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Abstract

This thesis investigates the transmission dynamics of nosocomial fungal infec-

tions such as Candida auris, a multidrug-resistant pathogen increasingly observed

in intensive care units (ICUs)-using both deterministic and stochastic (continuous-

time Markov chain, CTMC) modelling approaches. Our compartmental framework

includes patients, healthcare workers (HCWs), and the ICU environment, capturing

multiple transmission pathways between these vectors. We examine outbreak dy-

namics through extinction analysis, basic reproduction number, sensitivity testing,

and two-dimensional parameter interaction heatmaps. Our results show that envi-

ronmental contamination and undetected infectious patients are primary drivers of

transmission, with patient-origin outbreaks showing low extinction probabilities.
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1

Introduction

Fungal infections (or mycoses) affect humans in various forms, ranging from mild

skin conditions to invasive, life-threatening illnesses [7]. While viruses and bacteria

have traditionally garnered more attention in medical research, there has been an

increasing focus on fungal infections and their associated diseases in recent years.

Understanding the characteristics, transmission dynamics, and management of fun-

gal infections is essential for effective healthcare practices and patient safety.

One emerging nosocomial fungal pathogen that has attracted significant attention

is Candida auris (C. auris). This multidrug-resistant yeast presents a serious global

health threat because of its ability to cause severe infections with associated high

mortality rates [15, 30]. C. auris has been reported in various countries worldwide.

Its association with healthcare facilities, such as hospitals and long-term care facili-

ties, is particularly concerning, as it can easily spread between patients and persist

on surfaces and healthcare equipment, contributing to the potential for outbreaks

within these settings [19, 27]. The impact of C. auris infections on patient safety

cannot be overstated: mortality rates as high as 30% to 60% have been reported,

surpassing those of other common fungal infections [15, 19].

Recent years have seen a growing interest in mathematical modelling of noso-
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comial fungal pathogens, including C. auris to look at how it spreads in health-

care settings. These studies have investigated key factors, such as environmental

contamination, transmission through healthcare workers, and patient susceptibility

[10, 16, 17]. However, these factors are often examined separately, and few mod-

els have integrated all three within a single framework. This makes it harder to

understand how they might interact in places like ICUs.

Such nosocomial fungal infections represent a critical concern, particularly for

patients in intensive care units (ICUs), where vulnerable individuals are at high

risk of developing such infections. Understanding the transmission dynamics in such

settings of nosocomial fungal infections is essential. To this end, we develop a math-

ematical model to investigate key factors that may contribute to the spread of noso-

comial fungal infections within ICUs. In our model, ICU patients are categorized

into two distinct groups: uncolonized patients, who are susceptible to infection, and

colonized patients, who have already contracted the disease. The isolated nature of

ICU wards reduces direct patient-to-patient transmission, leading us to consider two

primary routes for transmission from colonized to uncolonized patients: transmission

facilitated by healthcare workers (HCWs) and transmission through the environment.

This thesis is organized as follows: we introduce an ODE model and its corre-

sponding continuous-time Markov chain in Chapter 3, then in Chapter 4, conduct a

mathematical analysis of the model. Chapter 5 presents a computational analysis of

the model. A Discussion concludes the thesis.
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2

Preliminaries

2.1 Ordinary differential equations

An ordinary differential equation (ODE) is an equation that relates a function to its

derivatives. In general, an ODE describes how a vector-valued function xptq P Rn

evolves over time according to a specified rule. A system of first-order ODEs takes

the form:
dxi

dt
“ Fipt, x1, x2, . . . , xnq, xipt0q “ x0

i , i “ 1, . . . , n, (2.1.1)

where Fi : Rn`1 Ñ R is the rate of change of the variable xi, and x0
i P R is the

initial condition at time t0.

Theorem 2.1.1 (Existence and uniqueness theorem). Consider the initial value

problem defined in Equation (2.1.1). Suppose that each function Fi and its partial

derivatives BFi

Bxj
for i, j “ 1, . . . , n are continuous in a region R Ă Rn`1 defined by

α ă t ă β, α1 ă x1 ă β1, . . . , αn ă xn ă βn,

and that the initial point pt0, x
0
1, . . . , x

0
nq P R. Then there exists a time interval

|t ´ t0| ă h, for some h ą 0, over which a unique solution xi “ ϕiptq exists and
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satisfies the initial condition for all i “ 1, . . . , n.

