time t by S t .
Definition 2 (Event). Event witnesses the changes of system status at a
time point t, denoted by et .
Definition 3 (Action). Action is the minimal execution unit to cause
changes in an individual itself or the environment, and is the basic component of behavior, denoted by Act.
Definition 4 (Activity). Activity is an ordered sequence of actions that
are triggered by events or initiated by individuals, denoted by Atv. There
are internal and external activities. Internal ones only cause changes in
individual status while external ones can cause changes in both the environment and individual status.
Definition 5 (Behavior). Behavior depicts individual reactions to the
outside environment and is an array of observable activities. Behavior
handles the constraints enforced by the outside environment, the internal
knowledge and the current status. It’s a representation of the local rules of
individuals, denoted by B.
Definition 6 (Sequence). Sequence is the ordered arrangement of the
elements in a certain set of actions. Consider two elements p and q. Define
a logic operator ‘p → q’ to ‘executing p persistently until executing q’;
define ‘p∨q’ to ‘currently executing either p or q’; define ‘p∧q’ to ‘currently
executing p and q at the same time’.
Status of an agent node
An attribute, used to describe a certain characteristic of an agent node,
is called a status field. The codomain of the status field incorporates all
possible values of the status field. Let the number of the status fields
be M (a positive integer). The codomain of the M status fields composes an M-dimensional status space, so that the status of the agent
node can be denoted by an M-dimensional vector as shown in Eq. 5.2,
t
are variables of the status fields.
where s1t , s2t , . . . , sM
t
S t = (s1t , s2t , . . . , sM
)

(5.2)
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Actions of an agent node
An action can be denoted by a triad as shown in Eq. 5.3.
Act =hSst , Op, Set i
hSst : {s1 , s2 , . . . , sM }i
hOp : f (s1 , s2 , . . . , sM )i
0

0

(5.3)

0

hSet : {s1 , s2 , . . . , sM }i
Where Sst stands for the initial status, Set stands for the final status
and Op is the transition function or activity function.
Multiple actions that are executed in sequence can be described by
a course of action (COA), COA = hActs, P i. Acts is a set of actions and a
subset of the complete set of actions Act ∗ , and P stands for the formula
of the sequence order. For example, a set of actions is denoted by
COA1 = hActs1 , P1 i where Acts1 = hAct1 , Act2 , Act3 , Act4 i, P1 = h(Act1 ∧
Act2 ) → (Act3 ∨ Act4 )i.
Activities of an agent node
An activity can be denoted by a triad as shown in Eq. 5.4.
Atv = hG, Evt, COAi

(5.4)

Where G stands for the goal of the activity, Evt is a set of events
which can be empty, and COA is a course of action. The complete set
of activities is denoted by Atv ∗ , Atv ∈ Atv ∗ . An example of an activity
is given in Eq. 5.5.
Atv1 = hG1 , Evt1 , COA1 i
G1 = {The goal of the activity}
Evt1 = {e1 : Description of event e1 }
COA1 = hActs1 , P1 i
Acts1 = hAct1 , Act2 , Act3 , Act4 i
P1 = h(Act1 ∧ Act2 ) → (Act3 ∨ Act4 )i

(5.5)
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Behavior of an agent node
The behavior of an agent node is shown in Eq. 5.6.
B = hG∗ , Evt ∗ , Act ∗ , Atv ∗ i

(5.6)

Where G∗ is the overall description of the goals of all activities,
Evt ∗ is the complete set of events, Act ∗ is the complete set of actions
and Atv ∗ is the complete set of activities.
The agent node
The formal definition of the agent node is shown in Eq. 5.7, incorporating status and behavior.
Vti (agentti ) = hSit , Bi i

5.2.2

(5.7)

