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Chapter One

Introduction

1.1 Introduction

The increasing prevalence of antibiotic resistance is a global threat to human health,
rendering otherwise treatable diseases potentially life-threatening. An estimated
25000 lives were lost as a result of infections caused by one of the five main antibiotic
resistant bacteria in the European Union in 2007, with a total extra health care
cost and productivity loss of 1.5 billion Euro each year (ECDC & EMEA, 2009).
This trend is accentuated by the fact that no new antibiotics are being developed,
making the outlook for the future even worse. This emergency prompted the World
Health Organisation (WHO) to declare antibiotic resistance as one of the three
major threats to human health (Nordberg et al, 2013).

Antibiotic resistance forms a threat to the population of hospitalised patients
in particular, who rely on antibiotics to prevent and treat possible infections
they become susceptible to due to the treatment they receive. The frequent
use of antibiotics among these patients gives the resistant bacteria a selective
advantage, making resistant bacteria more prevalent in hospitals compared to
the general population. Although not strictly bound to health care institutions,
resistance among opportunistic bacterial pathogens is more frequently associated
with hospitals and health care. The extra effort to prevent and control the spread
of resistant as well as other pathogens of nosocomial importance (in the following
called hospital-associated pathogens), such as bacteria which are more virulent,
transmissible or tenacious, rests on the shoulders of hospitals who are competing
in an increasingly deregulated market. In this market, the incidence of infections
with typical antibiotic resistant bacteria is often used as a hospital performance
indicator (Sax & Pittet, 2002; Fabbri & Robone, 2010; Mascia et al, 2012).

However, the use of incidence as a performance indicator implicitly assumes
that hospitals are independently in control of the occurrence of the pathogen. This
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Introduction

ignores potential differences in the number of cases imported through admitted
patients. Many patients are admitted to more than one hospital during their health
care career, often because they are referred for advanced treatment elsewhere
(Ludke, 1982; Huang et al, 2010). These patients can then carry hospital-associated
pathogens, from one hospital to the next. Hospitals thus become epidemiologically
connected by the patients who are shared between them, resulting in nation-wide
network of hospitals when all patient referrals are considered.

This thesis focuses on these hospital networks and specifically on the impact of
these networks on the dispersal of hospital-associated pathogens. For the largest
part of this thesis, we use methicillin-resistant Staphylococcus aureus (MRSA) as
a model organism. This is done for three reasons. First, MRSA has over the last
two decades become the currency with which performance in hospital hygiene is
measured. Second, the dispersal of MRSA is in Europe largely restricted to health
care institutions, with limited spread in the general population, making it a typical
hospital-associated pathogen. And finally, MRSA evolves rather clonally which
allows determining the geographic spread of certain clonal linages over time and
space. However, apart from MRSA, our results and conclusions should be widely
applicable to any health care-associated pathogen.

1.2 Antibiotic resistance

Resistant bacteria often arise shortly after the introduction of a novel antibiotic into
clinical use (Abraham & Chain, 1940; Mazel & Davies, 1999). This is explained by
the selective advantage some pre-existing resistant mutants enjoy in an environment
where antibiotic use is high. This trait enables them to successfully compete with
the bacterial wild type population. As the emergent resistance spreads and the
proportion of resistant bacteria increases, future effective treatment quickly rests on
the development of another new antibiotic. In this way, many new antibiotics have
been developed and introduced to replace the older treatment, until the 1980 after
which the pharmaceutical industry followed different directions of investments.

A repetitive process of “new antibiotic - emerging resistance - new antibiotic”
can be discerned. This can be seen as an analogy of the “Red Queen effect” (Named
after the Red Queen in Through the looking glass (Carrol, 1871), who said to Alice:
“Now, here, you see, it takes all the running you can do, to keep in the same place”
(Van Valen, 1973)). This is a process of organisms having to keep evolving to
keep up with the evolution of opposing organisms. Examples can be seen in the
evolutionary interaction between predators and prey (Vermeij, 1994), where the
prey has to outrun the predator to stay alive, while the predator needs to keep up
with the prey to ensure its own persistence. The same dynamics apply to antibiotic
resistance: The bacteria evolve new resistance mechanism in response to newly
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available antibiotics, while new antibiotics have to be developed in response to
newly emerged resistance.

The interaction between new antibiotics and new resistance prompts a logical
solution: If new antibiotics are used sparely, the resistance to the new drug will
emerge later. This prudent use of antibiotics, and in particular novel antibiotics,
is advocated and forms part of the antibiotic steward ship initiatives supported
in many countries (World Health Organization, 2000). However, this policy has
a downside that almost completely counteracts the wanted effect: because the
new antibiotic will be left on the shelves, the financial incentive to develop new
antibiotics is very low. This resulting lack of antibiotic development is reminiscent
of yet another dilemma described as the second tragedy (Foster & Grundmann,
2006).

Resistance does not exclusively spread through the expansion of successful clones,
but also through the dispersal of resistance mechanisms between bacteria of different
clonal lineages, by horizontal transfer of mobile genetic elements carrying resistance
genes. Because the de novo development of complex resistance mechanisms is rare,
most of the resistance present in bacterial population is the result of dispersal of
already existing resistance mechanisms, introduced into a population at some point
in time. To understand the dispersal of resistance mechanisms, we thus need to
understand how bacteria carrying resistance mechanisms are introduced into new
populations. These introductions will primarily be triggered by contacts of hosts
carrying different bacterial populations. The dispersal of resistance mechanisms
will therefore largely be dictated by the movement of the colonised hosts, as they
follow comparable trajectories. By determining the contact patterns of the human
hosts, we can thus determine the likely spread of resistant bacteria and their related
resistance mechanisms.

The classical mathematical models that describe the spread of infectious diseases
through populations (Kermack & McKendrick, 1927; Diekmann & Heesterbeek,
2000) assume that all individual have an equal chance of encountering one another.
The susceptible and infected individuals are thus always homogeneously mixing
and there is no spatial structure. This invokes the classical “mass action principal”
which describes the behaviour of ions in a dynamic equilibrium while dissolved
in water. However, people don’t mix in the very same manner, because human
contact is highly assortative depending on choices and social norms. These are
bound to violate predictions about the dynamic of infections when simple models
are used. In order to adjust the standard model for its oversimplification of the
contact structure, social mixing and contact patterns need to be ascertained.
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1.3 Social networks

Social network analysis is recently gaining a foothold in the theoretical discourse
on infectious disease transmission. This approach allows for the introduction of
novel metrics based on individual and group behaviour that could previously not
be quantified. For instance, contact networks can be structured into groups or
communities, whereby certain individuals who form links between these groups
attain a high so-called betweenness-centrality. These properties only become visible
when social networks are reconstructed from contact patterns using graph theory.

For infections, the social contact networks are an obvious part of their dynamics.
As the most obvious example, sexually transmitted diseases spread most rapidly
through the most heavily connected subpopulations at the core of a large sexual
networks (Kretzschmar & Morris, 1996; Kretzschmar et al, 1996). Members of this
core group are at higher risk of acquiring and spreading the disease, and many of
the infections outside this group can be viewed as spill-over from the core group.
Any behavioural change in the core group has therefore a higher impact on the
disease dynamics than changes in the non-core group.

Other infections spread through social contact networks too, although the
concept of ‘contact’ may not be as literal as in the sexual network. In order to
get an idea of the impact of social networks on the spread of a respiratory disease,
Mossong et al (2008) asked people to keep track of their daily casual contacts, and
the age of each contact. Children and young adults had the highest number of
contacts on a daily basis, many among their own age group. They are therefore at
higher risk, and the ideal candidates for population based intervention, for instance
through a vaccination campaign (Wallinga et al, 2010).

The impact of the structure of social networks on the spread of infectious
diseases can be put to use for surveillance. For instance, (Christakis & Fowler,
2010) proposed that diseases can be detected early in an outbreak by monitoring a
specific group of people, named as friends by individuals in a randomly selected
group. These nominated friends are no longer part of a random group: Through
the inherent asymmetry of social networks, the friends of a random person have
on average more friends than the average person (see Feld (1991) for detailed
explanation). The nominated groups should therefore be at higher risk of acquiring
a disease like influenza because of their larger number of contacts. During the
outbreak of Mexican flu (H1N1) in September 2009 it could be demonstrated
that indeed the nominated group at Harvard College was infected earlier than the
random group (Christakis & Fowler, 2010).

4



1.3 Social networks

1.3.1 Social networks and health care

The contact patterns and network structures seen in the general population also
apply to hospitalised patients and thus influence the dispersal of hospital-associated
pathogens. In this case, it is assumed that individuals only meet in hospitals,
and that sharing the same room is often taken as an approximation of contact.
Otherwise, the social networks can be analysed in the same way.

Many studies assessing patient contact pattern look at the dynamics within
single hospitals or single wards (Isella et al, 2011; McBryde et al, 2007; Raboud
et al, 2005). This is a logical starting point, as it is the main environment
where the dispersal of hospital-associated infections takes place. On this level,
interventions like the Dutch Search and Destroy policy can be evaluated (Bootsma
et al, 2006), giving credit to their effectiveness. A number of studies also consider
the readmissions of patients who had already been in hospital, an essential step in
the development of an inter-hospital view of the dynamics of hospital-associated
infections (Smith et al, 2004).

1.3.2 Inter-hospital spread

The inter-hospital studies rely on the assumption that patients carry hospital-
associated pathogens longer than the time they spend outside hospital between
admissions, which applies to many of the antibiotic resistant bacteria (Scanvic et al,
2001). Following this reasoning, Cooper et al (2004) showed that these readmitted
patients, who are still colonised with bacteria acquired during a previous admission,
can have a large effect on the course of an outbreak in a hospital: If the proportion
of colonised patients admitted from the catchment population is low, a hospital
may be able to isolate all incoming patients, however, if this proportion is higher
some patients may not be isolated. These patients can transmit the infection
during their hospital stay, causing more patients to be colonised upon discharge
and readmission. As a consequence of these readmitted colonised patients, the
number of non-isolated patients will increase even further. Through this process,
the number of colonised patients can differ dramatically, despite equal intervention
and hygiene standards.

The notion that readmissions have an effect on the dispersal of hospital-associ-
ated pathogens initiated a process in which hospitals are not viewed as completely
independent units. Smith et al (2004) showed that antibiotic resistance is a problem
of all health care institutions that share a common catchment population, because
the colonised patients may be readmitted to a different hospital. A following study
Smith et al (2005) described that the prevalence of a hospital-associated pathogen
in a given hospital can be affected by hygiene measure in other hospitals. In the
used model, five hospitals share a common catchment population and can invest in
hygiene measures. As long as the other hospitals keep investing, the hospital of
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interest can cut back on hygiene measures, because the others keep the prevalence
in the catchment population in check. In a way, hospitals are able free-ride on the
investments on others, because they are connected through a common catchment
population.

1.3.3 Patient flow

The models that view hospitals as connected through a common catchment pop-
ulation neglect the structure of the patient flow to, from, and between hospitals.
In order to get a thorough understanding of these patient movements, datasets
containing all hospital admissions in a given region need to be analysed. Only a
few studies analysed these patient admission records to identify patient movements
prior to 2010. Based on admission data from the University Hospitals of Leicester,
Robotham et al (2007) tracked the number of returning patients, to the same or
different hospitals, to calculate the probability that a patient is readmitted while
still colonised, based on the time between admissions. However, they only view
these contacts from a single hospital and do not describe actual contact network
between them.

The first study to describe the structure of a regional patient-based social
network, tracked all patients admitted to hospitals in the Stockholm area (Liljeros
et al, 2007). This regional patient network showed high degree of assortative mixing;
patients generally have contact with other patients with the same health care use.
This assortative mixing, together with a high degree of clustering, lowers the
epidemic threshold, because pathogens spread easier through the closely connected
core group. Any attempt to intervene in the spread should take this structure
into account. Although the study includes data from multiple hospitals, it only
considers the social contact network of patients and overlooks the structure of the
network between hospitals. The effect of the complete patient referral network
on the dispersal of antibiotic resistance between hospital populations therefore
remains elusive.

1.3.4 National patient referral networks

In order to understand the spread of antibiotic resistance between hospitals, all
patient referrals need to be mapped, while treating each hospital as an individual
subpopulation. The patient referrals between these hospitals will have an effect
on the introduction of resistant bacteria from one subpopulation to the other. All
previous studies have failed to appreciate this effect between hospital populations
and the ramifications this has on the national control of antibiotic resistance and
hospital-associated pathogens.

In this thesis, we will show that mapping patient referrals between hospitals on
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a national level delivers critical insights in the spread, and the control, of hospital-
associated pathogens and antibiotic resistant bacteria. We start in chapter 2 by
exploring the structure of the patient referral network in the Netherlands, tracking
the admissions of all hospitalised patients, and assessing the effect of the network
structure on the dispersal of hospital-associated pathogens. We determine which
hospitals in the national patient referral network can be expected to suffer the
highest rates of hospital-associated pathogens. In Chapter 3, these expectations
are compared to observed rates, by overlaying data from the NHS mandatory
MRSA bacteraemia reporting with the English referral network. To assess regional
differences, we group the hospitals according to health care collectives that naturally
form in the referral network.

We describe in chapter 4 how this regional structure can be utilised to mitigate
the spread of hospital-associated infections by changing the direction of patient
flows. We show how the structure of the patient referral network can help minimise
the number of patients that need to be redirected. A further utilisation of the
patient referral network structure is described in chapter 5, with assignment of
specific hospitals to a sentinel surveillance system for the early detection new
resistance mechanisms or hospital-associated pathogens.

In chapter 6, we put the national patient referral network to the test, by utilising
a novel cluster algorithm to detect clusters of related isolates in MRSA data from
a national reference laboratory. With these results, we can assess differences in
transmissibility between clonal lineages and explore potential undetected reservoirs.

The insight delivered in these chapters taken together, will enable us to propose
a number of feasible action points that will aid the control of the dispersal of
hospital-associated pathogens and antibiotic resistant bacteria in the conclusion of
this thesis (Chapter 7). We are the first able to identify these critical steps in the
mitigation of dispersal, because they are based on the net effect of the structure of
the entire national patient referral network.
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Abstract

Rates of hospital-acquired infections, such as methicillin-resistant Staphylo-
coccus aureus (MRSA), are increasingly used as quality indicators for hospital
hygiene. Alternatively, these rates may vary between hospitals, because hos-
pitals differ in admission and referral of potentially colonized patients. We
assessed if different referral patterns between hospitals in health care networks
can influence rates of hospital-acquired infections like MRSA.
We used the Dutch medical registration of 2004 to measure the connectedness
between hospitals. This allowed us to reconstruct the network of hospitals in
the Netherlands. We used mathematical models to assess the effect of different
patient referral patterns on the potential spread of hospital-acquired infections
between hospitals, and between categories of hospitals (University medical
centers, top clinical hospitals and general hospitals).
University hospitals have a higher number of shared patients than teaching or
general hospitals, and are therefore more likely to be among the first to receive
colonized patients. Moreover, as the network is directional towards university
hospitals, they have a higher prevalence, even when infection control measures
are equally effective in all hospitals.
Patient referral patterns have a profound effect on the spread of health care-
associated infections like hospital-acquired MRSA. The MRSA prevalence
therefore differs between hospitals with the position of each hospital within
the health care network. Any comparison of MRSA rates between hospitals,
as a benchmark for hospital hygiene, should therefore take the position of a
hospital within the network into account.
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2.1 Introduction

Pathogens that typically cause hospital-acquired infections have an opportunistic
nature. These organisms are usually part of the normal bacterial flora of humans
and only cause disease when reaching body sites that are normally free from
bacterial colonization e.g. when anatomical barriers are breached due to trauma or
medical interventions. For this reason, severe problems with nosocomial pathogens
are mainly seen in the very young and elderly and most frequently in institutions
such as hospitals and long-term care facilities where patients are treated for acute
or chronic conditions.

Methicillin-resistant Staphylococcus aureus (MRSA) is an antimicrobial resistant
variant of S. aureus, a common bacteria frequently colonizing healthy humans and
animals. Emergence of MRSA is due to the acquisition of a large DNA fragment,
which seems to be rare (Enright et al, 2002; Nübel et al, 2008). The expansion of a
limited number of MRSA clones that characterizes the current epidemic in hospitals
worldwide is therefore believed to be the result of between patient transmission
and only to a minor extent due to the ‘de novo’ emergence in patients exposed
to antibiotics. MRSA has therefore become the marker with which the success or
failure of hospital infection control (UK Department of Health, 2005).

The prevalence of the MRSA differs considerably within and between countries
(Livermore & Pearson, 2007; Grundmann et al, 2006). Currently about 30% of
the S. aureus causing bloodstream infections in the UK is resistant to methicillin,
against only 1% in the Netherlands and Scandinavian countries (Tiemersma et al,
2004). Although in high endemic countries MRSA infections are frequent in all
hospitals, the proportions are highest in large teaching (tertiary care) hospitals
(Livermore & Pearson, 2007; UK Health Protection Agency, 2010), which also
report the highest frequency of newly occurring MRSA clones (Roman et al, 1997;
Kotilainen et al, 2003; Harbarth et al, 2000; Dominguez et al, 1994). The severity
of underlying medical condition of the patients, as well as higher antibiotic use and
frequency of invasive procedures have been proposed as the main reasons for this
difference (UK Department of Health, 2005).

Patients can carry MRSA, asymptomatically, for a long time (Scanvic et al,
2001). When readmitted, they may introduce the pathogen acquired during a
previous admission into a new hospital (Robotham et al, 2007). Failure of one
hospital’s infection control measures can therefore affect the prevalence in hospitals
with which it shares patients (Smith et al, 2005). Patients are referred to hospitals
at different rates depending on the function of hospitals within the health-care
system, which likely affect the prevalence at different institutions. These referral
patterns might therefore offer an explanation for high MRSA incidence in hospitals
of the tertiary referral level UK Health Protection Agency (2008). But can referral
patterns account for differences in spread between hospitals, and for differences
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in observed prevalence? To answer these questions, we have been mapping the
health care network based on a large national medical registry, and evaluated
the occurrence of hospital-acquired infections in different care categories under
simulated epidemic conditions.

2.2 Materials and Methods

2.2.1 Generating a simulated dataset

We used the Dutch national medical register from 2004 (Landelijke Medische
Registratie LMR Prismant (2004)), which contains the data about all individual
hospital admissions for the total of Dutch hospital organizations of that year. We
stratified patients in the LMR based on the number of admissions, σ, in the one
year of data. Per stratum we counted the number of patients, fd(σ), and measured
the distribution of the length of stay, gd(σ, l), the time between admissions, hd(σ, a),
number of hospitals visited, id(σ, h), and the changes between hospitals, jd(σ, c).
We defined a change between hospitals as an admission to a hospital different from
the hospital of the previous admission. For each hospital i we counted the number
of next admissions in other hospitals j to determine the referral probability, rij ,
and counted the the number of admissions per hospital to determined the size, si.

For reasons of privacy protection, we were not authorized to use the data at
individual record level for detailed analysis. We therefore generated a simulated
dataset based on the recorded frequencies which describes the individual patient
referral patterns that is consistent with the observed patient characteristics in the
LMR. This also enabled us to expand the simulated dataset beyond the recorded
single year in the LMR to 20 years.

We assumed that each patient’s health-care use comes in sequences of a given
number of hospital admissions, s, and that the time between these sequences, i.e.
between the moment of discharge of the last admission in the sequence and first
admission in the next sequence, is exponentially distributed. Patients were assigned
a hospital of initial admission from the hospital size distribution, kd(h), and a
number of admissions in this sequence s from distribution fd(σ). The number of
changes between hospitals during these admissions was picked from the distribution
jd(c|σ = s). If the number of changes was larger than 0, the same was done
for the number hospitals visited, picked from the distribution id(h|σ = s). We
assumed that the moment of changing between hospitals was distributed uniformly
over the admissions and the choice for the new hospital was based on the current
hospital’s referral distributions. The length of stay was picked from distribution
gd(l|σ = s) and time between admissions from distribution hd(a|σ = s) for all
sequential admissions.

We picked the rate of initial admission, λ, based on over 1.6 million admitted
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patients for an entire population of 16 million individuals, at 1/3650 day−1. After
the last admission in the sequence, the time to next admission is therefore picked
from an exponential distribution with mean λ. Because the average time between
admission sequences is much longer than the average length of colonization, we thus
assumed that the colonization status of an individual at the start of an admissions
sequence does not depend on this individuals colonization status in the previous
admission sequence. We created a dataset for 20 years to allow the epidemic to
reach equilibrium level.

2.2.2 Individual based model

Using the individual entries of the simulated dataset we subsequently created a
mathematical model that describes the effect of individual patient movements
through the hospital network on the spread of hospital-acquired infections. These
individuals can either be susceptible or infected. No distinction was made between
colonization and clinical infection for the sake of simplicity. Infected individuals
(I) infect susceptible individuals (S) within the same hospital during one day with
rate βS/N , where N is the total number of patients in the hospital. Therefore,
each susceptible has a probability of βI/N of getting infected per day. We assume
that infectious patients spread the infection to a random sample of the patients
within the hospital, and take no ward structure into account. Individuals lose the
infection with rate γ and the mean duration of colonization 1/γ was set at 365
days (Scanvic et al, 2001).

In order to explore the dynamics, we infect 10% of the patients that are admitted
to an index hospital on a randomly chosen starting date, and monitor how the
infection spreads to other hospitals. The number of colonized individuals at each
time step and the time to first encounter of a colonized patient in each hospital
(time to first infection, TFI) was recorded. For each index hospital we perform 200
simulations, sequentially repeating these sets of simulations for each 98 hospitals
as index hospital, thus performing a total of 19600 simulations. In further analysis,
we only include simulation runs resulting in an outbreak larger than a threshold of
1000 colonized persons, to exclude runs that resulted only in small local outbreaks.
The results are not sensitive to the exact value of this threshold.

2.2.3 Contact matrix

In order to reduce the complexity inherent to the individual-based model, we created
a hospital network model assuming transmission parameters between hospitals.
All transmission parameters were based on the patient characteristics as observed
in the LMR. Thereby, we calculated the infection rate, mij , from hospital i to
hospital j, using the probability that any referred patient transmits the infection
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after referral. This probability depends on the patient’s length of stay in both
hospitals and the rate of losing colonisation between admissions. The infection
rates between all hospitals form a 98×98 matrix, M = {mij}, which describes the
national network of hospitals in terms of potential transmission.

For each admission we calculate the probability that the patient transmits the
infection from the referring hospital to the admitting one, xij . This probability
can basically be divided into three separate probabilities: contracting the infection
in a referring hospital, ui, still being colonized on readmission, vij , and spreading
the infection in the admitting hospital, wj :

xij,n = ui × vij × wj . (2.1)

The probability of being colonized depends on the length of stay in each referring
hospital, li, the number of colonized patients in each of these hospital, Ii, and
the transmissibility of the pathogen, β; ui = 1− e−βIili . If we assume that both
the infectivity and the number of colonized patients are at a fixed low level, we
can simplify this to ui = cli, where c encompasses the transmissibility and low
prevalence in the hospital. Because we assume the transmissibility and prevalence
are equal in all hospitals, and because the matrix scales linearly with c we can
leave c at unity:

ui = cli. (2.2)

The probability of introduction in the admitting hospital, wj , in turn depends on
the length of stay in the admitting hospital, lj , the number of susceptible patients,
S, and the transmissibility of the pathogen, β; wj = 1 − e−βSj lj . Here, we can
assume that the number of newly infected patients is not dependent on the size of
the hospital, because ward size is generally not related to hospital size. Therefore,
the probability of transmission is directly related to the basic reproduction number
per admission, RA, and becomes wj = 1− e−RAlj/l. Where l denotes the average
length of stay in the dataset. Just as before, we assume that the number of
colonized patients is low, and the process is not limited by the number of available
susceptible individuals:

wj = 1− e−RAlj/l. (2.3)

The probability that a patient is still colonized upon readmission, vij , depends
on the time between discharge and admission, ∆Tij , and the recovery rate, γ;
vij = e

−γ (∆Tij ). Although overlapping admissions do occur in the data –patients
can for instance be moved to another hospital for a specific procedure without
being discharged from the initial hospital– we simplify by only taking sequential
admissions into account. Any overlapping admission is treated as having a time
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between admissions, ∆Tij , of 0, thus with vij = 1:

vij = e
−γ∆Tij . (2.4)

mij =
∑
n xijn/Td gives the infectious referral rate, per day, between hospitals,

where Td denotes the time span of the dataset. zij = 1 − emij now denotes the
probability that any patient will transmit the disease from hospital i to j within
one day. All admissions of all patients combined result in the national hospital
network M.

mij =

∑
n xij,n
Td

(2.5)

M = {mij} (2.6)

The degree with which hospitals connect with the rest of the hospital network
through referrals of patients can be divided into two parts. These consist of the
indegree kin,j =

∑
imij , reflecting the total of introductions a single hospital

receives from the rest of the hospital network, and the outdegree kout,j =
∑
imji

which reflects the total amount of colonized patients a single hospital exports to
the rest of the hospital network. Because the matrix M is asymmetric, kin,j and
kout,j may differ.
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Figure 2.1: Health care utilization in the Netherlands in 2004. A) Map of the
Netherlands showing the location of the university medical centers, top clinical and general
hospitals. Patients were stratified based on the number of admissions in one year, and
per stratum we measured: B) the number of patients and the distributions of C) the
length of stay, D) time between admissions, E) number of different hospitals visited and
F) the number of changes between hospitals, i.e., the number of admissions in a different
hospital than the previous one.
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2.3 Results

In 2004, hospital care in the Netherlands was provided through 71 general hos-
pitals, 19 top clinical hospitals and 8 university medical centres (Figure 2.1A).
During the observation period of one year (2004) 1,676,704 patients were ad-
mitted from the population of 16.7 million. These patients were admitted for
a total of 2,611,452 times, the majority of patients were hospitalised once. The
frequency with which patients were readmitted showed a right-skewed distribu-
tion (Figure 2.1B), with still 86 patients being readmitted for more than 52
times. Patients stayed on average 4.3 days per hospital admission, patients
who had less hospital admissions stayed longer per admission (Figure 2.1C),

Figure 2.2: Spread of hospital-acquired
infection between hospitals in absence
of interventions, according to our individ-
ual-based model results using the recorded
health care utilization patterns. The thick
lines show the mean and shaded areas show
all runs between the 5th and 95th percentile.
A) Time to encounter of the first colonized
patient. B) Prevalence of colonization among
admitted patients.

and those who had four hospital ad-
missions had on average the longest
(5.6 days) episodes of hospital admis-
sion. Moreover, these patients had the
highest rate of readmission in differ-
ent hospitals (Figure 2.1E&F), whereas
patients who were readmitted more fre-
quently tended to return to the same
hospital. These frequent attendees were
also most likely to stay for only one day.