2.1.1 Equilibria and stability

An equilibrium point x˚ P Rn of an autonomous system

9x “ fpxq

is a point at which the system remains constant over time, i.e., fpx˚q “ 0. In the

context of infectious disease modelling, such points often represent disease-free or

endemic steady states, and analyzing their stability helps determine whether the

system will tend to or away from such states under small perturbations.

An equilibrium point x˚ is said to be locally asymptotically stable if solutions

that start sufficiently close to x˚ not only remain close for all time but also converge

to it as t Ñ 8. Mathematically, there exists a neighbourhood U of x˚ such that for

any initial condition x0 P U , the solution xptq Ñ x˚ as t Ñ 8.

The stability of x˚ can be assessed using the Jacobian matrix Jpxq “ Dfpxq,

evaluated at the equilibrium. If all eigenvalues of Jpx˚q have strictly negative real

parts, then x˚ is locally asymptotically stable. If any eigenvalue has a positive real

part, the equilibrium is unstable. This linearization technique is widely used to study

the local behaviour of nonlinear systems near equilibria.

An equilibrium point is said to be globally asymptotically stable (GAS) if it is

both locally asymptotically stable and if, for every initial condition x0 P Rn, the

solution xptq Ñ x˚ as t Ñ 8. Establishing GAS typically requires the construction

of a suitable Lyapunov function or the use of global analytical methods. In epidemi-

ological models, a GAS disease-free equilibrium implies that the infection will die

out regardless of the initial size of the infected population.

The stability of x˚ can be assessed by analyzing the Jacobian matrix Jpxq “
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Dfpxq evaluated at the equilibrium. If all the eigenvalues of Jpx˚q have strictly

negative real parts, then x˚ is locally asymptotically stable. If any eigenvalue has a

positive real part, the equilibrium is unstable. This linearization method provides a

powerful tool for determining the behaviour of nonlinear systems near equilibria.

2.2 Epidemiological models and stability of the

disease-free equilibrium

In mathematical epidemiology, compartmental models are typically formulated as

systems of ODEs in Rn
` (since population numbers are non-negative). We consider a

compartmental disease transmission model in Rn
` described by the following system

of ordinary differential equations:

9x “ fpxq “ Fpxq ´ Vpxq, (2.2.1)

where:

• x “ px1, . . . , xnqJ P Rn
` represents the state vector, with each xi ě 0 denoting

the number of individuals in compartment i

• The first m compartments (x1, . . . , xm) correspond to infected individuals

• Fpxq “ pF1pxq, . . . ,FnpxqqJ is the vector of new infection rates

• Vpxq “ pV1pxq, . . . ,VnpxqqJ represents net transfer rates, where each compo-

nent can be decomposed as:

Vipxq “ V´
i pxq ´ V`

i pxq

with V´
i being the outflow rate and V`

i the inflow rate for compartment i

5



• The function f is continuously differentiable at least twice in each variable

(2.2.1) can be rewritten component-wise by splitting the state as x “ pxS, xIq,

with the variables xS P Rn´m
` and xI P Rm

` representing the number of individuals

in various compartments who are not infected and not transmitting the disease and

the number of infected individuals, respectively. In this case, (2.2.1) takes the form

9xS “ FS pxq ´ VS pxq (2.2.2a)

9xI “ FI pxq ´ VI pxq , (2.2.2b)

with FS, FI , VS and VI the corresponding components of F and V .

We assume the existence of a Disease-Free Equilibrium (DFE) denoted as x˚ “

px˚
S,0q, following the conditions established by van den Driessche and Watmough

[31].

2.2.1 The basic reproduction number

The basic reproduction number is a crucial factor in studying infectious diseases as

it determines whether the disease will fade away or spread in a population over time.

It represents the number of secondary infections caused by one primary infection in

a population where everyone is susceptible. If R0 ą 1, it means that one primary

infection can result in more than one secondary infection, leading to an unstable

disease-free equilibrium and an outbreak of the epidemic. On the other hand, if

R0 ă 1, it implies that the situation is under control, and the disease-free equilibrium

is locally stable, making it impossible for the disease to persist. Therefore, when

dealing with a pandemic, it is crucial to develop an effective strategy to reduce the

reproduction number to less than one as soon as possible [21].

To compute the basic reproduction number, we use the method of [31]. This

involves assuming that (2.2.1) satisfies the following conditions:
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(A1) Non-negativity: if x ě 0, then Fi,V`
i ,V´

i ě 0 for i “ 1, ..., n.