Networks of agent interactions

In this section, we address the functionality of complex networks in
the CAN model and how to map the interactions among individuals
to networks.
Functionality of complex networks in CAN
The aid of network studies is first to find statistical properties, such as
path lengths and degree distributions, that characterize the structure
and behavior of networked systems, and to suggest appropriate ways
to measure these properties. Second, to create models of networks that
can help us to understand the meaning of these properties–how they
came to be as they are, and how they interact with one another. And
third, to predict what the behavior of networked systems will be on
the basis of measured structural properties and the local rules governing individual vertices [113]. Constructing a sexual contact network
according to interaction data [113, 127] is an example that falls within
the scope of the first aim. The study of network model, namely, how
networks evolve to be what they currently are, is within the scope of
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the second aim. Studies such as spatial networks [21], planar/nonplanar networks [180] and other studies investigating real-world systems e.g. train/metro networks [62, 175] fall within the scope of the
third aim. The CAN study in this chapter and the detailed example
infectious disease spreading (presented in the next section (Sect. 5.3)
fall within the scope of the third aim. The model characterizes the
complex interactions among agents though networks and support the
modeling and simulation of the spreading of infectious diseases in order to help analyzing and assessing the effects of public health policies.
Mapping the interactions among agents to networks
There are various spatial models such as grids, GIS maps and networks
etc., that can be used to characterize the interactions among agents,
as shown in Fig. 5.1. Multiple groups of homogeneous/heterogenous
agents are displayed in the shape of triangles, circles and rectangles
etc. Their relationships can be mapped to grids, maps and networks.
Consider those commonly used modeling methodologies wrt. description of the interactions among individuals. Cellular Automata and
Partial Differential Equations usually utilize grids, ABMs and MASs
usually utilize grids or GIS maps, and pure Complex Networks usually utilize networks [75, 76].
Networks can express more statistical information at the system
level, e.g. through degree distributions and the shortest paths etc.
Non-network spatial models can be transformed to network models
(see Fig. 5.2) through the following steps.
(1) Define the exact meaning of an interaction. For example in some
grids, an interaction occurs on the condition that two individuals reside in a same cell at a time point; as for GIS maps, an interaction occurs if the distance between two individuals is less than a predefined
value (e.g. 2 meters) at a time point.
(2) Record all the interaction data within the system under study in
a given time span.
(3) Analyze the data to get the topological structure of the interaction network by representing each individual as a vertex and each
interaction as an edge.
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Figure 5.1: The interactions among agents and the corresponding spatial models

Figure 5.2: Grids and maps can be transformed to networks
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Applying CANs to modeling infectious diseases

In this section we illustrate the application of the CAN concept outlined in Sect. 5.2 to a model of infectious diseases. An infectious disease results from the presence and growth of pathogenic biological
agents (i.e. viruses, bacteria and microbial pathogenic agents) in an individual host organism. The spreading of infectious diseases depends
on the interplay between pathogens and hosts as well as the transmission means involved. An infection can transmit through different
means or contacts (e.g., air, food and blood) among people inhabiting different space. The numbers of people in various groups, such
as the susceptible, the infected, the vaccinated and the recovered, are
changing with time and influenced by factors e.g. self-awareness, precaution, cure and containment. An infected person conveys different
infectivity due to the infection state, e.g., incubation, asymptomatic
state, symptomatic state, under-treatment and recovered state. All
these aspects turns the infectious disease spreading to a complex system, which displays multi-scale characteristics. To study such complex systems, one needs to consider the system dynamics at different
spatio-temporal scales [186].
The spreading of infectious diseases can be investigated by modeling the population as a complex network where nodes are individuals
(agents) and links are relationships [49, 142, 152, 157]. Agents provide
personal heterogeneity and local disease progression at an individual
level; networks continuously help to calculate the values of epidemicrelated variants by collecting agents’ statuses, for the sake of mimicking infectious diseases propagation at a population level. CANs
provide a perfect tool for modeling such a system in which agents and
networks are used simultaneously. When applying CANs to modeling
infectious diseases, we need to address two issues: (1) the status and
behavior of hosts at an individual level; (2) the way in which we observe and measure the system dynamics at a population level. We also
define an interaction as a human-to-human transmission.The formation of interaction is determined by the way in which pathogens transmit between persons. For example, an interaction can be described as
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contagious contacts within a 2-meter distance for smallpox transmissions, or as sexual contacts or mother-to-child contacts for HIV/AIDS
transmissions.

