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Abstract

Pseudomonas aeruginosa (P. aeruginosa) is an important cause of healthcare-associated
infections, particularly in immunocompromised patients. Understanding how this
multi-drug resistant pathogen is transmitted within intensive care units (ICUs) is
crucial for devising and evaluating successful control strategies. While it is known that
moist environments serve as natural reservoirs for P. aeruginosa, there is little
quantitative evidence regarding the contribution of environmental contamination to its
transmission within ICUs. Previous studies on other nosocomial pathogens rely on
deploying specific values for environmental parameters derived from costly and
laborious genotyping. Using solely longitudinal surveillance data, we estimated the
relative importance of P. aeruginosa transmission routes by exploiting the fact that
different routes cause different pattern of fluctuations in the prevalence.
We developed a mathematical model including endogenous colonization,
cross-transmission and environmental contamination. Patients contribute to a pool of
pathogens by shedding bacteria to the environment. Natural decay and cleaning of the
environment lead to a reduction of that pool. By assigning the bacterial load shed
during an ICU stay to cross-transmission, we were able to disentangle environmental
contamination during and after a patient’s stay. Based on a data-augmented Markov
Chain Monte Carlo method the relative importance of the considered acquisition routes
is determined for two ICUs of the University hospital in Besançon (France). We used
information about the admission and discharge days, screening days and screening
results of the ICU patients.
Both cross-transmission and endogenous transmission play a significant role in the
transmission process in both ICUs. In contrast, only about 1% of the total
transmissions were due to environmental contamination after discharge.
Improved cleaning of the environment after discharge would have only a limited impact
regarding the prevention of P.A. infections in the two considered ICUs. Our model was
developed for P. aeruginosa but can be easily applied to other pathogens as well.
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Author summary

Understanding the transmission dynamics of multi-drug resistant pathogens in
intensive-care units is essential for designing successful infection control strategies. We
developed a method that estimates the relative importance of several transmission
routes of Pseudomonas aeruginosa (P. aeruginosa), a bacterium intrinsically resistant
to multiple antibiotics and known to be a major contributor to hospital-acquired
infections. Our model includes three different routes: endogenous colonization,
cross-transmission and environmental contamination. Since moist environments may
serve as natural reservoirs for P. aeruginosa, we focused our study on environmental
contamination. Patients contribute to a pool of pathogens by shedding bacteria to the
environment. Natural decay and cleaning of the environment lead to a reduction of that
pool. By assigning the bacterial load shed during an ICU stay to cross-transmission, we
disentangled environmental contamination during and after a patient’s stay. Previous
studies were able to assess the role of environmental contamination for specific hospitals
using laborious and costly genotyping methods. In contrast, we only used surveillance
screening data to estimate the relative contributions of the considered transmission
routes. Our results can be used to tailor or assess the effect of interventions. Our model
was developed for P. aeruginosa but can be easily applied to other pathogens as well.

Introduction 1

Hospital-acquired infections are a major cause of morbidity and mortality worldwide [1]. 2

In industrialized countries, about 5− 10% of admitted acute-care patients are affected 3

whereas the risk is even higher in developing countries [2]. 4

Due to its intrinsic resistance to multiple antibiotics, Pseudomonas aeruginosa (short 5

P. aeruginosa or P.A.) is an important contributor to nosocomial infections [3–5]. The 6

most serious P. aeruginosa infections lead to bacteremia, pneumonia, urosepsis, wound 7

infection as well as secondary infection of burns [6]. In 2018, the World Health 8

Organization has recognized P. aeruginosa as a serious health-care threat by including it 9

in the list of antibiotic-resistant highest priority pathogens [7]. 10

Given the severe consequences of P. aeruginosa infections, in particular for critically-ill 11

patients, it is clear that strategies preventing infections are seen as a key priority. 12

However, infections are recognized as only the tip of the iceberg, while colonizations 13

represent the true load of pathogens carried by patients in the intensive-care unit (ICU). 14

Understanding the dynamics of P. aeruginosa colonizations is therefore crucial for 15

developing and evaluating infection control policies. 16

There are several modes of transmission for colonizations. The endogenous route, due to 17

e. g. antibiotic selection pressure, was regarded as the most important route of 18

P. aeruginosa [8, 9], but, more and more evidence has emerged on the importance of 19

exogenous sources. Cross-transmission usually caused by temporarily contaminated 20

hands of health-care workers (HCWs) has been identified as an additional source of 21

transmission [10–12]. It is furthermore known that moist environments (e. g. soil and 22

water) may serve as natural reservoirs of P. aeruginosa and that it can persist for 23

months on dry inanimate surfaces [13]. Thus, an important question emerged: Does the 24

contamination of the environment with P. aeruginosa strains have a substantial impact 25

on the transmission within ICUs even after the discharge of patients? 26

Quantifying the relative importance of routes of transmission may serve as an essential 27

tool in answering this question. There is little quantitative evidence in the scientific 28

literature regarding the importance of environmental contamination within the 29

transmission dynamics of P. aeruginosa especially for non-epidemic situations. Prior 30

studies analyzing the importance of contaminated surfaces on the transmission of other 31
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nosocomial pathogens have been conducted, e. g., for Methicillin-resistant 32

Staphylococcus aureus (MRSA) and Vancomycin-Resistant Enterococci (VRE) [14–18]. 33

However, they rely on deploying specific values for model parameters corresponding to 34

the environment. Such information was obtained from previous studies that conducted 35

extensive epidemiological surveillance in combination with costly, laborious as well as 36

time-consuming methods of genotyping. Thus, these methods cannot be easily applied 37

to other nosocomial pathogens without this cumbersome preliminary work. 38

In this paper, we present a mathematical transmission model that includes, besides 39

endogenous and cross-transmission, environmental contamination as an additional route. 40

Our primary aim is to estimate the relative contributions of the three transmission 41

routes using only longitudinal prevalence data as input. In particular, we are interested 42

in the relative importance of environmental contamination after discharge. We used 43

data from two ICUs of the University hospital in Besançon to estimate the parameters 44

that characterize the transmission routes. The estimation procedure is based on a 45

data-augmented Markov chain Monte Carlo simulation [19]. To our knowledge, this is 46

the first quantitative analysis of the impact of environmental contamination after 47

discharge on P. aeruginosa transmissions in ICUs using solely routine surveillance data. 48

Materials and methods 49

In this section, we present our framework for modeling the transmission routes of P. 50

aeruginosa including environmental contamination, as well as the method for computing 51

the relative contributions of the routes. We further elaborate on the procedure that we 52

used to estimate the relevant transmission parameters. A brief introduction to the data 53

used for the analysis is given. We describe the model selection as well as model 54

assessment procedures that are used to compare the developed models and to assess the 55

model fit to the data. 56

Transmission models 57

The underlying model for our algorithm is a compartmental SI-model (e.g. [20]). All 58

patients are admitted to an ICU and either belong to the susceptible (P. aeruginosa 59

negative) or colonized (P. aeruginosa positive) compartment at any given time. The 60

latter includes patients with asymptotic carriage and those with P. aeruginosa infection. 61

A susceptible patient may become colonized at a certain transmission rate, which 62

depends on the colonization pressure in the ward at the time. 63

A stochastic model was developed to reflect the transmission process. The model 64

incorporates three different modes of transmission through which colonization can be 65

acquired. They are distinguished based on the different patterns in the prevalence time 66

series induced by each of them. The endogenous route is independent of other patients 67

and is represented as a constant rate. Consequently, the corresponding prevalence is 68

expected to fluctuate around the mean value and the probability of acquisition for an 69

uncolonized patient is constant during the time period. Sources may be the introduction 70

through visitors or permanently contaminated environments, such as sinks or 71

air-conditioning. Cross-transmission, usually occurring via temporarily contaminated 72

hands of health-care workers, is proportional to the fraction of colonized patients in the 73

wards. The probability of colonization due to cross-transmission is high if the number of 74

colonized patients is high and vice versa. Environmental contamination is modeled on a 75

ward-level represented as a general pool of bacteria linked to objects contaminated by 76

colonized patients. Bacterial load may persist in the environment even after the 77

discharge of patients. This leads to higher probabilities of acquiring colonization after 78

outbreaks, even when the number of colonized patients is low. 79
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The force of infection λ(t), i.e. the probability per unit of time t for a susceptible
patient to become colonized, is modeled as

λ(t) = α+ β
I(t)

N(t)
+ εE(t) (1)

where I(t) is the number of colonized patients, N(t) the total number of patients and 80

E(t) is a compartment tracking the bacterial load present in the ward at time t. The 81

parameters α, β and ε are transmission parameters linked to the endogenous term, 82

fraction of colonized patients and the environmental bacterial load, respectively. A 83

schematic of the transmission model is presented in Fig 1.

Fig 1. Schematic of the full transmission model. It represents the three different
routes, i.e. endogenous route, cross-transmission and environmental contamination.

