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Due to the increasing incidence of emerging infectious diseases (EIDs), significant time
and resources have been allocated to the development and implementation of pandemic
preparedness plans worldwide. From the evolution of novel influenza strains to the emergence of new lethal pathogens, such as Severe Acute Respiratory Syndrome (SARS) and
the recent Middle East Respiratory Syndrome (MERS), infectious diseases remain a key
public health concern of the 21st century. The World Health Organization has characterized the influenza virus in particular as ‘sloppy, capricious and promiscuous’ (World
Health Organization 2005), characteristics that contribute to its constant pandemic
threat. However, it is the social context derived primarily from the behaviors of its human
hosts that enable the potential lethality of this virus and others. Incorporating this social
perspective is important to understand and control the potential impact of viral disease
not only within individuals, but also within and between populations.
Public health plans designed to prevent or mitigate the impact of an EID pandemic
were put to the test with the emergence of SARS in 2003 and a novel influenza strain in
2009. These experiences demonstrated that despite the best efforts to prepare for such
events, real-time management of emerging disease outbreaks is often marked by confusion and uncertainty. During these outbreaks, decision makers were challenged to make
impactful decisions with little time and incomplete information. The recent 2014‒2015
Ebola outbreaks in West African countries and the spread of Zika virus in the Western
Hemisphere serve as urgent examples of the need to evaluate health systems’ capabilities
to respond to emerging diseases.
To date, the scientific approach of health authorities to such threats has primarily
focused on evaluation of the safety and effectiveness of interventions at the level of
individuals, that is, regarding the safety and efficacy of particular vaccines and antivirals.
Such science, however, does not make clear how these countermeasures should then be
used to optimally benefit society as a whole (that is, at the level of population health as
opposed to individual medical care). Once a pandemic is declared, policy makers must
respond quickly; to the extent possible, their decisions should be informed by both preevent and real-time analyses in order to minimize associated morbidity, mortality and disruption at the societal level. Decisions around how to best use a potentially limited supply
of pharmaceutical or disruptive social distancing interventions in these situations require
a unique combination of scientific fields, and integrating these fields in real time requires
a bridging science. Mathematical modeling of these complex socio-epidemiological
systems – or ‘complexity science’ for short – represents that bridging science.
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328   Handbook of research methods in complexity science
The spread of communicable diseases is a dynamical process and, as such, the understanding and control of infectious disease outbreaks and epidemics is pertinent to the
temporal evolution of disease propagation. Historically, this aspect of disease transmission has been studied using compartmental models, which are meant to be mathematical
representations of the population in question. In these models, the population is divided
into a small number of coarse epidemiological states (also referred to as ‘compartments’
or ‘classes’). This approach – and its more detailed variants – have been instrumental to
understanding several features of infectious diseases over the past three decades. Yet,
the entire approach is a significant over-simplification. The main assumption is that the
population is ‘well mixed’, that is, every infectious individual has an equal opportunity
to infect others. However, this is in contrast with reality where individuals heterogeneously contact each other based on their demographic profile and movement history.
Mathematical epidemiology has been advanced by the recent development of detailed
community contact network models. This advancement enables the more complex study
of random virus behavior within the important context of non-random human behavior.
In several areas of science, technology, industry and logistics, quantitative frameworks
based on advanced mathematical and computational techniques are employed to aid
decision makers tailor evidence-informed decisions at times of crises. While modeling has
a strong foothold in many other disciplines, its incorporation as an integrated decisionsupport tool within health systems decision-making and policy design has been slow and
unevenly adopted. This may be in part because, historically, modeling methodologies
emerged from disciplines outside the health sciences – mainly within physics, computer
science, mathematics, engineering, and related fields. Despite this, there has been progress
over the past decade within both public health and mathematical modeling communities by members who have remained committed to an ongoing dialogue. Furthermore,
there have been sporadic attempts to encourage collaboration between senior-level policy
makers and modelers in workshops intended to bring key players together. These efforts
have highlighted a recurring set of questions raised by enthusiastic senior policy makers
who would like to capitalize on this approach: ‘How can complex systems modeling
inform public health decision-making at times of crisis?’; ‘What is the best example of
successful integration that I can replicate in my jurisdiction?’; and ‘What processes are
required to establish an integrated decision-support framework?’
In this chapter, we discuss the conceptual design and structure of complex network
models, within the context of transmission dynamics of respiratory-borne pathogens in
human populations. Application of network models to address the spread of other communicable diseases, such as vector-borne, sexually-transmitted, or zoonotic infections
deserve separate treatment. We believe that assembling outbreak response teams with
wide expertise – not just infectious disease epidemiologists but also experts in contact
networks and mathematical modeling, virology, immunology and emergency management, are necessary to ensure valuable quantitative decision-support tools to assist policy
makers at the time of crisis.
The application of complex systems tools in public health policy design may support
decision-making in five major ways, by including:
1.	Understanding and quantifying the network on or through which the pathogen is
transmitted.
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2.	Quantifying the transmission dynamics potential within the community at large, in
specific subpopulations such as children, or within healthcare facilities and other
smaller settings.
3.	Estimating the initial real-time rate of disease spread in the community when the
biological characteristics of the emerging pathogen are largely unknown.
4.	Assessing the impact of different logistically attainable intervention strategies on the
propagation of the pandemic within the community at large and/or in select locations.
5. Evaluating the potential for nonlinear and/or emergent or unintended consequences
from intervention strategies.
The number of peer-reviewed scientific papers that self-reported the application of complexity science to infectious disease modeling remains small: fewer than 10 such papers
were published annually as recently as 2012. However, more than five times that number
were published that year incorporating contact network methods into disease epidemiology (without explicitly labeling the resulting methodologies as ‘complexity science’), and
that number is now rapidly increasing.