(A2) No outflow from empty compartments: V´
i “ 0 if x “ 0.

(A3) Zero incidence of infection in uninfected compartments: Fi “ 0 for i ą m.

(A4) Invariance of disease-free subspace: Fi pxq “ 0 and V`
i pxq “ 0 for i “ 1, ...,m

whenever x P Xs.

(A5) Eigenvalues at DFE are negative: If F pxq is set to zero, then all eigenvalues

of the Jacobian matrix Df px0q evaluated at a disease-free equilibrium (DFE) x0 have

negative real parts.

The basic reproduction number of (2.2.1) is then defined as R0 “ ρ pFV ´1q,

where ρp¨q is the spectral radius of the next-generation matrix evaluated at the DFE

x0, i.e., the modulus of the largest eigenvalue of FV ´1.

2.2.2 Local asymptotic stability of the DFE

Using the computation method in the previous section, the following result then

holds, which makes a further assumption on x0.

Theorem 2.2.1 ([31]). If x0 is a locally stable DFE of the model (2.2.1), then:

• x0 is locally asymptotically stable if R0 ă 1 (Small outbreaks die out and the

population returns to the disease-free state)

• x0 is unstable if R0 ą 1 (Small outbreaks lead to an epidemic)

2.2.3 Global stability of DFE

We represent the system (2.2.2) on the positively invariant set Ω Ă Rn1`n2
` in its

pseudo-triangular form:

9xS “ TSpxqpxS ´ x˚
Sq ` TSIpxqxI (2.2.3a)

9xI “ TIpxqxI (2.2.3b)
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where:

• x “ pxS,xIq P Rn1
` ˆ Rn2

` is the state vector partitioned into susceptible and

infected compartments

• x˚
S is the susceptible components at the disease-free equilibrium

• The system matrices are decomposed by epidemiological mechanisms:

TSpxq “ MSSpxq ´ DSSpxq

TSIpxq “ MSIpxq ´ DSIpxq

TIpxq “ MIIpxq ´ DIIpxq

where M¨¨pxq matrices represent infection mechanisms and D¨¨pxq represent

compartment transitions. Each matrix function is continuous on Ω and satis-

fies:

– MSS,DSS P Rn1ˆn1 : Dynamics within susceptible compartments

– MSI ,DSI P Rn1ˆn2 : Infection generation from infected to susceptible

– MII ,DII P Rn2ˆn2 : Transmission among infected compartments

Assume the following conditions hold:

H1 (Positivity and Dissipativity): System (2.2.3) is defined on a positively invari-

ant set Ω of the nonnegative orthant (where all variables are non-negative). System

(2.2.3) is dissipative within Ω, meaning trajectories are bounded as time goes to

positive infinity.

H2 (Global Stability of Disease-free Subsystem): The subsystem of (2.2.3) repre-

senting disease dynamics in the absence of any disease (i.e., setting xI “ 0) globally

asymptotically stabilizes at the disease-free equilibrium on the projection of Ω onto

the space of the first n1 variables (representing the healthy population).

8



H3 (Metzler and Irreducibility of TIpppxqqq): The matrix TIpppxqqq, representing in-

teractions within the infected population, is Metzler (all off-diagonal elements are

non-negative) and irreducible (no isolated compartments) for any state x within Ω.

H4 (Upper Bound and Disease-free Equilibrium) There exists an upper bound

matrix T̄ I for the set ℜ “ tTI pxq {x P Ωu (i.e., every element of TIpppxqqq is less than

or equal to the corresponding element in T̄ I). This upper bound either does not

belong to the original set ℜ or if it does (i.e., it’s the maximum), then any state

x in Ω where this maximum is achieved has its first n1 components equal to zero

(representing no disease).

H5 (Stability Modulus of Upper Bound): The spectral bound (greatest real part

of the eigenvalues) of the upper bound matrix T̄ I , denoted by α
`

T̄ I

˘

, is less than

or equal to zero.

Theorem 2.2.2 ([14]). Under hypotheses (H1–H5), the disease-free equilibrium (DFE)

of (2.2.3) is globally asymptotically stable within the set Ω.

Corollary 2.2.3. If hypotheses (H1–H5) hold for (2.2.3) and T̄ I “ TIpx˚
S, 0q, then

the DFE is globally asymptotically stable if and only if R0 ď 1.