84

The described model is subject to the following further assumptions: 85

• Once colonized, patients remain colonized during the rest of the stay. This 86

assumption is appropriate when the average length of stay of patients does not 87

exceed the duration of colonization, as is the case for P. aeruginosa. 88

• Colonization is assumed to be undetectable until a certain detectable bacterial 89

level is reached. We do not distinguish between several levels of colonization. 90

Furthermore, the detection of carriage in specimen is assumed to be the same for 91

each screening separately. 92

• Assuming that HCWs are colonized for a short period of time (typically until the 93

next disinfection) in comparison with the length of carriage for patients, we use a 94

quasi-steady state approximation [20]. This means that contact patterns between 95

patients and HCWs are not explicitly modeled and we assume direct 96

patient-to-patient transmission. 97

• All strains of P. aeruginosa are assumed to have the same transmission 98

characteristics. We therefore assume that all colonized patients may be a source of 99

transmission and contribute equally to the colonization pressure. 100

• All susceptible patients are assumed to be equally susceptible. 101

In order to analyze the impact of environmental contamination after the discharge of
colonized patients, we model the underlying mechanism leading to the presence of
pathogens in the environment after discharge. Patients contribute to the bacterial load
by shedding P. aeruginosa at a rate ν during their stay. Furthermore, natural clearance
and cleaning lead to a reduction of P. aeruginosa bacteria in the environment at a rate
µ. The change of environmental contamination can be described by

dE

dt
= ν

I(t)

N(t)
− µE(t). (2)

The differential equation (2) is solved by assuming I(t) = It and N(t) = Nt are known
piece-wise constant functions with steps at times t0, t1, . . . , tN . For ti ∈ {t0, . . . , tN}, it
holds

E(ti) = Eti−1e
−µ(ti−ti−1) +

ν

µ

Iti−1

Nti−1

(
1− e−µ(ti−ti−1)

)
while

E(t) = Ebtce
−µ(t−btc) +

ν

µ

Ibtc

Nbtc

(
1− e−µ(t−btc)

)
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for btc := max{x ∈ {t0, . . . , tN} |x ≤ t} and t ∈ R \ {t0, t1, . . . , tN} (full details are 102

given in S1 Text). The initial amount of bacterial load is denoted by E0 := E(t0). 103

Given the number of colonized patients at a certain time t, the bacterial load E(t) is 104

deterministic. The acquisitions are stochastic based on the force of infection in (1). 105

Under the assumption of a force of infection λ(x) at time x, the cumulative probability 106

of any given susceptible person of becoming colonized in [0, t] is 1− e−
∫ t
0
λ(x)dx (see 107

e.g. [21]). 108

All parameters, namely α, β, ε, µ, ν and E0 are assumed to be non-negative. By setting 109

certain transmission parameters (α, β or ε) to zero, model variants may be defined. In 110

this paper, we additionally consider a submodel with ε = 0, where environmental 111

contamination is not explicitly modeled and therefore only two transmission routes are 112

considered. The force of infection for this transmission model with two acquisition 113

routes is then given by λ(t) = α+ β I(t)
N(t) . 114

Relative contributions of transmission routes 115

For the prevention of colonization or infection with P. aeruginosa, specific intervention 116

control strategies can be designed dependent on the relative importance of the 117

transmission routes. However, for each observed acquisition of colonization, the 118

responsible transmission route is unknown. And yet, for every acquisition, the 119

probability that the colonization was due to a certain route can be determined given 120

that parameter values, the level of environmental contamination and the number of 121

colonized patients are known. Thus, by estimating the transmission parameters 122

α, β, ε, µ and ν, we were able to approximate the relative contributions of each 123

transmission route to the total number of acquisitions. 124

The probability of acquisition can be approximated by the force of infection. It consists
of different terms that can be assigned to the transmission routes under consideration,
i.e.

λ(t) = λendogenous(t) + λcross-transmission(t) + λenvironment(t)

The primary aim of this paper is to estimate the relative contribution of environmental 125

contamination after discharge in order to estimate the role of terminal environmental 126

cleaning among ICU patients. According to our full model, bacterial load is produced 127

by a colonized patient currently present. The cumulative bacterial load increases over 128

time until the respective patient is discharged. After discharge, shedding of that 129

particular patient stops and decreases over time. The bacterial load shed during a 130

patient’s stay (which may then be transmitted via HCWs to other patients) is assigned 131

to cross-transmission as in practice, it may not be distinguished from the classical 132

definition of cross-transmission. The bacterial load persisting after discharge is the 133

variable of interest and represents the impact of an already discharged patient on the 134

current transmissions in the ICU. A schematic of the bacterial load of a single patient 135

over time and its attribution to the different transmission routes is visualized in Fig 2. 136

Fig 2. Schematic of the bacterial load shed by a patient developing over
time. The bacterial load that is shed during a patient’s stay is assigned to
cross-transmission. Environmental contamination after discharge accounts only for the
bacterial load persisting after the discharge of that patient.

The previous explanation leads to the following attribution of the terms to the different
acquisition routes

λ(t) = α+ β · I(t)

N(t)
+ ε · E(t)
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= α︸︷︷︸
λendogenous

+

β · I(t)

N(t)
+ ε
∑
ip

Eip(t)

N(t)


︸ ︷︷ ︸

λcross-transmission(t)

+ ε

[∑
id

Eid(t)

N(t)
+ E0e

−µt

]
︸ ︷︷ ︸

λenvironment(t)

(3)

where ip indicates a colonized patient that is present at time t and id a colonized
patient that has been colonized prior to t but was already discharged. The bacterial
load produced by patient i at time t is given by

Ei(t) =


0 for t < tci
ν
µ

(
1− e−µ(t−tci )

)
for tci ≤ t < tdi

Ei(t
d
i )e
−µ(t−tci ) for t ≥ tdi

where tci is the time of colonization and tdi the time of discharge of patient i. 137

In continuous time, the relative contribution of a specific route to the overall number of
acquired colonizations is determined by the ratio of the probability of colonization due
to that route and the probability of colonization:

Contribution of route j =

∑l
i=1

P (colonization at time tci due to route j)
P (colonization at time tci )

Number of acquisitions

=

∑l
i=1

λj(t
c
i )

λ(tci )

Number of acquisitions
(4)

where l is the number of colonized patients, tc1, . . . , t
c
l represent the times of colonization 138

and j can be either of the three considered routes. The relative contributions are then 139

given by: 140

• Contribution of endogenous route =

∑l
i=1

α
λ(tc

i
)

Number of acquisitions 141

• Contribution of cross-transmission =

∑l
i=1

β·
I(tci )

N(tc
i
)
+ε

∑
ip

Eip
(tci )

N(tc
i
)

λ(tc
i
)

Number of acquisitions 142

• Contribution of environmental contamination =

∑l
i=1

ε

[∑
id

Eid
(tci )

N(tc
i
)

+E0e
−µtci

]
λ(tc

i
)

Number of acquisitions 143

For the submodel including only endogenous and cross-transmission, the computation of 144

the relative contribution is derived from above by setting ε = 0. 145

More details on the calculations can be found in S3 Text. In practice, colonization 146

events are observed only in discrete times. The formulas for the transmission model and 147

the relative contribution are adapted for this discrete time assumption and are 148

elaborated in S2-S3 Texts. Since the calculations for the relative contributions of the 149

transmission routes in the discrete-time scenario require the use of the gamma function 150

and therefore become computationally intensive, we use the continuous-time formulas as 151

approximations. Since values of the force of infection λ(t) are typically small (< 0.25), 152

the force of infection itself is a good approximation of the probability of infection as 153

1− e−
∫ t
0
λ(x)dx ≈ λ(t) for small values of λ(t). Hence, the discrete-time formulas for the 154

relative contributions can be approximated by the continuous-time formulas evaluated 155

at discrete time steps. 156

Estimation procedure 157

We assume that a patient is admitted to the ICU at time tai and discharged at time tdi . 158

The probability that a patient is admitted already colonized is described by the 159
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importation probability f . The rate at which a susceptible patient transitions to being 160

colonized is given by Eq. (1). The colonization state of an individual patient is 161

determined from screening information. We suppose that for each patient i a set of 162

screening results Xi =
(
X

(1)
i , . . . , X

(m)
i

)
, taken on days t

(1)
i , . . . , t

(m)
i is available. The 163

set of all screening results is denoted by X = {X1, . . . , Xn} where n is the total number 164

of patients. Since screening tests are typically intermittent and imperfect, we define the 165

test sensitivity φ, i.e. probability that a colonized patient has a positive result. 166

The aim is to estimate the model parameters α, β, ε, µ, ν and E0 as well as the 167

sensitivity of the screening test φ and the importation rate f based on longitudinal data. 168

The relative contributions of the transmission routes can then be estimated following 169

the description in (4). The key idea of the estimation procedure is to fit a stochastic 170

transmission model to the observed data. It is based on certain patterns of fluctuations 171

in the prevalence linked to the different transmission routes (as previously described in 172

section Transmission models). 173

In the analysis, we use the following input data for each patient: 174

• day of admission 175

• day of discharge 176

• screening days and results. 177

Thus, we use a day as the smallest time unit in our model and assume that events occur 178

in daily intervals. In principle, other time units may be chosen for an analysis if the 179

required information on admission, discharge and culturing is available. However, 180

smaller units may increase the computational time. 181

If transmission dynamics were perfectly observed, it would be straightforward to 182

calculate the likelihood of the data given parameters θ = {α, β, ε, µ, ν, φ, f}. However, 183

the true colonization time of a patient is typically unobserved which leads to 184

uncertainty about the true prevalence at any given time. Hence, the likelihood is 185

analytically intractable. We adapted the data-augmented Markov-chain Monte Carlo 186

(MCMC) algorithm (based on [19]) to estimate the posterior distributions of the model 187

parameters. At each iteration, imperfectly observed colonization times are imputed and 188

model parameters θ sampled. This method accounts for imperfect and infrequent 189

screening, missing admission and discharge swabs and leads to an estimation of the true 190

(rather than the observed) prevalence on admission. Precise details of the analysis can 191

be found in S5 Text. The algorithm was implemented in C++ and was tested using 192

simulated data. Convergence of the MCMC chains were verified using visual inspection. 193

We used uninformative exponential priors Exp(0.001) for the transmission parameters 194

α, β, ε and µ. Parameters for the proposal distribution were tuned in order to ensure 195

rapid convergence. Similar to [26], we estimated the sensitivity φ and importation 196

parameter f using uninformative beta prior distributions Beta(1, 1). The initial 197

bacterial load E0 was approximated by ν
µ Ī with Ī being the mean prevalence in the 198

ward. 199

The MCMC algorithm was run for 500, 000 iterations following a burn-in of 30, 000 200

iterations. The MCMC iterations were then thinned by a factor of 10, leaving 50, 000 201

iterations for inference. In each iteration, 20 data-augmentation steps were performed 202

with each augmentation chosen at random. 203

During the estimation process, several assumptions are made. 204

• Incorporating both sensitivity and specificity parameters in a model may cause 205

identifiability issues. Thus, test specificity was assumed to be 100%, meaning that 206

positive results were assumed to be true positive. Experimental results indicate 207

the specificity of screening tests to be close to 100% [22]. 208

December 3, 2018 7/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


• The initial bacterial load E0 is assumed to be the environmental contamination at
the beginning of the study period. The effect of E0 diminishes proportionally to
exp(−µ) per day. It is therefore sufficient to use an approximation rather than
including it as a parameter in the estimation process. We use the equilibrium
state of (2) as an approximation, i.e.