The individual-based model emu-
lated the dynamics of patient referrals
and allows us to assess the spread of
hospital-acquired infections. Colonized
patients from one hospital spread the
pathogen to nearby hospitals within
days, but it takes more time –5 to 10
years– before all hospitals encounter it
(Figure 2.2A). The median time to first
infection (TFI) for university medical
centers (UMCs) was 755 days, the TFI
for top clinical hospitals was 1,087 days
and the TFI for general hospitals was
1,346 days. At any stage of the epi-
demic the expected prevalence in UMCs
was higher than in general and top clin-
ical hospitals (Figure 2.2C).

We reconstructed the Dutch na-
tional network of hospitals (Figure 2.3A) with respect to the potential spread
of hospital-acquired infections, using patient referral patterns taken from national
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Figure 2.3: Patients referred between hospitals in the Netherlands. A) The
reconstructed Dutch health care network based on the potential infection rate between
hospitals, red squares denote university medical centers, blue triangles the top clinical
and black circles the general hospitals. B) Inward (blue), outward (red) and relative
inward (black) degree of connectedness per hospitals category, calculated from the Dutch
medical registration. The relative indegree is the indegree divided by the total number
of admissions. Solid lines show mean degree per category and the dashed line shows the
overall mean degree. University medical centers take a clear central position, in the sense
that they have a high degree of connectedness. The network is directional towards the
UMCs as they have a higher indegree than outdegree.

medical registration (LMR (Prismant, 2004)). Within this network, the UMCs
show a higher degree of connectedness than the general and top clinical hospitals
(Figure 2.3B). General hospitals had a higher outdegree than indegree, whereas
the reverse was true for UMCs, resulting in an 8-fold difference in the indegree
between both types of institutions. Top clinical hospitals assumed an intermediate
position and showed little difference between indegree and outdegree. Moreover,
the indegree relative to the total number of admissions (including patients admitted
directly from the community) was much higher in the UMCs compared to the
general hospitals. The patient flow through the network was thus directed towards
the UMCs.

In order to determine the effect of the directionality of the network, we repeated
the analysis of the individual-based model using a dataset with alternative direction.
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We created a dataset in which all referral probabilities to hospitals were set equal.
In the resulting network, both the indegree and outdegree of the UMCs were
higher than the other hospital categories, but the outdegree is now higher than the
indegree (Figure 2.4A, B & C). The relative indegree was higher for the general
hospitals compared to the other two categories, although there was only a small
difference between UMCs and top clinical hospitals. These simulations resulted
in slightly higher prevalence in the general hospitals, compared to the top clinical
hospitals and UMCs. The differences between the hospitals in connectedness and
prevalence are caused by the different hospital sizes, the only parameter that varied
between hospitals in this model. This suggests that the short time to first infection
of UMCs is due to their absolute high degree of connectedness, while their high
relative indegree causes the higher prevalence in UMCs relative to other hospital
categories.

We also used two other networks with alternative directions, to test if our
observation holds under different conditions. First, we reversed the direction of the
network by reversing time in the original dataset, the patients who first visited a
general hospital and then a UMC now do the opposite. In this dataset the UMCs
still have a higher relative indegree, compared to the general hospitals, although
their outdegree is now higher than their indegree (Figure 2.4D, E & F). These
simulations reduced the difference in prevalence between hospitals, with still the
highest prevalence in the UMCs. This exact reversion had almost no effect on the
TFI of all hospital categories.

Second, we increased the reversed direction in order to decrease the relative
indegree of the UMCs to a level below the relative indegree of the general hospital,
while keeping both the absolute degree of the UMCs (both indegree and outdegree)
above the degree of the general hospitals. These simulations resulted in a lower
prevalence in the university medical centres compared to the hospitals of other care
categories, whereby the top clinical hospitals had the highest prevalence, reflecting
their highest relative indegree (Figure 2.4G, H & I). This reversion of direction in
the network had, just like the previous ones, little effect on the order of TFI for
the hospital categories. The results of all three simulation studies with alternative
directions, when taken together, strongly suggest that the high prevalence in UMCs
relative to other hospital categories is due to directionality of referral patterns,
reflected by their high relative indegree.
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Figure 2.4: Impact of directionality of the hospital network on the spread of
hospital acquired infections. We created three networks with alternative directions.
One with equal referral probabilities to all other hospitals (A, B & C), one exact reversion
of the original network (D, E & F) and one with an exaggerated reversion of the direction
(G, H & I). A, D & G show the time to encounter of the first colonized patient, B, E &
H show the prevalence among admitted patients and C, F & I show the indegree (blue),
outdegree (red) and relative indegree (black). Reversion of the network direction leads to
a lower prevalence in university medical centers, while they are still the first to encounter
the infection, showing that the relative indegree, the indegree divided by the total number
of admissions, relates to the found prevalence and the high absolute indegree relates to
the time to first encounter.

2.4 Discussion

This study sets a precedent by using data about all hospital admissions obtained
from the National Medical Register (LMR Prismant (2004)) to explore the potential
spread of hospital-acquired infections through the Dutch national network of
hospitals and describing the effect of nationwide referral patterns on the spread of
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nosocomial infections like MRSA. This method shows properties of hospitals, such
as connectedness within the network, that on the level of a single hospital would
not be visible.

In the Netherlands, 98 hospitals provide various forms of specialist care. Within
the category of general hospitals, there are considerable differences from hospital to
hospital, with some smaller hospitals providing only basic hospital care. Therefore,
patients who need advanced medical treatment need to be referred to so-called
top clinical hospitals or university medical centres. Top clinical hospitals are large
institutions that provide a wide range of clinical specialities and are involved in
specialists training and education of doctors and other health care workers. In
contrast to university medial centres they are not affiliated with universities and do
not include the same comprehensive spectrum of specialities. Within the health care
system, the university medical centres occupy a special place as leading hospitals
with advanced specialist and final referral functions.

In the Netherlands the hospital admission rate is rather low compared to
international standards with 15.6 admissions per 100 inhabitants (World Health
Organization, 2009a) and an average stay of only 4.3 days. This figure is low, as
it also includes day care treatment when patients occupied a bed but do not stay
overnight. The majority of patients (73%) are admitted only once to any hospital.
Few return twice (17%), three times (5%), or more (5%). Importantly, patients who
are admitted twice or three times in a one year period not only have the longest per
admission treatment episodes, but are also more frequently readmitted to different
hospitals. In this way, all hospitals in the Netherlands become connected and form
a network consisting of referred patients who form a bridge between hospitals and
provide a path that can facilitate the spread of hospital-acquired infections, such
as MRSA, between hospitals.

The individual-based model which emulates the referral characteristics recorded
in the LMR, describes the spread of nosocomial infections among hospitals on
an individual patient level. It shows that patients who are admitted only two or
three times contribute significantly to the inter-hospital spread of the infection
and suggests that the prevalence is directly related to the referral level of different
hospital categories. This model is, however, unable to provide a mechanistical
explanation for the predicted differences in prevalence between hospital categories.
For this reason, a simplified model of the hospital network was created. This
model weights the contact pattern between hospitals on the basis of average
patient referrals between any two hospitals without taking individual referrals and
catchment populations into consideration. Despite being a coarse simplification,
the hospital network model provides excellent heuristic value as it is able to
demonstrate the directionality of the entire network, which is the driving force
behind the difference in prevalence between different hospital categories.

Our methods rely on three key assumptions that should be addressed. First,
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all of our methods do not take account of transmission outside of the hospitals.
If community transmission of hospital-acquired infections become a significant
factor, the dynamics of the epidemic will ultimately change and the effect of
patient referrals between hospitals will be diluted. Community transmission of
MRSA is mainly seen in families (Calfee et al, 2003), among military recruits
(Zinderman et al, 2004), in relation with competitive sport activities (Centers
for Disease Control & Prevention, 2003) and among children in day-care centres
(Shahin et al, 1999). Typical community-acquired (CA-) MRSA is a phenomenon
widely described in the USA (Smith et al, 2004; Salgado et al, 2003; Stam-Bolink
et al, 2007; Urth et al, 2005) but still rather uncommon in Europe. Although
CA-MRSA has been identified in Europe in countries with high as well as low
MRSA prevalence, it so far remains much less prevalent than health-care associated
(HA-) MRSA. Indeed a recent comprehensive study among patients consulting
general practitioners in the Netherlands could not find any CA-MRSA in this
population (Donker et al, 2009). For MRSA, our models will lose validity when
CA-MRSA becomes widespread in the general population and the prevalence in
the population reaches levels comparable with those in hospitals.

Second, we have assumed a specific measure of connectedness to create the
network. However, the construction of hospital networks can be done based on other
measures than the one we used, like weighting the contact between two hospitals
by the number of patients these hospitals share, or by taking only subsequent
admissions into account. These measures would slightly alter the difference in
connectedness between the hospital types, but the differences between referral
levels would remain (data not shown). However, we feel that exclusion of data
about the length of stay and time between admissions would disguise the true
utilization patterns that govern the spread of HA-MRSA.

Third, both the individual based model and the measure of connectedness
assume homogeneous mixing within the hospital and leave out any ward structure.
However, because the medical condition of a patient determines both the ward of
admission and his/her health-care use, patients with a certain utilization pattern
may mainly meet patients with comparable utilization patterns. This assortative
behavior of patients (Liljeros et al, 2007) can potentially alter the dynamics of the
epidemic, and especially the rate of growth of the epidemic. However, although the
different wards may show different dynamics with the different patients they admit,
the general direction of the referred patients will still be towards the university
hospitals. We therefore expect the difference between hospital categories to still
hold in the long run, despite some likely transient effects during the growth of the
epidemic.

A higher prevalence of health care-associated infections has been repeatedly
demonstrated for tertiary referral centres such as university and teaching hospitals,
which also witness the majority of outbreaks of these types of infections. As
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a conventional explanation, the severity of underlying conditions, more invasive
diagnostic and therapeutic procedures and higher rates of antibiotic prescription
have been incriminated for this difference. Our model predictions based on the
observed admission pattern in the Netherlands, however, suggest a more parsi-
monious explanation. In the Dutch health care network, the university medical
centres admit a large number of referred patients from other hospitals, much more
than the top clinical hospitals (Figure 2.3B). Each university medical centres is
therefore connected to a large number of general hospitals as well as a number of
top clinical hospitals. This central position within the hospital network puts these
hospitals at higher risk of encountering colonized patients. Moreover, the flow of
infectious patients through the hospital network is directed towards the university
medical centres and we could show that as a direct result of this directionality,
prevalence in these hospitals is predictably higher relative to the other categories.

These observations can have important implications concerning hospital in-
fection control. When hospital infection control fails within a single hospital,
hospital-acquired infections will start to spread between hospitals, with the most
connected ones at the highest risk of both acquiring and spreading the disease.
Differentiation of intervention measures over hospital categories, for instance by
making the university medical centres the focal point, could then be considered.
The exact implementation of such a differentiation is, however, beyond the scope
of this paper and should be the focus of further research. Furthermore, our results
suggest that differences in prevalence of nosocomial infections between hospitals
do not necessarily reflect the success of the hospital infection control measures
of individual hospitals. Direct comparisons of infection rates between hospitals
may therefore give a distorted view of hospital standards, if national (or regional)
health care utilization patterns are not considered. The use of such comparisons,
for benchmarking, may therefore lead to a false conclusion about a hospitals effort
to reduce nosocomial infections.

In summary we predict that (1) Hospital-acquired infections can spread rapid-
ly from index hospitals to the next referral level. (2) Secondary and tertiary
referral hospitals must be prepared for rapid response. (3) High connectedness
and the directionality in the health care network towards the university medical
centres cause a local build-up of nosocomial pathogens, such as MRSA, and thus a
higher prevalence in these hospitals. This should be taken into consideration for
benchmarking and the design of national control strategies.
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2.5 Appendix

Alternative direction datasets

In order to determine the effect of the difference between inward and outward
degree of connectedness, we created a number of datasets with alternative directions.
One of these has no direction, the other two have reversed directions. In all three
alternatives the university medical centers still have a high degree of connectedness,
consistent with the LMR-based network, but a higher outdegree than indegree,
contrary to the LMR based network.

We first created a dataset without direction, by setting all referral probabilities
in the referral matrix equal, but leaving all other parameters the same as the
original simulated dataset. We then created a reverse dataset by reversing the time
of the original simulated dataset. The new date of admission of a patient, T ∗A, is
simply calculated as T ∗A = TE − TD, where TE is the end date of the dataset, in
our case day 7300, and TD is the discharge date of the patient. This then gives the
exact reversion of the original simulated dataset.

In order to reverse the direction of the dataset even further, we created another
dataset in the same way as the generated dataset with the characteristics of the
LMR, in which we set all referral probabilities to university medical centers, in
the referral matrix, to zero. This, however, also lowered the overall degree of
connectedness of these hospitals. In order to raise the degree we increased the
size of the university medical centers 7 fold. The university medical centers now
have a higher outdegree than indegree, while their indegree is still higher than the
outdegree of the top clinical hospitals.

Small networks

To further explore the effects of the parameter settings in the models and to assess
the influence of the network directionality on the spread of Hospital Acquired
Infections (HAIs), we created a smaller network of 5 hospitals (Figure 2.S1A). We
used this network to generate a number of datasets based on different parameter
settings, but always using the measured patient health care utilization. The
datasets are therefore created in the same way as the simulated dataset of the
Dutch network, apart from the parameters for referral probability and hospital
size. Moreover, because we have less hospitals (5 in stead of 98) we also reduced
the total population size from 16 million to 0.8 million.

For each of the simulated datasets we determined the desired relative hospital
sizes and referral probabilities (Figure 2.S1B), and then created it in the same
way as the Dutch simulated dataset. From the simulated dataset we measured the
contact matrix (Figure 2.S1C), which describes the network and is used for the
calculation of the indegree and outdegree (Figure 2.S1D). Furthermore, we run
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the individual-based model on the simulated dataset 100 times for each of the five
index hospitals.

During each simulation, we measured the prevalence in each hospital (Figure
2.S1E) and excluded any simulations with less than 50 colonized individuals at the
end of the timeframe. However, because we measure the prevalence of each hospital
individually and have a relatively small population size, even the mean over all
runs will show some stochasticity (Figure 2.S1F) due to the patient movements
in the dataset. We therefore decided to show the difference in the distribution of
prevalences during the equilibrium phase (Figure 2.S1G). We chose 500 weeks (i.e.,
9.6 years after the introduction) as the start of the equilibrium phase to include as
much data as possible, but still exclude as much of the growth phase as possible.
Furthermore, we performed the procedure five times to show the influence of a
single simulated dataset.

We display the referral matrix as a “relative referral matrix”, which is not yet
normalized to referral probabilities. where the entries are scaled such that the
smallest off-diagonal entry is 1. We display the hospital size distribution, as relative
size, where the smallest size is 1.

Directionality

To test the influence of the directionality on the spread of HAIs, we changed the
referral probabilities while keeping the hospital sizes equal. We set the referral
probability to the first hospital from all other hospitals larger than between all
other hospitals. Furthermore, we vary the strength of the directionality by using
a 2, 5, 10, 20 and 50-fold difference in referral probability between the first and
other hospitals (See figure 2.S2).

As the directionality increases, the difference in equilibrium prevalence between
the first hospital (mimicking a University Medical Center (UMC)) and the other
(general) hospital becomes larger. It should be noted that the increase in difference
is not only caused by an increase in equilibrium prevalence in the university hospital,
but also by a decrease in prevalence in the other hospitals.

Hospital Size

We also tested the influence of hospital size on prevalence differences, because UMCs
are generally larger than other hospitals. In the same way as before we created
five datasets, this time with equal referral probabilities between all hospitals, but
with one larger hospital. We used an equal size and a 2, 3, 4 and 5 fold difference
in size between the hospitals.

An increase in size causes a narrower distribution of the equilibrium prevalence.
As the hospital size increases, the individual admission and discharge events of
colonized patients are having a decreasing effect on the prevalence of the entire
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hospital, thus reducing the stochasticity in the equilibrium prevalence (See figure
2.S3).

Apart from that, the prevalence of the larger hospital is slightly reduced with an
increasing size, while the prevalence in the other hospitals slightly increases. This
effect can be explained by the number of patients referred between the hospitals
and therefore the relative indegree of the hospitals. Because the larger hospital
discharges more patients, that need to be distributed over the other hospitals, the
relative indegree of the other four hospitals increases. Effectively it thus results in
a network with reversed direction, where one larger hospital refers many patients
to a number of smaller hospitals.

Increasing transmissibility, β, in the individual-based model

We also ran the model with a number of different values for β, to test the effect
of differences in transmissibility of the pathogen on our model results. We used
the exact five datasets created before (See Directionality section) with the largest
network directionality. we increased β from 0.125 to 0.225 in steps of 0.025. As
expected, an increase in prevalence can be seen with the increase of β (See figure
2.S4). The difference between the “UMC” and other hospitals stays clearly visible,
although it gets slightly smaller at higher values of β.

Reversion of referral matrix

Next we tested if the direction of the network can be reversed by transposing the
referral matrix. We transposed the matrices previously used to test the influence
of the strength of directionality of the network and again created five datasets per
referral matrix. All of the runs showed no difference in degree of connectedness
and prevalence (See figure 2.S5).

This effect can simply be explained. A fixed part of the returning patients is
admitted to a different hospital, j, than the one the were discharged from, a. The
probability of being admitted to hospital j is then given by the (normalized) referral
vector rd(j|i = a). With the transposing of the referral matrices, all elements
in each of the vectors got the same values, thus resulting in an equal referral
probability to all hospitals.
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Figure 2.S1: The construction and analysis of the networks. A) Schematic representation
of a patient referral network with only 5 hospitals, dots represent the 5 hospitals in black,
red, blue, green and gray. Referral directions are depicted by the arrows and the thickness
of the arrows represents the referral probability. In this example the referral probability
to the black hospital is higher than to all others. B) The parameters needed to simulate
the dataset of the network, hospital sizes are set equal, but referral probability from
red, green, blue and gray to black is, in this case, set 50 times higher than the referral
probability between red, green, blue and gray. C) The contact matrix of the resulting
network, showing the infectious contact rate. D) Indegree (blue), outdegree (red) and
relative indegree (black) for all five hospitals. The mean relative indegree of the five
hospitals is scaled to one third of the Y-axis, because its value is much lower than the
absolute indegree and outdegree. E) The results from the individual based model, showing
the prevalence in the black hospital, the grey area shows the range of all simulation, the
thick black line shows the mean. F) The mean prevalence for all hospitals, resulting from
the same individual-based simulations, the red dashed line shows the assumed start of the
equilibrium phase. G) The distribution of weekly prevalence values during the equilibrium
phase in all 100 repeats of the individual-based model.
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Figure 2.S2: Effect of directionality in the patient referral network on the prevalence of
hospital-acquired infections. We changed the directionality of the network by increasing
the referral probability towards the black hospital, from a 2-fold (top row) to 50-fold
(bottom row) difference. Hospital sizes were set equal for all hospitals. Increasing the
referral probability difference increases the difference in prevalence.
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Figure 2.S3: Effect of hospital size difference in the patient referral network on prevalence
of hospital-acquired infection. We changed the size of one hospital (black) relative to the
other four hospitals. We started with all hospitals at an equal size (top row) and increased
the size difference to 5-fold (bottom row) The larger hospital shows less variation in
equilibrium prevalence, because the individual admitted patients start to have less effect
on the within-hospital prevalence. Furthermore, the prevalence of the larger hospital is
lower, consistent with a lower relative indegree.
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Figure 2.S4: Effect of transmissibility on the difference in prevalence between hospitals
in the patient referral network with direction towards one hospital. Using the datasets
with a 50 fold difference in referral probability between one hospital (black) and the other
four, we increased β from 0.125 (top row), just above our originally chosen β, to 0.225
(bottom row), just over twice the original β. The prevalence in all hospitals increases
with the increasing β, and the difference in prevalence between the hospitals persist.
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Figure 2.S5: Reversion of the network direction by transposing the referral matrix.
To check if the direction of the patient referral network can be reversed we created
simulated datasets using the parameters from the networks with increasing directionality
(See Directionality section). In this case, we used the transposed referral matrices as
parameter. This does, however, results in a network without direction and equal prevalence
in all hospitals, because the normalized referral probabilities are all equal.
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Abstract

Hospital-acquired infections (HAI) are often seen as preventable incidents
that result from unsafe practices or poor hospital hygiene. This however
ignores the fact that transmissibility is not only a property of the causative
organisms but also of the hosts who can translocate bacteria when moving
between hospitals. In an epidemiological sense, hospitals become connected
through the patients they share. We here postulate that the degree of hospital
connectedness crucially influences the rates of infections caused by hospital-
acquired bacteria. To test this hypothesis, we mapped the movement of
patients based on the UK-NHS Hospital Episode Statistics and observed that
the proportion of patients admitted to a hospital after a recent episode in
another hospital correlates with the hospital-specific incidence rate of MRSA
bacteraemia as recorded by mandatory reporting. We observed a positive
correlation between hospital connectedness and MRSA bacteraemia incidence
rate that is significant for all financial years since 2001 except for 2008-09.
All years combined, this correlation is positive and significantly different from
zero (partial correlation coefficient r=0.33 (0.28 to 0.38)). When comparing
the referral pattern for English hospitals with referral patterns observed in the
Netherlands, we predict that English hospitals more likely see a swifter and
more sustained spread of HAIs. Our results indicate that hospitals cannot be
viewed as individual units but rather should be viewed as connected elements
of larger modular networks. Our findings stress the importance of cooperative
effects that will have a bearing on the planning of health care systems, patient
management and hospital infection control.
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3.1 Introduction

The spread of hospital-acquired infections (HAI) has been mainly studied at the
level of single hospitals (UK Health Protection Agency, 2010; UK Department
of Health, 2005), as most investigators have focussed on the immediate causes of
nosocomial transmission (Harbarth et al, 2000; Higgins et al, 2010). These causes
consist of a mix of risk factors which are pathogen-, patient- and health care-related
(UK Department of Health, 2007). HAIs are mainly caused by opportunistic
bacteria often belonging to successful clonal lineages (Baquero, 2004; Enright et al,
2002) with frequent resistance to antibiotics, which enhances their dispersal ability
in settings where vulnerable patients receive multiple antibiotic therapies (Ansari
et al, 2009). Health care-related risk factors are of particular importance as they
offer the most tangible explanations, and there is a body of evidence that relate
poor hygienic standards or unsafe practices with increased rates of HAIs (UK
Department of Health, 2007; Halwani et al, 2006; Cunningham et al, 2005; Vicca,
1999). The inverse relation between infection control and infection rate provides a
compelling basis for the benchmarking of hospitals using indicator pathogens such
as methicillin-resistant Staphylococcus aureus (MRSA) and Clostridium difficile as
indirect measures of performance of infection control.

Beyond the observational unit of single hospitals, there is another layer that
has remained largely unexplored during the recent scientific discourse. Hospitals
refer patients for numerous reasons to other hospitals and these patients may
translocate hospital-acquired pathogens between health care institutions. From an
epidemiological point of view, hospitals become connected through their shared
patients (Donker et al, 2010; Huang et al, 2010; Iwashyna et al, 2009a; Robotham
et al, 2007). By tracking all admissions and discharges in a country over time, the
structure of the national hospital referral network can be revealed.