17.1

MODELING INFECTIOUS DISEASES

Mathematical models have progressed dramatically over the past four decades leading
to several mathematical approaches that explicitly consider sociological factors. In the
past, lack of reliable large-scale data about social contacts (be it proximity contacts for
respiratory-borne infections, or sexual contacts for sexually-transmitted infections) has
been an obstacle to having a realistic picture of disease-specific contact networks. In the
absence of such data, the best assumption was that people could be grouped based on
their infection status (for example, susceptible, infected, recovered) and/or their basic
demographic characteristics, such as age. Historically, this aspect of disease transmission
has been studied using a coarse representation of population dynamics, known as compartmental models.
Figure 17.1 is a schematic representation of a simple SEIR compartmental model that
may be compatible with natural history of some real-life communicable diseases: at any
given time, individuals (circles) can be part of the population within any of the following
compartments: Susceptible (not infected but could potentially become so upon interaction with infectious individuals), Exposed (carries the disease, but cannot transmit it),
Infectious (can transmit the disease) or Removed (can neither transmit the disease nor
become newly infected). Individuals within each of these compartments are indistinguishable (that is, fully interchangeable) and transition rates between compartments are fixed,
meaning that flow among compartments depends solely on the total population size of
the compartments. More complex structures can be built by adding more compartments
to account for more specific groups of individuals within a population, which allows more
detailed dynamics. In these models, the temporal variation in population size in each epidemiological/demographic class is described by a set of differential equations.
In the absence of large-scale contact data, this approach, and its more complex variants,
has been instrumental in understanding numerous features of infectious disease transmission. Yet, it has a major simplifying assumption, namely that every infectious individual
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Figure 17.1 A simple SEIR compartmental model. At any moment, individuals (circles)
can be part of the population within any of the following compartments:
Susceptible (not infected but could potentially become so upon interaction
with infectious), Exposed (carries the disease but cannot transmit it),
Infectious (can transmit the disease) or Removed (cannot transmit the
disease nor become newly infected). Individuals within a compartment are
indistinguishable and thus flow among compartments depends solely on the
total population of compartments. More complex variations exist where, for
example, these compartments are divided into sub-compartments that define
more specific groups of individuals, which allows more detailed dynamics
has an equal opportunity to infect others. Postulating such homogeneous, or ‘well-mixed,’
populations is valid in the broader context of population biology, but human populations tend to contact each other in a heterogeneous manner based on age, profession,
socio-economic status, geographic location, behavior, and other measurable factors. The
‘well-mixed’ approximation therefore may not accurately portray disease spread among
humans (Song et al. 2010; González et al. 2008).
Apart from these classical compartmental models, other mathematical frameworks have
been employed to address infectious disease transmission dynamics, including: stochastic
compartmental models (Bailey 1957); branching process models (Becker 1976; Farrington,
Kanaan and Gay 2003); dyad models (Groendyke et al. 2012; Keeling et al. 1997; Ferguson
and Garnett 2000); Reed–Frost chain-binomial models (Lefevre and Picard 1989) allowing more exact predictions of the size and probability of epidemics; and ‘individual-based
modeling’ (Germann et al. 2006), a primarily computational approach based on following
the contact and infection histories of simulated individuals, yielding detailed statistical
predictions about disease outcomes. Several individual-based models assume predefined
simple contact patterns such as regular lattices (Durrett 1999; Kleczkowski and Grenfell
1999; Britton and O’Neill 2002; Sander et al. 2002), although there have been efforts to
consider more realistic contact patterns (Van der Ploeg et al. 1998; Chowell, Fenimore et
al. 2003; Chowell, Hyman et al. 2003; Mossong et al. 2008; Eubank et al. 2010).
Recent advances in network and percolation theories have paved the way for physicists to offer a new perspective for understanding disease spread. Over the past decade,
seminal work by Watts and Strogatz on small-world networks (Watts and Strogatz 1998;
Watts 1999), Albert and Barabási on scale-free networks (Albert and Barabási 2002),
and Dorogovtsev and Mendes (Dorogovtsev and Mendes 2003) and Pastor-Satorras and
Vespignani (Pastor-Satorras and Vespignani 2007), among others, on the dynamics of
networks, have shed light on a number of intriguing aspects of epidemiological processes.
In particular, groundbreaking work by Newman et al. (Newman et al. 2001; Newman
2002, 2003) has provided a strong foundation for the formulation of epidemiological
problems on a broad range of network structures using tools developed by physicists.
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Thanks to the increasing availability of mesoscale (that is, larger than individual personto-person but smaller than national-level) contact data and new methods for their storage,
analysis, and visualization, it is now possible to develop realistic network-based models to
assist public health decision-making.

17.2

CONTACT NETWORK MODELING

Contact network epidemiology is an analytical framework that explicitly captures the
realistically-diverse interactions that underlie the spread of diseases (Longini 1988;
Sattenspiel and Simon 1988; Mollison 1995; Ball et al. 1997; Diekmann et al. 1998; Lloyd
and May 2001; Newman 2002; Keeling et al. 2003; Meyers et al. 2005; Pourbohloul et
al. 2005). The first step in contact network epidemiology is to construct networks based
on information about real-life contacts between individuals. One can then analyze these
networks to determine their crucial topological features and apply analytical methods to
make epidemiological predictions and intervention recommendations. The two primary
advantages of this approach are that (1) it makes no a priori assumptions about the overall
network structure; and (ii) the mathematical analysis allows one to bypass computationally-intensive simulations.
Contact network models attempt to characterize every interpersonal contact that can
potentially lead to disease transmission in a community. These contacts may take place
within households, schools, workplaces, hospitals, and so on (Figure 17.2). Each person in
a community is represented by a node (vertex) in the network, and each contact between
two people is represented by an edge (link) connecting their nodes. The disease can only
be transmitted to neighbors of an infectious node, with a probability between 0 and 1,
depending on disease contagiousness; 0 meaning no transmission, and 1 meaning transmission with certainty. Neighbors do not need to be geographical neighbors. For instance,
an individual may not have adequate contact with his/her household neighbors to pass on
the disease, but does have such contact with someone else in a shopping mall. Therefore,
one may infect or be infected by topological neighbors. The number of edges emanating
from a node, or the number of potentially disease-causing contacts a person has, is called
the degree of the node. The distribution of the numbers of contacts is a fundamental
quantity in network theory, known as the degree distribution.
Different transmission routes may lead to different network structures; thus different
degree distributions. Some, that are analytically tractable (that is, they have solutions that
can be mathematically derived), have been extensively studied in the literature, such as
those networks following a Poisson degree distribution (Erdos and Rényi 1961), or scalefree distribution (Pastor-Satorras and Vespignani 2001; Boguñá et al. 2003). While some
real-life networks may be very well-approximated by these approaches, others may not.
Data may be affected by incompleteness and inaccuracies due to the difficulty of detecting infections, especially if symptoms are mild (for example, as with the 2015‒2016 Zika
virus outbreak), if ill individuals do not seek medical care, or if the infection causes nonspecific symptoms that could also be due to other causes (as is common with influenza).
Figure 17.3 illustrates this concept. Suppose the network in panel (a) represents a totally
susceptible population (blue) prior to the invasion of the pathogen; panel (b) denotes the
individuals’ various epidemiological states (different colors) after the epidemic is over.