5.3.1

Modeling host agent nodes

We chose a set of societal, constitutional, medical and virological attributes such as age, gender, susceptibility, economic ranking, infection progression (whether or not being healthy, immune, infected, infectious, symptomatic, sensitive, etc.), quarantine and therapies, to
compose the status of an agent node. The behavior of an agent node
is B = hG∗ , Evt ∗ , Act ∗ , Atv ∗ i (see Sect. 5.2.1). The overall description of
the goals of all activities G∗ is given in Eq. 5.8.
G∗ = {g1 : Living and contacting people,
g2 : Avoiding infection,
g3 : Receiving treatment after being infected and lowering self-infectivity}
(5.8)
The set of events Evt ∗ that a host agent node can sense is given in
Eq. 5.9.
Evt ∗ = {e1 : Growing with age,
e2 : Obtaining immunity through vaccination or post-recovery,
e3 : Getting infected, e4 : Getting quarantined, e5 : Deteriorating of illness,
e6 : Turning early symptomatic, e7 : Turning late symptomatic,
e8 : Turning infectious, e9 : Starting to receive treatment (results unknown),
e10 : Being successfully treated, e11 : Being unsuccessfully treated,
e12 : Getting recovered,
e13 : Being added to the population (due to birth or immigration),
e14 : Being removed from the population (due to death or emigration)}
(5.9)
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The set of actions Act ∗ of a host agent node is given in Eq. 5.10.
Act ∗ = {Act1 : Age growing, Act2 : Obtaining interacting neighbors,
Act3 : Getting infected by others, Act4 : Going for treatment,
Act5 : Moving into the next infection stage,
Act6 : Healing, Act7 : Dying, Act8 : Vaccinating,
Act9 : Performing other precautions}
(5.10)
∗
The set of activities Atv of a host agent node is given in Eq. 5.11.
Then, Atv1 , Atv2 , Atv3 and Atv4 are given in Eq. 5.12, Eq. 5.13, Eq. 5.14
and Eq. 5.15, respectively.
Atv ∗ = {Atv1 : Age changes, Atv2 : Interaction,
Atv3 : Precaution and vaccination,
Atv4 : Infection progression and treatment};

(5.11)

Atv1 = h{t1 }, Evt1 , COA1 i
Evt1 = {e1 , e13 , e14 }
COA1 = hActs1 , P1 i
Acts1 = hAct1 i
P1 = hAct1 i;

(5.12)

Atv2 = h{t1 , t2 }, Evt2 , COA2 i
Evt2 = {e3 }
COA2 = hActs2 , P2 i
Acts2 = hAct2 , Act3 i
P2 = hAct2 → Act3 i;

(5.13)

Atv3 = h{t2 }, Evt3 , COA3 i
Evt3 = {e2 }
COA3 = hActs3 , P3 i
Acts3 = hAct8 , Act9 i
P3 = hAct8 ∨ Act9 i;

(5.14)
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Atv4 = h{t3 }, Evt4 , COA4 i
Evt4 = {e4 , e5 , e6 , e7 , e8 , e9 , e10 , e11 , e12 }
COA4 = hActs4 , P4 i
Acts4 = hAct4 , Act5 , Act6 , Act7 i
P4 = h(Act6 ∨ Act7 ) ∨ (Act5 → (Act6 ∨ Act7 ))∨
((Act4 ∧ Act5 ) → (Act6 ∨ Act7 ))∨
(Act4 → (Act6 ∨ Act7 ))i.

5.3.2

(5.15)

Measurements of the spreading of infectious diseases

A schematic illustration of infectious diseases spreading in a network
is shown in Fig. 5.3. The possible status of a host can be susceptible, at
incubation, at symptomatic period, recovered, vaccinated, immunized
or dead. The transition of intra-host status depends on the host’s infection progression and treatment reception. The edges can be changing
dynamically as well to depict the removing, rewiring or reshuffling of
relationships over time.
To measure the spreading of infectious diseases, we can use the
following metrics.
(1) Total Cases, denoted by T, is the total of people who remain
infected in a given time period.
(2) New Cases, denoted by N, is the number of people who get
infected in a given time period.
(3) Deaths, denoted by D, is the number of people who die of the
infection in a given time period.
(4) Prevalence, denoted by P, is the ratio of the total cases to the
size of the population under study in a given time period.
(5) Incidence rate, denoted by I, is the number of new cases per
population in a given time period. When the denominator is the sum
of the person-time of the at risk population, it is also known as the
incidence density rate or person-time incidence rate.
(6) Mortality, denoted by M, is the ratio of the deaths to the size of
the population under study in a given time period.