E0 ≈
ν

µ
Ī

where Ī represents the mean prevalence in the ward. The environmental 209

contribution to the force of infection at time t is ε · E(t). As the total amount of 210

environmental contamination E(t) is unobserved, it is only possible to estimate 211

the product ε · E(t) and therefore, we assume the shedding parameter ν to be 212

fixed at 0.1. All remaining parameters are to be estimated from the data. 213

• Colonization was defined as the presence of bacteria at the screening sites as 214

reported in the available data. Admission and screening are assumed to occur at 215

12:00 pm and discharge at 11:59 am. 216

• Re-admissions are not accounted for. Instead every new admission is treated as a 217

new patient. The probability to be positive on admission is therefore identical for 218

all patients, irrespective whether it is a readmission or not. Since we are 219

interested in the overall prevalence and overall relative contribution of the 220

acquisition routes rather than individual predictions, we do not expect this to 221

have a major influence on our results. 222

• Since the smallest time unit is one day, colonization events occurring on a 223

particular day are assumed to be independent. 224

• A negative result on the day of colonization is considered to be a false negative 225

result. 226

• It is assumed that colonized patients contributed to the total colonized population 227

from the day after colonization onwards, or for importations, from the day of 228

admission. This assumption leads to an underestimation of the number of 229

acquisitions for colonization times at the beginning of the day (but just after 230

screening). On the other hand, since pathogenic bacteria such as P. aeruginosa 231

undergo a lag phase during their growth cycle, in which the bacteria adapt to the 232

new environment and are not yet able to divide, onward transmission events are 233

likely to be rare during the early stages of colonization. Therefore, the number of 234

onward transmissions are likely to be overestimated for colonizations occurring at 235

the end of the day. 236

Data 237

The data used in the current analysis were collected from two ICUs, denoted by A and 238

B, between 1999 and 2017 at University Hospital of Besançon, eastern France, in the 239

framework of a systematic screening for P.aeruginosa. The data sets include admission 240

and discharge dates as well as dates, sites and results of culturing of adult patients. ICU 241

A is a surgical ICU that comprised 15 beds in the time period 1999-2008 and 20 from 242

2010 till 2017. The ICU was renovated between 2008 and 2009 and the number of beds 243

was increased after completion of the renovation work. ICU B, a non-surgical ICU, had 244

15 beds from 2000 till 2011 and increased to 20 beds afterwards. Rectal and nose swabs 245

were obtained upon admission (during the first 48 hours) and once a week thereafter. A 246

positive result on one of the swabs was counted as a positive culture. A negative culture 247

December 3, 2018 8/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


resulted from a negative culture on both swabs taken at the specific day. More than 248

84% of admitted patients were screened. As HCWs, including physicians, were (with 249

minor exceptions) working only in one of the ICUs during the whole study period, the 250

two ICUs can be treated independently in the analysis. 251

Since 2000, the hand hygiene procedures recommended in both ICUs is rubbing with 252

alcohol-based gels, or solutions (ABS). Cleaning of the rooms is done daily by using the 253

detergent-disinfectant Aniosurf®. The sinks were cleaned daily before pouring the 254

detergent-disinfectant Aniosurf® into the U-bends. Plumbing fittings were descaled 255

weekly. 256

In our main analysis, data for each ICU and each time period (before and after 257

renovation) was treated as distinctive data sets, resulting in four different analyses. No 258

pooling of the results were performed. In a second analysis, the data for the different 259

time periods and different ICUs were combined. The results are compared with the 260

main analysis and are presented in S9-S10 Tables. Each data set was analyzed using 261

• the full model including endogenous, cross-transmission and environmental 262

contamination after discharge, 263

• the submodel with only endogenous and exogenous transmission. 264

Patient data were anonymized and de-identified prior to analysis. 265

Model selection 266

To assess the relative performance of a given model, we used a version of the deviance 267

information criterion (DIC) based on [23]. For an estimated parameter set θ and 268

observed data set x it is computed as the expected deviance plus the effective number of 269

parameters: DIC = Dx(θ) + pD. A lower value indicates a better fit. The effective 270

number of parameters pD represents a complexity measure and is calculated by the 271

difference of the posterior mean deviance and the deviance at the posterior mean: 272

Dx(θ)−Dx(θ̃). In this paper, we use the approximation pD = 1
2var(Dx(θ)) introduced 273

by [23]. 274

The DIC is a simple measure that can be used to compare hierarchical models. 275

Furthermore, it allows determining whether two data sets may be concatenated or 276

should be treated separate. The idea is to distinguish two models: one that includes one 277

parameter set for both ICUs (and therefore treats them as concatenated) and one that 278

includes different parameter sets for each ICU (and thus treats them as separate). The 279

first scenario leads to one analysis and one DIC value whereas the second model results 280

in two independent analyses and hence two DIC values. The sum of the DICs of the 281

latter may be compared to the DIC value of the first scenario. A smaller DIC value is 282

preferred. More details can be found in S6 Text. 283

Model assessment 284

We chose to check the adequacy of the models using the following approach. The ability 285

of the model to predict the probability of acquisition based on the predicted force of 286

infection was assessed. The computed numerical values for the force of infection are 287

assigned to a bin representing the segment covering the numerical value. For a given 288

value λ of the force of infection, the theoretical probability of acquisition pacq per 289

susceptible patient is computed by 1− exp(−λ). The predicted fraction of acquisitions 290

facq is computed by dividing the number of acquisitions Nacq by the number of 291

susceptible patients N susc. We compute 95% confidence intervals assuming that the 292

number of acquisitions follows a binomial distribution of Bin(N susc, facq). The 293

described method is performed for 100 MCMC updates. Coverage probabilities are 294
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computed to determine the actual proportion of updates for which the interval contains 295

the theoretical probability of acquisition. We set the nominal confidence level to 0.95. A 296

good fit is given when the actual coverage probability is (more or less) equal to the 297

nominal confidence level. In order to avoid the coverage probability tending to zero 298

when pacq tends to 0 or 1, Jeffreys confidence intervals are used (as recommended 299

in [24]). When Nacq = 0 the lower limit is set to 0, and when Nacq = N susc the upper 300

limit is set to 1. 301

Results 302

Descriptive analysis of data 303

The descriptive statistics of the data sets corresponding to ICU A and B with respect to 304

the number of admissions, lengths of stay and colonization characteristics are shown in 305

Table 1. The time period referred to as before renovation (short before) is defined as 306

20/04/1999− 20/05/2008 (approx. 9 years) for ICU A and 11/01/2000− 12/01/2011 307

(approx. 11 years) for ICU B. The time period referred to as after renovation (short 308

after) is defined as 21/05/2008− 21/03/2017 (approx. 7.2 years) for ICU A and 309

13/01/2011− 13/09/2016 (approx. 5.8 years) for ICU B. In ICU A, the number of beds 310

decreased during the renovation. Hence, we decided to remove the renovation period 311

from the analysis for ICU A. 312

In total, 10,378 patients (5891 admitted to ICU A and 4487 to ICU B) and 37,638 313

screening results (14,631 in ICU A and 23,007 in ICU B) were included in the analysis. 314

The number of readmissions is higher for ICU B than for ICU A. In our analysis, every 315

admission was treated separately (as a new patient) resulting in 14,403 admissions 316

(6,659 admitted to ICU A and 7,744 to ICU B). 317

The corresponding median length of stay was 8.0 days for both ICUs before and after 318

renovation, respectively. Hence, there is hardly any difference between the ICUs, nor 319

between the two time periods regarding the median length of stay. 320

In both ICUs, the fraction of patients who were positive on admission was slightly 321

higher after renovation. In contrast, the observed fraction of patients who acquired 322

colonization slightly decreased after renovation. There were 1,644 patients (652 in ICU 323

A and 992 in ICU B) observed to be colonized during their stay and 516 patients (173 324

in ICU A and 343 in ICU B) observed to be colonized on admission. The percentage of 325

patients admitted positively on admission and with acquired colonization is higher in 326

ICU B than in ICU A. The total number of patients per ICU and the number of 327

positive cultures are visualized in Figs 3 and 4. 328

Fig 3. Number of occupied beds and positive isolates cultured from
patients per swab day for ICU A. The red dotted lines indicate the time points
that splits the study period into before renovation (20/04/1999− 23/01/2008) and after
renovation (06/11/2010− 21/03/2017). Since the number of beds decreased during the
renovation, the period is removed from the analysis.

Fig 4. Number of occupied beds and positive isolates cultured from
patients per swab day for ICU B. The red dotted line indicates the time point
that splits the study period into before renovation (11/01/2000− 12/01/2011) and after
renovation (13/01/2011− 13/09/2016).
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Table 1. Descriptive statistics for the P. aeruginosa carriage data collected
from two ICUs at University Hospital Besançon, France, 1999-2017

No. Median (IQR)† %
Before‡ After§ Before After Before After

ICU A
Study length, days 3200 2340
Readmissions 367 463 9.3 11.8
Admissions* 3261 3398
Length of stay, days 8.0 (3.0-19.0) 8.0 (3.0-16.0)
Patients positive on admission¶ 69 104 3.5 3.7
Observed P.A. acquisitions‖¶ 363 289 11.1 8.5
ICU B
Study length, days 4020 2079
Readmissions 891 1968 15.4 17.8
Admissions 4360 3384
Length of stay, days 8.0 (3.0-18.0) 8.0 (3.0-15.0)
Patients positive on admission 168 175 4.7 6.3
Observed P.A. acquisitions 569 423 13.1 12.5

*Each ICU stay was counted separately, even in case of a multiple ICU stay within a
given hospitalization.
† Interquartile range
‡ 20/04/1999− 23/01/2008 for ICU A and 11/01/2000− 12/01/2011 ICU B.
§ 06/11/2010− 21/03/2017 for ICU A and 13/01/2011− 13/09/2016 for ICU B.
¶ False negative results are not taken into account.
‖ An acquisition is when a patient test negative on admission and had a postive result
before discharge.