Dr Babak Pourbohloul, Dr Krista M. English, and Dr Nathaniel Hupert - 9781785364426
Downloaded from PubFactory at 01/08/2023 10:28:25PM
via free access

M4426-MITLETON-KELLY-text (4-colour).indd 331

21/12/2017 11:20

332   Handbook of research methods in complexity science

Vertices
Edges

Infectious
Neighbour to infectious
Previously infected

Stubs

Other vertices

Figure 17.2 A network model. Each individual is represented by a node (vertex) in a
network. Neighboring vertices are vertices linked by an edge. A stub is the
half of an edge that is connected to a given vertex. The disease can only be
transmitted to neighbors of an infectious vertex (but maybe not to all of
them). Neighbors do not need to be geographical neighbors. For instance, if
an individual does not come into contact with his/her household neighbors, but
does come into contact with someone in a shopping mall (not necessarily in
the household neighborhood) he/she may infect these ‘topological’ neighbors
Excluding un-infected nodes (still susceptible) from panel (b) leaves all infected nodes in
panel (c). In reality, a fraction of these nodes (light green) may have been asymptomatic
– they may not represent any signs or symptoms associated with the disease despite being
infected. Among the remainder of the symptomatic nodes (panel (d)) some may report to
health authorities to seek care, while others (dark green) may not. Finally, the causative
agent of infection for a fraction of the symptomatically-reported cases may be confirmed
by laboratory tests (red), while disease diagnosed for others (purple) might be attributed
to the same agent (different strain) due to similarity of clinical symptoms but without
laboratory confirmation.
The latter group may or may not have been infected with the emerging pathogen.
It is worth noting that not all laboratory-confirmed cases are necessarily linked to
one another, making it near impossible to reconstruct the transmission chain for all
of these cases, let alone the underlying contact network for the entire population.
The fraction of symptomatic, asymptomatic and laboratory-confirmed cases depends
on the severity of disease and availability of diagnostic tests for the novel pathogen.
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Contrasting examples from the last decade include SARS (for which almost all true
cases were symptomatic) and the 2009 pandemic H1N1 influenza (which typically
presented with mild symptoms in adults). All these issues are particularly relevant at
the very onset of the outbreak, when the detected number of cases remains small and
biases in detection rates can lead to a serious underestimation of key epidemiological
characteristics of disease.

17.3

TRANSMISSION DYNAMICS

Contact network epidemiology allows us to assess the vulnerability of a population to an
infectious disease on the basis of the structure of the network (for example, its degree distribution) and on the average transmissibility (T) of the disease (Newman 2002; Meyers
et al. 2005). T is the average probability that transmission will occur from an infected
person (node) to an uninfected person during the entire duration of infectiousness, and
the average is taken over all transmissibility values, Tij, between each pair of individuals
i and j who are connected by an edge. This parameter summarizes multiple aspects of
transmissibility, including the contact intensity between persons, duration of infectiousness, and the host’s susceptibility to the infectious pathogen.
A critical transmissibility value, Tc, exists in any given network and indicates whether a
large-scale epidemic is probable (Figure 17.4). Any disease with average transmissibility
< Tc cannot cause sustained transmission within a population and will thus be limited to
small outbreaks. Such disease outbreaks are likely to die out because of the probabilistic
nature of transmission before the disease has a chance to spread to the population at large.
On the other hand, diseases with average transmissibility > Tc may spark large-scale epidemics (but not with certainty). As disease transmissibility exceeds beyond Tc, large networks may coalesce to harbor one ‘giant component’ linking together a very large number
of individuals. And while many individuals within the giant component may interact with
only a few other people, they can have a significant risk of infection due to the global
property of the network (Newman et al. 2001). The value of Tc depends on the structure
of the network that is created by the contact patterns within a community. Roughly speaking, when abundant opportunities exist for transmission, disease will spread easily, and
the epidemic threshold will be low.
In this Figure, A and B represent two different network structures and therefore have
two different epidemic thresholds, even for the same hypothetical disease (TcA for A, TcB for
B). Differences in network structure could correspond to two different communities, or to
a single community before and after a contact-reducing intervention. A contact-reducing
intervention, such as self-isolation or school closure may result in removing a fraction of
nodes and/or edges in the network, generally leading to an increase in the epidemic threshold.
This difference between the two communities in Figure 17.4 is entirely the result of
difference in their network structure. Thus, although a disease with transmissibility X can
ignite an epidemic in community A (X > TcA), it will only cause a small outbreak in community B (X < TBc). Also, although intervention I1 can reduce the size of a small outbreak
in community B, its implementation avoids an epidemic in community A by bringing the
transmissibility below threshold.
By analogy, transmission-reducing interventions such as I2 could bring down the
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Figure 17.3 Network descriptions (clockwise, starting from top left): prior to the spread of a newly-emerging pathogen all individuals
are susceptible (blue); once the epidemic is over the population will be divided into multiple categories (second network),
with some remaining susceptible; the infected individuals (third network) may include asymptomatic (light green) and
symptomatic cases (4th network); symptomatically-infected people may not report to authorities (dark green), or they
may be reported (and contribute to case notification time series); only a subset of symptomatically-reported cases may
be lab-confirmed (red), while other may not undergo laboratory testing (purple). Right inset: case notification data for
pH1N1 pandemic strain of influenza in the province of British Columbia Canada (2009) representing ‘field’ data for
symptomatically-reported cases; Left inset: age-stratified laboratory-confirmed cases time series for the same epidemic.
In this context ‘field’ data only provide partial view of the actual transmission dynamics
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Figure 17.4 [Figure reproduced with author’s permission from (Pourbohloul and Brunham
2004)] Epidemic threshold: The network structure of each community sets a
unique threshold value that determines its vulnerability to infectious disease.
The horizontal axis represents the transmissibility of disease varying between
0 and 1. Every disease can be uniquely identified on this axis for a specific
network. A and B represent two different network structures and therefore have
two different epidemic thresholds, even for the same hypothetical disease (TcA
for A and TcB for B). Differences in network structure may correspond to two
different communities, or may correspond to a single community before and
after a contact-reducing intervention. If the disease transmissibility is smaller
than the epidemic threshold (X in the bottom panel), it dies out after a smallscale outbreak (green areas); but if it is above threshold (X and Y in the top
panel and only Y in the bottom panel), then it could potentially ignite a largescale epidemic (red areas). The size of outbreaks is shown by different green
shades, and it increases (darker shades) as disease transmissibility approaches
the epidemic threshold from below. Also, the probability of the occurrence of
an epidemic is shown by different red shades, and it increases (darker shades)
as disease transmissibility approaches 1
t ransmissibility of a relatively rapid spreading disease like Y in community B to a level
below its threshold value, but it cannot be as successful in community A and will only
reduce the probability of an epidemic without being able to avoid it (because it still
remains in the epidemic zone).
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17.4