5.3 Applying CANs to modeling infectious diseases

105

Figure 5.3: Infectious diseases spreading in a Network

(7) Reproductive Number, denoted by R, is the number of cases one
case generates on average over the course of its infectious period.
Therefore, we can use Eq. 5.16 to record the status of the system
(population) in terms of measuring the spreading of infectious diseases at time points.
Ω = {T(t), N(t), D(t), P(t), I(t), M(t), R(t)}

(5.16)

Next we need to address the calculation of Ω based on the CAN
model (Eq. 5.1). According to the definition of the system, or say, the
t
population, Gagents
= (Vtagents , Etagents ), we can get the following sets of
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agent nodes.
I(t) = {Vti (agentti ) | agentti remains infected in time period t}, I(t) ⊆ Vt
S(t) = {Vti (agentti ) | agentti has infected others before time point t}, S(t) ⊆ Vt
N(t) = {Vti (agentti ) | agentti turns infected right in time period t}, N(t) ⊆ Vt
D(t) = {Vti (agentti ) | agentti dies in time period t-1}, D(t) ⊆ Vt
k
t
−→
T(t, Vi ) = {Vj (agentj ) | ∃k ∈ [1, t] ⇒ ∃Eki,j ∧ agentki −
Infect agent }, T(t, Vi ) ⊆ V
j
(5.17)
Where I(t) is the set of the infected individuals in time period t,
S(t) is the set of the people who have infected others before time point
t, N(t) is the set of people who newly turn infected in time period t,
D(t) is the set of dead people in time period t, and T(t, Vi ) is the set of
people that have been secondarily infected by the infectious individual
Vti (agenti ) before time point t. Then we get


T(t) = |I(t)|




N(t) = |N(t)|





D(t) = |D(t)|



 P(t) = T(t)/|Vt |
(5.18)


t|

I(t)
=
N(t)/|V




M(t) = D(t)/|Vt |



P|S(t)|



 R(t) = k=1 |T(t,S(t)k )|
|S(t)|

The CAN model outlined above has already been used to study
the transmission of infectious diseases caused by viruses such as the
human immunodeficiency virus (HIV) and influenza. Modeling HIV
epidemic is an example that requires a detailed description of the population network, especially for small populations in which individuals can be represented with significant detail and accuracy. Such a
model also requires estimation of many parameters such as frequency
of sexual actions, transmission probability per action, and parameters
that shape the network structure. Shan Mei et al. [105] introduced
and used the CAN concept to model the HIV epidemic among among
men who have sex with men (MSM) in Amsterdam. Since the contacts
among MSM play an important role in HIV epidemics, the MSM risk
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group in Amsterdam has been tracked for a long time and can provide realistic statistical data 1 . The experiments of the model showed
a good correspondence between the historical data of the Amsterdam
cohort study and the simulation results (Fig. 5.4a) [105]. The model
was also used to predict the HIV spreading among the MSM population [104]. Behavior-related parameters and values, inferred from
the data, are fed into the model. The authors validate the model using historical yearly incidence data. Subsequently, they studied scenarios to assess the contradictory effects of risk behavior and effective
treatment, by varying corresponding values of parameters. The results
show that in the long run the positive influence of effective treatment
can be outweighed by an increase in risk behavior of at least 30% for
MSM (Fig. 5.4b). Therefore lowering risk behavior is the prominent
control mechanism of HIV incidence even in the presence of effective
treatment.
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Figure 5.4: (a) The incidence resulting from the CAN simulation
(solid) versus the ACS historical incidence data (dashed). (b) The simulated incidence for various future scenarios (1985-2020) and the ACS
historical incidence (1985-2006) [104, 105].
Based on CANs, Shan Mei et al., also modeled the pandemic influenza A (H1N1) transmission through campus contacts and then
forecast the effectiveness of interventions [106]. The results suggest
1 The Amsterdam Cohort Studies on HIV infection Annual Report 2006, url:
http://www.amsterdamcohortstudies.org/menu/reports/ACSannualreport2006.pdf
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that pandemic influenza A (H1N1) on campus will die out even with
no intervention taken; the most effective intervention is still quarantining confirmed cases as early as possible and, in addition, vaccinating susceptible people can further decrease the maximum daily number of the infected.