Estimated model parameters 329

Two model variants were fitted to the Besançon ICU data aiming to estimate the set of 330

parameters θ1 = {α, β, φ, f} and θ2 = {α, β, ε, µ, φ, f} corresponding to the submodel 331

with only two and the full model with all three transmission routes, respectively. 332

Submodel: Two transmission routes 333

Posterior estimates of the model parameters for each ICU and each time period are 334

reported in Table 2. Acceptance probabilities for proposed updates to the augmented 335

data ranged from 3.2% (ICU B after renovation) to 11.1% (ICU A before renovation). 336

Pairwise scatter plots indicated little correlation between parameter values, with the 337

exception of a negative correlation between α and β (see S11). Histogram and trace 338

plots of the posterior estimates are given in S12-S15 Figs and show that the MCMC 339

chains rapidly mix and quickly converge to their stationary distribution. We found our 340

estimates to be robust to the choice of priors for transmission parameters. 341

The probability of being colonized with P. aeruginosa on admission and the screening 342

test sensitivity varied between the two ICUs and the time periods. For both ICUs, the 343

median estimates of the importation probability f is higher in the data set after 344

renovation than before, i.e. 4.5% and 6.2% for ICU A and 6.0% and 9.9% for ICU B. 345

The difference between the time periods is only significant for ICU B. We estimated the 346

median of the prevalence of P.A. to be 24.4% and 19.9% for ICU A and 22.3% and 347

24.4% for ICU B before and after renovation, respectively. Median estimates for the 348
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Table 2. Summary statistics of the marginal posterior distributions for
model parameters

Parameter Symbol Median (95% credibility interval)*
ICU A ICU B

Before† After‡ Before After
Endogenous

α 0.011 (0.006, 0.016) 0.013 (0.009, 0.016) 0.007 (0.005, 0.01) 0.014 (0.009, 0.018)
coefficient
Cross-transmission

β 0.043 (0.021, 0.064) 0.008 (0, 0.026) 0.046 (0.032, 0.06) 0.011 (0, 0.029)
coefficient
Sensitivity φ (%) 50.9 (47.8, 54.2) 50.2 (46.0, 54.4) 61.8 (59.6, 64.0) 58.6 (56.1, 61.1)
Importation

f (%) 4.5 (3.1, 6.1) 6.2 (4.8, 7.8) 6.0 (4.8, 7.1) 9.9 (8.2, 11.6)
probability
Fraction colonized pcol (%) 24.4 (23.1, 25.8) 19.9 (18.7, 21.2) 22.3 (21.6, 23.0) 24.4 (23.7, 25.1)

Contributions
Endogenous

Rend (%) 53.6 (32.8, 75.9) 89.3 (67.9, 100) 43.4 (29.1, 58.7) 84.5 (60.9, 100)
contribution
Cross-transmission

RcrossT (%) 46.4 (24.1, 67.2) 10.7 (0, 32.1) 56.6 (41.3, 70.9) 15.5 (0, 39.1)
contribution

*Highest posterior density interval
‡ 20/04/1999− 23/01/2008 for ICU A and 11/01/2000− 12/01/2011 ICU B.
§ 06/11/2010− 21/03/2017 for ICU A and 13/01/2011− 13/09/2016 for ICU B.

screening test sensitivity were 50.9% and 50.2% for ICU A and 61.8% and 58.6% for 349

ICU B. Since the credibility intervals of the sensitivity estimates do not overlap with 350

respect to the two ICUs, we can conclude that there is a 95% probability that the test 351

sensitivity is higher in ICU B than in ICU A. Our possible explanation is based on the 352

fact that the ICUs differ in their patient population. As a medical ward, ICU B 353

contains patients with longer lengths of stay and more readmissions. Patients who are 354

exposed to an ICU environment for a longer period of time may have a higher 355

probability to get colonized at a detectable level. However, our explanation is only 356

hypothetical and the true reason for the difference is not known. 357

The relative importance of the two considered transmission routes per ICU and time 358

period is depicted in Fig 5 (a) and (b). For ICU A, the median relative contribution of 359

the endogenous route is 53.6% (95% CrI : 32.8− 75.9%) and 89.3% 360

(95% CrI : 67.9− 100%) leaving 46.4% (95% CrI : 24.1− 67.2%) and 10.7 361

(95% CrI : 0− 32.1%) of the acquisitions assigned to cross-transmission before and after 362

renovation, respectively. For ICU B, 43.4% (95% CrI : 29.1− 58.7%) and 84.5% 363

(95% CrI : 60.9− 100%) of the acquisitions were due to the endogenous route and 364

cross-transmission accounted for 56.6% (95% CrI : 41.3− 70.9%) and 15.5% 365

(95% CrI : 0− 39.1%) of the acquisitions before and after renovation, respectively. 366

Fig 5. Relative contributions of endogenous route and cross-transmission.
(a) ICU A before and after renovation, (b) ICU B before and after renovation.

The results suggest that both routes have an important impact on the acquisitions in 367

both ICUs. The median estimates of the relative contribution of the endogenous route 368

are higher after than before renovation in both ICUs. Thus, there is a tendency for lower 369

contribution of cross-transmission route after renovation in both ICUs. Possibly, hygiene 370

was improved after renovating the ICUs. However, since the credibility interval for the 371

endogenous route overlap before and after renovation, there is no evidence that the 372

December 3, 2018 12/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


relative contributions differ between the time periods. Before renovation, the credibility 373

intervals of the relative contributions for the endogenous route and cross-transmission 374

overlap. Thus, we conclude that no route considerably predominates the transmissions 375

before renovation. On the other hand, the respective credibility intervals do not overlap 376

after renovation. Hence, the endogenous route predominates the transmissions after 377

renovation. Comparing the results across ICUs, we can see that the credibility intervals 378

of the relative contributions overlap leading to the conclusion that the two ICUs do not 379

seem to be different regarding the relative importance of the transmission routes. 380

Full model: Three transmission routes 381

Posterior estimates of the model parameters for each ICU are reported in Table 3. The 382

estimates and interpretations for the importation rate f , the screening test sensitivity φ 383

and the mean prevalence stay roughly the same when adding environmental 384

contamination as an additional route. The same holds for the median relative 385

contributions of the endogenous route and cross-transmission. The median relative 386

contribution of environmental contamination after discharge is less than 1% ranging 387

from 0.3% to 0.5% for both ICUs and both time periods. The relative importance of the 388

three considered transmission routes per ICU and time period is depicted in Fig 6 (a) 389

and (b). Acceptance probabilities for proposed updates to the augmented data ranged

Fig 6. Relative contributions of endogenous route, cross-transmission and
environmental contamination after discharge. (a) ICU A before and after
renovation, (b) ICU B before and after renovation.

390

from 7.2% (ICU B after renovation) to 90% (ICU A before renovation). Pairwise scatter 391

plots indicated strong correlations between α and β, β and ε and between ε and µ (see 392

Fig 24). The correlation coefficient of the latter pair ranged from 0.531 to 0.561. 393

Furthermore, it can be seen in Table 3 that the credibility intervals for the parameters ε 394

and µ are large. Nevertheless, histogram and trace plots of the posterior estimates show 395

that the MCMC chains rapidly mixed and quickly converged to their stationary 396

distribution as can be seen in S16-S23 Figs. The rapid convergence could be achieved by 397

tuning the parameters of the proposal distribution for µ. In contrast, a flat prior for the 398

decay rate µ in combination with a small initial standard deviation for its proposal 399

distribution resulted in large acceptance ratios close to 1. The MCMC chain mixed too 400

slowly and therefore hindered the identifiability of the likelihood. This can be explained 401

by the fact that our developed model is overparametrized when colonizations of patients 402

are not or hardly influenced by environmental contamination. Small values of the 403

transmission parameter ε as well as high values of the decay rate µ would reflect the 404

aforementioned situation. As a result, the respective likelihood might not be or only 405

weakly identifiable. Our sensitivity analyses and artificial data simulations 406

demonstrated similar pairwise scatter plots and wide credibility intervals for the 407

parameters ε and µ in case of a small contribution of environmental contamination to 408

the transmissions (more details can be found in S7 Text). Hence, we can conclude that 409

the role of environmental contamination after discharge within the transmission process 410

of P. aeruginosa in the two ICUs A and B is small before as well as after renovation. 411

Model selection 412

In total, 14 analyses were performed. For each ICU, three data sets were created - one 413

for each time period and one combining the data sets before and after renovation. 414

Additionally, the ICUs and time periods were combined in one data set. Each of the 415

seven data sets were analyzed using the submodel and the full model. The DIC values 416
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Table 3. Summary statistics of the marginal posterior distributions for
model parameters of the full model

Parameter Symbol Median (95% credibility interval)*
ICU A ICU B

Before† After‡ Before After
Endogenous

α 0.011 (0.006, 0.015) 0.012 (0.009, 0.016) 0.007 (0.004, 0.01) 0.012 (0.007, 0.017)
coefficient
Cross-transmission

β 0.023 (0, 0.048) 0.006 (0, 0.022) 0.027 (0.0, 0.05) 0.008 (0, 0.027)
coefficient
Environmental

ε 187.3 (0.041, 753.4) 76.0 (0002, 436.6) 48.8 (0.009, 227.9) 90.6 (0.017, 502.4)
coefficient
Decay rate µ 1202.7 (24.4, 3184.9) 1567.3 (34.9, 4453.7) 319.2 (13.8, 873.3) 1514.2 (44.4, 4335.1)
Sensitivity φ (%) 50.9 (47.8, 54.2) 49.5 (45.5, 53.5) 61.8 (59.5, 64.0) 58.7 (56.0, 61.3)
Importation

f (%) 4.5 (3.1, 6.1) 6.1 (4.9, 7.6) 6.0 (4.9, 7.2) 10.1 (8.4, 11.9)
probability
Fraction colonized pcol (%) 24.5 (23.1, 25.9) 20.1 (19.0, 21.4) 22.3 (21.7, 23.0) 24.4 (23.7, 25.1)

Contributions
Endogenous Rend (%) 51.8 (32.7, 73.0) 82.3 (61.0, 98.7) 42.0 (27.5, 58.0) 74.4 (48.1, 96.8)
Cross-transmission RcrossT (%) 47.8 (26.9, 66.9) 17.4 (1.3, 38.6) 57.5 (41.8, 72.1) 25.1 (2.9, 50.7)
Env. cont. after