MODES OF TRANSMISSION

An agent’s mode of transmission affects its transmissibility and spread across the
network (Tang et al. 2009; Hui et al. 2015; Tang et al. 2013). For most respiratory diseases, it is widely accepted that droplets, which have been coughed, sneezed, or simply
exhaled into the air, are the most important means of transmission. Large droplets carry
the most infectious particles. They are affected by air motion, however the dominant
physical force acting on them is gravity; thus, they settle out of the air quickly. Large
droplets are effectively trapped in the upper airways and are not deposited in the lower
respiratory tract. In contrast, very small particles, which carry a much smaller dose
of infectious agents, quickly transform into ‘droplet nuclei’ through evaporation and
remain suspended in air for prolonged periods of time and can penetrate deeper into the
lower respiratory tract.
The relative contribution of these different modes of transmission to the spread of
the influenza virus remains unresolved. Almost all countries have incorporated means
to prevent direct and indirect transmission of influenza via droplet and interpersonal
contact in their pandemic plans (for example hand washing, wearing gloves where appropriate); however, the debate continues about the need for airborne precautions (Tellier
2006; Brankston et al. 2007; Tellier 2007; Tang and Li 2007; Lee 2007). Based on epidemiological patterns of disease transmission, droplet transmission has been considered by
many to be the primary route of influenza transmission (Bridges et al. 2003). However,
several studies in the scientific literature support the importance of the contribution of
airborne influenza transmission by aerosols (Tellier 2006; Riley 1974; Salgado et al. 2002).
An accurate assessment of the mode of transmission has obvious implications for pandemic preparedness and is essential for making rational decisions about infection control
measures, such as intervention strategies, screening, patient placement, staff cohorting,
use of personal protective equipment, antivirals, and others (Pan-Canadian Public Health
Network 2015; US Department of Health and Human Services 2012; Department of
Health, Commonwealth of Australia 2014; Department of Health, England and Health
Departments of the Devolved Administrations of Scotland, Wales and Northern Ireland
2012; Pandémie grippale 2011). Additionally, the duration of contact and proximity to
an infected person will strongly predict the likelihood of further spread. Obtaining a
thorough understanding of patterns of contact (direct or indirect) along with the different
modes of viral transmission (droplet and airborne [short-range or long range aerosolized
particles]) is advantageous when designing infection control strategies (Tang et al. 2006;
Atkinson and Wein 2008; Li et al. 2007; Ip et al. 2007). Contact network modeling facilitates the study of these factors and their effect on eventual outbreak sizes and probabilities
of initiating an epidemic (Meyers et al. 2005).
Experiments with the influenza A virus show that both large droplets (that is, intranasal drops) and aerosols cause infections in human volunteers. Therefore, proximity and
duration of contact may be used as surrogate indicators for the probability of infection
and/or transmissibility, although being at a certain distance from an infectious person for
a specific time does not necessarily guarantee that transmission of infection will occur.
This suggests that the notion of probabilistic population-based transmissibility, T, encapsulates multiple probabilistic components of infection across multiple scales of biosocial
systems (for example, cellular defenses, interpersonal contact). The analytical framework
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Figure 17.5 A hypothetical contact network assembled using real-time data. Depending
on the range and duration of contact required for the effective transmission
of a pathogen, different ‘transmission contact networks’ A–D (from top
to bottom) may arise from the same “physical contact network”. In these
figures the length of the edge corresponds to the actual distance between
individuals and the edge thickness correspond to the minimum duration
required for effective transmission. Red lines correspond to existing edges
in each case and gray lines correspond to non-transmitting edges, as they
do not satisfy the range/minimum duration required for effective infection
transmission
provided by contact network epidemiology can support these multi-scale risk calculations
that result from the probabilistic nature of transmission.
Making assumptions about the maximum distance and minimum duration required
for transmission permits creation of different risk assessment profiles for the impact of
various intervention strategies. Figure 17.5 illustrates this concept. Panel (a) shows a
hypothetical outcome of our contact network obtained from real-time data. The edges are
drawn proportional to the ‘actual distance’ and the thickness of each edge is proportional
to the ‘duration of contact’. Panel (b) shows the situation where the cough/sneeze/exhale
profile only permits short-range transmission of a disease that typically requires a short
duration of contact (for instance, less than a minute). Although the ‘physical contact
network’ remains the same as in panel (a) (both solid red and dashed gray edges), the
‘transmission contact network’ looks different (only solid red edges), because only edges
satisfying the proximity/duration criteria have the potential to transmit the infection. The
latter network is comprised of only those edges that are within the range required for
effective transmission (since we assumed that transmission can occur in a short period of
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time, both thin and thick edges (short- and long-duration contacts) are accepted as long as
individuals are spatially close to one another). Panel (c) has a disease with a longer range
and similar duration of infection, and panel (d) has an agent with an even longer range
that requires a longer time for potential transmission. In this case, only thick edges (long
duration of contact) can effectively transmit the infection; thin edges (short duration of
contact) are not sufficient for transmission even if individuals are spatially close to one
another. Therefore, by making various assumptions about the proximity and duration
of contact, which correspond to various modes of respiratory infection transmission,
network models will provide invaluable risk assessment profiles for different modes of
transmission.

17.5

ESTIMATING THE BASIC REPRODUCTION NUMBER R0

The epidemic potential of disease is commonly estimated by using the basic reproduction number, R0, the number of secondary infections arising from a single infection
in a relatively naïve population. This quantity is linearly related to the transmissibility
of the disease, that is, R0 = gT, where g depends on the structure of the network. When
T is at the epidemic threshold (T = Tc), then R0 = 1. Public health interventions aim to
reduce the number of new infected cases, ideally decreasing the effective reproduction
number of the disease below the epidemic threshold, Reff < 1.
The difference between the average transmissibility T and the basic reproduction ratio
R0 is important. While both have threshold values that distinguish epidemic from nonepidemic scenarios (R0 = 1 and T = Tc), T is determined by the transmission characteristics
of the pathogen and the nature of human interactions, but not affected by the numbers
of contacts in a community, whereas R0 is influenced by all of these factors, particularly
on the numbers of interactions within the community. For example, consider a single
airborne pathogen spreading through a hospital, where there are an abundance of close
contacts, and through a rural community, where close contacts are rare. The transmission
(Tij) probability per contact may be similar in these settings because it is determined by the
particular host-pathogen interactions specific to the disease agent in question, while the
numbers of contacts are different. Therefore, the average transmissibility T will be similar
in the two locations, while R0 will be substantially higher in the hospital than in the rural
setting. As such, one should be very cautious in generalizing the reported estimates of R0
in the literature to populations and settings with different network structures.