5.4

Other Examples of CANs

In this section, we briefly review some other applications of CANs in
ecology, economics and social sciences. We attempt to accumulate experience from the extensive applications of CANs in different fields,
in order to inspire further endeavors in understanding and predicting
complex systems.

5.4.1

Ecological examples

Ecology is a science with a long tradition of bottom-up modeling using
agent-based models [67]. Networks have been widely used to study the
relations between species in natural and ecological systems [131, 113].
A first attempt to use agent-based models and networks together in
order to tie the system components with global properties of the system was by Grimm et al. (2005) [68]. They introduced the concept of
pattern-oriented modeling (POM) of agent-based complex systems using applications from ecology. The primary aim was to make bottomup modeling more rigorous and comprehensive by reducing uncertainty in the model structure and parameters. A key idea of POM was
“To use multiple patterns observed in real systems to guide the design of model structure”[68]. These patterns characterize the system
dynamics and the variables and processes that must be included in
the model so that the patterns could emerge. Using observed patterns
for model design ties the system’s global properties with the internal
components or organization in the system. This is in line with the CAN
idea, which uses ABM and complex networks to define and combine
individual-level dynamics with global-level properties of the system.
An example, which uses POM, is modeling the spatiotemporal dynamics of the beech forests of central Europe [135, 140, 167]. The model’s
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structure was determined by multiple characteristic patterns. The mosaic pattern of growing stages determined horizontal spatial scale and
resolution, the vertical pattern of tree sizes determined the need for
height classes, and canopy gaps determined that beeches must be described individually. The former two patterns link to the global-level
properties of the forests while the last one links to individual-level
dynamics [67, 135].
In another study, Lurgi et al. (2010) [99] used ecological networks
(relationships between species in natural systems) as inspiration to
build agent-based models. They defined interactions among intelligent agents according to simple ecological rules. These rules were
ecological processes that create the network of interactions in ecological systems, such as mutualism, i.e. a kind of interaction in which
both species involved benefit from it. They defined interactions to
produce complex networks of relationships among the entities in the
system in a similar fashion in which ecological networks are formed
in nature [99]. This study illustrated the validation of interactions by
studying whether these interactions account for the complex network
of relationships observed in the actual system. Structural patterns in
ecological networks were also used to better understand system-level
features like stability and persistence.

5.4.2

Economical and social examples

Complex network models are widely used to study real financial markets and industrial cluster formation that have many interacting agents
with an enormous amount of information exchange [46, 84, 121, 141].
There are many interactions and communications between agents in
the network, and these are subject to opinion dynamics. Jung et al.
(2008) [84] investigated opinion diffusion in complex networks using agent-based models and concluded that the clustering may be regarded as groups of enthusiasts who make their own market share
against the majority opinion of the market. As for industrial clusters formation, the diffusion of knowledge between organizations in
the economic system is a fundamental aspect of the economic activity. Canals et al. 2005 [33] adopted the network analysis techniques
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and the ideas coming from recent developments of the theory of complex networks to analyze the results obtained by an agent-based model
used to simulate two cases of high-tech geographical industrial clusters: Silicon Valley and Boston’s Route 128 [33].
In sociology, the consensus-forming problem has been widely examined. Suo et al. (2008) [165] studied the problem of public opinion
formation and concentrated on the interplay among three factors: individual attributes, environmental influences and information flow.
They presented a simple model to analyze the dynamics of four types
of networks and their simulations suggested that regular communities
establish not only local consensus, but also global diversity in public
opinions. The study shows that the dynamics of public opinion varies
from community to community due to the differing degrees of impressionability of people and the social network structure of the district community. Li et al. (2010) addressed the consensus problem
of multi-agent systems with a time-invariant communication topology consisting of general linear node dynamics [94]. A distributed
observer-type consensus protocol based on a relative output measurement was proposed. The paper presents a new framework to address,
in a unified way, the consensus of multi-agent systems and the synchronization of complex networks. The authors show that there exists an observer-type protocol which can solve the consensus problem
while yielding an unbounded consensus region, if and only if each
agent is both stabilizable and detectable. Other consensus-related examples include [78, 93, 117, 183, 184]. The economical and social
examples are in principle applications of CANs. Importantly, applications in these fields differ from the other fields in that they address
knowledge / consensus / opinion / information diffusions, instead
of physical contacts between people. Examining how researchers describe the flow of these information-like virtual substances in complex
networks can further refine our understanding of CANs.