We here suggest patient movement between hospitals as an alternative, more
parsimonious explanation for the variation in the incidence of HAIs caused by
hospital-acquired bacteria (such as MRSA, carbapenemase-producing Klebsiella
pneumoniae, or C. difficile) at single hospital, regional and national level. We
explored this hypothesis by quantifying patient movements between health care
institutions using a social network approach. To that effect, we reconstructed
the national hospital referral network for England, based on all annual patient
admissions recorded by the National Health Service (NHS) Hospital Episode
Statistic. In this way, we were able to test if the network effects of patient
referrals can explain hospital-specific incidence rates and historical trends reported
by the Department of Health’s mandatory surveillance of MRSA bacteraemia
for English hospital trusts. Furthermore, we extended our network analysis by
comparing hospital utilisation between England and the Netherlands in order to
test if differences in patient referrals contribute to the discrepancies in MRSA
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prevalence observed in both countries and to what degree health care systems
facilitate the nation-wide dispersal of hospital-acquired pathogens.

3.2 Materials and Methods

3.2.1 Data

Annual data on individual hospital admissions in England from April 2006 to
March 2007 was extracted from the NHS Hospital Episode Statistics (HES). Only
data on health-care episodes in acute care hospitals was included, while data on
admissions to primary care, mental health or single specialty trusts was excluded
(see table [S2] for a list of trusts included in this study).

Data on incidence rates of MRSA bacteraemia over the same period was retrieved
for the included hospital trusts from the Department of Health’s mandatory
surveillance of MRSA bacteraemia, as publicly available from the HPA and DoH
website (UK Health Protection Agency, 2010; UK Department of Health, 2005).
The MRSA bacteraemia incidence rate is measured as the number of cases per
10.000 bed days. Data over the longer period from April 2001 to March 2008 was
also retrieved, to compare incidence rates of MRSA bacteraemia over multiple
years.

3.2.2 Network analysis

The English hospital referral network was reconstructed to determine the exposure
of a hospital to patients that are admitted after a recent episode in another
hospital. To that end, the per patient translocation probability (i.e. the probability
that a patient translocates MRSA between the two hospitals), xij , needed to be
determined. This value is contingent on the probability of acquiring MRSA in the
first hospital, ui, the probability of still carrying MRSA upon readmission, vij , and
the probability of spreading MRSA in the second hospital, wj .

Assuming that the prevalence of MRSA in the first hospital is at a constant low
level, the probability of acquiring MRSA, ui depends only on the length of stay of
the patient, lj , and can be expressed as ui = cli, where c is the hazard of acquiring
MRSA. For the receiving hospital, the probability that the same patient transmits
MRSA, wj , depends on the average per admission reproduction number RA and
the length of stay of the patient relative to the mean length of stay, l, and can be

expressed as wj = e
−RA

lj

lj .
The probability that a patient still carries MRSA upon readmission in turn

depends on the time between discharge and subsequent admission ∆Tij and the
mean length of colonization 1

λ , and can be expressed as vij = e−γ∆Tij . The
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product of the three probabilities then gives the per patient transfer probability of
transmission from hospital i to hospital j, xij .

xij = ui × vij × wij

The sum over all patient transfers, mij =
∑
n xij describes the entire hospital

referral network M = {mij}. Each element mij provides the total expected
number of potential MRSA carriers referred from hospital i to hospital j.

3.2.3 Infectious Relative Indegree

The total number of patients who were first admitted to any other hospital and
then to hospital j, denoted by m.j , was calculated based on the expected number
mij of each of the referring hospitals. These patients could carry MRSA and have
the potential to introduce it in hospital j.

With the total number of admitted patients to hospital j over the period of
interest, aj , the probability that a patient admitted to hospital j carries the relevant
pathogen acquired during a recent health-care episode in another hospital can
be calculated as m.j/aj , coined “infectious relative indegree” of hospital j (IRIj).
This variable IRIj provides a measure of the relative exposure of a hospital j to
patients that are admitted after a recent episode in another hospital.

3.2.4 Hospital regional clusters

To expose the structure of the English hospital referral network, the hospitals were
grouped into hospital regional clusters, based on the weights of the connections
between all hospitals, mij , using a community detection algorithm (Clauset, 2005)
which searches for division of the network with the highest modularity Q (Girvan
& Newman, 2002). This network modularity is defined (Clauset, 2005; Girvan &
Newman, 2002) as Q =

∑
i (eii − a2

i ) where ai =
∑
j eij and eij is the total weight

of the connections between cluster i and j. The modularity Q has a maximum of 1,
indicating a very strong community structure, whereas Q = 0 indicates a random
structure.

The robustness of the clusters needed to be assessed, because the weights of
the connections between hospitals in M are based on the patient referrals of a
single observational period, the financial year 2006-2007, and small errors may
occur especially along the weak connections. To that end, a large set of ’bootstrap’
networks was simulated.

For each bootstrap network, a new number of patients, n∗ij , exchanged between
hospital i and j was drawn from a Poisson distribution with λ = nij , where nij is
the actual reported number of exchanged patients. The ‘bootstrap’ connectedness
between the hospitals was calculated as m∗ij = n∗ij

mij

nij
, where mij is the actual

37



Hospital networks and the HAI dispersal

reported connectedness between i and j. The community structure algorithm was
applied for 5000 ‘bootstrap’ networks and bootstrap values, bij , were calculated
for each possible pair of hospitals i and j, as the fraction of ‘bootstrap’ networks
where they were clustered in the same group. The mean bootstrap value for the
clusters of hospitals was calculated as bc = Bc

N2
c
where Bc =

∑
i

∑
j bij ; i, j ∈ kc

denotes the sum over the bootstrap values in cluster kc and Nc denotes the number
of hospitals in collective kc. Subsequently, the partitioning with the highest mean
b was assigned as the optimal cluster assignment.

The measure for the weighted connections between hospitals, M , is a simplifi-
cation of the true underlying contact network between patients. Despite the fact
that the weights and direction of the connections are retained in the measured IRI
for each hospital, it only gives an approximation of the risk of introduction of a
hospital-acquired infection. However, the IRI does capture the network disparity
between hospitals in an effective way, and explains the observed differences in rates
of hospital-acquired infections between hospitals sufficiently well.

3.2.5 Statistical analysis

The partial correlation coefficient between the incidence rates of MRSA bacteraemia
reported for single hospitals and the logarithm of the IRI of that hospital was
measured as an estimate of the effect of patient referrals on the incidence of
infections caused by hospital-acquired bacteria. The logarithm of the IRI was used,
to account for saturation effects (see figure S2). Further, the partial correlation
coefficient, controlling for the hospital regional clusters, was used as it measures
the standard (product-moment) correlation between incidence and the predictor
variable (here log IRI) while taking the mean incidence rate and mean IRI of the
hospital’s regional cluster into account (See figure S3).

3.2.6 Agent-based model

The dispersal dynamics within the English and the Dutch hospital referral network
(Donker et al, 2010) was compared at national level, using an agent-based model
approach. First, for both the Netherlands and England the distribution of length
of stay, time between admissions and the number of changes between hospitals
of patients, stratified by their number of admissions was measured. Furthermore,
the distribution of number of times patients were admitted to hospital, and the
number of admissions per hospital were measured. Subsequently, a simulated
dataset was created for both countries by resampling from these distributions. To
allow for an unbiased comparison, two parameters (length of stay and readmission
probability) were adjusted to maintain an equal per admission case reproduction
number (Cooper et al, 2004) for both networks.
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All patients were tracked as they were admitted to the hospitals in the simulated
dataset. They can either be susceptible or colonized, and colonized (I) individuals
transmit the pathogen to susceptible (S) individuals within the same hospital on
the same day with rate β SN , where N denotes the total number of individuals in
the hospital. No assumptions were made about the within-hospital structure, and
mass action mixing assumed within each hospital.

Each simulation was started by colonizing 5% of the patients of a single hospital
in the network, subsequently using each hospital as the starting point. Dispersal
was measured by tracking colonized patients, referrals to other hospitals and
transmission events for every day in all hospitals for a period of 15 years. The
results of a typical simulation are depicted in movie S1. To determine the mean
prevalence, the number of hospitals infected, and the proportion of stochastic
extinctions, each experiment consisted of a minimum of 5,000 simulations.

3.3 Results

We reconstructed the English hospital referral network for financial year (FY) 2006-
07 (April 2006 - March 2007, figure 3.1), based on individual patient admission and
discharge data, registered in the NHS Hospital Episode Statistics. Subsequently,
we inferred characteristics of this referral network and correlated those with the
MRSA bacteraemia incidence rate as reported in the English mandatory MRSA
surveillance scheme from FY 2001-02 to FY 2008-09. We weighted the connections
between all hospitals by the rate at which patients can displace pathogens between
them. Although many hospitals are interconnected, only few are connected through
very strong links; eliminating 95% of the weakest links reduced the total overall
connectivity by only 15%. (For a detailed description of the network properties see
text [S1] and figure [S1]).

Apart from a high degree of connectedness, the English referral network is
highly structured and can be subdivided into 12 hospital regional clusters (figure
3.1 and 3.2 A), captured in the network community structure (Clauset, 2005).
Clustered hospitals have strong links among themselves, whereby more patients
are exchanged between hospitals within the clusters than with hospitals outside
the cluster. The consensus partitioning into the 12 hospital regional clusters was
supported by 5,000 bootstrap simulations (average bootstrap value of 97.6%) and
showed high modularity (See table [S1]), revealing a hierarchical modular network
architecture. Hospital regional clusters ranged in size between 5 (Sheffield) and
25 (London South & West) hospitals. We demonstrated a consistent positive
association between the number of hospitals within each cluster and their mean
MRSA incidence rate for the entire reporting period (figure 3.2 B and C).

In order to explore the extent to which patients could possibly translocate
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Figure 3.1: The structure of the hospital referral network in England, based on
the NHS Hospital Episode Statistics for the year 2006-07. In this period, 7,420,219
patients were admitted to 146 acute NHS hospital trusts, for a total of 12,929,171
health-care episodes (corresponding to 143 inpatients and 249 admissions per 1000
inhabitants). Markers indicate hospitals; squares, diamonds, large dots and small dots
denote respectively the acute teaching, large, medium and small acute hospitals. The
thickness of the lines between nodes indicates the number of patients that are referred
between hospitals. Different colours indicate regional hospital clusters as identified by
community detection algorithm and defined as hospitals that share more patients among
themselves than with other hospitals. Typically, regional hospital clusters are centred
around acute teaching hospitals, and have a total number of hospitals ranging from 5
(in Sheffield) to 25 hospitals (London South & West). Hospital clusters are numbered
according to size.

hospital-acquired pathogens, the infectious relative indegree (IRI) was recorded
for each hospital. IRI is defined as the number of potentially infectious patients a
hospital receives through referrals from other hospitals, divided by the hospital’s
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Figure 3.2: Differences between hospital clusters in the English hospital referral
network. A) The size distribution and composition of hospital clusters, categories are
acute teaching (gray), large (blue), medium (red) and small acute hospitals (black). B)
The MRSA bacteraemia incidence rate per hospital cluster, between 2001 and 2009,
although the overall MRSA bacteraemia incidence rate declines, the ordering of clusters
remains largely the same; London S&W (cluster 1) presents highest rates in all years,
whereas Sheffield (cluster 12) shows lowest rates in all years except 2001-02 C) The
correlation between the number of hospitals within a cluster and the mean incidence rate
is significant in all years. Larger clusters show higher rates in all years.

total number of admissions. Average IRI increases with hospital category, which
can be small, medium, large or teaching (figure 3.3 A), related to the different
functions these categories of hospitals have in the health care system. An analogous
pattern can be observed in the mean MRSA bacteraemia incidence rates reported
by hospital category between FY 2001-02 and 2008-09 (figure 3.3 B).

When testing for correlation between hospital-specific IRIs and MRSA bacter-
aemia incidence rates for each of the 12 clusters during a period of eight years (FY
2001-02 to 2008-09), the majority of cluster-years (76%, 73/96) showed a positive
correlation of which over 27% (20/73) were significant, and a minority of cluster-
years (24%, 23/96) showed a negative correlation of which none reached statistical
significance (figure 3.3 C). It thus appears that the MRSA incidence rate of an
individual hospital is contingent on the number of patients it shares with other
hospitals within its cluster.
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Table 3.1: Characteristics of the hospital referral networks in England and the Nether-
lands, based on data from respectively the NHS Hospital Episode Statistics (from April
2006 until March 2007) and the National Medical Registry (from January 2004 until
December 2004). 1 The network modularity Q (Newman & Girvan, 2004) was first calcu-
lated based on between hospital transferrals, and then recalculated to take readmissions
to the same hospital into account.

England The Netherlands
Inhabitants 51.092.000 16.282.000

Patients 7.420.219 1.676.704
Admissions 12.929.171 2.611.452

Patients per capita (/1.000) 145 103
Admissions per capita (/1.000) 253 160

Hospital organizations 146 98
Readmissions to same hospital 4.891.343 805.128

Readmissions per hospital 33502,35 8215,59
Between hospital referrals 617.609 129.620

Between hospital referrals per hospital 4.230 1.322
Network Modularity Q1 0,72 0,57

Network Modularity Q incl. self-referral1 0,88 0,78

We calculated the partial correlation coefficient for all hospitals, adjusted for
cluster-specific mean MRSA bacteraemia rates, and observed a positive correlation
between IRI and MRSA bacteraemia incidence rate that is significant for all
financial years except for the last (FY 2008-09, figure 3.3 D). All years combined,
this correlation is positive and significantly different from zero (partial correlation
coefficient r=0.33, 95% CI 0.28 to 0.38). Overall, strongly connected hospitals
thus have significant higher MRSA bacteraemia rates than the less connected
institutions.

Given the positive correlation between patient referrals and the incidence of
hospital-acquired pathogens at local and regional level, the effect of referrals at
national scale was investigated by comparing two countries with different referral
patterns, England and the Netherlands. Referral networks were based on data
from the NHS Hospital Episode Statistics and the Dutch National Medical Registry
(figure 3.4, table [S1]). The spread of MRSA through the English hospital referral
network was simulated as described previously (Donker et al, 2010), using the
observed referral patterns for both countries. Equilibrium prevalence in England is
reached faster than in the Netherlands (figure 3.4 A,B&C), the median time to
infect 50 hospitals in the English network was 633 days, against 969 days in the
Dutch network. Furthermore, in the English network significantly fewer simulations
(0.7% vs 12.8%) ended in stochastic extinction (figure 3.4 D).
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Figure 3.3: Correlation between proportion of potentially infectious patients
among all admitted patients (infectious relative indegree, IRI) and the MRSA
bacteraemia incidence rate at hospital level, in England between 2001 and 2009.
A) The proportion of potentially infectious patients among all admitted patients (log
IRI) by hospital category. This proportion increases with hospital category, from small
acute care hospitals to teaching hospitals. B) The MRSA bacteraemia incidence rate per
hospital, between 2001 and 2009 (thin lines), and the mean per hospital category (Thick
Lines), the MRSA incidence rate is highest in acute teaching hospitals. C) Correlation
between the hospital log IRI and MRSA bacteraemia incidence rate for all regional hospital
clusters. Over the 8 years, 20 times a cluster showed a significant positive correlation,
while none showed a significant negative correlation. D) Partial correlation coefficient
between the hospital log IRI and MRSA bacteraemia incidence rate for all hospitals,
adjusted for incidence differences of regional clusters. Hospitals with a high degree of
connectedness show higher MRSA rates than their lesser connected counterparts.
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Figure 3.4: The simulated spread of MRSA at national level (assuming no
interventions and equal effective case reproduction numbers) for England (red)
and The Netherlands (blue). A) Proportion of hospitals with MRSA positive patients,
arrows show the number of hospitals in both countries, showing faster dispersal in England
as compared to the Netherlands. B) Mean MRSA prevalence among hospitals. C) The
distribution of time to 50 hospitals infected. D) The percentage of simulated introductions
of MRSA resulting in an epidemic.
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3.4 Discussion

We reconstructed the hospital referral network for England by mapping all pa-
tient hospital admissions documented within one year onto a referral network and
explored to what extend the position of hospitals within this referral network deter-
mines the hospital’s incidence of typical hospital-acquired pathogens. The results
show that patient referrals between hospitals correlate with hospital-specific MRSA
rates as recorded by the English mandatory surveillance of MRSA bacteraemia.
Generally, the incidence rate and connectedness tend to increase with hospital
referral level and size. The size of a hospital serves here as an approximation of its
function in the health care system; larger hospitals typically offer a wider range of
treatments as they serve as specialist centres and have more referred admissions.
We observed a consistent positive relation between the connectedness of hospitals,
as measured by the IRI, and the incidence rate of MRSA bacteraemia. This is a
clear indication that more connected hospitals have higher MRSA rates than less
connected ones. A larger fraction of the patients admitted to the more connected
hospitals is at risk of carrying a hospital-acquired infection, which results in a
higher incidence. This correlation gets weaker as the mean MRSA bacteraemia
incidence rate of all hospitals decreases, but it explains a significant part of the
variance in the years 2001-2008.

Even when regarding each cluster as an independent network of hospitals, a
positive correlation between connectedness and incidence can still be discerned,
with most clusters showing a positive correlation between IRI and the observed
incidence rate of MRSA bacteraemia. The fact that a number of positive correlations
remained non-significant is likely due to the small size of clusters.

Between hospital regional clusters, MRSA rates differed significantly. Also,
hospitals from larger clusters had, on average, a higher incidence than those from
smaller clusters, indicating that a specific amount of colonisation pressure is exerted
by other hospitals within the same cluster. The existence of regional differences in
MRSA bacteraemia incidence rates can thus partly be explained by the network
structure itself. Larger clusters have a higher chance of experiencing a founding
event, such as a successful introduction followed by dispersal in one of the hospitals.

Infectious diseases have a higher probability of going extinct before reaching
the entire population when the contact networks show a high degree of clustering
or community structure (Salathé & Jones, 2010). The contact network of patients
admitted to hospitals is hierarchically structured at multiple levels: first, patients
have a higher probability of meeting patients on the same ward, then in the
same hospital, followed by patients in hospitals in the same hospital cluster. This
structure mitigates dispersal of hospital-acquired infections. Any differences in the
health-care system affecting this modular structure of the hospital referral network
will therefore inevitably have a bearing on the speed with which infections will
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spread.
Compared to the Dutch hospital referral network, the hospitals in the English

network are more connected by the larger number of patients shared between them.
This stronger connectivity makes the English network more permeable for hospital-
acquired pathogens. An average English hospital shares on a yearly basis 4300
patients with other hospitals, whereas a Dutch hospital only shares about 1300
patients with other hospitals. At the same MRSA prevalence, an average English
hospital will on a daily basis refer over three times more MRSA positive patients
to other hospitals than a Dutch hospital. Although not all introductions will result
in successful dispersal, the likelihood that this occurs is higher in English hospitals.
This difference in permeability has important implications for infection control in
hospitals. In England more stringent measures are required, whereas controlling
the spread of hospital-acquired pathogens in the Netherlands is easier. The success
of the Dutch ’search and destroy’ policy may be assisted by a higher probability of
stochastic extinction aborting nationwide outbreaks at an early stage.

Some imperfections in the data analysis need to be addressed. A relevant
residual confounder which this study was unable to include is the medical condition
of the patients. Acute conditions that require complex interventions are often the
reason for referring patients to other hospitals while at the same time these patients
may be more susceptible to hospital-acquired infections and have more exposure
to antibiotics. To accurately correct for these effects, patient details that could
not be extracted from the existing datasets need to be taken into account. The
medical condition of the patients is the conventional explanation for the observed
difference in HAIs rates between hospital categories. It can however not account
for the observed correlation between size of the hospital regional cluster and MRSA
bacteraemia rates and the observed regional heterogeneity in MRSA incidence in
England. The burden of chronic disease as well as social deprivation scores in
England have a known north-south gradient (Raleigh & Kiri, 1997; Woods et al,
2005) which did not coincide with average MRSA incidence rates ascertained for
the different health-care collectives. Furthermore, the geographical clustering of
MRSA clones in Europe (Grundmann et al, 2010) is a clear indication that hospital-
acquired pathogens spread through regional hospital referral networks, rather than
through the community. Likewise, patient referrals between regionally collaborating
hospitals represents an analogy to patient transfers between wards, a known risk
factor for HAIs in single hospitals (Dziekan et al, 2000; Eveillard et al, 2001), quite
likely describing the same phenomenon at a different scale.

Other studies have shown that hospital performance variables, such as bed
occupancy, staff workload, high temporary nursing staff rates or low cleanliness
scores are correlated with infection rates (UK Department of Health, 2007; Halwani
et al, 2006; Cunningham et al, 2005; Vicca, 1999). It is not the aim of this study
to challenge the value of these explanatory variables, rather we show that the
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strength of connectedness expressed as IRI has compelling explanatory power and
consistently explains the variance in the reported MRSA bacteraemia rates for longer
observation periods than performance variables used in previous investigations (UK
Department of Health, 2007). Whilst the conventional understanding of individual
transmission events of hospital-acquired pathogens offers only partial explanatory
power of the variance of MRSA rates in English hospitals, we have shown that a
more comprehensive view of complex networks can be provided by the study of the
interactions between hospitals. Improving performance variables has certainly its
merits as can be seen by the recent success in reducing infection rates in England
as a consequence of setting national targets. On admission screening, flagging
and isolation of colonised patients reduces the collective case load of each regional
cluster and with fewer cases percolating down the referral chain the correlation
between IRI and MRSA incidence rate becomes predictably weaker as shown for
FY 2008-09. National target setting should, however, be mindful of the relative
position of hospitals within the regional referral network.

The general structure of hospital referral networks reveals a hierarchical mo-
dular network, that is shaped by the referral preferences and the speciality mix
of individual hospitals, modified by multiple organisational decisions. Examples
of other hierarchical modular networks can be found in biological and sociological
contexts (Natarajan, 2006; Newman, 2003; Strogatz, 2001; Ravasz et al, 2002;
Anderson & Sukhdeo, 2011; Hao & Li, 2011). The ramifications of these findings
should improve the ability to better understand and control the dispersal of hospital-
acquired bacteria in the future. The network architecture of referral patterns
provides an untapped potential for more efficient and cost effective regional infection
policies. Concentrating resources earmarked for infection control on hospitals with
the highest degree of connectivity would have a disproportionately larger effect than
distributing the same resources haphazardly (Albert et al, 2000; Karkada et al,
2011). The large teaching hospitals are an ideal target for intervention. Patients
referred from these institutions are at highest risk of carrying a typical hospital-
acquired pathogen. Efforts to screen these patients, either on discharge or upon
admission in another hospital, will be more efficient than universal or random
screening.

Another notion emerging from the hierarchical modular network architecture
of referral patterns is that “rewiring” the connectivity between large and teaching
hospitals from different regional clusters by introducing super-regional specialist
centres would enhance the permeability and would facilitate a swifter nationwide
dispersal through hospital networks. These specialist centres will act as hubs
connecting clusters of hospitals, accelerating the national dissemination of HCAIs
and ultimately stifling infection control.
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3.5 Appendix

3.5.1 Network properties

To explore the position of individual hospitals within the patient referral network,
we calculated the cluster coefficients (Watts & Strogatz, 1998; Newman et al, 2001)
for all hospitals. This can be done with or without the use of information about
the connection weights. Without information about the weight of the connections,
the cluster coefficient, ci, measures the fraction of neighbours of one node (in this
case a hospital), that are connected. This coefficient can be transformed to include
edge weights when they are between 0 and 1 (Barrat et al, 2004). We therefore
normalized the edge weights by dividing by the maximum weight. However, the
English hospital referral network is highly interconnected, with each hospital sharing
patients with on average 77% of the other hospitals. As a consequence, a large part
of the triplets form triangles (See figure 3.S1C). The large teaching hospitals have
lower clustering coefficients than the general hospitals (figure 3.S1C). Repeating
the analysis with only the strongest 5% of the connections, that account for 84% of
the total weight of all the connections in the network, gave the same result. This
indicates that the surrounding general hospitals are connected strongly with the
central teaching hospital, and weakly with other teaching hospitals.