17.6

ESTIMATING R0 IN REAL-TIME

In order to determine the appropriate intervention, the primary objective at the onset of an
emerging epidemic is to estimate its basic reproduction number, R0. Generally, the key epidemiological characteristics of a disease are inferred from the analysis of case-notification
data that are collected during the early phase of the outbreak, when surveillance systems can
implement active case-finding by contact tracing. The real-time estimation of the reproduction number is then obtained by combining the information gathered in the early phase with
the epidemic curve reported by surveillance systems, generally based on cases seeking care.

Dr Babak Pourbohloul, Dr Krista M. English, and Dr Nathaniel Hupert - 9781785364426
Downloaded from PubFactory at 01/08/2023 10:28:25PM
via free access

M4426-MITLETON-KELLY-text (4-colour).indd 339

21/12/2017 11:20

340   Handbook of research methods in complexity science
In recent years, several statistical methods have been developed in order to obtain a
reliable estimate of the reproduction number at a given time period, R(t), from a temporal sequence of incident case data (Wallinga and Teunis 2004; Forsberg White and
Pagano 2008; Valleron et al. 2010). Some of these methods have been proposed as realtime estimators of the reproduction number, and have usually been tested on synthetic
epidemic curves or historical outbreak data (Forsberg White and Pagano 2008; Fraser
2007; Cauchemez 2006a; Garske et al. 2007; Hall et al. 2006; White and Pagano 2008;
Nishiura, Chowell et al. 2009; Davoudi et al. 2012). Among these methods are (1) the
likelihood-based procedure originally proposed by Wallinga and Teunis (Wallinga and
Teunis 2004) and modified as a real-time estimator by Cauchemez et al. (Cauchemez
2006b); (2) the branching process likelihood-based method proposed by White and
Pagano (Forsberg White and Pagano 2008); and (3) the method based on a contact
network model as proposed by Davoudi et al. (Davoudi et al. 2012). These methods generally provide estimates for the value of the effective reproduction number at any given
time t, R(t). This is different from the basic reproduction number R0, since the population can only be fully susceptible at the beginning of the epidemic, if no pre-existing
immunity is present.
All these methods need at least two data inputs for the real-time estimation of the reproduction number. The first input must be the epidemic curve, which represents the number
of reported cases by date of symptom onset. The second input can be either the generation interval distribution, which is the distribution of time intervals between two successive
infections (Fine 2003; Wallinga and Lipsitch 2007), or the distribution of time to removal,
which is the probability that each infected individual is removed from the infectious population after a certain time, t (Davoudi et al. 2012). In this context, we refer to individuals
as removed if they are removed from the population as a result of isolation, quarantine,
vaccination, or death. Both quantities represent fundamental information needed to characterize the infectivity profile of infected cases.
The first estimation method, originally proposed by Wallinga and Teunis (Wallinga
and Teunis 2004), is based on a statistical likelihood approach that infers the transmission tree from the observed dates of symptom onset, as provided by the epidemic curve.
In order to estimate the reproduction number at time t, this method assumes knowledge
of the full epidemic curve, to the end of the epidemic, which of course is not available in
real time. For this reason, a number of modifications have been proposed to make it suitable for real-time estimations of the reproduction number, such as Bayesian modification
proposed by Cauchemez et al. (Cauchemez 2006b) – the Bayesian transmission tree.
The second method, proposed by White and Pagano (Forsberg White and Pagano
2008), is based on a statistical Bayesian approach to the classic branching process estimator (Becker 1977) and defines a maximum-likelihood estimator for the reproduction
number at time t.
Finally, a method was proposed more recently by Davoudi et al. (Davoudi et al. 2012) to
produce an early estimation of the reproduction number of the pandemic 2009 H1N1 in
North America (Pourbohloul et al. 2009). This method is significantly different from the
above-mentioned approaches as it includes the structure of the contact network underlying the transmission process into the reproduction number estimation algorithm – called
the contact network estimator. This method focuses not on the generation interval distribution, but rather on the time-to-removal distribution, whose expression can be more
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Figure 17.6 pH1N1 in Mexico City, Mexico, 2009: Top panel: The three time series
shown in this figure correspond to the daily incidence based on self-reported
onset of symptoms dates, also known as probable cases, provided by Direccion
General de Epidemiologia, Secretaria de Salud, Mexico (DGE) (purple
curve), the number of hospitalized cases due to acute pneumonia (green
curve) and the number of confirmed cases (red curve) between March 11 and
May 4, 2009, in Mexico City. While the first two time series were available
in real-time, the time series for confirmed cases became available only after
the first epidemic wave was over, due to delays in developing a diagnostic test
for a new pandemic strain of influenza, and in collecting laboratory results.
Bottom panel: estimates for the initial reproduction number R corresponding
to the three time series plotted above (depicted with the same color). While
the initial reproduction number corresponding to the number of hospitalized
cases remain more or less stable before and after the public health decree, the
R corresponding to the two other time series was influenced by social factors
depicted in the figure by vertical blue and red lines and the return of Mexico
City residents after ‘Holy Week’ holidays, who generally take this period as
vacation to travel elsewhere
easily related to the expected transmissibility. This approach enabled policy makers to
estimate the rate of influenza spread in Mexico, where the pandemic strain was originated,
remarkably early on – when relatively few cases overall were reported to the authorities
(Figure 17.6).
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17.7 ASSESSING THE IMPACT OF INTERVENTION
STRATEGIES
Mathematical models of the spread of the 2009‒2010 pandemic influenza (pH1N1) virus
across the globe played a prominent role in the assessment of the pH1N1 pandemic risk
and in the evaluation and design of intervention and control strategies. During the early
stages of the pH1N1 pandemic, mathematical analyses of the initial data from Mexico and
other countries allowed researchers to estimate the transmissibility of the pH1N1 virus, as
measured by its basic reproduction number (Fraser et al. 2009; Nishiura, Castillo-Chavez
et al. 2009; Pourbohloul et al. 2009; Yang et al. 2009). As the pandemic progressed, many
modeling studies investigated the impact of different kinds of containment strategies such
as social distancing (Gojovic et al. 2009), vaccination (Yang et al. 2009; Chowell et al.
2009), and the use of antivirals (Dimitrov et al. 2011; Moghadas et al. 2009).
Vaccination is an important influenza control measure and was a key component of
many countries’ pandemic preparedness plans. Over the summer of 2009, much remained
unknown about the effect of timing and prioritization of vaccination against pandemic
(pH1N1) 2009 virus on health outcomes. Production of the pH1N1 vaccine began soon
after the pandemic potential of pH1N1 was recognized during its Spring wave. However,
the early arrival of the second wave of pH1N1 in many regions of the northern hemisphere, combined with production delays, resulted in the implementation of vaccination
programs in populations already experiencing moderate to high incidence of pH1N1, a
sequence of events expected to reduce the ultimate population impact of immunization.
Quantifying this reduction and determining how it might have been mitigated through
alternative dispensing schemes motivated a number of modeling efforts.
Seasonal influenza vaccination campaigns have historically targeted those at greatest
risk of the severe outcomes of influenza– notably the very young, the elderly, any individual with underlying medical conditions – or their close contacts, as well as healthcare
workers (Public Health Agency of Canada 2016). It has been hypothesized that vaccination of schoolchildren might be a more effective strategy (Halloran and Longini 2006;
Longini 2012). Younger age groups are disproportionately responsible for influenza transmission, and therefore targeting them would indirectly protect at-risk groups (Bansal et
al. 2006; Galvani et al. 2007; Kwong et al. 2008). Some regions – notably the province of
Ontario in Canada – have adopted a universal influenza immunization program whereby
seasonal influenza vaccine is provided free to all citizens over the age of six months
(Kwong et al. 2008).
In the province of British Columbia, Canada, health officials adopted a provincial-level
contact network model to study the potential impact of different pH1N1 vaccination
campaign logistics on influenza morbidity and mortality. In the Fall of 2009 it became
clear that misalignment between vaccine availability and the peak of the second wave of
infection required prioritization of vaccine recipients. Greater infection risk in younger
individuals supported targeted vaccination of younger age groups. Conversely, while
older individuals were at decreased risk of infection with pH1N1, they were, according to British Columbia outcome surveillance data, experiencing higher rates of severe
outcomes, including mortality. Additionally, per-laboratory confirmed-case hospitalization and fatality rates were greatest in older adults, with substantial increase beginning
at age 50 (Louie et al. 2009; Vaillant et al. 2009; Tuite et al. 2010). The pH1N1 vaccine
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Figure 17.7 Evaluating potential impact of vaccination strategies against the spread of
a pandemic strain of influenza. Epidemiological characteristics similar to
the pH1N1 (2009) influenza pandemic were used to produce this outcome.
Epidemic spread was evaluated using a contact network for the Vancouver
population. The actual epidemic in British Columbia, Canada started during
the first week of September 2009. The circles show different start dates
for a vaccination campaign, each of which may change the profile of the
no-intervention epidemic curve (dark blue) to various degrees resulting in
new epidemic curves with the same color.
 rioritization schemes adopted by many countries required a balance of these competing
p
considerations and ultimately differed from seasonal influenza recommendations as a
result of vaccine delay and unique pandemic patterns of age-related risk.
Figure 17.7 demonstrates how delay in vaccination program implementation during
pandemics may impact the epidemic curve. The epidemic in Vancouver, British Columbia
began during the first week of September 2009. The modeling results (Figure 17.7), which
is based on contact networks for the Vancouver population (comprising of ~2.4 million
nodes) suggest that if implemented prior to or at the onset of a pandemic, vaccination
programs could have significant impact on the progression of the epidemic. However,
this beneficial impact is rapidly and severely diminished when implementation is delayed.
Delays in vaccine production due to technological or logistical barriers may reduce
potential benefits of vaccination for pandemic influenza, and these temporal effects can
outweigh any additional theoretical benefits from population targeting. Careful modeling
may provide decision makers with estimates of these effects before the epidemic peak to
guide production goals and inform policy. Integration of real-time surveillance data with
mathematical models holds the promise of enabling public health planners to optimize the
community benefits from proposed interventions before the pandemic peak.
Results of modeling around pH1N1 provided important information to policy makers
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in Canada and many other countries, demonstrating the value of mathematical modeling
as a risk assessment tool for potential interventions in responding to this global pandemic.