5.5

Research Issues

In this chapter we have discussed a new emerging area of complex
systems modeling, for which we use the term “Complex Agent Net-
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works". To the best of our knowledge this study serves as the first collective summary of this important emerging complex systems modeling methodology. While there is clear motivation for the development
of this field, at present there has been no attempt to develop these
concepts. In this section we attempt to describe some of the key research questions that could, or should, be addressed to help further
the development of CANs.
CANs are essentially data-driven models, they require data to help
define the individual level dynamics of the agent nodes that they contain. However, ABMs in general face this same problem. Firstly, how
to obtain large amounts of data that contains sufficient levels of relevant information, such that all the variations and nuances of individual behavior can be described. Secondly, how to extract valid behavioral rules from this data, such that these rules can be integrated
into an ABM. One important issue for CANs in particular, is how to
develop the set of known agents Nφ . Understanding, form data, how
people adapt their local network is key to understanding the dynamics
of CANs.
Additionally, CANs require data to help refine relationship patterns (network topologies). The patterns should be statistically significant to define interactions among agents and measure whether the
emerged global-level properties match real-world observations. Further more, individuals’ cognition of global level dynamics may inversely influence their behavior. For example, people are prone to
avoid crowds (or to break ties with neighbors) with awareness of the
prevalence of epidemics; organizations are more likely to move to existing industrial areas, which can provide better knowledge sharing in
order to establish more connections.
Most real-world systems are complex and multi-scale. It is the individual actions that aggregate into macro-level outcomes. A prime
example is the networks that are driven by human behavior such as social and sexual contacts, transportation and human mobility and networks of criminal activities. To study such systems and to predict their
behavior, one needs to incorporate human behavior into agents and
observe resulting phenomena across the network. CANs provide the
means for such an observation through the definition of “agent nodes”.
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The definition of agency for nodes in a complex network would lead to
a situation where nodes can automatically generate events and adapt
their own connectivity. This results in a self-adaptation property of the
network, which raises many interesting applications (i.e. activities occurring in social, sexual and criminal contact networks), where a node
can dynamically adapt its connectivity based on the knowledge of its
neighboring nodes. For example, what is the stability and resilience
of an adaptive network due to random or targeted attacks, such as
how criminal and terrorist networks adapt after being attacked? Or
how the dynamics of individual nodes can affect the network topology [133]?
It is indeed unclear how individual-level dynamics influence the
whole system and global-level dynamics influence individuals. The
increasing exploration of CANs will help analyze the interplay between individual-level dynamics and global-level network properties.