Proof. The Jacobian of the system at the DFE is

J “

¨

˚

˝

TSpx˚
S, 0q TSI px˚

S, 0q

0 TI px˚
I , 0q

˛

‹

‚

Hence α
`

T̄ I

˘

ď 0 is a necessary condition. And this is equivalent to R0 ď 1.

2.3 Sensitivity analysis

Sensitivity analysis is an important step in understanding how model parameters

influence the outcomes of infectious disease models. In this study, we performed a
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global sensitivity analysis using the Partial Rank Correlation Coefficient (PRCC)

method. This approach is well-suited for complex deterministic or stochastic mod-

els where the relationship between parameters and outcomes is not analytically

tractable.

The PRCC method evaluates the strength and direction of the monotonic rela-

tionship between each input parameter and a selected model output—typically R0,

prevalence, or final epidemic size—while controlling for the influence of other param-

eters. Unlike local methods (e.g., normalized forward sensitivity indices), PRCC does

not require differentiability or an explicit functional form of the outcome variable.

To conduct the PRCC analysis, we generated a Latin Hypercube Sampling (LHS)

of the parameter space, simulated the model outputs for each sample, and then

computed the PRCC values using rank-transformed data. A high absolute PRCC

value indicates a strong monotonic influence of the parameter on the outcome.

This method provides valuable insights into which parameters most strongly af-

fect the transmission dynamics of the disease, thereby informing parameter prioriti-

zation and intervention strategies.

2.4 Continuous-time Markov chains (CTMC)

A continuous-time Markov chain (CTMC) is a stochastic process that models the

evolution of a system over continuous time, where the future state depends only on

the current state and not on the sequence of events that preceded it. This is known

as the Markov property [22].

Let tXptq, t ě 0u be a CTMC with a countable state space S. The process is

characterized by transition rates qij, which denote the instantaneous rate at which

the system transitions from state i P S to state j P S (j ‰ i). The matrix Q “ rqijs

is called the infinitesimal generator matrix, and it satisfies the following properties:
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• qij ě 0 for i ‰ j,

• qii “ ´
ř

j‰i qij.

The holding time in each state i is exponentially distributed with rate ´qii, and

after this time elapses, the process jumps to a new state j with probability qij

´qii
. This

formulation makes CTMCs particularly well-suited for modelling biological processes,

such as the transmission of infectious diseases, where state transitions (e.g., infection,

recovery, colonization) occur randomly over continuous time.

In this thesis, CTMCs are used to represent the stochastic evolution of patient,

healthcare worker, and environmental states in an intensive care unit (ICU) setting.

The model includes a set of discrete states representing the compartmental status

of individuals and transitions governed by probabilistic rates informed by biological

and clinical parameters.

2.5 From ODE Models to CTMC Models

Deterministic models of infectious disease dynamics are commonly formulated using

systems of ordinary differential equations (ODEs). In such models, the state variables

represent population-level averages (e.g., the proportion of susceptible or infected

individuals), and their evolution is governed by deterministic rates. For example,

in a simple SIR model, the infection term βSI represents the expected number of

new infections per unit time, where S and I denote the numbers of susceptible and

infected individuals, respectively. These models are particularly useful for studying

the average long-term behaviour of epidemics and for deriving threshold quantities

such as the basic reproduction number R0.

However, ODE models implicitly assume that populations are very large and

that transitions between compartments occur continuously and deterministically.

In real-world healthcare settings, such as intensive care units (ICUs), the number of
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patients, healthcare workers, and environmental sites is relatively small. Under these

conditions, randomness in infection, recovery, and decontamination events becomes

significant, and deterministic models may fail to capture the variability observed in

practice.

To account for this intrinsic randomness, the ODE framework can be reformu-

lated as a stochastic model using continous time Markov chains (CTMC). In this

setting, the same transition mechanisms (e.g., infection, recovery, discharge) are re-

tained, but they are expressed as random events occurring at specified rates. For

instance, while the ODE model represents the infection rate as βSI, in the CTMC

formulation, the number of infection events in a short time interval ∆t follows a

Poisson distribution with mean βSI∆t. Thus, instead of evolving deterministically,

the system undergoes random jumps between discrete states, with the probability of

each transition determined by the corresponding rate.