17.8

ANTIVIRAL OPTIMIZATION ON SIMPLE NETWORKS

As stated earlier, delays in production of a viable vaccine to offset the spread of an emerging pathogen are highly likely, if not inevitable. Therefore, alternative non-vaccine-based
interventions, such as stockpiling and dispensing antiviral medications for influenza,
represent an important second line of population defense. Recently-developed scenario
optimization algorithms can rapidly and systematically analyze numerous policy options
(Coquelin and Munos 2007; Azadivar 1999; Even-Dar et al. 2002). Using these algorithms
with carefully developed models, policy makers can map disease intervention strategies
onto policy trees that are coupled to specific stochastic epidemic models. For example,
during the pH1N1 pandemic we used an optimization algorithm (Dimitrov et al. 2011),
previously used with favorable convergence properties on large policy trees, to evaluate
influenza response strategies (Coquelin and Munos 2007; Gelly and Wang 2006). The
algorithm preferentially samples sub-trees of the policy tree that have performed well in
the past. The algorithm performs best when all of the policies within a single sub-tree of
the policy tree perform similarly; it can then effectively determine the ‘goodness’ of any
sub-tree by sampling it only a few times. To achieve algorithmic efficiency, one should
therefore use expert knowledge and intuition to structure the policy tree in this way. If
there is a single optimal solution in a sub-tree surrounded by many poorly performing
solutions, then the algorithm may require many simulations to find it (although it is guaranteed to eventually do so).
We performed this type of analysis in the summer of 2009, as the pH1N1 pandemic
was unfolding, in response to questions posed to us by public health agencies regarding
the effective use of antivirals prior to the availability of pH1N1 vaccines. The analysis
suggested that pH1N1 might have been slowed with targeted, aggressive dispensing of
antivirals. Yet, the impact of such a policy would have been highly uncertain in countries
such as the United States or Canada where pandemic antiviral distribution policies are
primarily decided at the federal level, but the stockpiles are distributed to local public
health agencies without the ability to ensure distribution to targeted populations or to
redirect supplies to meet shifting demand. In the United States in 2009, for example, 31
million doses were made available at the state level in the US as soon as the pandemic was
declared (roughly a quarter of the total national antiviral stockpile), but little is known
about the fate of those medications after states “signed off ” on receipt of their pro rata
shipment.
Our modeling found that simple strategies involving regular fixed releases perform
as well as more complex optimized strategies. For example, for a pandemic strain with
R0~2, a monthly distribution of 10 million regimens divided proportionally among the
US population consistently matches or outperforms other policy options, regardless of
the uptake levels, potential misallocation or loss of medication – which are all likely in
a complex emergency response setting. Slight variations on this policy, such as regular
distributions of 5 or 25 million doses are predicted to perform significantly worse across
a large range of uptake values. For more contagious pandemic strains (with higher
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reproduction numbers), use of an optimized distribution schedule with the possibility of
redistribution would significantly improve the intervention outcome.
In the Canadian context, the model included a realistic network of the 141 largest
Canadian cities (totaling 25.6 million people) and was based on detailed domestic air
and ground travel data. Disease spread occurred between cities via the travel of infected
individuals and within cities according to mass action models. Using transmission rates
estimated for 2009 pH1N1 flu, the model predicted that, without any intervention, the
outbreak would infect approximately 16.5 million people in Canada. We can use this
model to evaluate the efficacy of various intervention strategies for ongoing and future
epidemic and pandemic outbreaks of flu. For example, we used the model to evaluate
various distribution policies for the national antiviral stockpile. It predicted that, under
an optimal distribution schedule, aggressive use of antivirals might avert up to 75 percent
of cases. However, under more realistic treatment rates, even the best policies will only
moderately mitigate transmission. Figure 17.8 shows snapshots taken from one round of
computer simulations to evaluate the impact of antiviral distribution with a 25 percent
uptake on influenza spread across Canada.
From a public health perspective, the best policies are those that perform robustly in a
variety of scenarios. However, a single policy may not be robust for all potential scenarios.
These policies should be periodically re-evaluated to consider distribution wastage (which
we conservatively estimated at up to 10 percent of distributed amounts) and antiviral
resistance, which may develop in currently circulating strains of seasonal influenza (and
are in fact commonly seen against the most commonly used anti-influenza antiviral, oseltamivir) (Hurt et al. 2009).
The effectiveness of any antiviral policy will depend critically on the extent to which
antivirals reduce the severity and transmission of flu. Most studies in the literature (Lee
and Chen 2007; Lee et al. 2012; McCaw and McVernon 2007; Lipsitch et al. 2007) assume
maximum likelihood-based estimates of antiviral efficacies calculated by Longini et al.
(Longini et al. 2004) using data from a clinical study by Welliver et al. (Welliver et al.
2001). More recent clinical trials indicate that the odds of a secondary infection in individual contacts decreases by approximately 50 percent when antivirals are used on the day
of onset (OR: 0:5, 95 percent CI: 0:17, 1:46) (Ng et al. 2010; Goldstein et al. 2010). The
results using either assumption will produce very different outcomes.