Renv (%) 0.3 (0.0, 0.8) 0.2 (0, 0.7) 0.5 (0.0, 1.2) 0.4 (0.0, 1.3)
discharge

*Highest posterior density interval
‡ 20/04/1999− 23/01/2008 for ICU A and 11/01/2000− 12/01/2011 ICU B.
§ 06/11/2010− 21/03/2017 for ICU A and 13/01/2011− 13/09/2016 for ICU B.

for each model analysis can be found in Table 4. The analysis combining both ICUs and 417

time periods shows smaller DIC values, i.e. 136507.8 and 130693, than the sum of the 418

DICs for separate analyses (152428.8 and 150914.2) for both the submodel and full 419

model, respectively. The full model results in a smaller DIC value for the analysis of the 420

combined data set. Hence, based on the DIC, it would be sufficient to analyze the 421

combined data set using the full model including endogenous route, cross-transmission 422

and environmental contamination. Nevertheless, it can be seen in S8 Text that the 423

posterior estimates of the different analyses are similar, especially for the relative 424

contribution of environmental contamination after discharge. 425

Model assessment 426

For each bin of the force of infection the coverage probabilities are plotted and can be 427

found in S25-S26 Figs. It can be seen that the coverage probabilities are approximately 428

(sometimes higher, sometimes smaller) equal to the nominal confidence level of 0.95. 429

Thus, both the full model as well as the submodel gave adequate fits to the four data 430

sets. In Fig 7, the predicted fraction of acquisitions are plotted against the binned force 431

of infection for one exemplary MCMC update. The red lines indicate the relationship 432

between the probability of acquisition and force of infection assumed by our models. For 433

this example, it is always contained by the confidence intervals (blue lines). 434
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Table 4. Deviance information criterion for the different models

Submodel Full model
ICU A
Before† 42961.72 }∑§ 86899.53

35356.31 }∑
63057.37

After‡ 43937.81 27701.06
Combined* 88650.69 63779.12

ICU B
Before 35356.31

}∑
63057.37

34670.46
}∑

62568.88
After 27701.06 27898.42
Combined 63778.12 59290.73

Sum Combined‖ 152428.8
ICUs combined¶ 136507.8

‡ 20/04/1999− 23/01/2008 for ICU A and 11/01/2000− 12/01/2011 ICU B.
§ 06/11/2010− 21/03/2017 for ICU A and 13/01/2011− 13/09/2016 for ICU B.
* Combined time periods
§ Σ indicates that the sum of the respective columns in the previous row is calculated.
¶ ICUs as well as time period (before, after renovation) are combined in one data set.
‖ The sum of the DICs for ICU A (before and after renovation combined) and ICU B is
computed.

Fig 7. Exemplary model assessment plot for one MCMC update using the
submodel applied to ICU A before renovation. The predicted fraction of
acquisition is plotted against the theoretical force of infection. The red line indicates the
theoretical relation between the force of infection and the probability of acquisition.
The blue lines indicate 95% credibility intervals.

Discussion 435

To our knowledge, our study is the first to use mathematical transmission models to 436

estimate the relative contribution of environmental contamination after discharge for P. 437

aeruginosa using only admission, discharge and screening data. The three different 438

routes, endogenous route, cross-transmission and environmental contamination after 439

discharge, are distinguished by the resulting patterns of the prevalence that they induce. 440

We estimated that environmental contamination after discharge accounts for at most 1% 441

of the total P. aeruginosa transmissions in the two ICUs of the University hospital in 442

Besançon before and after renovation. In contrast, endogenous as well as 443

cross-transmission are both essential for the transmission dynamics of P. aeruginosa. 444

This suggests, that improvement of cleaning of the environment after discharge would 445

have only a limited benefit regarding the prevention of P. aeruginosa colonization in the 446

two considered ICUs of the University hospital in Besançon. 447

Previously, studies have been conducted to investigate the role of environmental 448

contamination for colonizations of P. aeruginosa. For instance, Panagea et al. 449

performed environmental studies to determine the extent of environmental 450

contamination with an epidemic strain of P. aeruginosa [25]. They concluded that the 451

transmissibility of the epidemic strain cannot be explained solely on the basis of 452

improved environmental survival. Our results likewise demonstrate that the decay of P. 453

aeruginosa is already rapid enough to limit its survival in the environment. 454

While our approach is efficient in determining the relative contribution of environmental 455

contamination after discharge requiring merely longitudinal surveillance data, it has 456
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several limitations that may restrict its practical applicability. 457

Our conclusions on the impact of cleaning only applies to the environment after the 458

discharge of patients. Permanently contaminated reservoirs in ICUs, such as sinks, may 459

still serve as sources for colonization. In our model they are assigned to the endogenous 460

route. Thus, while the effect of cleaning improvement after discharge might be limited 461

for the two considered ICUs, general cleaning improvement of the environment might be 462

important to reduce permanent reservoirs for environmental contamination. 463

The results of our analysis build on a data-augmented MCMC algorithm [19,26]. 464

Markov chain Monte Carlo sampling is a powerful tool to estimate posterior parameter 465

distribution whenever the likelihood is analytically intractable. And yet, the inherent 466

disadvantage of this sampling scheme is that it may take prohibitively many iterations 467

to converge to the posterior distribution. The convergence properties of MCMC 468

sampling in high-dimensional posterior distributions can be particularly problematic 469

and sensitive to the choice of prior and proposal distributions. Thus, tuning of the 470

MCMC parameters becomes crucial for its application. Our developed full model is 471

overparametrized when colonizations of patients are not or hardly influenced by 472

environmental contamination. As a result, the respective likelihood might not be 473

identifiable or only weakly identifiable. Here, a flat prior for the decay rate µ in 474

combination with a small initial standard deviation for its proposal distribution resulted 475

in large acceptance ratios close to 1. The MCMC chain mixed too slowly and therefore 476

hindered the identifiability of the likelihood. We were able to tune the parameters of the 477

proposal distribution for µ such that rapid convergence to the posterior distribution 478

could be assessed using visual inspection of histograms and trace plots. However, as 479

presented in the Results section, pairwise scatter plots showed strong correlations in 480

particular between ε and µ. Simulation studies confirmed that this can be explained by 481

an absence of environmental contamination in the investigated data sets. This supports 482

our finding that an impact of environmental contamination after discharge on the 483

transmission of P. aeruginosa may be neglected. 484

Moreover, colonization is assumed to remain until discharge. While this assumption is 485

true for P. aeurginosa it does not hold true for all antibiotic-resistant nosocomial 486

pathogens. However, intermittent carriage may be readily included allowing the method 487

to be generalized to other pathogens. 488

We assumed no difference in transmissibility between different strains of P. aeruginosa 489

and that all colonized patients are equally likely to transmit the pathogen. While 490

information on antibiotic resistance or microbial genotyping in combination with 491

epidemiological data may aid in distinguishing different strains and identifying specific 492

transmission events, only the uncertainty of the estimates would be affected. In 493

particular, the widths of the credibility intervals are likely to be reduced, but we do not 494

expect a large effect on the parameter estimates. 495

Assessing the fit of the model to the data is crucial to model building. The true relative 496

importance of the different routes of colonization in ICUs is generally unknown. 497

Genotyping data that might be used to demonstrate the source of the acquired 498

colonization is generally scarce and was not available for the data used in our analysis. 499

While the posterior predictive p-value is a popular method for assessing model fit, it has 500

been increasingly criticized for its self-fulfilling nature [27]. Furthermore, the choice of 501

the test statistic is crucial in order to adequately summarize discrepancies between 502

datasets. Rather than relying on a suitable summary statistic, we presented a model 503

assessment method that evaluates whether the estimated force of infection adequately 504

represents the transmission dynamics in the ward. However, while the corresponding 505

coverage probabilities may depict discrepancies per bin of the force of infection, the 506

sample size is not controlled by choosing the number MCMC updates. It might well 507

occur that specific patients (and their acquisition events) appear in more than one 508
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MCMC update simultaneously. Thus, the true sample size is estimated to be smaller. 509

Further improvement of the method presented here or development of other methods 510

would be a vital topic for assessing epidemic models. 511

Model selection was performed using the DIC which is known to display poor 512

performance (i.e. identifying the correct model) for complex likelihood functions such as 513

those corresponding to epidemic models. Comparing the plausibility of different models 514

is crucial for selecting the model that describes the dynamics of the observed system 515

best. Nevertheless, model choice for stochastic epidemic models is far from trivial. All 516

known approaches for model selection exhibit advantages as well as disadvantages [27] 517

which makes selecting the most suitable model comparison technique not 518

straightforward. We selected the well-known DIC-method that was easy to use and 519

implement. Our main results regarding environmental contamination after discharge do 520

not depend on the model choice. And yet, the development of a suitable and robust 521

model selection procedure in a data-augmented Bayesian framework would be an 522

interesting and important topic for future research. 523

Finally, like all models, ours is a simplification of the truth as it is unlikely that all 524

relevant variables are already included. Adding covariates such as antibiotic use, sex or 525

age may improve the model fit. 526

Our work may be used or further extended for assessing the relative importance of 527

different transmission routes within intensive-care units not only for P. aeruginosa but 528

for hospital pathogens in general. Based on these results, consequential decisions for 529

tailored interventions or policies may be deduced, aiding in improving infection 530

prevention and control and therefore reducing morbidity, mortality and related costs in 531

hospitals. 532
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Supporting information 538

S1 Text. Environmental contamination. The full model includes environmental
contamination on a ward-level. The bacterial load at any given time t is based on the
differential equation

dE

dt
= ν

I(t)

N(t)
− µE(t) (5)

Solving the above differential equation requires discretizing over t, resulting in a finite
number of time steps t0, t1, . . . , tN . We then assume I(t) = It and N(t) = Nt to be
constant within a time step and use it as initial conditions. Separating variables leads to

dE

ν · ItNt − µE(t)
= dt

and thus ∫
dE

ν ItNt − µE(t)
=

∫
dt
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⇒− 1

µ
log

∣∣∣∣ν ItNt − µE(t)

∣∣∣∣ = t+ C

⇒ log

∣∣∣∣ν ItNt − µE(t)

∣∣∣∣ = −µ(t+ C)

⇒
∣∣∣∣ν ItNt − µE(t)

∣∣∣∣ = exp[−µ(t+ C)] = exp(−µt) exp(−µC)︸ ︷︷ ︸
At

Now, two cases have to be distinguished. 539

1. Case: ν ItNt − µE(t) ≥ 0

⇒− µE(t) = At · exp[−µt]− ν It
Nt

⇒E(t) = −At
µ︸ ︷︷ ︸

Bt

exp[−µt] +
ν

µ

It
Nt

⇒E(t) = Bt · exp[−µt] +
ν

µ

It
Nt
.