To quantify the extend in which large teaching hospitals connect with smaller
hospitals, we determined the correlation between the degree of a hospital and the
weighted average degree of its neighbours. The weighted average degree of the
neighbours of hospital i is defined (Barrat et al, 2004) as

kwnn,i =
1
s

N∑
j=1

mijkj ,

where mij is the connection weight, the total weight of the connections of hospital
i is si =

∑
j

mij and a neighbours degree is kj =
∑
i

mij . The negative correlation

(r=-0.34) between the hospitals and their neighbours indegrees (figure 3.S1D)
clearly shows disassortative mixing between hospitals: highly connected hospitals
tend to connect with less connected ones. This disassortative mixing and the low
clustering coefficient of highly connected teaching hospitals, are clear indications
of a modular network with local hierarchy.
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Figure 3.S1: The network properties of the English hospital referral network. A) The
cumulative density function P (x) (Clauset et al, 2009) of the weights of the connections
between hospitals, showing the fraction of links with a weight equal or lower than a certain
link strength x. B) The 5% strongest connections in the network contribute to 84% of the
total weights of the connections in the network. Despite removing 95% of the links, all
hospitals remain connected in the network. C) The unweighted (Ci) and weighted (Cwi )
clustering coefficient per hospital, stratified by hospital type and for both the complete
and 5% stongest links network. D) Hospitals with a high degree of connectedness tend to
be connected to hospitals with lower degrees, and vice-versa.
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Figure 3.S2: The relation between IRI and model MRSA equilibrium prevalence, plotted
using A) IRI and B) Log IRI. The prevalence shows a stronger positive linear correlation
with log IRI than IRI.
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Figure 3.S3: The relation between IRI and observed MRSA bacteraemia incidence,
over all 8 years of data. The left two columns show the data unadjusted for the hospital
clusters, the right to columns show the adjusted data, with the mean MRSA rate and
mean IRI for each cluster subtracted, as used for the calculation of the partial correlation
coefficient.
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Abstract

Background: Patients who seek treatment in hospitals can introduce high
risk clones of hospital-acquired, antibiotic-resistant pathogens from previous
admissions. In this manner different health care institutions become epidemio-
logically linked. All links combined form the national patient referral network,
through which high risk clones can propagate.
Aim: To assess the influence of changes in referral patterns and network
structure on the dispersal of these pathogens.
Methods: We mapped hospital admission data to reconstruct the English
patient referral network and identified 12 geographically distinct health care
collectives. The number of patients admitted and referred to hospitals out-
side their collective was measured. We used simulation models to assess the
influence of changing network structure on the spread of hospital-acquired
pathogens.
Findings: Simulations show that decreasing the number of between-collective
referrals by redirecting on average just 1.5 patients per hospital per day had
a strong effect on dispersal. By decreasing the number of between-collective
referrals the spread of high risk clones through the network can be reduced
by 36%. Conversely, by creating supraregional specialist centres that provide
specialist care at national level, the rate of dispersal can increase by 48%.
Conclusion: The structure of the patient referral network has profound im-
pact on the epidemic behaviour of high risk clones. Any changes that affect
the number of referrals between health care collectives, inevitably affects the
national dispersal of these pathogens. These effects should be taken into ac-
count when creating national specialist centres, which may jeopardise control
efforts.
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4.1 Introduction

Hospital-acquired pathogens such as Clostridium difficile, Vancomycin-resistant
Enterococci (VRE), Methicillin-resistant Staphylococcus aureus (MRSA), and
carbapenemase-producing enterobacteriaceae (CPE) are a menace to patients and
hospitals. They are a frequent cause of hospital-acquired infections and due to their
combined resistance against many antibiotic drugs are difficult-to-treat, leading to
outbreaks and disruption of services. Moreover, most of these infections are caused
by high risk clones that can be easily transmitted between hospitals by referred
patients (Huang et al, 2010; McAdam et al, 2012; Moreno et al, 1995). In this
manner, hospitals become epidemiologically linked through the patients they share
by referral; each becoming a connection within a hospital referral network (Lee
et al, 2011a; Fabbri & Robone, 2010). National data about acute care admission
and referral showed that all hospitals within a country become connected during a
single year (Donker et al, 2010). However, national patient referral networks do not
show the properties of so called “small world networks” whereby the average degree
of separation would be so small that these clones would easily spread nationwide
within a matter of weeks. In contrast, patient referral networks are showing a
community structure, i.e. they are largely modular (Donker et al, 2010).

The structure of the patient referral network influences both the chance of
introduction and the prevalence of high risk clones in any single hospital (Donker
et al, 2010). Furthermore, closely connected hospitals share similar clones (Ke
et al, 2012), demonstrating the local influence of the community structure. This
explicit geographical signature of all national patient referral networks investigated
to date supports a concept which we tentatively call the health care collective.
These collectives consist of regional primary, secondary and tertiary health care
institutions that exchange more patients among each other than with institutions
outside. Because the hospitals within these collectives serve defined catchment
populations and influence each other’s rates of infections and clones remain rather
homogenous, the collectives have also been referred to as ’germ sheds’, in analogy
to water sheds (Outterson & Yevtukhova, 2011).

Despite the modular structure of the patient referral network, the dissemination
of high risk clones is not regionally confined. Instead, they have often been mapped
over larger geographical scales (Grundmann et al, 2010). A well-known example
is the dispersal of EMRSA-15 and 16 in the UK, which spread through the UK
in a matter of 10 years (UK Public Health Laboratory Service, 1997; Austin
& Anderson, 1999). This is evidence that the health care collectives are not
hermetic, but hierarchically interconnected. Like all other links in the hospital
referral network, these interconnections are maintained by patients moving between
hospitals of different collectives.

However, patient flows change over time, because health care systems are not
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static. Notably, referral networks will be influenced by reorganisation, centralisation
and regionalisation (Schuurman et al, 2006; Iwashyna et al, 2009b), in the wake of
economic streamlining (Walshe, 2010), new policy directives, and changes in the
reimbursement systems.

We here investigate to what extend the patient referral destinations impact on
the ability of national health care networks to decelerate the dissemination of high
risk clones through hospital networks. Furthermore, we simulate the evolution of
nation-wide outbreaks under different scenarios of hospital utilization and explore
possible intervention strategies likely to reduce the epidemic potential of high risk
clones through modifications of patient referral patterns.

4.2 Methods

Health care utilization patterns, such as the effect of the patients’ place residence on
the referral destination, were mapped using admission data from the UK National
Health Service (NHS) Hospital Episode Statistics (HES) between April 2006 and
March 2007. We describe the catchment areas of NHS hospital trusts by mapping
the observed distribution of patient residences (electoral ward of home addresses)
in relation to admitting hospital for all hospital admission in England between
April 2006 and March 2007.

First, we identified the health care collectives, by reconstructing the hospital
referral network for England and assigned hospital trusts to collectives using a
network community structure algorithm (Clauset, 2005). This algorithm searches
for the partition of hospitals with the highest modularity, reflecting the difference
between the number of patients referred within and between collectives. To test
if the partitions are robust we used a bootstrapping method, randomly varying
the number exchanged patients, as described previously (Donker et al, 2012).
Subsequently, we reconstructed the catchment areas of the health care collectives.
This was done by assigning each electoral ward to the health care collective who’s
hospitals received the largest part of the ward’s admitted patients, comparable to
a “first past the post” electoral system.

We calculated the distance from the centroid of each electoral ward to the
nearest border of another health care collective’s catchment area, to assess the
effect of geographical location of patients on their health care utilization. For each
electoral ward, we calculated two proportions; the proportion of admissions of
patient residing in the ward to hospitals outside the catchment, and the proportion
of readmissions that included a switch between catchment areas. Furthermore, we
calculated the average proportion of admissions outside the collective as a function
of the distance to the border. This was used to determine the patient exchange
baseline, which was defined as the lowest proportion of outside collective admissions
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or transfers.

4.2.1 Simulations

From the NHS-HES data, we aligned all admission records per patient. Subsequently,
we created a 14-year long dataset by sampling patients from the NHS-HES data.
Each sampled patient was assigned a random day of first admission between -100
and 5110, and all readmissions were adjusted according to the true admission
histories. The period before t=0 was used as burn-in, to make sure the daily
number of admissions was at equilibrium from t=0 onwards. Any admissions before
t=0 or after t=5110 were discarded.

In the simulated dataset, we tracked the location of the patients, i.e. which
patients were admitted to each of the hospitals on a given day. These patients can
be either susceptible (S) or infected (I), with no distinction between colonized or
infected. Each patient has a probability of p(S → I) = βIi/Ni to become infected,
where Ii is the number of infected individuals in hospital i and Ni is the total
number of patients in that hospital. Patients become free of, and susceptible to,
infection again with rate γ, where 1/γ is the mean duration of colonisation. We
assume an average duration of colonisation of 365 day (γ = 1/365) and set β to
0.085 (patient day)-1. As a start of the epidemic, we infected 5% of the patients in
a given starting hospital on a random day during the first year of the simulated
dataset. We used each of the 146 hospitals 10 times as a starting point, thus
resulting in a total of 1460 runs of the model.

Furthermore, we created three theoretical scenarios that affect the referral
patterns between hospitals or between health care collectives. For these scenarios,
12 national ‘specialist centres’ were assigned. One specialist centre was assigned in
each collective; these are the largest hospital of the collectives, measured in the
number of yearly admissions.

In the first scenario, the patient flow between health care collectives was reduced
by redirecting patients who were referred between hospitals in different collectives to
the assigned specialist centre of the original collective. Because such an intervention
strategy can never be perfectly adhered to, we chose to redirect 90% of the cross-
collective referred patients. In the second scenario, we redirected 20% of the patients
with two consecutive admissions in different hospitals by redirecting the second
admission to the first hospital. This was done to assess the difference of patients
moving between hospitals and patients moving between collectives. The absolute
number of changed admissions is roughly the same as in the first scenario (changing
90% of the cross-collective admissions). In the third scenario, we selected 2% of
the readmissions and redirected these patients to a randomly selected specialist
centre, to test the effect of the creation of national specialist centres.

For all simulations, we measured the mean prevalence of infected patients in
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all hospitals, the time it took for each of the hospitals to encounter their first
infected patients, and the absolute number of infections. The number of infections
was split up in new infections occurring in hospitals within the same collective
as the starting hospital and those happening in hospitals outside this collective.
Because in two of our scenarios only admissions between collectives are altered,
the dynamics within the first collective are expected to remain largely unaffected.
To eliminate the stochastic length of the initial phase, we measured all quantities
from the moment 50 patients are infected onwards, and disregards the initial phase.
We calculated the moving average of the resulting incidence of infected patients
over 26 weeks to reduce the week-to-week stochastic noise. The scenarios were
compared by calculating (1) the rate at which the incidence increased, and (2) the
mean time to first colonised patient.

4.3 Results

During the financial year 2006, 7.4 million patients were admitted 12.9 million times
to 146 hospital trusts in England. Within the English patient referral network, 12
health care collectives were identified (figure 4.1). The catchments of the health
care collectives (Figure 4.2A) ranged between 201 (Leicester collective, consisting
of five hospitals) and 1,384 electoral wards (London South and West collective,
consisting of 25 hospitals), and between 1,990 km2 (Liverpool Hospital Collective)
and 19,742 km2 (Oxford Hospital collective). 3.5% of the admissions (455,210 out
of 12.9 million) were outside the patient’s assigned collective, while only 1.8% of
readmissions (96,330 out of 5,5 million) were across the health care collectives.

The number of patients that were admitted outside their residential health care
collective was higher close to the border of the collective’s catchment area (figures
2B & C) and declined with increasing distance from the border (figure 4.3A). On
average, 3% of all hospital admissions within an area of 50km from the border of a
collective were to a hospital outside the collective, while this is only 0.7% for the
admissions of patients living further than 50km from the border of the health care
collective. This effect is also visible is maintained for readmissions across collectives
(figures 2D & 3B), albeit less pronounced: 1.2% for all readmission against 0.5% for
the readmissions of patients living further than 50km from the collective border.

Patients having a residence near the catchment border of their own residential
health care collective were more likely to be admitted in a different health care
collective. This effect explained 78.3% of all admissions and 62.3% of readmissions
across health care collectives (figure 4.3).

When simulating the dispersal of a hospital-acquired pathogen between the
hospitals, hospitals within the same collective as the index hospital are the first
to be affected. By reducing the number of patients that cross the border between
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Figure 4.1: The English patient referral network in 2006. Hospitals are grouped
into 12 health care collectives, indicated by different colours on the outer ring. Dots
represent hospital and lines (Holten, 2006) between dots depict the exchange of patients
between hospitals, strength of lines scales with the number patients exchanged per year.

health care collectives, the national spread of high risk clones can be slowed.
When reducing the number of cross-border readmissions, by diverting 90% of these
readmissions to the originating collective’s largest hospital, the maximum growth
rate of the epidemic is reduced by 32% (Table 4.1) compared to the original referral
patterns. On an annual basis, this would require the redirection of 72,500 patients
(1.4% of all readmissions) to their residential collective, corresponding to only 1.4
patients per hospital per day.

Conversely, creating super-regional specialist centres, one in each health care
collective receiving patients from all other collectives, increases the speed of dispersal
(figure 4.4) and mixing between collectives. If 2% of all (readmitted) patients were
directed to one of the 12 specialist centres for one admission (81750 admissions/year),
the speed of national dispersal increased by 51% (table 4.1).

The alterations of referral patterns between hospital collectives have no effect
on the development of the initial outbreak and only minor effects on the within-
collective time course of pathogen spread (figure 4.5). Generally, redirecting more
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Figure 4.2: The geographical distribution of health-care use in England, 2006.
A) The catchment areas of the health care collectives, using the same colour coding as
in Figure 1. B) The distance to the border of the catchment areas. C) The proportion
of admissions to hospitals outside the collective and D) the proportion of readmissions
between hospitals in different collectives. These maps show that patients living close to
the borders of the health care collectives switch between collectives more often.
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Figure 4.3: The effect of place of residence on hospital admissions. The propor-
tions (%) of A) admission to hospitals outside the assigned health care collective and
B) readmission between hospitals in different health care collectives. Both are plotted
as a function of the distance to the border of the catchment area of the health care
collective. The blue line denotes the mean proportion per km; the black line shows the
mean proportion over all admissions and readmissions further than the given distance
away from the border. The red dashed line shows the exchange between collectives that
does not depend on the distance to the catchment border (“Baseline”).

patients back to their original collective increases the within collective spread.
By redirecting an equal amount of patients readmitted in different hospitals to
their original hospital, the spread was only reduced marginally. This intervention
resulted in the slowest within collective spread, albeit by a small fraction.

The results of our simulations were robust and were not influenced by changes
in the model assumptions. Although, modifications of the transmission parameters
changed the rate and equilibrium prevalence in absolute terms, the overall dynamics
remained unaltered (figure 4.6, table 4.2). When reducing the number of patients
set to be infected at the start of the simulations (seeding) only the proportion
of simulations that resulted in stochastic extinctions increased, but this did not
change the final outcome (figure 4.7).
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Figure 4.4: The effect of changing referral patterns on the spread of hospital-
acquired pathogens, shown by the time course of the mean prevalence in the hospitals.
Shaded areas show all runs between the 2.5th and 97.5th percentile. In comparison with
the observed referral patterns (black), redirecting patients to hospitals in a collective they
have already visited (blue) slows down the pathogen’s spread, while creating specialist
centres (red) accelerates the spread. Redirecting patients to their original hospital (green)
has limited effect.

Table 4.1: The effect of changes in referral patterns on the spread of a hospital-
acquired pathogen. We tested four scenarios and measured the increase incidence, and
the mean time to first colonised patient of all hospitals. The table shows the median (2.5th

and 97.5th percentile) effect for each of the scenarios. Redirecting 90% of cross-collective
readmitted patients to their original collective critically slowed the spread down, while
redirecting 2% of the readmitted patients to a specialist centre caused a much faster
spread.

Maximum increase in Mean time to Number of redirected
incidence per day first colonised patient patients

Original (reference) 4.2 (4.1-4.3) cases/day 845 days (809-885)
Redirect 90% to 2.7 (2.5-2.7) cases/day 1319 days (1264-1375) 1436/week
original collective -36% (-33%, -39%) +56% (+46%, +65%) 1.4/day hospital
Redirect 20% to 3.9 (3.8-4.0) cases/day 898 days (860-935) 1452/week
original hospital -7% (-3%, -11%) +6% (-0%, +13%) 1.4/day hospital
Redirect 2% to 6.2 (6.1-6.3) cases/day 583 days (550-617) 1571/week
Specialist center +48% (+43%, +53%) -31% (26%, 36%) 1.5/day hospital
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Table 4.2: The effect of changes in referral patterns on the spread of a hospital-
acquired pathogen shown for the standard transmission parameter choice (β = 0.085)
and lowered transmissibility (β = 0.075). The table shows the median (2.5th and 97.5th

percentile) effect for each of the scenarios. The parameter choice had little to no effect on
the relative difference between the scenarios.

Maximum increase in incidence per day Mean time to first colonised patient
β = 0.085 β = 0.075 β = 0.085 β = 0.075

Original 4.3 (4.2-4.4) cases/day 9.4 (9.0-9.7) cases/day 845 days (809-885) 1226 days (1158-1298)
(reference)
Redirect 90% to 2.7 (2.6-2.8) cases/day 5.4 (5.2-5.7) cases/day 1319 days (1264-1375) 1794 days (1612-1912)
original collective -36% (-33%, -39%) -42% (-38%, -45%) +56% (+46%, +65%) +44% (+30%, +58%)*
Redirect 20% to 4.0 (3.9-4.1) cases/day 8.3 (8.0-8.7) cases/day 898 days (860-935) 1427 days (1342-1514)
original hospital -7% (-4%, -10%) -11% (-7%, -14%) +6% (-0%, +13%) +17% (+7%, 25%)
Redirect 2% to 6.3 (6.2-6.4) cases/day 14.3 (14.1-14.6) cases/day 583 days (550-617) 855 days (797-914)
Specialist center +48% (+43%, +52%) +52% (+47%, +58%) -31% (-26%, -36%) -30% (-27%, -36%)

*The simulations redirecting part of the patients back to their original health care collective
did not reach equilibrium level.
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4.4 Discussion

We here identified geographical constraints which limit the dispersal of hospital-
acquired pathogens by patient movements between English hospitals. Although
high risk clones can disseminate rather quickly within health care collectives by
virtue of the large number of patients shared between hospitals at that level, the
dispersal becomes much slower between collectives, because fewer patients are
exchanged. These constraints are brought about by natural choices of patients and
health care providers who choose health care facilities in the vicinity of patients’
residence or typically refer to not far off specialist centres.

By studying the residential locations of patients that cross borders of health
care collectives, we could provide realistic estimates about the possible reduction
of inter-collective referrals without studying the medical history of each patient. A
large percentage, 60-80%, of the patients shared between health care collectives
live near the border of the collective’s catchment. In these border regions, patients
who favour hospitals in their vicinity can choose between two collectives. For
patients further away from the catchment border, it is less advantageous to seek
medical treatment in another collective. The remaining 20-40% of patients may
however have switched between hospitals because the required medical specialty is
not available in their nearby hospitals, or because they had to be admitted while
they were away from home.

It is possible to reduce inter-collective contact between hospitals, and nationwide
dispersal of hospital-acquired pathogens, by redirecting at least part of patients
who were bound for an “external” admission to their own residential health care
collective. This reduction of cross-collective referrals would strengthen the modular
structure of the network, and would protract the dispersal of high risk clones. This
effect may also be attained by screening or preventive isolation of all patients who
have been admitted from hospital collectives with known outbreaks of high risk
clones.

The creation of national specialist centres would diminish the average degree of
separation between any two hospitals and moves the entire network towards a truly
small world network, because it weakens its modular structure. This small world
structure enables hospital-acquired pathogens to reach all hospitals in the network
faster. Our study shows how a relatively small percentage of patients can have a
large influence on this connectivity between distant hospitals and by implication
on the potential for nationwide spread of high risk clones.

It should be noted that preventing the spread of pathogens between different
health care collectives only reduces the growth rate of the national epidemic, while
the expected equilibrium prevalence remains the same. Interventions, controlling
cross collective movements, are thus only effective for a short time (Scalia Tomba &
Wallinga, 2008). However, the extra time can be used to put additional intervention
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measures in place and control expansions at a local level.
Although the implementation of prevention measures, such as hand hygiene

adherence campaigns, or control measures, such as screening and isolation of
patients, reduces the transmission of nosocomial pathogens in any hospital, the
effect on the course of the national epidemic differs between hospitals. A study
by Karkada et al (2011) shows how allocating most of the efforts to a subset of
hospitals has a larger effect than distributing the effort over all hospitals, if this
subset consists of large hospitals with a central position in the patient referral
network. In most cases, the candidates for enhanced interventions should be tertiary
care hospitals.

Our study has a number of limitations that need to be addressed. Firstly, we
assume that patients can be redirected to other hospitals while we don’t know
anything about their medical condition or treatment requirements. We labelled
their cross border admissions as “not inevitable”, because of their proximity to the
border of the collective catchment area. It is possible that we redirected patients
to hospitals that cannot offer the required care in real life. However, the clear
effect of the distance to the border of the catchment areas on the cross-collective
admissions indicates a degree of choice.

Measuring both the admissions and the readmissions that cross the health
care collective’s border may seem redundant. However, while the percentage of
admissions gives an intuitive measure of the amount of movement between hospital
collectives, the patients are not necessarily exchanged between collectives. For
instance, a patient can be admitted a number of times to one hospital in a health
care collective, which was not assigned to the electoral ward he lives in. He would,
however, not be able to transfer any pathogen from that collective to his assigned
collective, because he was never admitted to one of its hospitals. We therefore also
calculated the percentage of readmissions across collectives, because these patients
are able to transfer pathogens between the collectives.

We assume that the topology of the patient referral network is stable over
time. This is not necessarily the case, because hospital reorganizations, or even
closing of hospitals, can change both the properties of the catchment areas and the
connections between hospitals. For simplicity, however, we need a stable patient
referral network as reference to compare with the changed networks.

We use data at the level of the hospital trusts and have no information on the
individual hospital locations within the trusts. Splitting the trusts up into hospital
location may slightly alter the dynamics, because the pathogen needs to reach more
hospitals. However, their inherent intensive collaboration means they will still be
closely connected. They will therefore rarely or never belong to different health
care collectives, and thus would not affect our analysis. Furthermore, we use data
from England, and do not take Scotland and Wales into account. Some health
care collective catchment areas may cross the borders of the countries, depending
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on the distances to the hospitals on the other side of the border. Conversely,
Scottish or Welsh hospitals, not included into our analysis, may have catchment
areas crossing into England. However, the area that could potentially be affected
by these cross-border catchment areas is relatively small compared to the rest of
the country.

We have shown how the structure of the patient referral network affects the
rate of spread of high risk clones. Pathogen can easily spread within health care
collectives, yet slowly spread nation-wide, hindered by the small percentage of
patients exchanged between collectives. This small fraction also offers a poten-
tial intervention strategy; by reducing the cross-collective transfers, nation-wide
dispersal can be delayed, buying time to implement other intervention measures.
Conversely, the creation of national specialist centres, currently favoured in many
European countries for economic reasons, will receive patients from all collectives
and facilitate the nation-wide spread, and may ultimately stifle infection control
measures.
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Figure 4.5: The increase in incidence is faster when patients are referred to
specialist centres and slower when patients are referred to their own collectives. A) The
growth rate for the hospitals in other collectives than the initially infected hospital. B)
The growth rate for the hospitals in the initial collective. The creation of specialist centres
results in the highest growth rate, while redirecting patient to their original collective
has a dampening effect. All proposed interventions have only marginal effect within the
initial collective, while the effect between collectives is larger.
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Figure 4.6: The model results with a
lower transmission parameter show that
the relative difference between the referral
scenarios is robust to choices in the trans-
mission parameter. A) The prevalence of
infected patients over time, B) the increase
in incidence as a function of the incidence
outside the index collective and C) inside
the index collective.

Figure 4.7: The choice of seeding of
the epidemic does not affect the model
results. The original model results, seed-
ing by colonising 5% of the patients, are
shown in black. The results from seeding by
colonising a single patient are show in red.
The shaded area and the area between the
dashed lines show all runs between the 2.5th

and 97.5th percentile. During the original
simulations, 6% of runs resulted in stochas-
tic extinction of the pathogen, while the
simulations based on a single colonised pa-
tient resulted in 85% extinctions.
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Abstract

Early detection of new or novel variants of nosocomial pathogens is a pub-
lic health priority. We show that, for healthcare-associated infections that
spread between hospitals as a result of patient movements, it is possible to
design an effective surveillance system based on a relatively small number
of sentinel hospitals. We apply recently developed mathematical models to
patient admission data from the national healthcare systems of England and
the Netherlands. Relatively short detection times are achieved once 10-20%
hospitals are recruited as sentinels and only modest reductions are seen as
more hospitals are recruited thereafter. Employing a heuristic optimization
approach to sentinel selection, the same expected time to detection can be
achieved by recruiting approximately half as many hospitals. Our study pro-
vides a robust evidence base to underpin the design of an efficient sentinel
hospital surveillance system for novel nosocomial pathogens, delivering early
detection times for reduced expenditure and effort.
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5.1 Introduction

There is a world-wide concern about the recent emergence, and rapid widespread
dissemination, of novel strains of existing nosocomial pathogens (eg. KPC-produc-
ing Klebsiella pneumoniae ST258 (Yigit et al, 2001) and Carbapenemase-producing
Enterobacteriaceae (Won et al, 2011)), as well as of new genetic determinants
of virulence and resistance (e.g. sasX gene (Li et al, 2012) and novel divergent
mecA homologue mecC (García-Álvarez et al, 2011) in MRSA, and NDM-1 β-
lactamase (Wilson & Chen, 2012)). In several countries, outbreaks in hospitals and
rapid dissemination through the healthcare system have been observed (Pearman,
2006). Local and national surveillance is considered an important component of
the strategy to control these strains(Struelens et al, 2010; Davies, 2013; ECDC,
2011).

However, surveillance is costly in monetary terms, effort and facilities and it is
important to consider ways in which surveillance systems can be made more efficient
both at the hospital and the national level. Although this is widely recognized
(Ducel et al, 2002; World Health Organization, 2011), there is still no good evidence
base to inform the design of efficient surveillance systems at the national level. A
key question is how many hospitals should be included in enhanced surveillance
programmes.