17.9

THE PROMISE OF MULTI-TYPE NETWORKS

Network modeling allows for rational design of infection control interventions and
can play a crucial role in identifying optimal intervention strategies in healthcare settings. These strategies should target transmission-reducing interventions (to bring the
transmissibility of infection, Tdisease, below the threshold value, Tc) or contact-reducing
interventions (changing the network structure to increase the threshold level, Tc), either
of which serve to prevent more contagious infections from spreading (Meyers et al. 2006).
Unlike most simpler network models referenced in the published literature, employing
analytical and computational descriptions of ‘multi-type network’ models to accurately
study transmission patterns within healthcare settings is a promising avenue (Allard et
al. 2009; Allard et al. 2015). In this type of model, several major types of nodes can be
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Figure 17.8 Four sequential snapshots from a typical computer simulation mimicking the spread of a pandemic strain of influenza
across Canada. The areas of the circles representing cities are proportional to their population sizes. Inside each
circle, a smaller circle represents the cumulative number of infections within each city. Around each circle, a blue ring
represents the number of antiviral courses available in each city. Both the inner infection circle and the outer antiviral
ring have areas proportional to the respective number of individuals (or courses). The color of the inner circle changes
from red to black as the effective R in each city drops below 1. At this point, disease spread in that city has reached its
peak and the disease can be expected to die out shortly. The color of each city changes from yellow to gray as the city’s
local cache of antivirals is depleted, i.e., the fraction of antiviral courses over city population drops below 0.1 percent.
This particular simulation run models an intervention policy at a plausible uptake value of 25 percent.
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patient

ward

healthcare
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Figure 17.9 Multi-type networks. In this 3-type network, three distinctive sets of nodes
interact within and between each other. Green squares, red circles and
small blue circles represent hospital wards/units, caregivers and patients,
respectively. Since the nodes (and edges connecting these nodes) can be
studied separately, intervention strategies targeting each category can be
tested and compared with one another in more detail
 istinguished within the network; for instance, the nodes that represent patients, healthd
care workers (HCWs) and space units (which may represent wards or smaller units within
a ward) are all distinct subgroups (see Figure 17.9). In addition to modifying key structural aspects of the network (for example, disconnecting large components), complex
intervention strategies, such as the use of personal protective equipment (PPE) among
healthcare workers combined with antiviral prophylaxis in work and home settings can
also be modeled.
The advantage of this approach is that the role and impact of contacts within and
between patients and caregivers on the spread of disease can be analyzed, separately or in
combination. This, in turn, permits evaluation of various intervention strategies designed
for specific subgroup(s), separately or in combination, within the same quantitative
framework. It may also be extended to capture indirect transmission for evaluating situations where the pathogen can survive on surfaces (beds, door knobs, and so on) or may
have been aerosolized in poorly ventilated areas.
In order to make logistically-realistic advance preparations to respond to emergent
diseases, public health agencies need a fundamental understanding of how new pathogens may move along the existing contact networks in their jurisdictions. Mapping these
contact networks in the pre-outbreak period is akin to understanding coastal evacuation
routes before a storm: they are a necessary but not sufficient part of the analytical toolbox
that response agencies will use to understand why events are playing out the way they are,
and what can be done to alter them. Depending on the effort invested in investigating
these person-to-person interactions in the community and especially in healthcare settings, models will yield varying levels of understanding of how disease spreads. Therefore,
one important preparatory step in outbreak response is to assess the quality of available
contact network mapping prior to the next outbreak.
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To illustrate this, recall that mathematical models of infectious disease depend critically
on estimates of the risk of transmission associated with a sick contact. Previous models,
primarily designed for large populations, have used rather crude definitions of a ‘contact’
(for example, two people have been presumed to be in contact if they work together in the
same environment), which requires only generic empirical data from workplace studies.
However, models that investigate the impact of specific behavioral changes require either
controlled studies (which would be impractical for an emergent epidemic) or a pre-existing
detailed understanding of the fundamental physical processes by which infectious agents
travel from an infected individual to a susceptible individual. The challenge is to identify
the types of contacts that pose a risk and determine how to quantify that risk.