In summary, the ODE model describes the expected dynamics of the system,

while the CTMC model captures both the expected behaviour and the stochastic

fluctuations around it. This transition is particularly important in the context of

nosocomial fungal infections, where small populations and rare events can signif-

icantly influence outbreak dynamics. In this thesis, we use CTMCs to provide a

more realistic description of transmission dynamics in ICUs, complementing the in-

sights gained from deterministic ODE analysis.

2.6 Nosocomial infections and Candida auris

Nosocomial infections, also known as hospital-acquired infections (HAIs), are infec-

tions acquired by patients during their stay in a healthcare setting, particularly in

intensive care units (ICUs), where individuals are more vulnerable due to weakened

immune systems and invasive medical procedures. These infections pose a significant
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public health risk, contributing to prolonged hospital stays, increased mortality, and

rising healthcare costs. Common types of HAIs include bloodstream infections, uri-

nary tract infections, ventilator-associated pneumonia, and surgical site infections.

Transmission pathways typically involve contact with contaminated healthcare work-

ers (HCWs), medical equipment, and environmental surfaces.

C. auris is an emerging multidrug-resistant fungal pathogen of growing concern in

nosocomial settings. Since its first identification in 2009, C. auris has been reported

globally and has caused multiple hospital outbreaks. It is notoriously difficult to treat

due to resistance to multiple classes of antifungal drugs and is also challenging to

eradicate from hospital surfaces. Moreover, it is frequently misidentified by standard

laboratory methods, which can delay appropriate clinical responses and infection

control measures.

In ICU settings, C. auris poses particular risk due to its ability to persist on

surfaces and skin, its transmission via both direct (e.g., through HCWs) and indirect

(e.g., via the environment) contact, and the high mortality rates associated with

invasive infections. Therefore, effective infection prevention and control require a

thorough understanding of its biological characteristics and transmission pathways.

2.7 Mathematical modelling of nosocomial pathogens

Mathematical models have played a pivotal role in enhancing our understanding of

nosocomial transmission dynamics and evaluating infection control strategies. Tra-

ditional models often use compartmental frameworks based on systems of ordinary

differential equations (ODEs) to describe the progression of individuals through var-

ious epidemiological states (e.g., susceptible, colonized, infected).

One of the earliest such models is that of Austin et al. [4], who developed a

dynamic transmission model to study the spread of antibiotic-resistant bacteria in
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hospitals. Their work incorporated patient movement and HCW contact patterns,

laying the foundation for many subsequent models. Barnes et al. [5] extended this ap-

proach by integrating environmental decontamination and hand hygiene compliance

in the context of Clostridium difficile control.

Other works have used agent-based models (ABMs) and stochastic frameworks

to account for individual-level variability and randomness in transmission events [20,

28]. These approaches are particularly useful in modelling small populations such as

ICU wards, where stochasticity plays a critical role.

While the majority of early models focused on bacterial infections, recent efforts

have shifted toward fungal pathogens, including C. auris. For example, Welsh et

al. [33] proposed a stochastic compartmental model incorporating colonization, envi-

ronmental persistence, and delayed detection to study C. auris outbreaks. These

models typically emphasize indirect transmission pathways, asymptomatic carri-

ers, and long environmental survival times—features especially relevant to fungal

pathogens.

Such modelling frameworks provide essential insight into how various factors—e.g.,

screening, isolation, decontamination, and antifungal management can influence out-

break dynamics and control efforts. The model developed in this thesis builds upon

this body of work by incorporating both deterministic and stochastic elements to

study transmission in ICU environments, with a specific focus on the roles of HCWs

and the environment in spreading C. auris.
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3

Model assumptions and

formulation

In this chapter, we present a mathematical model to show the intricate dynamics

underpinning nosocomial fungal infections within the confines of Intensive Care Units

(ICUs), encompassing both environmental transmission vectors and the involvement

of healthcare personnel.

Consider an intensive care unit (ICU) comprising patients and healthcare workers.

We categorize patients in this critical care unit into six distinct groups, based on

the stage of their fungal infection and the results of their diagnostic tests. These

categories are Susceptible Uncolonized (PS), Colonized (PC), Dectected Infectious

(ID) or Undetected Infectious (IU), Recovered Colonized (RC) and Dead (“morts”

in French) (M). The remainder of the population consists of healthcare workers

(HCWs). It is assumed that HCWs act as “vectors” of the disease: they can carry it

from patient to patient if they become colonized during a healthcare act, but do not

go on to develop an infection with the disease itself. The number of uncontaminated

susceptible HCWs is denoted HS, while those bearing the pathogen are denoted HC .