Reflecting this, existing surveillance programmes are markedly diverse. For
example, in the Netherlands the national antibiotic resistance surveillance system
(ISIS-AR) (RIVM, 2013) consists of 30 participating laboratories serving approx-
imately 50% of hospitals beds in the country. In Britain, the most prominent
surveillance schemes include the voluntary reporting of all bacteraemias (90% of
clinical laboratories in England, Wales and Northern Ireland), mandatory bacter-
aemia surveillance (MRSA, MSSA, CDI, GRE and E. coli in all acute health trusts
in England) and the British Society for Antimicrobial Chemotherapy Resistance
Surveillance Project (20–25 collecting laboratories covering the UK and Ireland)
(Reynolds, 2009).

Here we consider a single, simple, generic approach to this problem that
is applicable to a range of nosocomial pathogens including, importantly, novel
pathogens or variants whose epidemiology is, by definition, unknown. The only
condition is that the major transmission route is the movement of patients between
hospitals.

The movement of patients between hospitals in a national healthcare system
plays an important role in the spread of healthcare-associated infections (HCAIs)
(Eveillard et al, 2001; Robotham et al, 2007; Schaefler et al, 1984; Cordeiro et al,
2004; Widerström et al, 2006). Patient movements have also been suggested as
an important factor in the spread of antimicrobial resistance between healthcare
institutions (Smith et al, 2004, 2005). Mathematical models have confirmed the
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importance of patient movements in the propagation of nosocomial pathogens
(Austin & Anderson, 1999; Donker et al, 2010; Lesosky et al, 2011; Lee et al, 2011b;
Karkada et al, 2011). The degree of hospital connectedness crucially influences
the rates of infections caused by hospital-acquired pathogens (Donker et al, 2012).
Further support for the important role of inter-hospital transmission of HCAIs has
been gained, in the case of Methicillin-resistant Staphylococcus aureus (MRSA),
through population genetics and phylogenetic approaches (Ke et al, 2012; McAdam
et al, 2012).

Although this extensive body of work highlights the role of patient movements in
the spread of nosocomial infections, the impact of between-hospital connectivity on
the performance of transmission control strategies, such as surveillance programmes
and eradication, has not been addressed. In the context of individual contact
networks, there is an increasing body of research on the early detection and control
of outbreaks by careful selection of a small fraction of the population (Christakis
& Fowler, 2010; Smieszek & Salathé, 2013). There has also been one study
(Karkada et al, 2011) that evaluated methods of selectively targeting hospitals
to more efficiently control the dissemination of highly resistant hospital-acquired
microorganisms in the specific context of critical care transfers. Here, however, we
consider the entire patient population.

We build on previous work to quantify, for the first time, the expected gains
in efficiency of carefully targeted, national scale, sentinel surveillance systems for
novel nosocomial pathogens. In the context of established healthcare-associated
pathogens, such as MRSA and Vancomycin-resistant Enterococci (VRE), we use
the same analytical framework to consider a closely related question: how rapidly
do hospitals become re-affected following successful infection control programmes?

To study the dissemination of novel nosocomial pathogens, we employ a hospital-
based Susceptible-Infected (SI) epidemic model. Each patient discharged from an
affected hospital is associated with a probability β of successfully introducing the
pathogen in the hospital of most recent admission. We apply our model to patient
admission data from England (N=146 acute trusts) and the Netherlands (N=98
acute hospitals). Sentinel surveillance systems are modelled by building a hospital
priority list {H1, H2, . . . HN} from which we recruit the first k hospitals when k
sentinels are required. We propose a gold standard for sentinel selection, which
involves a heuristic optimization approach based on minimization of two different
public health measures: time to detection, and number of affected hospitals. We
also explored hospital prioritisation based on a set of six standard metrics which
quantify hospital connectivity with other hospitals in the country. These methods
were compared with random orderings of hospitals.

To simulate the effect of hospital infection control measures, we employ a
Susceptible-Infected-Susceptible (SIS) epidemic model, in which hospitals, after
becoming affected by the novel pathogen, recover an unaffected status at an average
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rate γ (elimination rate). This results in an endemic regime in which we measure
mean pathogen free time, i.e. the average time a hospital remains unaffected after
recovery, before newly admitted patients successfully reintroduce the nosocomial
pathogen.

We employ a baseline configuration (β = 0.001, γ = 0) that yields, for the
English data, 146 affected hospitals over a period of 5–6 years. This is comparable
with the observed increase in hospital-level prevalence of EMRSA-15 in England
and Wales between the years 1992–97 (UK Public Health Laboratory Service, 1997).
We later repeat our analysis for different values of β and, where appropriate, γ.

5.2 Materials and methods

5.2.1 Patient-movement data

To quantify the amount of contact between hospitals we employ patient-movement
rates. We consider as movements direct inter-facility patient transfers, as well as
indirect transfers, i.e. the instance of a patient being discharged from hospital into
the community, and being later admitted to a different hospital. For every pair of
hospitals (i, j) in England, and the Netherlands, we calculated the annual patient-
movement rate wij from hospital j to hospital i by counting the number of patients
that were admitted to hospital i, following discharge from hospital j, during a
period of one year (with or without an intermediate stay in the community). This
procedure yields an N ×N movement matrix, where N is the number of hospital
in the chosen country.

The English movement matrix was obtained from patient admission data
covering the one year period 01.04.2006 – 31.03.2007, provided by the National
Health Service Hospital Episode Statistics. We consider the N=146 acute trusts
in the English National Health Service. An acute trust is defined as a group of
hospitals under the same management with 85% or more of its expenditure in acute
specialties (medicine, surgery, A&E and maternity), an A&E department and all
core acute specialties. These trusts are classified into 4 categories: small acute
trusts (n = 29), medium acute trusts (n = 50), large acute trusts (n = 42), and
teaching trusts (n = 25), corresponding to increasing hospital size and complexity
(UK Health Protection Agency, 2008).

The Dutch movement matrix was obtained from patient admission data covering
the one year period 01.01.2004 – 31.12.2004, provided by the Dutch National
Medical Register (Prismant, 2004). We consider the N = 98 hospitals consisting,
in increasing hospital size and complexity, of all general hospitals (n = 71), all top
clinical hospitals (n = 19), and all university medical centers (n = 8).

Teaching trusts and university medical centers are associated with a university,
and usually act as top referral centers. They correspond to ‘tertiary hospitals’
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according to the hospital type definition employed by the European Centre for
Disease Prevention and Control (see e.g. ECDC (2012)).

Further details on the raw patient admission data, and their use to obtain
annual movement rates, can be found in Donker et al (2010, 2012).

Hospital size data

The number of available beds in each English acute trust during fiscal year 2006
-07 was retrieved from the Estates Return Information Collection (ERIC), hosted
at the National Health Service Hospital Estates and Facilities Statistics website
(www.hefs.ic.nhs.uk).

5.2.2 Mathematical model

We employ a hospital-based Susceptible-Infected (SI) compartmental model in
which each hospital can be in one of two possible states: susceptible to, and free of,
the pathogen (S), or affected by it (I). Affected hospitals harbour one or more
colonised or infected patients, and/or an environmental reservoir of the pathogen.
Susceptible hospitals become affected when they admit infected or colonised patients
that shed the pathogen in the environment, or that transmit the pathogen to other
susceptible patients in the hospital. Inter-hospital transmission is a complex process
that involves a patient being infected or colonised when discharged from hospital,
remaining infectious until the next admission, and successfully introducing the
pathogen in the admitting hospital. We combine the effect of this sequence of
events into a single probability of transmission (β).

Reports of inter-hospital outbreaks (Pearman, 2006; Won et al, 2011) have
shown that after a period of rapid intra-hospital spread (typically 1 or 2 months),
pathogens spread to other hospitals on time scales under one year. Moreover,
mathematical models including within-hospital dynamics show that colonised
patients are able to spread the pathogen to other hospitals within days (Donker
et al, 2010; Lee et al, 2011b). We therefore assume that once a hospital becomes
affected all patients who are subsequently admitted to a different hospital (which
in 50% of cases occurs within 17 to 25 days) have a fixed, low probability of
introducing infection into the second hospital. In the case of England, we make
a similar assumption at the trust level: transmission within all hospitals in each
acute trust occurs faster than between hospitals belonging to different trusts.

To simulate the introduction of infection control measures we employ a Suscep-
tible-Infected-Susceptible (SIS) model. We assume that once a hospital becomes
affected by the pathogen it will recover a susceptible status, following complete
pathogen eradication, after an average time 1/γ, with γ the average elimination
rate.
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The two models are stochastic, and progress in discrete time steps of length
δt = 1 day. The probability of a susceptible hospital becoming affected by the
emergent pathogen during one time step (PS→I (t)) is a function of the per-patient
transmission probability (β), and the rates at which other affected hospitals move
patients onto it. In the SIS model, the probability of an affected hospital recovering
a susceptible status during one time step (PI→S (t)) is a function of the elimination
rate (γ). Mathematical formulae defining these probabilities are listed in the SI
(Supplementary Equations).

Hospital-based surveillance

To simulate the implementation of a sentinel surveillance system, a method for
selecting the hospitals that will act as sentinels is needed. A selection scheme
involves building a hospital priority list {H1, H2, . . . HN} from which we employ
the first k hospitals when k sentinels are required.

We compare the performance of eight different selection schemes. In addition
to random selection (i.e. the priority list is just a random ordering of all the
hospitals in the country), we prioritize hospitals according to values for a set of
six standard metrics which quantify their connectivity with other hospitals in the
network. These are: the number of hospitals from which a sentinel admits moved
patients in a one-year period (i.e. in-degree), the number of patients admitted
following discharge from other hospital (i.e. in-flux), hospital h-index(Hirsch, 2005;
Campiteli & Holanda, 2010), and three measures of hospital network prominence:
betweenness, closeness, and eigenvector centrality (Borgatti, 2005).

We also propose a gold standard for sentinel selection, which involves the
following procedure (known as a ‘greedy’ algorithm). The first hospital in the list
(H1) is selected such that, on average, it is the earliest affected hospital following
emergence of the novel pathogen in an arbitrary hospital. The second hospital
(H2) is chosen such that, together with the already selected sentinel, they minimise
detection time, i.e. the earliest time at which any of the sentinels becomes affected
by the pathogen. This procedure is repeated, increasing one by one the number
of sentinels, yielding the required hospital priority list. Alternatively, instead of
building the priority list by minimising detection time, other quantities of interest
may be optimised. We illustrate this by employing the greedy algorithm to minimise
the number of hospitals affected by the pathogen at detection time.

Pathogen re-introduction

The SIS model variant is suitable for describing endemically established pathogens,
such as MRSA and VRE. In this case, the simulation model yields, with a probability
that depends on the values of the model parameters, an endemic regime in which
the prevalence of affected hospitals is, in general, lower than 100%.
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In the endemic regime, when affected hospitals regain a susceptible status, they
remain HCAI-free for a period of time before becoming re-affected by the pathogen.
We estimate the infection pressure on each individual hospital by measuring the
median HCAI-free time after successful pathogen elimination. We then compare,
for a range of elimination rates, the re-infection times associated with different
categories of hospital.

We stress that this analysis is only relevant for endemically established pa-
thogens, such that a stable, non-zero hospital-level prevalence has already been
reached. Only in this regime the impact on our results of the order in which
hospitals become affected by the pathogen can be ignored.

Model parameters and simulation configurations

We initially focus on the effect of patient movements, assuming that β is constant
through time and does not depend on hospital or individual patients characteristics.
We later repeat our analysis relaxing this homogeneity assumption.

We present results corresponding to a baseline scenario defined by β = β0 ≡ 0.001
and, in the SIS model, a range of elimination rates γ = 0.25, 0.50, 0.75, 1.00y-1.
For β = β0 our model predicts that, with unconstrained transmission (γ = 0), all
English hospitals become affected by a novel nosocomial pathogen in an average
period of 5.7 years (4.1 – 7.7 years in 90% of simulated outbreaks), after single
introduction in a randomly selected hospital. This result is comparable with the
observed increase in hospital-level prevalence of EMRSA-15 in England and Wales
between the years 1992–1997 (UK Public Health Laboratory Service, 1997).

To explore the generality of the results for pathogens other than MRSA we repeat
our analyses for different values of β and, where appropriate, γ. We consider values
of β in the range 0.1× – 10× of the baseline value. Higher β values correspond to
higher rates of spread between hospitals, whereas lower β values are associated with
lower dissemination rates. For γ, we consider values ranging from 0.025 to 10.0 per
year. We also introduce dependence of the per-patient transmission probability on
the time a patient remains in the community before being re-admitted to hospital.
This allows us to consider pathogens that affect patients only in a transient manner.
We repeat our analyses assuming patients can only transmit the pathogen if the
time between discharge and subsequent admission does not exceed a cut-off value
chosen in the range 30–180 days.

All simulations were started by randomly selecting one single affected hospital.
The model was run for a period of at least 30 years, enough for the median
prevalence of affected hospitals to reach 100% in the baseline configuration, or for
the system to reach a quasi-stationary endemic regime when control measures are
implemented. Results were obtained with at least 10 000 simulation replicates.
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We determined, during a one-year period, the number of movements of patients
between all pairs of hospitals in both, England and the Netherlands. We consider
as movements direct inter-facility patient transfers, as well as indirect transfers,
i.e. patient being discharged from hospital into the community, and being later
admitted to a different hospital.

There were 531 977 patient movements between the 146 English acute trusts
during the one-year period 2006–2007, which realized 73% of all possible connec-
tions between them (15 514 out of 21 170). The median time between discharge
and subsequent admission was 17 days (90th percentile: 134; the corresponding
probability distribution is shown in the SI: Fig.5.S1). On average, there were
3 643 patient movements per trust, and there were 34 movements along each of
the existing connections (median: 3, range: 1–6 619). Analogously, there were
129 620 movements among the 98 Dutch acute hospitals during year 2004, which
realized 58% of all possible connection (5 501 out of 9 506). The median time
between discharge and subsequent admission was 25 days (90th percentile: 145;
the corresponding probability distribution is shown in SI: Fig. 5.S1). On average,
there were 1 323 patient movements per hospital, and each existing connection
supported 24 movements (median: 2, range: 1–1 199). In addition, the healthcare
networks of both countries are strongly connected, and any two hospitals can
be epidemiologically linked following the path of patient movements. Additional
properties of these movement networks are listed in references (Donker et al, 2010,
2012).

The simulation model predicts that for our choice of transmission probability
and no infection control measures (β = 0.001, γ = 0), a single introduction in
a randomly selected hospital will result in the totality of the English hospitals
becoming affected by the pathogen, on average, after a period of 5.7 years. In 90%
of the simulated epidemics the pathogen reaches all hospitals after 4.1–7.7 years.
In the Netherlands, the model predicts that all hospitals will become affected, on
average, after a period of 25.5 years, with the pathogen reaching all hospitals after
11.1–55.9 years in 90% of the simulated epidemics.

For each hospital we estimated, through time, the probability of becoming
affected following single introduction in a randomly selected hospital at time t = 0.
In mathematical terms, we obtained the probability density function of time to first
infection. The results, displayed in Fig. 5.1, show considerable variation between
hospitals. In England, the mean time to first successful introduction, among the
different hospitals, from 1.73 years (90% C.I. 0.29–3.45) up to 3.44 years (90% C.I.
1.28–6.05). Analogously, the time to first successful introduction in Dutch hospitals
ranges, on average, from 3.26 years (90% C.I. 0.55–6.73) up to 20.75 years (90%
C.I. 3.49–55.24). These results suggest that a careful selection of sentinel hospitals
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Figure 5.1: Time to first infection. Probability, estimated as relative frequency
through time, of each individual hospital in England (panel A) and the Netherlands (panel
B) becoming affected by a novel nosocomial pathogen, following single introduction in
a randomly selected hospital at time t = 0. Results obtained in the baseline scenario
(β = 0.001 and γ = 0). Hospitals have been sorted along the y-axis according to increasing
value of median time to first infection.

could lower detection times in hospital-based surveillance programmes, improving
their performance.

Fig. 5.2 shows, in the baseline configuration (β = 0.001, γ = 0), detection
time (panel A), and number of affected hospitals at detection time (panel B),
versus the fraction of hospitals used as sentinels (k/N), obtained with the gold-
standard and random selection schemes. Results in panel A were obtained by
minimising detection time, whereas results in panel B were obtained by minimising
the number of affected hospitals at detection time. Table 5.1 shows mean detection
times, as well as 90th percentiles, when 20% of hospitals are recruited as sentinels
according to the different selection schemes. It is clear from Fig. 5.2 that, with
both selection schemes, detection time follows a law of diminishing returns. As the
number of sentinels increases, the contribution of each additional hospital to the
improvement in detection time becomes smaller. The fraction of English hospitals
required as sentinels to detect a novel circulating pathogen within one year yields,
with the greedy algorithm and detection time minimisation, 4%. This compares
favourably with the required fraction when hospitals are chosen randomly, which is
8%. In the Netherlands, detecting a novel circulating pathogen within one year
requires selecting, with the greedy algorithm, 21% of all hospitals, whereas the
required fraction when hospitals are chosen randomly is 37%. Another metric of
performance is the number of sentinels that are required to obtain detection times
comparable to those obtained with the gold-standard method and 20% of hospitals
acting as sentinels. In this case, an emergent pathogen is detected, on average,
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Figure 5.2: Sentinel surveillance programme performance. Mean detection time
of a novel nosocomial pathogen (A), and mean number of affected hospitals at detection
time (B), following emergence in a single, randomly selected hospital, versus fraction
of hospitals participating in a sentinel surveillance programme. The continuous lines
correspond to results obtained using the greedy algorithm with the English (EN: greedy)
and Dutch (NL: greedy) data sets. The optimization metric was time to detection (panel
A) and number of affected hospitals at detection (panel B). The shaded region and the
dash lines (EN: random, and NL: random) correspond to 1000 random selections of
sentinel hospitals and their mean, respectively. The two upper panels show information on
hospital category for England (EN) and the Netherlands (NL): the symbol corresponding
to the i-th element in the priority list obtained with the greedy algorithm is displayed at
position i/N along the x-axis, with N the total number of hospitals in the country. All
curves obtained in the baseline scenario (β = 0.001 and γ = 0).

after 0.41 and 1.02 years in England and the Netherlands, respectively (cf. Table
5.1). With random selection, comparable detection times can be achieved, in both
countries, only with a fraction of sentinel hospitals of 30–40%. In other words,
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considering as a measure of efficiency the fraction of hospitals required as sentinels,
these results suggest that targeted surveillance can be up to twice as efficient as
random selection of hospitals.

Table 5.1: Mean detection time, and 90th percentile (i.e. 90% of simulation replicates
yield shorter detection times), when 20% of all hospitals are recruited as surveillance
sentinels. Results were obtained in the baseline scenario (β = 0.001 and γ = 0). Each row
corresponds to a different sentinel selection scheme, namely greedy algorithm with detection
time optimization, random selection, and prioritisation according to network connectivity
metrics: in-degree, in-flux, h-index, betweenness centrality, closeness centrality, and
eigenvector centrality. The values corresponding to random selection were calculated as
the average of mean and 90th percentile detection time over 1000 random re-orderings of
the hospital priority list. For England, column 4 shows the fraction of available hospital
beds (out of the national total) that belong to the sentinel hospitals recruited with each
selection scheme.

England Netherlands1
Selection scheme Mean[y] 90th percl.[y] % of beds Mean[y] 90th percl.[y]

Greedy 0.413 1.027 26.5 1.019 2.553
Random 0.587 1.386 19.9 1.533 3.369
In-degree 0.531 1.321 29.9 1.374 3.153
In-flux 0.494 1.252 31.0 1.286 2.970
h-index 0.585 1.458 29.4 1.360 3.121
Betweenness centrality 0.662 1.468 16.1 1.613 3.490
Closeness centrality 0.610 1.386 15.9 1.720 3.729
Eigenvector centrality 0.853 1.899 28.0 1.411 3.219

This improvement in efficiency is also observed when the priority list is obtained
by minimising the number of affected hospitals (Fig. 5.2, panel B; Table 5.S1).
20% of hospitals selected as sentinels with the greedy algorithm are able to detect
the emerging outbreak when, on average, 2-3 hospitals are affected. Conversely, to
obtain a similar performance employing the random selection scheme would require
40%-45% of hospitals acting as sentinels.

Along the top of Fig. 5.2 (both panels) we include information on hospital
category. According to increasing hospital size and complexity, English acute trusts
are classified into small acute trusts, medium acute trusts, large acute trusts, and
teaching trusts (UK Health Protection Agency, 2008); Dutch hospitals are classified
into general hospitals, top clinical hospitals, and university medical centers. Here,
the colour of the symbol at position k/N corresponds to the type of the k-th
hospital (Hk) in the priority list built with the greedy algorithm (see Fig. 5.S2 for
a version including, in addition to hospital class, all network metrics). In both the
English and Dutch healthcare networks, teaching trusts and university medical
centers, respectively, are placed high in the priority list. We can compare the
performance of these hospitals employed as unique sentinels, with that of the same
number of hospitals selected according to the greedy algorithm. However, detection
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times obtained in England and the Netherlands are not to be compared between
them, because the number of tertiary hospitals is different in both countries (25
and 8, respectively). Selecting the 25 teaching trusts as sentinels in England yields
an average detection time of 0.51 years. This value is comparable with the result
obtained with the first 25 hospitals from the empirically built priority list (0.45
years). Similarly, average detection time in the Netherlands with the 8 university
medical centers employed as sentinels is 1.70 years, comparable with using the
first 8 hospitals from the empirically built priority list (1.57 years). Moreover, the
25 English tertiary hospitals are able to detect the emerging outbreak when, on
average, 2-3 hospitals have been affected. To achieve this detection efficiency with
randomly selected sentinels, an average of 50 hospitals would be required. The 8
Dutch university medical centers are able to detect the emerging outbreak when,
on average, 3-4 hospitals have been affected. A similar outcome can be achieve by
randomly selecting, on average, 27 hospitals.

In both England and the Netherlands the greedy algorithm is always the best
performing one, for both time to detection and number of hospitals affected, al-
though the metrics in-flux, in-degree and h-index also improved efficiency compared
with random selection in some scenarios (cf. Fig 5.S3; Tables 5.1 and 5.S1).

For surveillance programmes which require a fixed effort per hospital the y-axes
in Fig. 2 also represent the total effort (and so the total cost of the programme).
If the effort invested per hospital is a function of hospital size then an approximate
estimate of the costs could be obtained by measuring the number of beds under
surveillance. In this situation, the greedy algorithm may not be the least costly
(see Table 1), and the increased costs of targeted surveillance would need to be
weighed against the benefits of earlier detection.

Using the SIS model for established nosocomial pathogens, we measure the
average time for a hospital to become re-affected by a pathogen, after successful
implementation of infection control measures. We have estimated the infection
pressure on each individual hospital by measuring the median HCAI-free time
after successful pathogen elimination. We first calculated, in the endemic regime,
the median time each hospital remains free of the pathogen. Next we grouped,
according to hospital category, the 146 values obtained with the English healthcare
network into 4 subsets, and the 98 values obtained with the Dutch network into 3
subsets. For each of these subsets, we calculated the 5th, 25th, 50th, 75th, and 95th

percentiles, and display these results for γ = 0.25, 0.50, 0.75, 1.00 year−1, with
box-plots in Fig. 5.3.

Teaching trusts and university medical centers remain free of infection for
a shorter period of time than small acute trusts and general hospitals, respec-
tively. Median re-infection times differ between these types of hospitals, for the
chosen elimination rates, by approximately a factor of 4–6. This shows that the
need for effective infection control against endemically established HCAIs may be
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Figure 5.3: Time to re-acquisition. Box plots of median HCAI-free time in the
endemic regime in England (panel A) and the Netherlands (panel B). Results obtained
with the baseline transmission probability β = 0.001. Median times have been grouped
according to type of hospital. Different colours correspond to different values of γ. Box
bottom and top represent the lower and upper quartiles, respectively. Lower and upper
line ends represent 5th and 95th percentiles, respectively. The horizontal bar corresponds
to the median. Elimination rates (γ) are expressed in units of year−1.

substantially greater for tertiary hospitals than for the other hospital categories.
The effects of varying model parameters and assumptions are reported in the

SI (Supplementary Methods). Although, as expected, the rate of spread (and,
consequently, the speed of detection) increases with increasing β (and with increas-
ing discharge-admission interval cut-off), the main comparisons between different
prioritisations of hospitals for targeted surveillance are essentially unchanged. We
observe a similar outcome in model configurations with larger β associated with
patient movements from/to tertiary hospitals. All this implies that our key results
are robust for a wide range of pathogens and epidemiological scenarios.

5.4 Discussion

A variety of nosocomial pathogens – such as newly emergent variants of MRSA
or K. pneumoniae – can spread between hospitals as a consequence of patient
movements. Hospitals occupy different positions in the network of movements
and this translates in differences in the risk of being affected or re-affected by
such pathogens (Eveillard et al, 2001; Robotham et al, 2007; Schaefler et al, 1984;
Cordeiro et al, 2004; Widerström et al, 2006; Austin & Anderson, 1999; Donker
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et al, 2010; Lesosky et al, 2011; Lee et al, 2011b; Karkada et al, 2011; Donker et al,
2012). Here, for the first time, we have shown that these differences also provide an
opportunity to design more efficient surveillance programmes based on a relatively
small number of hospitals acting as sentinels. This addresses the current lack of
evidence available to policy makers aiming to design efficient surveillance systems
at a national level.