6
Summary and Conclusions
Understanding the dynamics of infectious disease is important in epidemiology in order to understand and prevent the progression and
spreading of infectious diseases. For many viral infections social interactions as well as genetic diversity of the transmitted viral agent
among individuals dictate the dynamics of infectious disease spreading in a population. Therefore, the infection transmission can be investigated at different spatio-temporal scales, from molecular to epidemiological levels. One particular example is the human immunodeficiency virus (HIV) infection that causes the acute immunodeficiency syndrome (AIDS). HIV infection and AIDS have so far caused
the death of millions of people worldwide and have turned out to one
of the most severe infectious diseases of our time. Regarding HIV
epidemic a wide range of data has been gathered, from genome sequencing and blood samples to social interactions and sexual contacts
of infected individuals. Based on these data, many models have been
developed to investigate the complexity of HIV dynamics, immune response and drug therapy.
In this thesis, we have looked into HIV-1 data present at different scales (from molecular and cellular to epidemiological scales). We
built data-driven models and perform network analysis in order to
understand the dynamics of HIV at different scales.
At cellular scale, we proposed a computational model of HIV intra-
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cellular replication where infected cells undergo a single cycle of virus
replication. A cell has been modeled as an individual entity with certain states and properties. The model is stochastic and keeps track
of the main viral proteins and genetic materials inside the cell. Two
simulation approaches were used for implementing the model: ratebased and diffusion-based approaches. The results of the simulation
were discussed based on the number of integrated viral cDNA and
the number of viral mRNA transcribed after a single round of replication. The model was validated by comparing simulation results with
available experimental data. Simulation results gave insights about
the details of HIV replication dynamics inside the cell at the protein
level. Therefore the model could be used for future studies of HIV
intracellular replication in vivo and drug treatment
We also proposed a novel method to reconstruct HIV transmission
networks based on patients genetic, demographic and clinical data.
The method is based on real patients data and considers epidemiological factors as well as viral genome data for network construction.
We first built a network of HIV infected patients based on their social and treatment information. The network is then combined with
a genetic network, to infer a hypothetical infection transmission network. We applied this method to a cohort study of HIV-1 infected
patients in central Italy and found that patients who have been highly
connected in the network have had longer untreated infection periods.
We also found that the network structures for homosexual males and
heterosexual populations are heterogeneous, consisting of a majority
of“peripheral nodes” that have only a few sexual interactions and a
minority of “hub nodes” that have many sexual interactions. Inferring
HIV-1 transmission networks using this novel combined approach revealed remarkable correlations between high out-degree individuals
and longer untreated infection periods. These findings have signified
the importance of early treatment and supported the potential benefit of wide population screening, management of early diagnoses and
anticipated antiretroviral treatment to prevent viral transmission and
spread. The approach presented here for reconstructing HIV-1 transmission networks can have important repercussions in the design of
intervention strategies for disease control.
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Reconstruction of the infection transmission networks and understanding HIV dynamics requires insight into viral genome data as well
as social interactions. We argue that combining data from different
scales is required for a more realistic description of complex systems
behavior such as transmission of infectious disease and HIV epidemic.
We presented a formal definition of the CANs concept and reviewed
the use of CANs in modeling complex systems. We argue that complex networks provide global-patterns of the system behaviors, while
agents capture the individual-level dynamics. The applications of CANs
in epidemiology, ecology and economics presented in Chapter 5, show
an apparent transition of modeling methodology from simpler ones
such as cellular automaton models, to agent models, and then to agentand-network hybrid models. This complies with our observation that
moving towards more comprehensive modeling approaches such as
CANs is required for understanding real-world complex systems.