Finally, the pathogen can also contaminate the environment; the concentration of
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fungal pathogens in the ICU environment is denoted by EC . The state variables

used are summarised in Table 3.1.

Table 3.1: Variables used in (3.2.1). HCW: health care worker.

Variable Meaning
PS Uncolonized susceptible patient
PC Colonized patient
ID Identified/detected colonized patient
IU Unidentified/undetected colonized patient
RC Recovered colonized patient
M Fungal-induced death
HS Uncontaminated susceptible HCW
HC Contaminated HCW
EC Contaminated environment

3.1 Model assumptions

We make the following assumptions:

1. Patients are admitted into the ICU at a constant rate bP . It is assumed that

they are tested upon entry and are therefore admitted in an uncolonized state.

They are discharged from the facility at a per capita discharge rate dP .

2. Healthcare workers are recruited at a constant rate bH and leave the facility at

the per capita rate dH . Recruitment and discharge rates of HCW are typically

chosen to account for work periods, meaning these rates are quite high.

3. Fungal infection is transmitted by colonized, detected and undetected infec-

tious patients to uncontaminated healthcare workers at rates βC , βD and βU ,

respectively. Infection is transmitted by contaminated HCWs to uncolonized

susceptible patients at the rate βH . We do assume that there is no patient-to-

patient transmission.
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4. The ICU environment is contaminated by fungal pathogens, when colonized,

detected and undetected infectious patients contaminate at rates ψC , ψD and

ψU , respectively. The environment in turn contaminates uncolonized patients

indirectly at a rate βE. It is assumed that HCW take precautionary measures

and are therefore not contaminated by the environment.

5. An exponentially distributed period of latency of average length 1{ε days is

assumed to occur after colonization of a patient and prior to the development of

an associated infection. Since HCWs are vectors, they do not develop infection

this way.

6. A patient takes an average 1{γD days to recover after colonization.

7. After recovering from mycosis, patients develop temporary immunity lasting

on average 1{τR days.

8. The per capita rates of disease-induced death because of infection by C. auris

are δC , δD, and δU for colonized, detected, and undetected patients, respec-

tively.

9. Contaminated healthcare workers are decontaminated at a rate µH , an outcome

of employing disinfectants for hand hygiene. It is assumed that after their shift

and before their shift, HCWs go through thorough sanitation and thus do not

remain contaminated from one shift to the next.

10. An (exponentially distributed) average viable period of 1{µE days is assumed

for the C. auris pathogen in the environment. This encodes resistance to com-

mon disinfecting agents, which are assumed to be used regularly in a hospital

environment.

11. The probability of misidentifying C. auris in standard medical laboratories is

known to be relatively high [8, 18]. We define ϕ as the fraction of colonized or
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infected patients identified as having C. auris. Patients who are not correctly

identified due to diagnostic limitations are classified as Misidentified Infected

(IU).

A flow diagram of the nosocomial fungal infections model is shown in Figure 3.1.

HS

PS PC ID

IU

RC

MHSHC

EC

bP

τR

dP

βE

βH

µE

ψC

ψD

ψU

dP

dP

dP

γD

δUδD

δC

ϕε

p1 ´ ϕqε

βUβDβC

dH
µH

bH dH

Figure 3.1: Flow diagram of nosocomial fungal infection.

3.2 ODE model equations

Let us assume the state of the system at any time t is represented by the vector

Xptq “ pPS ptq , PC ptq , ID ptq , IU ptq , RC ptq , HS ptq , HC ptq , EC ptq ,M ptqq ,

where each component represents the population in different compartments at time

t. As is customary, we ignore time dependence if this does not lead to confusion.

Then based on the assumptions above, the model for nosocomial fungal infections in
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healthcare settings takes the form below.

9PS “ bP ` τRRC ´ pβHHC ` βEECqPS ´ dPPS (3.2.1a)

9PC “ pβHHC ` βEECqPS ´ εPC ´ δCPC ´ dPPC (3.2.1b)

9ID “ ϕεPC ´ γDID ´ δDID (3.2.1c)

9IU “ p1 ´ ϕq εPC ´ δUIU ´ dP IU (3.2.1d)

9RC “ γDID ´ τRRC ´ dPRC (3.2.1e)

9HS “ bH ` µHHC ´ pβCPC ` βDID ` βUIU qHS ´ dHHS (3.2.1f)

9HC “ pβCPC ` βDID ` βUIU qHS ´ µHHC ´ dHHC (3.2.1g)

9EC “ ψCPC ` ψDID ` ψUIU ´ µEEC (3.2.1h)

We also include a compartment for counting deaths,

9M “ δCPC ` δDID ` δUIU . (3.2.1i)

The model is considered with nonnegative initial conditions. A list of the parameters

used in (3.2.1), their meaning and units is given in Table 3.2.