2. Case: ν ItNt − µE(t) < 0

⇒µE(t) = At · exp[−µt] + ν
It
Nt

⇒E(t) =
At
µ︸︷︷︸
Bt

exp[−µt] +
ν

µ

It
Nt

⇒E(t) = Bt · exp[−µt] +
ν

µ

It
Nt
.

Determine Bt0 for initial condition E(t0) = Et0 :

Et0 = E(t0) = B0 +
ν

µ

It0
Nt0

and therefore

Bt0 = Et0 −
ν

µ

It0
Nt0

. (6)

For t0 ≤ t ≤ t1 the environmental load can be then computed by

E(t) =

(
Et0 −

ν

µ

It0
Nt0

)
e−µt +

ν

µ

It0
Nt0

= Et0e
−µt +

ν

µ

It0
Nt0

(1− e−µt).

For t0 ≤ ti ≤ tN it holds

Bti =
Eti − ν

µ

Iti
Nti

e−µti
(7)

and therefore, it holds for btc := max{t0 ≤ x ≤ tN |x ≤ t} and t ∈ R \ {t0, t1, . . . , tN}

E(t) =
Ebtc − ν

µ

Ibtc
Nbtc

e−µbtc
· e−µt +

ν

µ

Ibtc

Nbtc
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= Ebtce
−µ(t−btc) +

ν

µ

Ibtc

Nbtc

(
1− e−µ(t−btc)

)
.

and

E(ti) = Eti−1
e−µ(ti−ti−1) +

ν

µ

Iti−1

Nti−1

(
1− e−µ(ti−ti−1)

)
for 0 ≤ i ≤ N . 540

S2 Text. Discrete-time transmission model. For the discrete-time transmission
model, we assume that the number of colonized patients I(t), the total number of
patients N(t) and the bacterial load E(t) is constant during the day. It is assumed that
admission and screening occur at 12:00 pm on each day T determining IT and NT .
Given all the information (at 12:00 pm), the environmental contamination on day T is
determined. The force of infection on day T is then given by

λ(T ) = α+ β
IT
NT

+ εE(T )

= α+ β
IT
NT

+ ε ·
[
ET−1e

−µ +
ν

µ

IT−1
NT−1

(1− e−µ)

]
.

541

S3 Text. Relative contribution. The computations in section Relative contributions
of transmission routes were developed for continuous-time models. In our discrete-time
model, we assume that events such as, admission, colonization and discharge of patients
and screening occur on a daily basis. However, we do assume that the level of
environmental contamination changes continuously. Computing the relative
contributions of the different transmission routes becomes more laborious in this
scenario. Let tci be the acquisition time of patient i ∈ {1, . . . , n}. The contribution of a
route j is the ratio of the probability that the acquisition was due to route j and the
total probability of acquisition:

Contribution of endeogenous route = Rj =

∑n
i=1

P (infection during day tci due to route j)
P (infection during day tci )

Nacq

where Nacq is the total number of occured colonizations and Rj with
j ∈ {end, crossT, env} indicate the endogenous, cross-transmission or environmental
route, respectively. The route-specific probabilities can be determined by

P (infection during day T by Rend) =

∫ T+1

T

P(patient still susceptible at time t) · αdt

P (infection during day T by RcrossT) =

∫ T+1

T

P(patient still susceptible at time t) · β IT
NT

dt

P (infection during day T by Renv) =

∫ T+1

T

P(patient still susceptible at time t) · εE(t) dt

where environmental contamination during a patient’s stay is assigned to the 542

environmental route. For the alternative assignment (i.e. only considering the bacterial 543

load remaining after discharge as environmental contamination), the formulas change 544

according to Eq. (3). The results are dependent on ν ITNT − µE(T ) and are given by 545

1. Case: ν ITNT − µE(T ) ≥ 0

P (infection during day T by rend) = α · Ẽ ·
[
γ

(
A

µ
, B̃

)
− γ

(
A

µ
, B̃e−µ

)]
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P (infection during day T by rcr) = ¸β
IT
NT
· Ẽ ·

[
γ

(
A

µ
, B̃

)
− γ

(
A

µ
, B̃e−µ

)]
P (infection during day T ) = 1− e−A−B̃(e−µ−1)

2. Case: ν ITNT − µE(T ) < 0

P (infection during day T by rend) = α · Ê ·

[ ∞∑
i=0

(−B̃)i

i!
· 1

A/µ+ i
·
(
1− e−A−µi

)]

P (infection during day T by rcr) = ¸β
IT
NT
· Ê ·

[ ∞∑
i=0

(−B̃)i

i!
· 1

A/µ+ i
·
(
1− e−A−µi

)]
P (infection during day T ) = 1− e−A−B̃(e−µ−1)

and

P (infection during day T by Renv)

= P (infection during day T )−
∑

k∈{α,β}

P (infection during day T by k)

where

A = α+

(
β +

εν

µ

)
IT
NT

, B̃ =
ε

µ

(
ν

µ

IT
NT
− ET

)
Ẽ =

1

µ
· eB̃ · B̃−

A
µ , Ê =

eB̃

µ
,

G =
εν

µ

IT
NT

and γ(·, ·) is the lower incomplete gamma function. Note that the derivations are 546

omitted here but can be requested from the first author. 547

S4 Text. Approximation of relative contribution in discrete-time. Large
values of the force of infection λ(t) are very unlikely. Under the assumption of small
λ(t), the following simplifications and approximations can be made:

e−
∫ t
0
λ(x)dx ≈ 1− λ(t)

1− e−
∫ t
0
λ(x)dx ≈ λ(t)

λ(t)

1− λ(t)
≈ λ(t).

Therefore, the force of infection itself may be a good approximation of the probability of
infection and the probability of acquiring colonization due to route j may be
approximated by the respective sub-term of the force of infection assigned to route j:

P (infection during day T due to route j) ≈ λj

with j ∈ {end, crossT, env}. As an approximation of the relative contribution we 548

compute the ratio of the transmission rate and the force of infection for each acquired 549

colonization: 550
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• Contribution of endogenous route = Rend =

∑n
i=1

α
λ(tc

i
)

Nacq
551

• Contribution of cross-transmission = RcrossT =

∑n
i=1

β·
I(tci )

N(tc
i
)
+ε

∑
ip

Eip
(tci )

N(tc
i
)

λ(tc
i
)

Nacq
552

• Contribution of environmental contamination = Renv =

∑n
i=1

ε

[∑
id

Eid
(tci )

N(tc
i
)

+E0e
−µtci

]
λ(tc

i
)

Nacq
553

where tci is the day of colonization of patient i ∈ {1, . . . , n} and Nacq the total number 554

of occured colonizations. Furthermore, ip indicates a colonized patient that is present at 555

time tci and id a colonized patient that has been colonized prior to tci but was already 556

discharged. It holds Rend +RcrossT +Renv = 1. 557

S5 Text. Adapted data-augmented MCMC algorithm. We model the 558

transmission process using a two-state Markov model, where each patient can be either 559

susceptible (P.A. negative) or colonized (P.A. positive). A patient i is admitted to the 560

ICU on day tai and discharged on day tdi . The probability that a patient is admitted 561

already colonized is described by parameter f . The rate at which a susceptible patient 562

transitions to being colonized is described in section Materials and methods. The 563

colonization state of an individual patient is determined from screening information. We 564

suppose that for each patient i a set of screening results Xi = X
(1)
i , . . . , Xi = X

(m)
i , 565

taken on days t
(1)
i , . . . , t

(m)
i is available. The set of all screening results is denoted by 566

X = {X1, . . . , XN} where N is the total number of patients. Since screening tests are 567

typically intermittent and imperfect, we define the test sensitivity φ (i.e. probability 568

that a colonized patient has a positive result). We assume that the specificity (i.e. 569

probability that an uncolonized patient has a negative result) is 100%. 570

We implemented an adapted version of the data-augmented MCMC algorithm to
analyze the data. The transmission and importation model, as well as the
data-augmentation method is closely based on the approach of [19,26] but adapted for
the transmission routes presented in this paper. The algorithm was implemented in
C++ and the analysis of the output was performed in R (Version 3.5.1) [28]. The aim of
our analysis was to estimate the set of parameters θ = {α, β, ε, µ, f, φ}. The prior
distribution were chosen as follows:

f, φ ∝ Beta(a, b)

α, β, ε, µ ∝ Exp(λ)

where Exp(λ) represents the exponential distribution with rate λ, and Beta(a, b) the 571

beta distribution with shape parameters a and b. Having fixed a = b = 1 and λ = 0.001, 572

we use uninformative priors in our analysis. 573

The data-augmentation procedure accounts for unobserved colonization times by
augmenting the parameter space with A = {tc, sa}, a set comprising of the unobserved
colonization times tc and admission states sa of all n patients. An admission state of a
patient is 1 if the patient is colonized upon admission and 0 otherwise. If the patient j
becomes colonized during his/her stay, the colonization time may take an integer value
between the time of admission taj and time of discharge tdj (inclusive). If a patient does
not acquire colonization, the respective value tcj takes a dummy value of −1. The
augmented posterior density relation can be determined using Bayes’ Theorem:

P (A, θ |D) ∝ P (D,A, θ) = P (D |A, θ)P (A | θ)P (θ) (8)

= P (D | tc, sa, θ)P (sa | θ)P (tc | sa, θ)P (θ) (9)
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where P (D |A, θ) is the likelihood of the observed data D, P (A | θ) is the likelihood of
the augmented data and P (θ) is the joint prior distribution of the parameter set θ. All
terms in (8) can be explicitly calculated. It holds

P (D | tc, sa, θ) = φTP (X)(1− φ)FN(X,tc)

where TP (X) and FN(X,A) are the total number of true positive and false negative
swab results, given the colonization times tc, respectively. It represents the imperfect
observation of the transmission dynamics. Assuming that lost colonization can be
excluded, we consider any negative result after the time of colonization as a false
negative. Since false positive results are impossible, the TP (X) is not dependent on the
augmented data and can be determined directly from the observed data. The
probability of the set of importations, given the importation probability f is given by

P (sa | θ) = f
∑
i s
a
i (1− f)n−

∑
i s
a
i .