Three key results emerge from our analyses. First, there is a marked effect of
diminishing returns: detection time or number of affected hospitals both decline
rapidly as up to 20% of hospitals are recruited in the surveillance system, but
much less rapidly thereafter. Second, the surveillance system can be made consid-
erably more efficient if, instead of randomly targeting a set of hospitals, sentinels
are selected on the basis of their position in the movement network; to a good
approximation, an equivalent expected time to first detection of a novel pathogen
can be achieved by selecting half as many hospitals. Third, although hospitals to
be targeted can be identified using the computational methods described here, a
near optimal solution is to prioritise hospitals simply on the basis of the number of
admitted patients that have previously been discharged from a different hospital.
This corresponds well to prioritising tertiary hospitals.

Tertiary hospitals have previously been suggested as potential sentinels based
on arguments of feasibility and adequate patient volume (US Centers for Disease
Control & Prevention, 2011; World Health Organization, 2009b). Here we provide,
for the first time, evidence that supports this choice from the perspective of
HCAIs transmission dynamics. If the healthcare network cannot be reconstructed,
targeting these hospitals still yields a considerable improvement in detection times,
becoming a useful alternative to the gold-standard method.

For endemically established nosocomial pathogens, tertiary hospitals become
re-affected, after successful implementation of infection control measures, 4 to 6
times faster than small acute trust and general hospitals. Consequently, tertiary
hospitals must implement control measures more frequently, and incur higher yearly
associated costs, in order to remain free from the HCAI. This further supports the
need to target resources in these hospitals.

We obtained essentially the same results for a wide range of parameter values,
confirming that our conclusions are robust both to natural variation between
different kinds of pathogens (including micro-organisms that transiently affect
patients for a length of time much shorter than one year) and to imperfect knowledge
of transmission rates. There are, however, some factors which we have not been
able to fully include in our model and that may, a priori, impact the results of
our analysis. These are: the correlation between probability of transmission and
type of hospital, the impact of single-hospital random seeding, transmission in the
community and other non-acute care facilities, data censoring, administrative scale,
and the overall optimality of the greedy algorithm.
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Probability of transmission could be positively correlated with hospital type (i.e.
higher β for movements associated with tertiary hospitals). Patients admitted to
tertiary hospitals after discharge from other hospitals are more at risk of carrying
a hospital-acquired infection (Donker et al, 2010, 2012). Moreover, admission data
show that patients discharged from tertiary hospitals have a higher probability of
readmission to a different hospital within compratively shorter times. Increasing
transmission probabilities associated with patient movements to/from tertiary
hospitals yields, for England, an increase in the efficiency of our approach as
compared to random selection. In other words, the benefit of our method would be
even greater if the prioritised hospitals also represented the most at-risk patients
(as is the case for HA-MRSA (Donker et al, 2012)).

We have assumed that a novel pathogen originates in a single, randomly chosen
hospital. Other scenarios are possible; for example, the probability of emergence
in a particular hospital could depend on its size or other attributes. This would
influence our results insofar as this dependence was positively (or, conceivably,
negatively) correlated with the risk associated with network properties, potentially
amplifying (or reducing) heterogeneities in time to first infection.

We assumed that no transmission occurs outside the hospital setting. The
impact of community transmission on our results would be two-fold. Firstly, per-
patient probability of transmission would increase with increasing time spent in
the community between successive hospital admissions. We expect this effect to be
small, as patients that spend longer periods of time in the community are also the
ones with low numbers of re-admissions (Donker et al, 2010). Secondly, first-time
admissions, i.e. admission of patients that have never been admitted to hospital
before, will also result in a probability of pathogen introduction. The impact of
the latter will depend on the relative rates of first-admissions of different types of
hospitals. We do not model the effect of nursing-homes and other long-term care
facilities, which are recognized as important community reservoirs of nosocomial
pathogens (Hsu et al, 1988; Goettsch et al, 2000). The impact of excluding
these care facilities in our analysis would depend on their relative position in the
movement structure (Lee et al, 2011c).

Our use of patient movement data from a single calendar year means that
these data are right censored and true movement rates are underestimated. Since
the median intervals between discharge and readmission were short (and longer
intervals may correspond to reduced risk) we expect the effects of this to be small.

There are differences in the administrative scale of the reconstructed English and
Dutch healthcare networks. Whereas the most fundamental element in the Dutch
network is a hospital, the corresponding element in England is a hospital trust
(i.e. a group of hospitals under the same management). Most English acute trusts
are dominated by a single large hospital, responsible for most patient movements
between its trust and other trusts in the country (though a few trusts consist of 2 or
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more dominant hospitals; see (UK National Health Service, 2013)). Therefore, we
do not regard these systems as directly comparable, but our aim is to demonstrate
the general applicability of our approach.

These issues notwithstanding, we suggest that our key findings will be both
robust and likely to be widely applicable. This is because the crucial component is
the network of patient movements between hospitals, which is well-characterised
for both England and the Netherlands. However, there is clearly scope for further
research on the contributions of heterogeneities in transmission rate and seeding of
infection, the gain and loss of infection outside hospitals or fine structure of the
movement network. More detailed models incorporating these features could be
parameterised for specific pathogens, not only in terms of epidemiological variables
but also the costs and constraints of surveillance

We should also mention a more general issue worthy of further research: the
optimality of the greedy algorithm. There are N !

(N−k)!k! possible choices of k sentinels
out of N hospitals, and calculating detection times for all of them rapidly becomes
computationally unfeasible. For this reason, we employed a greedy algorithm to
obtain the hospital priority list. Although in our analysis, of all the considered
alternatives, the greedy algorithm was the best performing selection scheme, the
corresponding priority list may not be the true optimal one (i.e. the one yielding
the absolute minimum detection time among all possible alternatives). This is a
general feature of greedy algorithms, which make a locally optimal choice that
may not result in a globally optimal solution (Cormen et al, 2009). We note that
although a better priority list may exist, sentinel selection according to the greedy
algorithm has already allowed us to design a more efficient surveillance strategy.

In conclusion, based on data from two countries, we have shown that efficient
hospital-based, sentinel surveillance systems for novel nosocomial pathogens trans-
mitted by means of patient movements are a practical proposition. Relatively
rapid detection can be achieved by prioritising a small fraction of hospitals, and
this fraction can be further reduced by targeting surveillance at specific hospitals
or categories of hospital. We believe that this kind of evidence-based approach
to the design of surveillance systems can both decrease detection times and/or
decrease costs to national governments, facilitating reduction of the substantial
public health burden imposed by nosocomial pathogens.
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Supplementary Equations

In the emergent pathogen model, the probability of a susceptible hospital i becoming
affected by the pathogen during one time step is

PS→Ii (t) = 1−
∏

j: Hj=I
(1− β)wij δt . (5.S1)

The expression (j : Hj = I) under the product symbol indicates that the product
should be calculated over all hospitals j in which the pathogen is present at time
t. wij is the patient movement rate from hospital j to hospital i, as given by
the movement matrices. β is the probability of a moved patient being infected
or colonised when discharged from hospital j, remaining infectious until the next
admission, and successfully introducing the pathogen in hospital i. δt is the
time-step size (1 day).

In the SIS model of endemically established pathogens, the probability of an
affected hospital recovering a susceptible status during one time step, following the
successful implementation of infection control measures, is

PI→Si (t) = 1− exp (−γδt) . (5.S2)

γ is the elimination rate, and 1/γ is the average time during which a hospital
remains affected by the pathogen.

Note that whereas the probability of a hospital recovering a susceptible status
is constant, the probability of a hospital becoming affected by the nosocomial
micro-organism is time dependent, and is unique to each individual hospital.

Supplementary Methods

In this section we assess the suitability of our sentinel selection scheme for the
surveillance of different nosocomial pathogens by studying the impact of variations
in model assumptions and parameters. First, we explore the effect of a reduction in
the per-patient transmission probability associated with patients that remain in the
community for extended periods of time between subsequent hospital admissions.
Next, we evaluate the impact of heterogeneous variations in transmission probabili-
ties, including the case of β positively correlated with hopital category, relaxing
the assumption of homogeneous β. Lastly, we assess the effect of homogeneous
variations in both the transmission probability and hospital elimination rate.

In the baseline model it is assumed that the per-patient probability of success-
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fully introducing the pathogen during a subsequent hospital admission (β) does
not depend on the discharge-admission interval. However, some pathogens may
only transiently colonise patients reducing the period of infectiousness. To simulate
this effect, we have introduced a cut-off readmission time Tr, such that β becomes
0 after a discharge-admission interval of length Tr. For Tr > 180 days, almost no
impact is observed on all model results. This can be easily explained by noting
that 93-94% of patients spent less than half a year in the community before being
readmitted to hospital (c.f. Fig. 5.S1). Further decreasing the cut-off Tr slows the
dissemination rate, increasing overall detection times. However, our main results
remain unaffected. This can be seen in further detail in Fig. 5.S4, 5.S5, and 5.S6 ,
which were obtained in the baseline configuration (β = 0.001, γ = 0) together with
a cut-off Tr = 30 days.

To study how the introduction of non-homogeneous transmission probabilities
affects our results, we employ a scenario in which we associate a different trans-
mission probability to each pair of connected hospitals in the healthcare network.
These transmission probabilities are randomly sampled, with uniform probability
distribution, from the range 0.2β0 – 5.0β0. We sample these values only once,
using the same set of probabilities in all simulation replicates.

Results of repeating the baseline analyses when employing heterogeneous trans-
mission probabilities are shown in Fig. 5.S7, 5.S8, and 5.S9. Detection times are
increased, but the ratio of different selection schemes to our gold standard do
not show much variation. As in the baseline scenario, this is the best performing
method, and selecting sentinels according to number of patients admitted after a
previous discharge from other hospital is the next best choice.

To evaluate the impact of a positive correlation between probability of transmis-
sion and hospital category, we repeat our analysis associating higher β with patient
movements from/to tertiary hospitals. In particular, starting from the baseline
scenario we run our model in two additional configurations, scaling up transmission
probability associated with these referrals as β = 2× β0 and β = 5× β0. We then
computed the difference in detection times obtained with the greedy algorithm
(detection time optimization) and random selection when 20% of hospitals are
recruited as sentinels. This time difference is a measure of the efficiency gain of
our approach. We observe that in the English hospital network the introduced
correlations increase the difference in detection time by 6–16%. No significant
change in efficiency gain was observed in the Dutch healthcare network.

To study the effect of simple homogeneous variations in the model parameters we
scaled the probability of transmission by a constant factor, repeating our analyses
with β equal to 0.1 x, 0.5 x, 2.0 x, and 10 x the baseline value β0.

In the emergent pathogen model, scaling the transmission probability by a
constant factor yields scaled detection times, with only a small impact on detection
times ratios. For example, increasing β by a factor of 2.0 we observe that mean
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detection times decrease by 50%. Conversely, decreasing β by a factor of 2.0 doubles
mean detection times. The gold-standard method remains the best performing
selection scheme, and ratios of detection times are unaffected.

Results of the endemic pathogen model with re-scaled β and γ are shown in
Fig. 5.S8 and 5.S9. Re-infection times associated with tertiary hospitals are, also
in this case, the lowest among the different hospital types.

In conclusion, the above analyses show that our results are robust under changes
in model parameters and assumptions, despite the expected impact on rates of
pathogen spread and absolute detection times. In the surveillance of nosocomial
pathogens that predominantly spread through inter-hospital patient transfers, our
gold-standard computational approach to sentinel selection is the best performing
method. Moreover, detection times improve rapidly as up to 20% hospitals are
included in the surveillance system, but much less rapidly thereafter. A near
optimal solution is to prioritise hospitals simply on the basis of the number of
admitted patients that have previously been discharged from a different hospital,
which corresponds well to prioritising tertiary hospitals.

Figure 5.S1: Time to subsequent admission. Cumulative probability, estimated
as cumulative relative frequency, of time to subsequent admission in the English(EN)
and Dutch(NL) healthcare networks. The insert shows the corresponding probability
distributions.
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Figure 5.S2: Hospital category and network metrics in the optimal sentinel
list. Hospital category and network metrics associated with each hospital in England
(panel A) and the Netherlands (panel B). The i-th hospital in the priority list obtained
with the greedy algorithm is displayed at position i/N along the x-axis, with N the
total number of hospitals in the country. The values for each network metric have been
normalized dividing by the maximum value among all hospitals (i.e. the range of the y-axis
is 0–1 in all sub-panels). Each sub-panel corresponds to a different normalized network
metric: in-degree (id), in-flux (if), h-index (hi), betweenness centrality (cb), closeness
centrality (cc), and eigenvector centrality (ce). For reference, mean detection time in
years (DT) obtained with the greedy algorithm is shown in the lowermost sub-panels (cf.
Fig. 2A).
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Figure 5.S3: Comparative performance of different selection schemes. Ratios
of mean detection time obtained with different selection schemes to detection time obtained
with the greedy algorithm in England (panel A) and the Netherlands (panel B). Ratios
of mean number of affected hospitals at detection time obtained with different selection
schemes to number of affected hospitals obtained with the greedy algorithm in England
(panel C) and the Netherlands (panel D). Hospitals have been selected randomly (rnd),
and according to in-degree (id), number of admitted patients previously discharged from
a different hospital (if), h-index (hi), betweenness centrality (cb), closeness centrality
(cc), and eigenvector centrality (ce). The curve corresponding to random selection was
calculated as the mean of 1000 random re-orderings of the hospital priority list. All curves
obtained in the baseline scenario (β = 0.001 and γ = 0). As an aid to comparison, the
curve of equality with the gold standard (i.e. ratio = 1.0) is plotted with a dotted line.
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Figure 5.S4: Mean detection time in a sentinel surveillance programme with
time to subsequent admission cut-off. Mean detection time of a novel nosocomial
pathogen following emergence in a single, randomly selected hospital, versus fraction
of hospitals participating in a sentinel surveillance programme. The continuous lines
correspond to results obtained using the greedy algorithm with the English (EN: greedy)
and Dutch (NL: greedy) data sets. The shaded region and the dash lines (EN: random,
and NL: random) correspond to 1000 random selections of sentinel hospitals and their
mean, respectively. The dotted lines (EN: baseline, and NL: baseline) show mean detection
time when sentinels are selected according to the greedy algorithm applied to the baseline
configuration. The two upper panels show information on hospital category for England
(EN) and the Netherlands (NL): the symbol corresponding to the i-th element in the
priority list obtained with the greedy algorithm is displayed at position i/N along the
x-axis, with N the total number of hospitals in the country. All curves obtained in the
baseline scenario (β = 0.001 and γ = 0), introducing a cut-off of time to subsequent
admission of Tr = 30 days.
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Figure 5.S5: Detection time ratios with time to subsequent admission cut-off.
Ratios of mean detection time obtained with different selection schemes to detection time
obtained with the greedy algorithm in England (panel A) and the Netherlands (panel B).
Hospitals have been selected randomly (rnd), and according to in-degree (id), number
of admitted patients previously discharged from a different hospital (if), h-index (hi),
betweenness centrality (cb), closeness centrality (cc), and eigenvector centrality (ce). The
(bs) curve shows the result of selecting the hospitals according to the greedy algorithm
in the baseline scenario (i.e. without discharge-admission interval cut-off). The curve
corresponding to random selection was calculated as the mean of 1000 random re-orderings
of the hospital priority list. All curves obtained in the baseline scenario (β = 0.001 and
γ = 0), introducing a cut-off of time to subsequent admission of Tr = 30 days. As an aid
to comparison, the curve of equality with the gold standard (i.e. ratio = 1.0) is plotted
with a dotted line.
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Figure 5.S6: Time to re-acquisition with time to subsequent admission cut-
off. Box plots of median HCAI-free time in the endemic regime in England(panel A) and
the Netherlands (panel B). Median times have been grouped according to type of hospital.
Different colours correspond to different values of γ. Box bottom and top represent the
lower and upper quartiles, respectively. Lower and upper line ends represent 5th and
95th percentiles, respectively. The horizontal bar corresponds to the median. To aid
in the comparison, the same scale as in figure 4 is employed. Elimination rates (γ) are
expressed in units of year−1. Plot obtained in the baseline scenario (β = 0.001 and γ = 0),
introducing a cut-off of time to subsequent admission of Tr = 30 days.
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Figure 5.S7: Mean detection time in a sentinel surveillance programme with
heterogeneous β. Mean detection time of a novel nosocomial pathogen following
emergence in a single, randomly selected hospital, versus fraction of hospitals participating
in a sentinel surveillance programme. The continuous lines correspond to results obtained
using the greedy algorithm with the English (EN: greedy) and Dutch (NL: greedy) data
sets. The shaded region and the dash lines (EN: random, and NL: random) correspond to
1000 random selections of sentinel hospitals and their mean, respectively. The dotted lines
(EN: baseline, and NL: baseline) show mean detection time when sentinels are selected
according to the greedy algorithm applied to the baseline configuration. The two upper
panels show information on hospital category for England (EN) and the Netherlands
(NL): the symbol corresponding to the i-th element in the priority list obtained with the
greedy algorithm is displayed at position i/N along the x-axis, with N the total number
of hospitals in the country. The per-patient transmission probability associated with each
pair of hospitals has been randomly sampled as described in the Supplementary Methods.
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Figure 5.S8: Detection time ratios with heterogeneous β. Ratios of mean de-
tection time obtained with different selection schemes to detection time obtained with
the greedy algorithm in England (panel A) and the Netherlands (panel B). Hospitals
have been selected randomly (rnd), and according to in-degree (id), number of admitted
patients previously discharged from a different hospital (if), h-index (hi), betweenness
centrality (cb), closeness centrality (cc), and eigenvector centrality (ce). The curve corre-
sponding to random selection was calculated as the mean of 1000 random re-orderings of
the hospital priority list. The per-patient transmission probability associated with each
pair of hospitals has been randomly sampled as described in the Supplementary Methods.
As an aid to comparison, the curve of equality with the gold standard (i.e. ratio = 1.0) is
plotted with a dotted line.
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Figure 5.S9: Time to re-acquisition with heterogeneous β. Box plots of median
HCAI-free time in the endemic regime in England(panel A) and the Netherlands (panel
B). The per-patient transmission probability associated with each pair of hospitals has
been randomly sampled as described in the Supplementary Methods. Median times have
been grouped according to type of hospital. Different colours correspond to different
values of γ. Box bottom and top represent the lower and upper quartiles, respectively.
Lower and upper line ends represent 5th and 95th percentiles, respectively. The horizontal
bar corresponds to the median. To aid in the comparison, the same scale as in figure 4 is
employed. Elimination rates (γ) are expressed in units of year−1.
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Figure 5.S10: Time to re-acquisition with rescaled β and γ. Box plots of median
HCAI-free time in the endemic regime in England. The transmission probability β is 0.1 x
(A), 0.5 x (B), 2.0 x(C) and 10.0 x (D) of the baseline value β0 = 0.001. Median times
have been grouped according to type of hospital. Different colours correspond to different
values of γ. Elimination rates (γ) are expressed in units of year−1.

100



5.5 Appendix

Figure 5.S11: Time to re-acquisition with rescaled β and γ. Box plots of median
HCAI-free time in the endemic regime in the Netherlands. The transmission probability
β is 0.1 x (A), 0.5 x (B), 2.0 x(C) and 10.0 x (D) of the baseline value β0 = 0.001. Median
times have been grouped according to type of hospital. Different colours correspond to
different values of γ. Elimination rates (γ) are expressed in units of year−1.
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Table 5.S1: Mean number of affected hospitals, and 90th percentile (i.e. 90% of
simulation replicates yield fewer affected hospitals), when 20% of all hospitals are recruited
as surveillance sentinels. Results were obtained in the baseline scenario (β = 0.001 and
γ = 0). Each row corresponds to a different sentinel selection scheme, namely greedy
algorithm with optimization of number of affected hospitals at detecetion time, random
selection, and prioritisation according to network connectivity metrics: in-degree, in-flux,
h-index, betweenness centrality, closeness centrality, and eigenvector centrality. The
values corresponding to random selection were calculated as the average of mean and
90th percentile detection time over 1000 random re-orderings of the hospital priority list.
For England, column 4 shows the fraction of available hospital beds (out of the national
total) that belong to the sentinel hospitals recruited with each selection scheme.

England Netherlands∗

Selecion scheme Mean 90th percl % of beds Mean 90th percl

Greedy 2.445 4.00 28.8 2.131 3.00
Random 4.837 10.36 19.9 4.703 10.06
In-degree 3.399 7.00 29.9 2.406 4.00
In-flux 2.729 5.00 31.0 2.185 3.00
h-index 4.246 10.00 29.4 2.363 4.00
Betweenness 7.949 19.00 16.1 5.487 11.00
Closeness 6.162 14.00 15.9 5.596 12.00
Eigenvector 9.745 24.00 28.0 2.520 4.00

∗Hospital size data were not available in the case of the Netherlands.
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Table 5.S2: Mean detection time, and 90th percentile (i.e. 90% of simulation replicates
yield shorter detection times), when 20% of all hospitals are recruited as surveillance
sentinels. Results were obtained in the baseline scenario (β = 0.001 and γ = 0), introducing
a cut-off of time to subsequent admission of Tr = 30 days. Each row corresponds to a
different sentinel selection scheme, namely greedy algorithm with detection time opti-
mization, random selection, and prioritisation according to network connectivity metrics:
in-degree, in-flux, h-index, betweenness centrality, closeness centrality, and eigenvector
centrality. The values corresponding to random selection were calculated as the average
of mean and 90th percentile detection time over 1000 random re-orderings of the hospital
priority list. For England, column 4 shows the fraction of available hospital beds (out
of the national total) that belong to the sentinel hospitals recruited with each selection
scheme.

England Netherlands∗

Selection scheme Mean[y] 90th percl[y] % of beds Mean[y] 90th percl[years]

Greedy 0.645 1.611 27.9 1.770 4.430
Random 0.922 2.177 19.9 2.622 5.853
In-degree 0.828 2.055 29.9 2.332 5.488
In-flux 0.783 1.973 31.0 2.204 5.192
h-index 0.911 2.266 29.4 2.317 5.471
Betweenness 1.050 2.351 16.1 2.746 6.063
Closeness 0.971 2.225 15.9 2.905 6.488
Eigenvector 1.336 2.964 28.0 2.399 5.595

∗Hospital size data were not available in the case of the Netherlands.
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Table 5.S3: Mean detection time, and 90th percentile (i.e. 90% of simulation replicates
yield shorter detection times), when 20% of all hospitals are recruited as surveillance
sentinels. Results were obtained with unconstrained transmission (γ = 0), and per-patient
transmission probability associated with each pair of hospitals randomly sampled as
described in the Supplementary Methods. Each row corresponds to a different sentinel
selection scheme, namely greedy algorithm with detection time optimization, random
selection, and prioritisation according to network connectivity metrics: in-degree, in-flux,
h-index, betweenness centrality, closeness centrality, and eigenvector centrality. The
values corresponding to random selection were calculated as the average of mean and
90th percentile detection time over 1000 random re-orderings of the hospital priority list.
For England, column 4 shows the fraction of available hospital beds (out of the national
total) that belong to the sentinel hospitals recruited with each selection scheme.

England Netherlands∗

Selection scheme Mean[y] 90th percl[y] % of beds Mean[y] 90th percl[y]

Greedy 0.171 0.427 24.9 0.404 1.093
Random 0.243 0.580 19.9 0.649 1.402
In-degree 0.225 0.559 29.9 0.598 1.356
In-flux 0.217 0.553 31.0 0.562 1.288
h-index 0.251 0.636 29.4 0.595 1.351
Betweenness 0.265 0.595 16.1 0.699 1.488
Closeness 0.256 0.600 15.9 0.734 1.556
Eigenvector 0.349 0.786 28.0 0.613 1.384

∗Hospital size data were not available in the case of the Netherlands.
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Abstract

Background In the Netherlands efforts to control methicillin-resistant Staphy-
lococcus aureus (MRSA) in hospitals have been largely successful due to strin-
gent screening of patients on admission and isolation of patients that meet
the criteria for being at high risk. However, Dutch hospitals are not free of
MRSA, and a considerable number of cases are coincidental findings: cases
that do not belong to any of the risk categories. For some cases, carriage can
still be the result from undetected nosocomial transmission, while the origin
of carriage for others remains unknown. Estimating the size and scale of
clusters of undetected nosocomial transmission is a public health issue and
has implications for future policies.
Methods By combining routine data available for all MRSA isolates submitted
between 2008-2011 to the Dutch Staphylococcal Reference Laboratory, we
applied a clustering algorithm that combines time and place of bacterial
isolation and genetic distance of isolates to map the geo-temporal distribution
of MRSA clonal lineages over the entire Dutch health care network.
Results Of the 2966 isolates reported as coincidental findings, 579 were
part of geo-temporal clusters. The remaining 2387 were classified as MRSA
of unknown origin (MUO). We observed marked differences in the propor-
tion of isolates that belonged to geo-temporal clusters between specific MLVA
clonal complexes, indicating lineage-specific transmissibility. The majority of
clustered isolates (74%) were reported from more than one laboratory.
Conclusion The frequency of MRSA of unknown origin among patients with
coincidental MRSA is an indication of a largely undefined extra-institutional
but genetically highly diverse reservoir. Efforts to understand the emergence
and spread of high risk clones require the pooling of routine epidemiological
information and typing data into central databases to identify geo-temporal
clusters of undetected nosocomial transmission.
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6.1 Introduction

Occurrence of MRSA in hospitals differs markedly between countries (EARS-Net,
2011). The low levels in the Netherlands have conventionally been attributed to
the so-called Dutch search and destroy policy (Vandenbroucke-Grauls, 1996), which
stipulates that all patients who have had MRSA in the past or who are regarded
at high risk of being colonised or infected are screened on admission and treated
in strict isolation until screening results become available(Infection Prevention
Working Party, 2012). Despite of these efforts, hospitals in the Netherlands are
not free of MRSA. Time and again, MRSA is isolated from hospitalised patients
without obvious risk factors after being admitted for more than 2 days. This leads
to extensive screening of contact patients and possibly even hospital staff, which
can be rather disruptive.