3.3 Continuous-time Markov chain model

We also consider a continuous-time Markov chain (CTMC) analogue of (3.2.1). This

stochastic model complements the ODE model in that it incorporates random fluctu-

ations that arise from the stochastic nature of the transmission process and, perhaps

even more importantly, makes accounting for the events occurring in the system

much easier. CTMCs are also much better suited at handling low population counts

than are ODE.
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Table 3.2: Parameters of (3.2.1), where “pop” stands for population.

Parameter Definition Unit
Demography

bP Patient admission rate to ICUs pop.day´1

dP Discharge rate of patients day´1

bH HCW recruitment rate for hospital pop.day´1

dH HCW discharge rate day´1

Pathogen transmission
βH Contaminated HCWs to uncolonized patients (pop.day)´1

βE Contaminated environment to uncolonized patients (cell.day)´1

βC Colonized patients to uncontaminated HCWs (pop.day)´1

βD Identified infectious patients to uncontaminated HCWs (pop.day)´1

βU Unidentified infectious patients to uncontaminated HCWs (pop.day)´1

Disease characteristics
1{ε Average duration of latent period day

1{γD Average time to recovery from fungal infection day
1{τR Average duration of immunity to fungal reinfection day
ϕ Fraction of infectious patients detected –
δC Fungal-induced death rate of PC day´1

δD Fungal-induced death rate of ID day´1

δU Fungal-induced death rate of IU day´1

µH HCW decontamination rate day´1

µE Environmental fungal decay rate day´1

Fungal release into the environment
ψC By colonized patients cell.(pop.day)´1

ψD By detected infectious patients cell.(pop.day)´1

ψU By undetected infectious patients cell.(pop.day)´1
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Informed by the structure of the deterministic model, we construct the CTMC

Xptq. The state space of the CTMC is the set of all possible population distributions

among these compartments and the system evolves through transitions between these

states at random times. The infinitesimal transition probability from state i to state

j is given by

pi,j p∆tq “ P tX pt ` ∆tq “ j|X ptq “ iu “ ρ pi, jq ∆t ` o p∆tq , (3.3.1)

where ρ pi, jq is the transition rate associated with the transition from state i to

state j [3, 22]. This transition rate depends on the current state of the system and

parameters of the model. The chain is homogeneous since parameters are constant

through time. Note also that there is no distribution of probability associated to

parameter values. Possible transitions and their corresponding rates are summarized

in Table 3.3.
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Table 3.3: State transitions and rates for the CTMC (3.3.1).

