
 

 

 University of Groningen

Disease transmission through hospital networks
Donker, Tjibbe

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2014

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Donker, T. (2014). Disease transmission through hospital networks. s.n.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 25-05-2023

https://research.rug.nl/en/publications/6f0deae4-f69b-4b5a-9af9-4d5d72e3093c




Chapter Five

Efficient surveillance for
healthcare-associated

infections spreading between
hospitals

Mariano Ciccolini1,2, Tjibbe Donker2,3, Hajo Grundmann2,3,
Marc J. Bonten4, Mark. E. J. Woolhouse1

1 Centre for Immunity, Infection and Evolution, University of Edinburgh, Edinburgh, United Kingdom
2 Department of Medical Microbiology, University Medical Center Groningen, University of Groningen, Groningen,

The Netherlands
3 Center for Infectious Disease Control, National Institute for Public Health and the Environment, Bilthoven, The

Netherlands
4 Julius Center for Health Sciences and Primary Care, University Medical Center Utrecht, Utrecht, The Netherlands

Proceedings of the National Academy of Sciences, Accepted

71



Efficient surveillance between hospitals

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

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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Efficient surveillance between hospitals

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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5.2 Materials and methods

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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5.2 Materials and methods

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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5.3 Results

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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5.3 Results

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.
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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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