Patients with these coincidental MRSA findings pose another epidemiological
and public health challenge. They either represent cases of primary introduction,
which are regarded as MRSA of unknown origin (MUO) or are the result of
unobserved secondary spread. The first would be suggestive of a tip of the iceberg
whereby the frequency with which MOUs are isolated in hospitals would be a
reflection of an undetermined extra-institutional reservoir, the second an indication
of hidden intra- or inter-institutional transmission chains.

Conventional hospital-based investigational epidemiology has its limitations as
it can only link cases with an apparent epidemiological association, for instance
if patients had shared a room, whereas data available at national public health
institutes or reference laboratories contain too little information to make these
obvious epidemiological links. However, molecular typing data, and information
about the location and time of isolation may provide sufficient detail to address
some of the above mentioned challenges.

By combining data available at the Dutch staphylococcal reference laboratory
at the National Institute for Public Health and the Environment (RIVM) we here
describe a genuine approach to map the distribution of MLVA types over time and
space and provide clues to the size and clonal composition of institutional and
multi-institutional MRSA clusters. We also determine the number and genetic
diversity of MUOs as an estimate of the frequency of primary hospital introductions
by patients without the obvious risk factors of MRSA carriage. Using the results
of these analyses, we draw conclusions about the ability of the search and destroy
policy to control MRSA in hospitals using the current guidelines, and the existence
of unknown reservoirs outside of hospitals.
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6.2 Methods

6.2.1 Data and algorithm

MRSA Surveillance

Primary MRSA isolates from patients admitted to Dutch hospitals are routinely
sent to the National Institute for Public Health (RIVM) and the Environment by all
microbiological laboratories in the Netherlands for reference typing. Each isolate is
investigated by Multi Locus Variable Number of Tandem Repeat Analysis (MLVA),
staphylococcal protein A (spa) typing and mecA and lukS lukF PCR as part of the
standard reference service. The hospitals are asked to complete a questionnaire
about epidemiological metadata for each isolate. This questionnaire includes
questions about the anatomical site of isolation, demographics of the patient, the
reason for sampling, and if the patient belonged to one of the risk-groups defined
by the Workgroup Infection Prevention (Infection Prevention Working Party, 2012).
We used data collected between 2008 and 2011 (4 years), and included only the
isolates for which information for the following variables was available: date of
isolation, MLVA type, postal code of patients’ residence, and hospital or health care
institution. We excluded duplicate isolates from the same patient, same institution
and same year. We used typing data partitioned at the level of MLVA clonal
complex (MC). Because of the large number of isolates belonging to MC398, and
because the algorithm is computationally intensive, we only used data from 2009
for the MC398 clonal complex.

Cluster Algorithm

To identify clusters of isolates with higher than expected geo-temporal occurrence in
the MRSA surveillance database, a non-parametric clustering algorithm proposed
by Ypma et al (2013) was used. In short, this algorithm uses the ranked distance
between any two samples for each of the variables, to calculate the combined
distance between them. Each isolate is assigned to its nearest neighbour, being the
closest isolate in the combined ranked distance. The resulting tree is subsequently
recursively split up by its weakest link, resulting in N − 1 possible clusters, where
N is the number of isolates. The combination of cluster size and the strength
of the weakest link in the cluster is then tested against 1000 random generated
transmission trees to assess whether its weakest link was stronger than could be
expected for a cluster of the same size under random assumption.

Ranked distance

For each variable, the pairwise ranked distance is calculated. The distance between
isolate A and B is defined as the number of isolates between them:
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di(a, b) = |p : Di(a, p) ≤ Di(a, b) ∧Di(b, p) ≤ Di(b, a)| − 1

Where |.| denotes the number of elements of a set, Di the absolute distance in
this variable and the -1 ensures di(a, a) = 0. We obtain the full distance d between
two points a and b as the product of the data type specific distances:

d(a, b) = dgen(a, b) ∗ dgeo(a, b) ∗ dtime(a, b)

Permutation test

To assess the distribution of the weakest link-strength for each cluster size under
random assumption, we performed a permutation test. For each of the variables,
a random order of samples was chosen, creating random combinations of the
variables per isolate. Subsequently, all weakest link-cluster size combinations were
determined as described above. For each cluster size, we selected the strongest link
out of the set of weakest links found for this permutation dataset. This process
was repeated on 1000 permutation datasets.

Distance measures

For each of the variables, a pairwise distance metric (Di) needs to be defined. For
date and residence postal code the difference between the dates of isolation in days,
and Euclidean distance between the centroids of the postal code areas were used.
For the MLVA data, the number of VNTR loci difference between the isolates was
used (range 0-8).

As the distance measure between health-care institutions, we used the referral
distance. This is the shortest path between two hospitals through the national
patient referral network (Donker et al, 2010), formed by the exchange of patients
between hospitals. The shortest paths between all hospitals were determined using
a simulated patient referral network (See supporting information).

6.2.2 Epidemiological validation

We performed the integrated cluster algorithm using the following variables: iso-
lation date, postal code of patients’ residence and MLVA type. In a subsequent
analysis, we replaced postal code of patients’ residence by position of health care
institution within the Dutch referral network. For each MLVA clonal complex, we
recorded the number of isolates that form geo-temporal clusters, the total number
of clusters, and the number of clusters that included isolates from more than one
hospital.

In order to test the robustness of the algorithm, we assessed the influence
of spurious connections on the clustering by repeating the analysis on randomly
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chosen subsets of the data. We selected 90% of the isolates and repeated the
cluster algorithm and permutation test. This jack-knife process was repeated 1000
times. The distribution of the percentage clustered isolates was compared with the
observed point-estimate, using the entire dataset.

Certain risk categories defined by the Dutch Working Group for Infection
Prevention (WIP, Infection Prevention Working Party (2012)) such as patients
who had contact with a known MRSA carrier are more likely associated with
nosocomial transmission and therefore isolates from these patients are more likely
to from clusters. Conversely, if patients were screened because they had previously
been hospitalised outside the Netherlands, the isolates can be expected to be
introductions, and not likely to from a cluster. We compared the odds of an isolate
belonging to a cluster, stratified by WIP risk category, to test whether the results
coincided with the expectations based on their epidemiological profile.

6.3 Results

6.3.1 MRSA Surveillance

Between 2008 and 2011, 14042 MRSA isolates were submitted to the National
Institute for Public Health and the Environment (RIVM for reference confirmation
and typing. Of these, 2864 were duplicate isolates and 2226 lacked information about
the patient’s place of residence and were excluded from the analysis. Molecular
typing grouped 7720 (86.2%) isolates into five dominant MLVA clonal complexes
(MC, Table 6.S2, Figure 6.1). The remaining 1232 isolates belonged to an additional
11 MCs. The MC that contained most isolates (3852, 43.0%) was MC398 coinciding
with sequence type (ST)398 which represents livestock-associated MRSA in the
Netherlands (de Neeling et al, 2007). Since the integrated cluster algorithm scales
exponentially with the number of isolates, inclusion of all MC398 isolates became
computationally too intensive and only MC398 isolates for 2009 were included into
the current study resulting in a total of 6295 isolates.

6.3.2 Clusters

Based on a novel algorithm that integrates time, place, and genetic distance, 1724
isolates (27.4%) formed 155 significant clusters that were unlikely to have occurred
by chance (Figure 6.2, Table 6.S3). Sixty-eight clusters (44%) included isolates
that originated from more than one health care institution, whereby the largest
cluster included isolates from 21 different hospitals, and 74% of all clustered isolates
were part of multi-institutional clusters. The proportion of isolates that formed
clusters differed considerably between different MLVA clonal complexes. Only 4.4%
of the MC398 isolates were part of a cluster in contrast to 46.6% in MC45 (Figure
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Figure 6.1: Isolates included in the study. Of the 14042 isolates submitted to the
national institute for public health and the environment, 5090 isolates were excluded (2864
duplicates and 2226 lacking information). A further 2657 MC398 isolates were excluded
to reduce computational time, resulting in a total of 6295 isolates used in the integrated
algorithm.

6.3). The dominant community and animal-associated MLVA complexes showed
significantly lower proportions of clustered isolates than MLVA complexes typically
associated with HA-MRSA. Identified clusters appeared to be robust since observed
point estimates were within the interquartile range of the jack-knife intervals for
the majority of dominant MLVA clonal complexes (Figure 6.3).

When using the position of the health care institutions within the national
patient referral network instead of postal code of patients’ residence, we identified
1420 isolates (Table 6.S4) forming 142 clusters, whereby 47 clusters were multi-
institutional. Clusters in this analysis largely overlapped with that using patients’
postal code, i.e. 1120 isolates clustered in both analyses, and the proportions of
clustered isolates per MLVA clonal complex show a similar pattern in both analyses
(Figure 6.S1).
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Figure 6.2: Data sources for cluster detection in MRSA isolates in the Nether-
lands 2008 to 2010, MLVA complex 8. A) The postal code of the patients’ home
addresses, B) the MLVA cluster, here shown as a minimum spanning tree, and C) time
at which the sample was isolated, here shown in weekly aggregate numbers. Light gray
denotes isolates outside clusters, blue, red, green, and black show the isolates present in
the four largest clusters. The other clustered isolates are shown in dark gray. Whereas
each of the sources shows weak clustering pattern, the three sources, taken together, reveal
considerably stronger clustering pattern.

6.3.3 Coincidental findings

Of the 6295 isolates, 2966 (47.1%) represented coincidental findings which consisted
of isolates marked as unexpected findings and clinical isolates submitted directly
from laboratories unaccompanied by epidemiological information collected by
infection control nurses. Of these isolates, 579 (19.5%) were part of a cluster, when
using the patient’s residence. When using the position of the health care institution
within the national patient referral network, 467 (15.7%) of these isolates were
identified as part of a cluster. We could therefore not establish an epidemiological
association for 2387 (37.9%) of all isolates which thus represent true MUOs.
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Figure 6.3: The proportion of isolates part of a cluster according to the algo-
rithm, dots show the point estimate, box plots (median, IQR, 95% interval) include jack-
knife estimates for 90% of the isolates. Common hospital-associated MRSA strains (MC5,
MC45, MC22) show higher proportions of clustering than community-(MC8) or livestock-
associated (MC398) MRSA.

6.3.4 Epidemiological validation

For 1757 (27.9%) isolates epidemiological metadata including the patient’s WIP risk
categories were known. The most frequent risk category was “contact with farm
animals” which coincided with the isolation of an MC398 strain. Among the other
MCs the most common risk categories were “admission from a foreign hospital” and
“admitted to hospital with known MRSA problem” (See table 6.S2). The results
from the cluster analysis were largely supported by this additional information.
Of all isolates from patients who were admitted after hospitalisation abroad, only
8% clustered, while 72% of the isolates from patient who shared a room with
known MRSA carriers clustered. Moreover, most isolates (59%) identified as part
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of contact screening were part of a cluster (Figure 6.4). Also isolates containing the
Panton-Valentine Leukocidin (PVL) gene, commonly associated with community
acquisition(Otter & French, 2010; Francis et al, 2005; Zetola & Francis, 2005)
and mainly representing coincidental findings in our sample (60%), only clustered
occasionally (Figure 6.5). MC8 harboured the largest proportion (40.5%) of the
PVL-positive isolates. Among clustered MC8 isolates, only 12% were PVL-positive
versus 50% of those that did not cluster (p<0.0001).

Figure 6.4: The odds of belonging to a cluster of isolates differ considerably
between epidemiological risk categories. The results of the clustering algorithm
overlap with expectations based on risk group. The coincidental findings more often fall
outside the clusters, while isolates obtained as part of contact tracing during outbreaks,
were more often found within clusters. Category 2b* is a health care worker (HCW)
specific risk group.

Figure 6.5: The proportion of isolates positive for Panton-Valentine Leukocidin
(PVL) is higher amongst cases outside the clusters. Black bars show clustered isolates,
grey bars show non-clustered isolates. A) The proportion of PVL+ cases for the largest
MLVA clonal complexes (MCs), and B) for isolates obtained as part of contact tracing
during outbreaks, those isolated within 48 hours after admission (community onset), and
coincidental. C) In absolute number of isolates, most PVL-positive isolates are found
among coincidental findings outside clusters.
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6.4 Discussion

Stringent screening policies are implemented in the Netherlands for patients who
belong to risk categories. These risk categories identify many MRSA carriers
on admission to Dutch hospitals. However, a considerable number of MRSA
isolates submitted to the National Institute for Public Health and the Environment
(RIVM) are isolated from patients who do not belong to any of the risk categories
and represent coincidental findings. The corresponding isolates are often just
marked as unexpected findings, or submitted to the reference laboratory without
accompanying epidemiological information. Some of these coincidental isolates are
the result of unobserved transmission while others were introduced from hitherto
undefined reservoirs. Isolates of the last group can be regarded as “MRSA of
Unknown Origin” (MUO) (Lekkerkerk et al, 2012).

Utilising an integrated clustering algorithm (Ypma et al, 2013), we were able to
map the distribution of MLVA types over time and space across the entire Dutch
health care system, and thus determine the size and clonal composition of clusters
of related isolates. This allowed us to infer what proportion of isolates belonging to
any specific lineage is typically associated with intra- and inter-hospital transmission
and determine the number and genetic diversity of MUOs as an estimate of the
frequency of primary introductions and the size of extramural reservoirs.

The algorithm assigned 579 of the 2966 (19.5%) coincidental isolates to clusters,
indicating a close epidemiological association, probably attributable to transmission.
This finding illustrates that local hospital epidemiologists are unable to identify
all nosocomial transmission events especially if transmission chains extend over
different health care institutions. The remaining coincidental isolates, which
represented almost 40% of all included submissions, showed no epidemiological
associations and represented true MUOs. Their exact reservoir remains elusive,
although the high proportion of PVL-positive isolates among the MUOs in MLVA
clonal complex 8 (MC8) clearly suggests a community origin (Otter & French, 2010;
Francis et al, 2005; Zetola & Francis, 2005).

The shortcomings in the epidemiological data are a reflection of how conventional
epidemiological methods rely heavily on data collected on-site by infection control
staff. Although the data collection for a single case may appear rather manageable,
the cumulative effort for all cases becomes daunting given the current constraints on
human personnel and economic resources in health care institutions. This reduces
the sensitivity of local investigational epidemiology because cases will be missed
and direct links disappear. The autonomous nature of the clustering algorithm is
therefore one of its key advantages. The algorithm only requires the most basic
information: time, place and genomic profile and can suggest epidemiological
associations in an unbiased manner.

We tested the results for epidemiological consistency using the available meta-
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data for a subset of isolates and found a high correlation between the WIP risk
groups and the degree of clustering as suggested by the algorithm. Isolates that
were generally considered to be introduced by patients after a period of hospitalisa-
tion abroad were unlikely to form clusters (OR = 0.22), while isolates obtained as
part of contact tracing during outbreaks, were more often found within clusters
(OR = 4.38). However, the sensitivity of clustering algorithms always depends on
the sampling density. If fewer isolates are collected, it will become harder for the
algorithm to distinguish outbreaks from the independent introductions, because
fewer isolates from the outbreak will be available. This would mainly apply to
short transmission chains, larger events will still be detected, because the chance
of finding two related cases increases with the number of cases in the chain. It is
therefore possible that some of the isolates assigned as independent introductions
were still part of small, but largely unobserved, transmissions, which have been
missed.

The algorithm tries to find clusters of cases without prior knowledge of the
structure of the data. Consequently, some of the links within a cluster may be weak
if two of the three epidemiological parameters (location, time and genetic distance)
suggest a non-random association. For instance, a cluster can include isolates based
on spatial and temporal proximity that for evolutionary reasons would be deemed
more peripheral. Given these potential shortcomings in specificity we expect that
at least 40% of all incident MRSA cases in Dutch health care institution between
2008 and 2011 were MRSA of unknown origin. Intriguingly, more of these isolates
could be assigned to clusters when patients’ residential postal codes were used as a
proxy for location rather than the position within the national referral network
of the patient’s health care institution. This may be an indication of community
transmission and suggests that MUOs recovered from admitted patients indeed
represent a sample of MRSA co-circulating among non-hospitalised individuals in
Dutch communities.

Using a cluster algorithm to identify clusters of related isolates delivers novel
insights in the dynamics of MRSA at national level that can aid the design of
novel intervention strategies and guidelines. Firstly, many of the clusters connect
multiple health-care institutions, which would have remained undetected if only
the isolates were typed locally and isolates not be made available to reference
laboratories. These multi-institutional clusters are likely caused by referred MRSA-
positive patients between hospitals. It shows how the occurrence of nosocomial
pathogens in hospitals cannot be viewed as events in single, independent units.
Any intervention strategy or surveillance system adds value if it is organised at
regional or national level.

Secondly, the proportion of clustered isolates reflects the propensity of a clone
to spread through the hospital population, as nosocomial transmission will result in
clustered isolates. The isolates belonging to MC398, representing ST398, show very
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few clusters. These livestock-associated MRSA isolates are considered to spread
easily within and between animal herds (Van Loo et al, 2007), but apparently
only spread through the human population on a very limited scale. Most of
the MC398 isolates would therefore be the result of independent introductions
presumably from the animal reservoir. This same pattern is seen in MRSA strains
associated with community acquisition. Novel intervention strategies will require
rapid identification at clonal level to take the differential transmissibility into
account and inform infection control measures on the basis of epidemic potential
of individual clonal lineages of MRSA.

The results also hold implications for the current guideline in the Netherlands.
The search and destroy policy is able to prevent a significant part of the MRSA
transmission in Dutch hospitals by identifying patients at risk. In that way, the
policy contributes to the low MRSA prevalence in the Dutch hospitals, and should
therefore be maintained. However, this will become an increasingly difficult task,
as we expect the number of MUOs to rise. The suggested community reservoir of
these MUOs calls for a more detailed risk analysis to improve the WIP categories
and maintain the low MRSA prevalence in Dutch hospitals.
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6.5 Appendix

Simulating the hospital network

In order to measure the distance between hospitals, we simulated the national
patient referral network of the Netherlands. The general structure of this network
(Donker et al, 2010) is known, however, the exact position of each of the hospitals
is not known, because they are only known by their semi-anonymous identifier. We
therefore calculated the pairwise distance between the coordinates of all hospitals,
measured on the Dutch national grid. These distances (Dij) were then used to
calculate the link strength between hospitals:

Lij = wij/Dij

Where wij is a weight factor (See table 6.S1) to compensate for the disassortative
mixing between hospital categories. The resulting metric is similar to the patient
flow between hospitals, a high value indicates hospitals close together, a low value
hospitals further apart. It is, however, not a direct reflection of the number of
exchanged patients, but the resulting network has a similar structure to the original
measured one (Figure 6.S2).

Table 6.S1: To simulate the patient referral network, the geographical distance between
hospitals was compensated by a weight depending on the types of hospitals, to account
for the disassortative mixing between hospitals in the network (i.e. general hospitals tend
to refer to teaching or university hospitals, not to other general hospital).
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General hospital 1 3 5
Teaching hospital 3 1 7
University hospital 5 7 1
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Figure 6.S1: The proportion of isolates part of a cluster according to the algo-
rithm. The results of the analysis using the postal code are shown in black, results from
the analysis using the patient referral network in green. Using the network as distance
measure generally delivers less and smaller clusters.
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Figure 6.S2: The structure of the patient referral network shown as a minimum
spanning tree. A) The patient referral network constructed from the Dutch Medical
Registry 2004. B) The network reconstructed using geographical distances between
hospitals, weighted by a hospital category-specific factor. Red squares denote university
hospitals, blue triangles teaching hospitals, and black dots general hospitals. The structure
of both networks is more or less the same, with groups of general hospitals around university
hospitals, and a back-bone structure consisting of mostly University and teaching hospitals.
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Chapter Seven

Conclusion

Person-to-person transmission of bacteria is the single most important means for
the dispersal of antibiotic resistance among patients hospitalised in health care
institution as well as populations outside of hospitals. Since no new antibiotics
are being developed and very few novel compounds with antibiotic properties are
currently being discovered it will take many years before new medicines would
become available for the treatment of antibiotic resistant infections. Modern
medicine, however, relies on effective antimicrobial chemotherapy as patients
undergo increasingly challenging interventions such as implant and transplant
surgery, advanced cancer therapy or intensive care treatment. If no new antibiotic
will become available any time soon the only way of tackling this void would be
by addressing the dispersal of resistance by transmission. If the introduction of
antibiotic resistant bacteria into hospital could be controlled and postponed, the
existing antibiotic therapies can be effective for longer.

Many of the conventional measures to control antibiotic resistance rely on
standard hospital infection control, in order to reduce person-to-person transmission
during direct or indirect contact between patients. Very few control measures or
guideline recommendations consider reducing transmission by changing the contact
structure between patients and health care workers. One of the few examples of
minimizing contact between patients is staff cohorting: the reduction of the number
of different patients per health care workers (and vice versa), thus reducing mixing
of patients in hospital Austin & Bonten (1999), consequently reducing the rate of
transmission.

We here provide an alternative to guidelines that rely on direct hospital infection
control, by altering the structure of patient contacts. This prevents many of the
contact events required for transmission to occur, making the whole health care
system more resilient against outbreaks of hospital-associated pathogens. This
opens a novel approach towards better understanding of transmission and helps in
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Conclusion

the design of trials by quantifying the effects attributable to interventions. The
results in this thesis deliver new approaches towards intervention measures to
mitigate the dispersal of resistant bacteria and other hospital-associated pathogens,
by revealing the underlying structure of crucial transmission networks.

We have shown that referral patterns of patients which move between hospitals
have a non-trivial impact on the dispersal of hospital-associated pathogens that
are frequently antibiotic resistant. Thereby, we introduced a novel metric ’the
infectious relative indegree (IRI)’ as an important measure for asymmetric hospital
interconnectedness, as we have shown in chapter 2. IRI measures the fraction
of potentially colonised patients among all admitted patients. These potentially
colonised patients have been previously admitted to a different hospital and have
therefore an increased chance of carrying a hospital-acquired pathogen on secondary
admission. Only a fraction of these patients will be required to successfully introduce
and subsequently spread the pathogen in the hospital for the pathogens to be
maintained in the population. Hospitals with a higher IRI, often teaching or
university hospitals, are therefore at higher risk of encountering the pathogen and
are expected to show higher prevalence. The central position of the university and
teaching hospitals makes them ideal candidates for extra investment in infection
control.

That hospital network dynamics have a role and are not purely theoretical could
be demonstrated in chapter 3. Model predictions based on the observed patient
movements through a national hospital referral network largely coincided with
the reported incidence of MRSA in hospitals. We could show that IRI correlates
well with the MRSA bacteraemia rates in English hospitals, recorded as part
of the Department of Health (DoH) mandatory MRSA reporting scheme. As
a consequence of the community structure of typical national hospital referral
networks, MRSA bacteraemia rates are also affected by the rates in other hospitals
of the same health care collective. These health care collectives consist of hospitals
that exchange more patients with each other than with other hospitals in the patient
referral network. Most of the readmitted patients a hospital receives thus originate
in hospitals from the same collective. If the other hospitals in the collective suffer
higher MRSA rates, the number of MRSA introductions will therefore be higher,
resulting in higher intra-hospital prevalence. It is therefore important that infection
control efforts are regionally coordinated, with the necessary transparency about
the colonisation status of patients not only on admission but also on discharge for
all health care institutions in the collective.

The structure of the patient referral network can be used to mitigate the dispersal
of hospital-associated pathogens without direct infection control efforts. Lowering
the total number of exchanged patients between hospitals will of course diminish
the net dispersal. This may not be a feasible option because, in general, many
hospitals are specialized and do not provide treatment for all possible conditions.
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7.1 Policy implications

Patients requiring specialist care will inevitably be referred. However, a nation-wide
spread of hospital-associated pathogens can be diminished by keeping patients
within the naturally evolved health care collectives, and in chapter 4 we have shown
that this can be done by redirecting only a relatively small fraction of patients.
Along the same line, the dispersal will ultimately accelerate, if the national health
care utilisation structure is altered by creating supra-regional specialist centres,
which are –as a matter of fact– planned for the Netherlands.