17.10 CASE STUDY: PANDEMIC INFLUENZA AS A HOSPITAL–
ACQUIRED INFECTION
The need to diminish infection transmission within a hospital at the onset of an influenza pandemic is dramatically illustrated by Blumenfeld et al. They described the onset
of the 1957 pandemic in a New York hospital ward with a total of 65 patients and staff
(Blumenfeld et al. 1959; Louria et al. 1959). One patient with influenza who was admitted to that ward initiated an outbreak that over the next 12 days caused 30 symptomatic
cases and 8 asymptomatic infections (documented by seroconversion); of the remaining 26 uninfected persons, 12 had been vaccinated previously and may not have been
susceptible.
The expected burden of pandemic influenza will be added to the routine burden
of nosocomial, or hospital-acquired infections (HAI). In Canada, more than 200,000
patients acquire a nosocomial infection annually, and more than 8,000 die as a result
(Zoutman et al. 2003). Estimates in the United Kingdom indicate at least 100,000 cases
of HAIs in England, causing approximately 5,000 deaths and costing England’s National
Health Service (NHS) as much as £1 billion a year (Anon 2000). Approximately 4.1
million patients are estimated to acquire a HAI in the European Union each year. The
number of deaths occurring as a direct consequence of these infections is estimated to
be at least 37,000 and these infections are thought to contribute to an additional 110,000
deaths each year (European Centre for Disease Prevention and Control (ECDC 2008).
In the United States, HAIs are estimated to affect two million people every year and are
associated with 100,000 deaths, adding $30.5 billion to the nation’s healthcare tab (Scott
2009; Centers for Disease Control and Prevention 2016; Magill et al. 2014).
Public health agencies, acute care hospitals, and other healthcare settings have drafted
pandemic plans to prepare for and manage influenza or other respiratory pandemic
outbreaks. In institutional healthcare settings, these plans may include modifying emergency room patient flow, establishing dedicated wards for respiratory illnesses, and/or
using alternative treatment sites to discourage patients from seeking care in emergency
rooms. These new care patterns are likely to come with new and unpredictable webs
of interpersonal contacts, which may in turn impact nosocomial transmission risk. To
ensure that pandemic plans do not inadvertently worsen outbreaks within healthcare
settings, planners should define methods to quickly measure and analyze these new
interpersonal contact networks in real time. Such emergent contact information can then
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be incorporated into previously mapped network design to further understand and limit
infectious disease transmission.

17.11 MAPPING HOSPITAL CONTACT NETWORKS IN
PRACTICE
Almost a decade ago, we attempted to create such site-specific contact network maps at
three urban university-affiliated tertiary care Canadian hospitals, using surveys, architectural maps, and floor plans. Anyone working (or volunteering) in these hospitals was
eligible to participate. We used anonymous paper-based surveys attached to employee
paystubs to inquire about interpersonal contacts during the workday.
The surveys collected demographics, spatial movement, and patient interaction
(contact) data. We defined direct contact as two or more individuals coming within one
meter (3 feet) of each other for two minutes or more. This proximity and duration are
deemed necessary but not sufficient for respiratory infection transmission (Xie et al.
2007). An indirect contact was defined as two or more individuals co-locating in the same
room but not closer than 1 meter.
For each location (patient rooms, administrative area, coffee break room, and so on)
within the facilities surveyed, we plotted the number of visits per week and mean hours
spent per location, which differed significantly by location type. This survey provided
one of the most comprehensive portrayal of hospital-wide contact networks yet reported,
providing an evidence base to develop novel strategies for the prevention and control of
nosocomially-transmitted pathogens. Figure 17.10 summarizes a typical contact network
resulted from this study, where different occupations are depicted by different colors. The
figure captures the heterogeneity of contacts between individuals within a healthcare
setting. It is worth noting that data from participating hospitals yielded different structures, supporting the view that hospital infection control strategies in different settings
might lead to different outcomes, depending on the structure of their contact network.
Despite this achievement, the technology to overcome one of this study’s main
limitations – that is, the ability to track a target individual’s actual location in relation to
their contact – has only recently been applied within a healthcare setting. With the emergence of Radio Frequency Identification (RFID) technology and its variants, including
Ultra Wide Band (UWB) and infrared (IR) technology, it is now feasible to know the
location, within a few decimeters, of every person at all times while inside a given facility (Salathé et al. 2010). The advantage of electronic tracking technology is that we are
able to identify exactly when the participant is in a particular location and how many
contacts they have. For example, the paper survey would have indicated a participant
spent five hours in the cafeteria during a typical work week; however, there is no way to
determine which five hours were spent in the cafeteria or who else this person came in
contact with while there. Electronic tags may demonstrate that a volunteer participant,
for example, arrived in the cafeteria at noon on Monday, spent 45 minutes within two
meters (acceptable range for influenza transmission) of two other participants and
stopped at the hospital gift shop for three minutes before all three individuals return to
their respective departments and had further contacts with x patients, y physicians and
nurses and z other healthcare workers.
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Figure 17.10

A typical contact network generated from the questionnaire-based survey
data described in the text. Node colors: turquoise: staff physician; green:
nurse, black: other HCWs; red: location. Several networks, whose degree
distributions are identical, may be generated using the same dataset. As
such, all analyses should be performed on an ensemble of such networks

Gathering data about the proximity of contacts and how healthcare workers interact with
one another, as well as patients, allows us to develop effective containment strategies at the
sub-ward level. More importantly, these datasets will allow us to incorporate representations of different modes of transmission – droplets, aerosolized particles, and surfaces –
or a combination of these mechanisms into future models and to estimate the potential
outcomes of spread via routine contact or so-called ‘super-spreaders.’
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17.12 CONCLUDING REMARKS: COMPLEXITY, MODELING,
AND POLICY
Policy inference from realistically detailed contact models is an active ongoing area of
research and implementation science that requires close collaboration between mathematical
modelers, healthcare providers, public health officials, and related occupations. Future work
in the study of nosocomial infections may help to elucidate which individual(s) or group(s)
of healthcare workers, for example, trainees, senior clinicians, and so on, provide the greatest
opportunity for infection transmission within the hospital. Strategies for prioritizing selfprotection for these ‘nexus individuals’ (for example, wearing surgical masks during their
working day) may prove efficient means of reducing disease spread in these environments.
As described in the introduction, the network theory approach to analyzing disease spread
is advantageous in allowing one to model and evaluate a broad range of intervention strategies without sacrificing detailed information about interpersonal contacts. By incorporating
the heterogeneous behavior of individuals as well as the heterogeneity in disease transmissibility, complexity science tools will allow us to accurately pinpoint optimal and economical
intervention strategies, thus contributing to evidence-based public health decision-making
and to the well-being of individuals at the societal level.
Despite all of the challenges that face researchers and policy makers dedicated to the
difficult task of designing pandemic and other emergency preparedness plans, there is one
reassuring fact – the sooner control measures are implemented appropriately, the lower
the rate of infection in the population (Markel et al. 2007; World Health Organization
Writing Group 2006; World Health Organization Writing Group 2012; Ferguson et al.
2006). This implies that the development of advanced, rapidly implementable quantitative
methods to understand the pattern of disease spread – and systems to quickly analyze
and present that information to policy makers – is a high priority for overall public health
preparedness. Developing the means to identify detailed interpersonal contact information in various settings, both non-emergent and during emergency events, should now be
considered a core public health function, along with such classic tasks as disease surveillance, community partnerships, and environmental health services.
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