Samenvatting

Een beter begrip van de dynamiek van infectieziektes is belangrijk in
epidemiologie om de verspreiding en ontwikkeling van infectieziektes tegen te gaan. Voor veel virale infecties zijn het zowel de sociale
interacties tussen mensen als ook de genetische diversiteit van het
virus die bepalen hoe een virus zich verspreidt in een populatie. Als
gevolg kan het fenomeen infectieverspreiding worden bestudeerd op
verschillende spatiotemporele schalen, van moleculair tot epidemiologisch. Een prominent voorbeeld hiervan is human immunodeficiency virus (HIV), het virus dat leidt tot acute immunodeficiency
syndrome (AIDS). HIV en AIDS zijn verantwoordelijk voor miljoenen doden wereldwijd en vormen één van de meest bedreigende infectieziektes van deze tijd. Voor de HIV-epidemie is er een breed scala
aan gegevens verzameld, van genotypering en bloedstalen tot sociale
interacties en seksuele contacten van geïnfecteerde individuen. Op
basis van deze gegevens zijn vele modellen ontwikkeld om de complexiteit te bestuderen van de dynamiek van de verspreiding van HIV,
de immuunrespons, en het gebruik van medicijnen.
In deze Dissertatie kijken we naar gegevens over HIV-1 op verschillende schalen (van moleculen en cellen tot de epidemiologie).
We ontwikkelen computermodellen op basis van deze gegevens en
passen netwerkanalyse toe om de dynamiek van HIV op de verschil-
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lende schalen beter te begrijpen. Op de schaal van een cel presenteren
we een computermodel van intracellulaire replicatie van het virus,
waarbij geïnfecteerde cellen een enkele cyclus ondergaan van virusreplicatie. Een cel modelleren we als een individuele entiteit met
bepaalde toestanden en eigenschappen. Het model is stochastisch en
houdt expliciet de toestanden bij van de belangrijke proteïnen van het
virus als ook het genetische materiaal binnen een cel. We passen twee
simulatiemethodes toe om het model te implementeren: differentiële
vergelijkingen en ruimtelijke diffusie. We bespreken de resultaten
van de simulaties op basis van de hoeveelheid geïntegreerde virale
cDNA en de hoeveelheid virale mRNA-transcriptie na een enkele cyclus van celreplicatie. We valideren het model door de resultaten van
de simulaties te vergelijken met beschikbare experimentele gegevens.
Onze resultaten geven inzicht in de details van de dynamiek van HIVreplicatie binnen de cel op het niveau van proteïnen. Hierdoor kan het
model gebruikt worden voor toekomstige studies over intracellulaire
in vivo replicatie van HIV en het effect van medicijnen.
We presenteren ook een nieuwe methode om transmissienetwerken
van HIV te reconstrueren op basis van genetische en demografische
gegevens van patiënten, alsmede klinische gegevens. De methode is
gebaseerd op gegevens van werkelijke patiënten en neemt epidemiologische factoren als ook virale genetische gegevens mee om het netwerk
te construeren. Eerst creëren we een netwerk van hiv-geïnfecteerde
patiënten op basis van hun sociale informatie en de therapie die zij
eventueel gevolgd hebben. Dit netwerk wordt vervolgens gecombineerd met een “genetisch” netwerk, ofwel een netwerk tussen de genotypen van patiënten, om een hypothetisch transmissienetwerk van HIV
/infecties te construeren. We passen deze methode toe op een cohortstudie van patiënten geïnfecteerd met HIV-1 in centraal-Italië en ontdekken dat de patiënten met veel verbindingen in het hypothetische
transmissienetwerk een langere onbehandelde infectieperiode hebben
gehad. Verder observeren we dat de netwerkstructuren van de homoseksuele mannen en heteroseksuele populatie heterogeen zijn, in
de zin dat ze bestaan uit veel personen met weinig verbindingen (periferie) en een klein aantal personen met heel veel verbindingen (hubs).
Onze reconstructie van het hypothetische transmissienetwerk van HIV-
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1 met deze nieuwe gecombineerde methode heeft een bijzondere correlatie blootgelegd, namelijk dat personen met een hoog aantal uitgaande verbindingen een langere periode onbehandeld geïnfecteerd
zijn geweest. Deze bevindingen onderstrepen het belang van een vroege
start van behandeling en het mogelijke voordeel van populatiewijde
hiv-testen, het bewerkstelligen van vroege diagnoses, en geanticipeerde
antiretrovirale behandelingen om virale transmissie en verspreiding
te voorkomen. De gepresenteerde methode om het tranmissienetwerk
van HIV-1 te reconstrueren heeft mogelijk grote gevolgen voor het ontwerpen van interventiestrategieën om infectieverspreiding in te perken.
Het reconstrueren van het tranmissienetwerk van infectieverspreiding en het begrijpen van de dynamiek van hiv vergt inzicht zowel in
het virale genoom als ook de sociale interacties tussen mensen. Wij
stellen dat het combineren van gegevens van verschillende schalen
nodig is voor een realistischere beschrijving van het gedrag van complexe systemen zoals dat van de infectieverspreiding en de hiv-epidemie.
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