Apart from trying to change the patient referral patterns as a means of mitigating
the national dispersal of hospital-associated pathogens, the structure of the patient
referral network can be used to inform a strategy for setting up sentinel surveillance
in hospitals as an early warning system for emerging hospital-associated pathogens
such as high risk clones with important resistance, virulence or tenacity traits.
Some hospitals have a high probability of encountering new infections early in an
epidemic, because of their inherent position in the patient referral network, making
them ideal candidates for sentinel surveillance. As we have shown in chapter 5,
a randomly selected set of hospital would take considerably longer to detect the
incipient national dispersal of high risk clones.

When evaluating the spread of hospital-associated pathogens, the patient referral
network should be taken into account, because any incident case in one hospital
can very well be part of a larger outbreak, including multiple hospitals. In chapter
6 we put our observations to the test, by applying a new clustering algorithm.
We could assess the dynamic spread of certain clonal lineages of MRSA through
Dutch health care institutions on the bases of data that are routinely collected in
National Reference Laboratories. We could also attribute differential transmission
probabilities to different clones that co-circulate in the patient populations and
assess potential reservoirs of community-acquired MRSA from the frequency of
isolates unrelated to clusters. If the data would have been analysed at the single
hospital level, a large part of the spread would have remained undetected.

7.1 Policy implications

7.1.1 Hospital specific investments

The patient referral network has a clear hierarchically distributed structure, in-
dicating that few receive most and many receive little. This gradient calls for
investments in infection control tailored to individual hospitals. Extra investments
in infection control in hospitals that share patients with many other hospitals
may have a relatively large effect Karkada et al (2011), whereby admission and
discharge screening would benefit entire health care collectives.

Long term care facilities (LTCFs) were not considered in our network analysis,
but their position in the patient referral chain can be deduced from our analysis.
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LTCFs include rehabilitation centres, but most importantly also institutions for the
health-care for the elderly. They are generally smaller than hospitals but there are
more of them. Importantly, most if not all of their patients will have been referred
from an acute care hospital. Thus it is expected that LTFCs will have a rather
high IRI, and therefore a high prevalence of hospital-associated pathogens among
their residents. This will eventually put them into a position where they may
collectively serve as a reservoir for hospital-associated pathogens if their patients
are reintroduced into the referral network. The LTCFs should therefore attain a
high priority in decision about where and how to invest in infection control.

7.1.2 Regional infection control

The clear community structure of the two national hospital referral networks that
we were able to analyse, indicates that most patient movements occur between
peripheral hospitals and regional referral centres. This necessitates a regional
approach to the organisation of infection control efforts. This collaboration should
include all health care institutions that are part of the regional health care collec-
tives defined by the network analysis of natural patient movements. Between all
participants within these collectives, complete transparency about the colonisation
status of patients on admission or discharge is needed for the control of the spread
of hospital-associated pathogens to succeed.

Furthermore, regional health care collectives should be empowered to cater
for most patient needs in terms of specialist diagnostics and treatment. This
would make the entire network more resilient against the national dispersal of
hospital-associated pathogens, by obviating unnecessary patient referrals between
regions. We determined that the fraction of patients that need to be redirected
would be small. However, the patterns of interregional patient referrals can
be seen as an emerging property of the health care system national as well as
internationally. Reversing this trend may not be straight-forward. The (re)-
distribution of specialties, expert capacity, and equipment that currently is under
way is driven by economic considerations. Moreover, to allow for a more market
oriented behaviour in the health care sector, countries (such as England) prepare
league tables of hospital performance indices. This means that in the future more
patients will be admitted to specialist hospitals far away from their residence
or choose institutions in different geographical locations on the basis of their
performance index or maybe even in different countries. As recent as September
2013 a new EU directive opens the entire EU to cross border health care (EU
directive 2011/24/EU). This emergent pattern makes it hard to change patient
referral destinations, because they will be increasingly governed by choices and
incentives.

In order to effectively redirect patients, the health care landscape needs to
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be shaped in such a way that its users will logically follow. Unnecessary patient
transfers might be avoided by entrusting general practitioners, as the patient’s first
contact with individual management of patient health-care careers. Furthermore,
health management strategies need to understand incentives and disincentives
immanent to reimbursement schemes for the health care system as a whole, taking
the adverse effect of cross-collective and cross-border referrals into account.

7.1.3 Utilise network for monitoring

The national patient referral network can be utilised for monitoring the spread
of hospital-associated pathogens. In setting up a surveillance system, choosing a
specific set of hospitals will result in a significant reduction in the detection time.
Choosing a number of random hospitals would therefore stump the monitoring
efforts. The monitoring of hospital-associated pathogens can further be aided by
data available at national reference laboratories, through identifying clonal lineages
of public health importance, and directing interventions accordingly.

From the perspective of a national reference laboratory in the Netherlands,
many of the coincidental findings, from patients that were not included in one
of the risk categories set by the Werkgroep Infectie Preventie (WIP), originate
from –up to now– unknown reservoirs. Analytical epidemiological studies should
address or identify common risk factor for the patients colonised with this MRSA
of unknown origin (MUO), in order to improve the WIP guidelines. The WIP
guideline is for a large part developed to keep MRSA out of hospitals, by defining
patient risk categories, and prescribes the screening and pre-emptive isolation
of high risk patients to prevent the potentially present MRSA from spreading
through the hospital. MUOs can spark new outbreaks in hospitals; after all, the
patients are not pre-emptively isolated because they do not fall in one of the WIP
categories. An undetected outbreak can easily spread between hospitals and cause
more local outbreaks, underscoring the importance of identifying risk factors for
MRSA colonisation.

7.2 Conclusion

The number of therapeutic options to treat bacterial infections will quickly diminish
with the relentless increase of antibiotic resistance. Because almost no newly
developed antibiotics will be available in the near future, the mitigation of the
dispersal of resistance traits among bacterial pathogens is of increasing importance.
From the results presented in this thesis, we can derive a number of feasible action
points that will reduce the risk for a nation-wide dispersal of antibiotic resistant
clones of hospital-associated pathogens. (1) Direct investments in infection control
efforts to the hospitals that are most connected, i.e. central to the national hospital
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referral networks. (2) Coordinate infection control efforts regionally. (3) Leave
naturally evolved health-care collectives intact, keeping patients in their own region
as often as possible and refrain from creating supra-regional or national specialist
centres. (4) Set up a sentinel system based on the analysis of patient movements
between hospitals to quickly detect new hospital-associated pathogens or resistance
mechanisms. (5) Identify bacterial clones of public health importance by analysing
routinely-available data at national reference laboratories using molecular and
modern mathematical modelling approaches.
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Summary

Introduction

The increasing prevalence of antibiotic resistance is a global threat to human health,
rendering otherwise treatable diseases potentially life-threatening. An estimated
25,000 lives were lost as a result of infections caused by one of the five main
antibiotic resistant bacteria in the European Union in 2007, with a total extra
health care cost and productivity loss of 1.5 billion Euro each year (ECDC &
EMEA, 2009). This trend is accentuated by the fact that no new antibiotics are
being developed, making the outlook for the future even worse. This emergency
prompted the World Health Organisation (WHO) to declare antibiotic resistance
as one of the three major threats to human health.Antibiotic resistance forms
a threat to the population of hospitalised patients in particular, who rely on
antibiotics to prevent and treat possible infections they become susceptible to
due to the treatment they receive. The frequent use of antibiotics among these
patients gives the resistant bacteria a selective advantage, making resistant bacteria
more prevalent in hospitals compared to the general population. Although not
strictly bound to health care institutions, resistance among opportunistic bacterial
pathogens is more frequently associated with hospitals and health care. The extra
effort to prevent and control the spread of resistant bacteria, as well as other
pathogens of nosocomial importance, rests on the shoulders of hospitals who are
competing in an increasingly deregulated market. In this market, the incidence
of infections with typical antibiotic resistant bacteria is often used as a hospital
performance indicator.

However, the use of incidence as a performance indicator implicitly assumes
that hospitals are independently in control of the occurrence of the pathogen. This
ignores potential differences in the number of cases imported through admitted
patients. Many patients are admitted to more than one hospital during their health
care career, often because they are referred for advanced treatment elsewhere.
These patients can then carry hospital-associated pathogens from one hospital to
the next. Hospitals thus become epidemiologically connected by the patients who
are shared, resulting in a nation-wide network of hospitals when all patient referrals
are considered. This thesis focuses on these nation-wide hospital networks and
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specifically on the impact of these networks on the dispersal of hospital-associated
pathogens.

Results

Chapter 2 is the basis of the network study, it describes the movement of patients
between Dutch hospitals. The patient referral patterns have a pronounced effect on
the dispersal of hospital-associated pathogens, and the ’infectious relative indegree’
(IRI) is the important metric in this respect. IRI measures the fraction of potentially
colonised patients among all admitted patients. Hospitals with a high IRI are
therefore at higher risk of encountering the pathogen and are expected to show
higher prevalence. The high IRI of university and teaching hospitals thus makes
them ideal candidates for extra investment in infection control.

The effect of the patient referral network’s structure on the dispersal of hospital-
associated pathogens is not completely theoretical, as we show in chapter 3: model
predictions based on the observed patient movements through a national hospital
referral network largely coincided with the reported incidence of MRSA bacteraemia
in English hospitals. MRSA bacteraemia rates are not solely dependent on the
hospital’s IRI, but also affected by the rates in hospitals of the same health
care collective. These health care collectives consist of hospitals that exchange
more patients with each other than with other hospitals in the patient referral
network, and a high prevalence in one of these hospitals would thus results in more
introductions in the other hospitals.

The structure of the patient referral network can be used to mitigate the
dispersal of hospital-associated pathogens without direct infection control efforts.
In chapter 4 we show that this can be done by keeping patients within the naturally
evolved health care collectives, requiring only a relatively small fraction of patients
to be redirected. Along the same line, the dispersal will ultimately accelerate, if
the national health care utilisation structure is altered by creating supra-regional
specialist centres, which are –as a matter of fact– planned for the Netherlands.

Apart from trying to change the patient referral patterns as a means of mitigating
the national dispersal of hospital-associated pathogens, the structure of the patient
referral network can be used to inform a strategy for setting up sentinel surveillance
in hospitals as an early warning system for emerging hospital-associated pathogens.
We show in chapter 5 that some hospitals have a high probability of encountering
new infections early in an epidemic, because of their inherent position in the patient
referral network, making them ideal candidates for sentinel surveillance.

When evaluating the spread of hospital-associated pathogens, the patient referral
network should be taken into account, because any incident case in one hospital
can very well be part of a larger outbreak, including multiple hospitals. In chapter
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6 we put our observations to the test by applying a new clustering algorithm.
We could assess the dynamic spread of certain clonal lineages of MRSA through
Dutch health care institutions on the bases of data that are routinely collected in
National Reference Laboratories. We could also attribute differential transmission
probabilities to different clones that co-circulate in the patient populations and
assess potential reservoirs of community-acquired MRSA from the frequency of
isolates unrelated to clusters. If the data would have been analysed at the single
hospital level, a large part of the spread would have remained undetected.

Conclusion

The number of therapeutic options to treat bacterial infections will quickly diminish
with the relentless increase of antibiotic resistance. Using the results presented in
this thesis, we can derive a number of feasible action points that will reduce the
risk for a nation-wide dispersal of antibiotic resistant clones of hospital-associated
pathogens. (1) Direct investments in infection control efforts to the hospitals that
are most connected, i.e. central to the national hospital referral networks. (2)
Coordinate infection control efforts regionally. (3) Leave naturally evolved health-
care collectives intact, keeping patients in their own region as often as possible
and refrain from creating supra-regional or national specialist centres. (4) Set up a
sentinel system based on the analysis of patient movements between hospitals to
quickly detect new hospital-associated pathogens or resistance mechanisms. (5)
Identify bacterial clones of public health importance by analysing routinely-available
data at national reference laboratories using molecular and modern mathematical
modelling approaches.
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Introductie

De toename van antibioticaresistentie vormt een wereldwijde bedreiging voor de
volksgezondheid, doordat normaal gesproken behandelbare infecties potentieel
levensbedreigend worden. Naar schatting 25.000 mensen overleden ten gevolge van
infecties met de vijf belangrijkste resistente bacteriën in de Europese Unie in 2007
(ECDC & EMEA, 2009), met daarbovenop jaarlijks 1.5 miljard euro kosten aan
extra zorgkosten en productiviteitsverlies. Een bijkomend probleem is dat er steeds
minder nieuwe antibiotica worden ontwikkeld en ontdekt, waardoor de behandeling
van infecties in de toekomst verder in de knel komt.

Antibioticaresistentie vormt in het bijzonder een probleem voor patiënten in
ziekenhuizen. Door de behandeling die patiënten ondergaan zijn zij vatbaarder
geworden voor infecties, en om deze te behandelen zijn patiënten afhankelijk van
effectief werkzame antibiotica. Het hoge antibioticagebruik waarmee dit gepaard
gaat zorgt ervoor dat resistente ziekteverwekkers in ziekenhuizen vaker voorkomen
dan in de algemene bevolking. De bestrijding van zowel deze resistente als andere
zorggerelateerde ziekteverwekkers rust vooral op de schouders van ziekenhuizen,
die in toenemende mate moeten concurreren in een vrije markt. In deze markt
word het vóórkomen van resistente bacteriën in ziekenhuizen steeds vaker gebruikt
als prestatie-indicator.

Het gebruik van dit soort prestatie-indicatoren laat zien dat ziekenhuizen veelal
worden gezien als onafhankelijke organisaties, die zorg bieden aan patiënten uit
hun directe omgeving. Wat hierbij vergeten wordt, is dat patiënten ook vaak na
ontslag terugkeren naar een, en niet noodzakelijk hetzelfde, ziekenhuis. Sterker
nog, jaarlijks worden grote aantallen patiënten direct tussen ziekenhuizen verwezen
omdat ze bijvoorbeeld geavanceerdere zorg nodig hebben. Al deze uitgewisselde
patiënten brengen hun eigen aandoeningen mee, waaronder zorggerelateerde ziek-
teverwekkers, en zorgen ervoor dat ziekenhuizen dus epidemiologisch met elkaar
verbonden raken. Als we alle patiëntbewegingen in een land bijhouden ontstaat een
complex netwerk van ziekenhuizen (en andere zorginstellingen), waardoor zorggere-
lateerde ziekteverwekkers zich kunnen verspreiden. In dit proefschrift bestuderen
we de invloed van zorgnetwerken op de verspreiding van deze zorggerelateerde
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ziekteverwekkers. Dit stelt ons in staat om mogelijke interventies te formuleren die
de verspreiding van resistente bacteriën tegengaan.

Resultaten

Hoofdstuk 2 vormt de basis van de netwerkstudie, het laat zien hoe patiënten zich
tussen Nederlandse ziekenhuizen verplaatsen. De verwijzingspatronen van patiënten
hebben een duidelijk effect op de verspreiding van zorggerelateerde ziekteverwekkers,
en de ‘infectious relative indegree’ (IRI) is hierbij een belangrijke maat. De IRI
meet de fractie potentieel geïnfecteerde patiënten tussen alle patiënten die in een
ziekenhuis worden opgenomen. Ziekenhuizen met een hoge IRI krijgen dus te maken
met meer introducties van ziekteverwekkers, en hebben daardoor ook een hogere
prevalentie. Vooral de Academische en Top-klinische ziekenhuizen hebben een hoge
IRI, waardoor extra investeringen in infectiepreventie gerechtvaardigd zijn.

Dat dit effect niet geheel theoretisch is laten we zien in hoofdstuk 3: de door de
wiskundige modellen voorspelde verschillen tussen ziekenhuizen komen grotendeels
overeen met de gemelde incidentie van MRSA in Engelse ziekenhuizen. Niet alleen
de positie van een ziekenhuis in het zorgnetwerk blijkt effect te hebben op de
prevalentie van MRSA binnen een ziekenhuis, ook de prevalentie in ziekenhuizen in
dezelfde zorgregio heeft hier invloed op. Ziekenhuizen binnen een zorgregio wisselen
meer patiënten met elkaar uit dan met ziekenhuizen in andere regio’s, waardoor
een hogere prevalentie in één ziekenhuis meer introductie oplevert in de direct
omringende ziekenhuizen.

Deze zorgregio’s kunnen ook gebruikt worden om de landelijke verspreiding
van zorggerelateerde ziekteverwekkers tegen te gaan. In hoofdstuk 4 laten we zien
dat de verspreiding vertraagd kan worden door patiënten vooral binnen hun eigen
regio op te nemen. Door gebruik te maken van de al bestaande structuren in
het zorgnetwerk, hoeven hiervoor de verplaatsingen van maar een beperkt aantal
patiënten veranderd te worden.

Los van het vertragen van de verspreiding kan de structuur van het zorgnetwerk
ook gebruikt worden om peilstations voor de vroegtijdige detectie van nieuwe
zorggerelateerde ziekteverwekkers aan te wijzen. Bepaalde ziekenhuizen hebben
een grotere kans om deze ziekteverwekkers vroeg in een uitbraak tegen te komen,
en in hoofdstuk 5 laten we zien dat een specifieke subgroep de ziekteverwekker
sneller zal detecteren dan een willekeurige groep ziekenhuizen.

Bij het evalueren van de verspreiding van zorggerelateerde ziekteverwekkers moet
het zorgnetwerk ook in acht worden genomen, omdat de gevallen in één ziekenhuis
deel kunnen uitmaken van een grote uitbraak waar meerdere ziekenhuizen bij
betrokken zijn. In hoofdstuk 6 testen we onze observaties door op basis van
routinematig verzamelde isolaten, en met behulp van een nieuw clusteralgoritme,
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de verspreiding van MRSA in Nederland te bestuderen. Ook kunnen we verschillen
in overdraagbaarheid tussen typen MRSA laten zien door de fractie isolaten die
niet tot een cluster behoren te vergelijken. Als de gegevens slechts geanalyseerd
waren op het niveau van de individuele ziekenhuizen, was een groot deel van de
verspreiding niet ontdekt.

Conclusie

Het voorkomen van de verspreiding van resistentie heeft prioriteit, omdat het
aantal mogelijkheden om bacteriële infecties te behandelen snel afneemt. Door de
contactstructuur van patiënten dat het zorgnetwerk vormt te bestuderen kunnen we
een aantal maatregelen ter voorkoming van de verspreiding van resistente bacteriën
en andere zorggerelateerde ziekteverwekkers afleiden. (1) Investeer vooral in
infectiepreventie in de goedverbonden ziekenhuizen, centraal in het zorgnetwerk. (2)
Coördineer infectiepreventie regionaal. (3) Laat de natuurlijk ontstane zorgregio’s
intact door patiënten zo veel mogelijk in hun eigen regio te behandelen en voorkom
het ontstaan van regio-overstijgende specialistische centra. (4) Wijs peilstations voor
de detectie van nieuwe zorggerelateerde ziekteverwekkers of resistentiemechanismen.
(5) Identificeer bacteriële subtypes die belangrijke implicaties vormen voor de
volksgezondheid door routinematig verzamelde gegevens te analyseren met laatste
wiskundige en modelmatige methoden.

154



Curriculum vitae

Tjibbe Donker was born on the 11th of November 1980 in Dordrecht, the Ne-
therlands. After graduating secondary school in 1999 at the Liemers Colleges in
Zevenaar, he started studying Biomedical Sciences at the University of Amsterdam.
During his study, he was an active member of the biology student association
CONGO, with two years as a member of the board, of which one as chairman. In
2010, the association appointed him honorary member for his devoted time and
activity over the years. In 2002–2003, he was member of the board of the ASVA
studentenunie, the student’s union of the University of Amsterdam.

After receiving his bachelor’s degree, he went on to study Biological Sciences
at the University of Amsterdam. During his first internship, under supervision of
Maarten Boerlijst and Marijn van Ballegooijen, he analysed how immunological
pressure shapes the evolution of influenza A virus. He spent his second internship
at the Theoretical Biology and Bioinformatics group at Utrecht University, working
with Rob de Boer and Vitaly Ganusov on modelling the immune reaction to
influenza infection. In October 2006, he graduated with distinction.

Between October 2006 and September 2007, he worked as junior researcher
at Utrecht University, developing methods to explore and analyse flow cytometry
datasets. In September 2007, he started his PhD research on “Modelling the future
of MRSA in the Netherlands”, at the Centre for Infectious Disease Control (CIb)
of the National Institute for Public Health and the Environment (RIVM), under
supervision of Hajo Grundmann and Jacco Wallinga. His PhD research was shortly
sidetracked after the pandemic outbreak of a novel influenza A/H1N1 in 2009, as
he continued to work on the analysis of real-time data related to influenza. He was
awarded “young researcher of the year” by the CIb in 2011. His research resulted in
numerous international publications, those related to his PhD project are included
in this thesis.

Since January 2013, he is based at the department of Medical Microbiology of
the University Medical Centre Groningen, working on the analysis of the dispersal
of MRSA through the UK, funded by the UK Clinical Research Collaboration.

155





Dankwoord

Figuur D.1: Ik wil heel veel mensen bedanken voor de steun, gezelligheid en
zeer veel vrolijke momenten tijdens mijn –iets langer dan gepland– promotie-
traject. Ik heb veel gelachen met mijn collega’s op het RIVM, de UU, de UvA en het
UMCG. Ook mijn vrienden van mijn studie, ook wel bekend als mijn CONGO-vriendjes,
en mijn familie mogen in dit rijtje natuurlijk niet missen. Maar een paar mensen wil ik
hier toch in het bijzonder nog even noemen.

157



Dankwoord

A My promotor and co-promotor. Hajo, our difference in background forms both
the strength of our collaboration and the source of much confusion. The
combination of your infinite knowledge of medicine and microbiology and
my -as you call it- quantitative brain resulted in some very interesting work.
Your perfectionism concerning the manuscripts can sometimes be frustrating,
and in particular in combination with my (mis)use of the English language,
but it ensured a very high quality. Nonetheless, I wouldn’t have it any
other way, thank you for teaching me all of that. Jacco, jouw vakkennis en
betrokkenheid is een inspiratie voor velen en ik heb veel van je geleerd. De
manier waarop je commentaar levert is legendarisch: altijd positief maar geen
kritiekpunt mist. Vaak kwam ik een hele tijd na een gesprekje er pas achter
hoeveel kritiek je eigenlijk geleverd had. Het was geweldig om met je gewerkt
te mogen hebben, zeker voor herhaling vatbaar. Both of you have a large
scientific network that you gladly shared with me. Thanks to you, I have
had the chance to meet many colleagues across different fields, throughout
Europe and around the globe, enabling me to share our research and gain
new ideas.

B Mijn paranimfen. Joris, de afgelopen 19 jaar hebben we vele avonturen mee-
gemaakt, waarvan sommige nog maar nét goed gingen. Maar het zijn juist
die dingen die niet geheel volgens plan verliepen die onze vriendschap verste-
vigden. Het Toaster House is de laatste toevoeging aan de lijst van plaatsen
die we in ons gezamenlijke geheugen gegrift hebben. Laten we hopen dat
nu je hier naast me staat het avontuur wel volgens plan gaat. Annelie,
een goede werksfeer is belangrijk, en wat een sfeer! We hebben super veel
gelachen, en vaak voelde de reis naar Bilthoven niet als forenzen maar als
een bezoek aan vrienden. Belangrijker nog is dat ik altijd bij je terecht kon,
zowel op het RIVM als thuis, wanneer ik weer eens problemen had. Ik moet
je dagelijks commentaar nu helaas missen, maar gelukkig zit je gewoon achter
een snelkeuzetoets.

C Marijn, als ik mijn wetenschappelijke carrière aan iemand te danken heb dan
ben jij dat wel. Ik heb in de tijd dat je mijn stagebegeleider op de UvA
was, geleerd hoe je de wereld kunt vangen in wiskundige modellen door te
abstraheren en vereenvoudigen, en ik heb daarna eigenlijk nooit wat anders
willen doen. Na mijn stage raadde je me aan een stage te doen in de groep
van Rob de Boer, waar ik later ook mijn eerste baan als onderzoeker vond.
Toen Hajo een modelleur zocht voor een project over MRSA liet je snel mijn
naam vallen en een paar maanden later waren we weer collega’s. Tijdens al
die jaren heb je me telkens weer aangezet om moeilijke wetenschappelijke
problemen aan te pakken met het zinnetje “je bent slimmer dan je zelf denkt”.

158



D Elise, met verbazing heb je gekeken naar hoe lang het nog duurt om zo’n boekje
af te krijgen. Je deelde mijn frustraties en vreugdedansjes, en ontdekte een
wereld waar je geen weet van had voor je die dag in januari met je fiets de
trein instapte. Met mijn promoveren hebben mijn ouders drie gepromoveerde
kinderen, en dat kan geen toeval zijn. Als aan de eettafel een vraag opkwam
over hoe of waarom iets zat, was het belangrijker dát je met een verklaring
kwam dan dat hij juist was (“A, B of C?”). In het proces van het testen van
deze ‘hypotheses’ is in de loop der jaren nog wel het een en ander gesneuveld,
met als hoogtepunt de TV, die na een aflevering van de wetenschapsquiz de
geest gaf. Peter en Jitske, dank jullie wel voor mijn vooropleiding.

159



160