The transmission model itself is reflected in the probability of the colonization times
given the admission states and the parameters

P (tc | sa, θ) =
n∏
i=1

exp

−min(tdi ,t
c
i−1)∑

t=tai

λ(t)

 ∏
j:tcj 6=−1

(1− exp(−q(tcj)))

 · f∑i s
a
i (1− f)n−

∑
i s
a
i .

(10)

To update the importation rate f and the sensitivity φ, we use Gibbs sampling as we 574

can sample directly from the full conditional distributions. The transmission parameters 575

α, β, ε, µ are updated using an adapted version of the Metropolis-Hastings algorithm. 576

Regular MCMC methods based on the Metropolis-Hastings algorithm tend to be very 577

slow in high dimensions as a result of slow mixing and therefore inefficient convergence 578

towards the target distribution. In high-dimensional spaces the volume outside is much 579

larger than the volume of our target distribution. Thus, traditional MCMC methods 580

such as the Metropolis-Hastings algorithm, spend considerable amount of time of 581

traversing space away from the mode of the target distribution. Our adapted MCMC 582

algorithm aims in exploring the target distribution more efficiently. 583

The Metropolis-Hastings algorithm generates a Markov chain θ(1), . . . , θ(N) which
converges to a target distribution π(·) if N is large enough. In each update of the
Markov chain, a candidate point, θ∗ is sampled from a proposal density q(θ∗ | θ(i)),
which gives the probability density of proposing θ∗, given the current, ith value. With a
certain probability or so-called acceptance ratio

a(θ∗, θ(i)) = min

(
1,

q(θ∗ | θ(i))π(θ∗)

q(θ(i) | θ∗)π(θ(i))

)
,

the proposed value is accepted. 584

The Metropolis algorithm is a special case of the Metropolis-Hastings algorithm where 585

the proposal function is symmetrical. Since a symmetrical proposal distribution 586

simplifies the calculation of the acceptance ratio to a(θ∗, θ(i)) = min
(
1, π(θ∗)/π(θ(i))

)
, 587

it is often used for updating parameters. The proposal function has a great influence on 588

the speed of convergence and hence efficiency of the algorithm. We suggest a proposal 589

distribution that speeds up the convergence towards the target distribution while 590

limiting the additional computational effort. The idea behind our method is as follows: 591

For each estimated parameter set θ there is a corresponding force of infection λ(t) for 592

each time t. It can be assumed that the mean force of infection λ is approximately 593

constant over the number of iterations. The rationale behind it is that there is true 594
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mean force of infection that should be approximated by the MCMC algorithm. 595

Proposing new parameter candidates depending on the mean force of infection reduces 596

the volume that has to be traversed in order to converge to the target distribution. The 597

resulting proposal density is not symmetric anymore and thus the procedure requires an 598

adjustment of the acceptance ratio. The adapted Metropolis-Hastings algorithm to 599

update the transmission parameters runs as follows: 600

Two transmission routes 601

1. Set initial values θ(0) =
(
α(0), β(0)

)
, and the number of iterations N . 602

2. Sample new parameter values α∗, β∗ as follows: 603

(a) Propose candidate α∗ by sampling from α(i) +N (0, σ2
α) 604

(b) Propose candidate β∗ assuming λ∗
!
≈ λ(i) = α(i) + β(i) · Prev: 605

Sample β∗ from λ(i)−α∗
Prev

+N (0, σ2
β), i.e. N

(
λ

Prev
− α∗

Prev
,

σ2
α

Prev
2 + σ2

β

)
606

(c) With probability

α(θ∗, θ(i)) = min

(
1,

q(θ∗ | θ(i))π(θ∗)

q(θ(i) | θ∗)π(θ(i))

)

where q(θ∗ | θ(i))
q(θ(i) | θ∗) = e

β∗2−β(i)2+µβ(β(i)−β∗)

2σ2
β , accept the proposed value and set 607

θ(i+1) = θ∗, else set θ(i+1) = θ(i). 608

3. If i < N , then go to step 2. 609

Three transmission routes 610

1. Set initial values θ(0) =
(
α(0), β(0), ε(0), µ(0)

)
, and the number of iterations N . 611

2. Sample new parameters θ∗ = (α∗, β∗, ε∗, µ∗) from a proposal density q
(
θ∗ | θ(i)

)
612

as follows: 613

(a) Propose candidate α∗ by sampling from α(i) +N (0, σ2
α) 614

(b) Propose candidate β∗ by sampling from β(i) +N (0, σ2
β) 615

(c) Propose candidate µ1 by sampling from µ(i) +N (0, σ2
µ) 616

(d) Update E
(i+1)
0 to ν

µ(i) · Prev 617

(e) Propose candidate ε∗ assuming λ∗
!
≈ λ(i) = α(i) + β(i) · Prev + ε(i) · E(i)

0 : 618

Sample ε∗ from λ(i)−α∗−β∗·Prev
E(i+1) +N (0, σ2

ε ), 619

i.e. N

(
λ(i)−α∗−β∗·Prev

E(i+1 ,
σ2
α

E(i+1)2
+

σ2
β(

E(i+1)

Prev

)2 + σ2
ε

)
. 620

(f) With probability

α(θ∗, θ(i)) = min

(
1,

q(θ∗ | θ(i))π(θ∗)

q(θ(i) | θ∗)π(θ(i))

)

where q(θ∗ | θ(i))
q(θ(i) | θ∗) = e

ε∗2−ε(i)2+2µε(ε
(i)−ε∗)

2σ2ε , accept the proposed value and set 621

θ(i+1) = θ∗, else set θ(i+1) = θ(i). 622

3. If i < N , then go to step 2. 623
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S6 Text. Model selection. We would like to assess whether we can concatenate the 624

Besançon data e.g. before and after the renovation of the ICUs in one large data set to 625

increase the power of our method. The idea is to compare the DICs for two different 626

scenarios: 627

• Consider only one model including one parameter set θ = {α, β, f, φ} where α is
the endogenous, β the cross-transmission parameter, f the importation rate and φ
the test sensitvity. The analysis is then performed on all the data X of the two
ICUs and the two time periods (before and after renovation). The DIC is then
given by

DICX,θ = DX(θ) +
1

2
Var(DX(θ)).

• Consider a model including a parameter set consisting of separate parameters for 628

each time period: 629

– θ1 = {α1, β1, f1, φ1} 630

– θ2 = {α2, β2, f2, φ2} 631

The parameter set of the model is then:

θ = θ1 ∪ θ2 = {α1, β1, f1, φ1, α2, β2, f2, φ2}.

The parameters in θ1 are updated for the data set before renovation whereas the
parameters in θ2 are updated for the data set after renovation. The deviance for
this model is determined by

DX(θ) = −2 log π(X | θ)
= −2 log π({X1, X2} | θ1 ∪ θ2)

= −2 log [π(X1 | θ1 ∪ θ2) · π(X2 | θ1 ∪ θ2)]

= −2 log [π(X1 | θ1) · π(X2 | θ2)]

= −2 [log π(X1 | θ1) + log π(X2 | θ2)]

= DX1(θ1) +DX2(θ2),

where X1 is the data set for the time period before and X2 for the time period
after renovation. Thus, the DIC for the model including separate parameters for
each time period can be calculated as

DICX,θ = DICX1,θ1 + DICX2,θ2 .

S7 Text. Simulation studies. Several data sets were simulated to test the 632

algorithm’s ability to identify the correct relative contribution. We fixed values for α, β 633

and ν and varied values for µ. The parameter ε is set to 0.6 · µ. Three main scenarios 634

regarding the duration of persistence of bacterial load in the environment are analyzed: 635

1. Long: µ ∈ {1/7, 1/14} 636

2. Medium: µ = 1/3 637

3. Short: µ = 1 638
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For each of the three scenarios the importation rate is varied within {0.01, 0.05, 0.1}. 639

We observed that for long and short durations of bacterial persistence, chain 640

convergence cannot be attained in a reasonable amount of time using uninformative 641

exponential priors. A long duration of bacterial persistence leads to a model that 642

cannot be distinguished from one with a higher endogenous contribution and small 643

contribution of environmental contamination. On the other hand, a short duration of 644

bacterial persistence leads to difficulties in distinguishing the resulting model from one 645

with a higher contribution of cross-transmission and smaller contribution of 646

environmental contamination. However, informative priors on µ (e.g. uniform priors 647

U(0, 2)) led to more rapid convergence of the MCMC chain. 648

For a medium length of bacterial persistence, the model is able to estimate the simulated 649

parameter values i.e. the true parameter values and respective relative contributions lie 650

in the 95% credibility intervals, given the mean prevalence was large enough (> 15%). 651

We have performed further simulation studies where the relative contribution of 652

environmental contamination after discharge varied. In particular, when environmental 653

contamination after discharge was not present in the simulated data, the results 654

resembled our analysis of the Besançon data shown in the Results section. Further 655

information on our simulation studies may be requested from the first author. 656

S8 Text. Secondary analyses. In addition to the analyses presented in Results, six 657

further analyses were performed. For each ICU, the time periods before and after 658

renovation were combined. Finally, all available data was concatenated into one big 659

data set and analyzed at once. The results of these analyses using the submodel as well 660

as the full model are presented in S9 - S10 Tables. The posterior estimates of the model 661

parameters and the corresponding relative contributions are similar to the ones 662

presented in the Results section. 663

S9 Table. Summary statistics of the marginal posterior distributions for 664

model parameters of the submodel.

Parameter Symbol Median (95% credibility interval)*
ICU A ICU B ICUs combined

Endogenous
α 0.011 (0.008, 0.015) 0.008 (0.006, 0.011) 0.009 (0.007, 0.011)

coefficient
Cross-transmission

β 0.03 (0.012, 0.046) 0.038 (0.006, 0.011) 0.034 (0.024, 0.044)
coefficient
Sensitivity φ (%) 50.7 (48.0, 53.2) 60.5 (58.8, 62.1) 57.5 (56.2, 58.9)
Importation

f (%) 5.5 (4.5, 6.5) 7.6 (6.7, 8.6) 6.5 (5.8, 7.2)
probability
Fraction colonized pcol (%) 22.2 (21.2, 23.1) 23.2 (22.7, 23.7) 22.4 (21.9, 22.8)
Contributions
Endogenous

Rend (%) 65.1 (46.4, 84.6) 51.1 (35.5, 66.9) 57.6 (46.0, 68.9)
contribution
Cross-transmission

RcrossT (%) 34.9 (15.4, 53.6) 48.9 (33.1, 64.5) 42.4 (31.1, 54.0)
contribution

*Highest posterior density interval

665
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S10 Table. Summary Statistics of the marginal posterior distributions for 666

model parameters of the full model.

Parameter Symbol Median (95% credibility interval)*
ICU A ICU B ICUs combined

Endogenous
α 0.011 (0.008, 0.014) 0.008 (0.006, 0.011) 0.009 (0.007, 0.011)

coefficient
Cross-transmission

β 0.013 (0, 0.033) 0.022 (0, 0.011) 0.018 (0, 0.034)
coefficient
Environmental

ε 201.1 (0.018, 832.829) 176.7 (0.009, 811.6) 209.0 (0.02, 784.5)
coefficient
Decay rate µ 1415.8 (65.6, 4273.8) 1396.9 (26.4, 3992.2) 1419.2 (43.7, 4524.0)
Sensitivity φ (%) 50.6 (48.0, 53.1) 60.5 (58.9, 62.1) 57.6 (56.2, 58.9)
Importation

f (%) 5.5 (4.5, 6.6) 7.5 (6.6, 8.4) 6.4 (5.7, 7.2)
probability
Fraction colonized pcol (%) 22.2 (21.3, 23.1) 23.2 (22.7, 23.6) 22.4 (21.9, 22.8)
Contributions
Endogenous Rend (%) 62.2 (44.8, 79.7) 50.4 (35.6, 65.2) 57.6 (45.5, 67.9)
Cross-transmission RcrossT (%) 37.2 (20.4, 54.9) 49.0 (34.0, 63.1) 42.7 (31.9, 54.0)
Env. cont. after

Renv (%) 0.006 (0, 0.013) 0.005 (0, 0.013) 0.006 (0, 0.012)
discharge

*Highest posterior density interval

667

S11 Fig. Pairwise plots of samples from the posterior distribution for the 668

transmission parameters of the submodel. The plots were generated from the 669

data of ICU A before renovation using the submodel with endogenous and exogenous 670

transmission. 671

S12 Fig. Histograms for ICU A before renovation using the submodel with 672

endogenous route and cross-transmission. 673

S13 Fig. Traceplots for ICU A before renovation using the submodel with 674

endogenous route and cross-transmission. 675

S14 Fig. Histograms for ICU A after renovation using the submodel with 676

endogenous route and cross-transmission. 677

S15 Fig. Traceplots for ICU A after renovation using the submodel with 678

endogenous route and cross-transmission. 679

S16 Fig. Histograms for ICU A before renovation using the full model with 680

endogenous route, cross-transmission and environmental contamination. 681

The results are displayed for transmission parameters α, β, ε and µ. 682

S17 Fig. Histograms for ICU A before renovation using the full model with 683

endogenous route, cross-transmission and environmental contamination. 684

The results are displayed for importation probability f , sensitivity parameter φ, 685

log-likelihood and relative contributions Ri where 686

i ∈ {endogenous, cross-transmission, environment}. 687

S18 Fig. Traceplots for ICU A before renovation using the full model with 688
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endogenous route, cross-transmission and environmental contamination. 689

The results are displayed for transmission parameters α, β, ε and µ. 690

S19 Fig. Traceplots for ICU A before renovation using the full model with 691

endogenous route, cross-transmission and environmental contamination.The 692

results are displayed for importation probability f , sensitivity parameter φ, 693

log-likelihood and relative contributions Ri where 694

i ∈ {endogenous, cross-transmission, environment}. 695

S20 Fig. Histograms for ICU A after renovation using the full model with 696

endogenous route, cross-transmission and environmental contamination. 697

The results are displayed for transmission parameters α, β, ε and µ. 698

S21 Fig. Histograms for ICU A after renovation using the full model with 699

endogenous route, cross-transmission and environmental contamination. 700

The results are displayed for importation probability f , sensitivity parameter φ, 701

log-likelihood and relative contributions Ri where 702

i ∈ {endogenous, cross-transmission, environment}. 703

S22 Fig. Traceplots for ICU A after renovation using the full model with 704

endogenous route, cross-transmission and environmental contamination. 705

The results are displayed for transmission parameters α, β, ε and µ. 706

S23 Fig. Traceplots for ICU A after renovation using the full model with 707

endogenous route, cross-transmission and environmental contamination. 708

The results are displayed for importation probability f , sensitivity parameter φ, 709

log-likelihood and relative contributions Ri where 710

i ∈ {endogenous, cross-transmission, environment}. 711

S24 Fig. Pairwise plots of samples from the posterior distribution for the 712

transmission parameters of the full model. The plots were generated from the 713

data of ICU A before renovation using the full model with endogenous route, 714

cross-transmission and environmental contamination. 715

S25 Fig. Coverage probabilities for the submodel using Jeffreys prior. (a) - 716

(b) ICU A before and after renovation, respectively. (c) - (d) ICU B before and after 717

renovation, respectively. 718

S26 Fig. Coverage probabilities for the full model using Jeffreys prior. (a) - 719

(b) ICU A before and after renovation, respectively. (c) - (d) ICU B before and after 720

renovation, respectively. 721
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Médecine et Maladies Infectieuses. 2006;36(2):99–104.
doi:10.1016/j.medmal.2005.11.014.

13. Kramer A, Schwebke I, Kampf G. How long do nosocomial pathogens persist on
inanimate surfaces? A systematic review. BMC Infectious Diseases. 2006;6:130.
doi:10.1186/1471-2334-6-130.

14. McBryde ES, McElwain DLS. A Mathematical Model Investigating the Impact of
an Environmental Reservoir on the Prevalence and Control of
Vancomycin-Resistant Enterococci. The Journal of Infectious Diseases.
2006;193(10):1473–1474. doi:10.1086/503439.

December 3, 2018 28/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


15. Wolkewitz M, Dettenkofer M, Bertz H, Schumacher M, Huebner J.
Environmental Contamination as an Important Route for the Transmission of the
Hospital Pathogen VRE: Modeling and Prediction of Classical Interventions ,
Environmental Contamination as an Important Route for the Transmission of the
Hospital Pathogen VRE: Modeling and Prediction of Classical Interventions.
Infectious Diseases: Research and Treatment. 2008;1:IDRT.S809.
doi:10.4137/IDRT.S809.

16. Wang L, Ruan S. Modeling Nosocomial Infections of Methicillin-Resistant
Staphylococcus aureus with Environment Contamination*. Scientific Reports.
2017;7. doi:10.1038/s41598-017-00261-1.

17. Wang X, Xiao Y, Wang J, Lu X. A mathematical model of effects of
environmental contamination and presence of volunteers on hospital infections in
China. Journal of Theoretical Biology. 2012;293:161–173.
doi:10.1016/j.jtbi.2011.10.009.

18. Plipat N, Spicknall IH, Koopman JS, Eisenberg JN. The dynamics of
methicillin-resistant Staphylococcus aureusexposure in a hospital model and the
potential for environmental intervention. BMC Infectious Diseases.
2013;13(1):595. doi:10.1186/1471-2334-13-595.

19. Cooper BS, Medley GF, Bradley SJ, Scott GM. An augmented data method for
the analysis of nosocomial infection data. American Journal of Epidemiology.
2008;168(5):548–557. doi:10.1093/aje/kwn176.

20. Diekmann O, Heesterbeek H, Britton T. Mathematical Tools for Understanding
Infectious Disease Dynamics. Princeton University Press; 2013.

21. Andersson H, Britton T. Stochastic Epidemic Models and Their Statistical
Analysis. Lecture Notes in Statistics. New York: Springer-Verlag; 2000. Available
from: //www.springer.com/us/book/9780387950501.

22. Lavenir R, Jocktane D, Laurent F, Nazaret S, Cournoyer B. Improved reliability
of Pseudomonas aeruginosa PCR detection by the use of the species-specific ecfX
gene target. Journal of Microbiological Methods. 2007;70(1):20–29.
doi:10.1016/j.mimet.2007.03.008.

23. Gelman A, Carlin JB, Stern HS, Rubin DB. Bayesian Data Analysis, Second
Edition. CRC Press; 2003.

24. Brown LD, Cai TT, DasGupta A. Interval Estimation for a Binomial Proportion.
Statistical Science. 2001;16(2):101–133. doi:10.1214/ss/1009213286.

25. Panagea S, Winstanley C, Walshaw MJ, Ledson MJ, Hart CA. Environmental
contamination with an epidemic strain of Pseudomonas aeruginosa in a Liverpool
cystic fibrosis centre, and study of its survival on dry surfaces. Journal of
Hospital Infection. 2005;59(2):102–107. doi:10.1016/j.jhin.2004.09.018.

26. Worby CJ, Jeyaratnam D, Robotham JV, Kypraios T, O’Neill PD, De Angelis D,
et al. Estimating the effectiveness of isolation and decolonization measures in
reducing transmission of methicillin-resistant Staphylococcus aureus in hospital
general wards. American Journal of Epidemiology. 2013;177(11):1306–1313.
doi:10.1093/aje/kws380.

27. Gibson GJ, Streftaris G, Thong D. Comparison and Assessment of Epidemic
Models. Statistical Science. 2018;33(1):19–33. doi:10.1214/17-STS615.

December 3, 2018 29/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


28. R Core Team. R: A Language and Environment for Statistical Computing; 2018.
Available from: https://www.R-project.org/.

December 3, 2018 30/29

.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/


.CC-BY 4.0 International licenseunder a
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available 

The copyright holder for this preprint (which wasthis version posted December 10, 2018. ; https://doi.org/10.1101/492538doi: bioRxiv preprint 

https://doi.org/10.1101/492538
http://creativecommons.org/licenses/by/4.0/