Transition Type of event Weight
PS Ñ PS ` 1 Admission of a PS bP

PS Ñ PS ´ 1 Discharge of a PS dPPS

PC Ñ PC ´ 1 Discharge of a PC dPPC

IU Ñ IU ´ 1 Discharge of an IU dP IU

RC Ñ RC ´ 1 Discharge of a RC dPRC

HS Ñ HS ` 1 Start of shift of a HS bH

HS Ñ HS ´ 1 End of shift of a HS dHHS

HC Ñ HC ´ 1 End of shift of a HC dHHC

pPS, PCq Ñ pPS ´ 1, PC ` 1q HC infects PS βHHCPS

pPS, PCq Ñ pPS ´ 1, PC ` 1q EC infects PS βEECPS

pHS, HCq Ñ pHS ´ 1, HC ` 1q PC infects HS βCPCHS

pHS, HCq Ñ pHS ´ 1, HC ` 1q ID infects HS βDIDHS

pHS, HCq Ñ pHS ´ 1, HC ` 1q IU infects HS βUIUHS

pPC , IDq Ñ pPC ´ 1, ID ` 1q Detection after end of latency ϕεPC

pPC , IU q Ñ pPC ´ 1, IU ` 1q No detection after end of latency p1 ´ ϕq εPC

pID, RCq Ñ pID ´ 1, RC ` 1q Recovery of ID γDID

pRC , PSq Ñ pRC ´ 1, PS ` 1q Waning of immunity for RC τRRC

pPC ,Mq Ñ pPC ´ 1,M ` 1q Death PC because of disease δCPC

pID,Mq Ñ pID ´ 1,M ` 1q Death ID because of disease δDID

pIU ,Mq Ñ pIU ´ 1,M ` 1q Death IU because of disease δUIU

pHC , HSq Ñ pHC ´ 1, HS ` 1q Waning of HC µHHC

EC Ñ EC ´ 1 Decay of pathogen µEEC

EC Ñ EC ` 1 Contamination of EC by PC ψCPC

EC Ñ EC ` 1 Contamination of EC by ID ψDID

EC Ñ EC ` 1 Contamination of EC by IU ψUIU
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4

Mathematical analysis

In this chapter, we analyze the dynamics of the general model (3.2.1). We analyze

the positive invariant set and boundedness, as well as the existence, and uniqueness

of the equilibrium. We also provide the basic reproduction number, local and global

stability of the disease-free equilibrium point of (3.2.1).

4.1 Positivity and boundedness

Denote Xptq the solution of (3.2.1). The following result is useful later.

Proposition 4.1.1. Assume that X p0q P R9
`. Then solutions to (3.2.1) satisfy

X ptq P R9
` for all t ě 0 and are bounded.

Proof. The proof of invariance of R9
` under the flow of (3.2.1) is straightforward and

is omitted. To prove boundedness, let P ptq “ PS ptq ` PC ptq ` ID ptq ` IU ptq `

RCptq ` Mptq and Hptq “ HSptq ` HCptq. Then from (3.2.1a)-(3.2.1d) and (3.2.1i),

we obtain

9P “ bP ´ dP pPS ` PC ` IU ` RCq ùñ 9P ` dPP ď bP .
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Solving this differential inequality, we get

0 ă P ptq ď
bP

dP

`

ˆ

P0 ´
bP

dP

˙

e´dP t, (4.1.1)

where P0 is the initial condition, and the left inequality follows from the invariance

of R9
`.

We distinguish two cases:

• If P0 ą bP {dP , then P ptq decreases monotonically towards bP {dP with P ptq ě

bP {dP for all t ě 0.

• If P0 ă bP {dP , then P ptq increases monotonically towards bP {dP with P ptq ď

bP {dP for all t ě 0.

In both cases, limtÑ8 P ptq “ bP {dP .

Proceeding the same way, from (3.2.1f) and (3.2.1g), we get

0 ă H ptq “
bH

dH

`

ˆ

H0 ´
bH

dH

˙

e´dH t,

where H0 is the initial condition. Thus, limtÑ8 Hptq “ bH{dH , with the convergence

being monotonic from above or below depending on H0.

Now, let ψ “ max pψC , ψD, ψU q. Then using (4.1.1) with t approaching infinity

in (3.2.1h), we have

9EC ď ψ pPC ` ID ` IU q ´ µEEC ùñ 9EC ` µEEC ď
ψbP

dP

.

Solving the differential inequality, we get

0 ă EC ptq ď
ψbP

µEdP

`

ˆ

EC0 ´
ψbP

µEdP

˙

e´µEt,

where EC0 “ ECp0q is the initial condition. Thus, limtÑ8 ECptq “ ψbP {pµEdP q, with
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the convergence being monotonic from above or below depending on EC0.

Since X p0q P R9
`, all state variables are non-negative and the total population

size is constant, each state variable must be bounded, which means that solutions to

(3.2.1) are bounded.

From the above result, we deduce that (3.2.1) is epidemiologically well-posed.

4.2 Disease-free equilibria

It is straightforward to verify that, in the absence of the infectious agent (i.e., PC “

ID “ IU “ HC “ EC “ 0), system (3.2.1) possesses a unique disease-free equilibrium

(DFE):

E0 “

ˆ

bP

dP

, 0, 0, 0, 0, bH

dH

, 0, 0, 0
˙

.

4.3 Basic reproduction number

To further study the transmission dynamics, we compute the basic reproduction

number R0 of (3.2.1). This scalar value indicates the average number of secondary

infections produced by a single infected individual in a fully susceptible population,

with R0 ă 1 implying disease extinction and R0 ą 1 suggesting potential disease

persistence. Let I “ pPC , ID, IU , HC , ECq denote the infected compartments. Fol-

lowing the next-generation matrix approach, we define F as the rate of appearance

of new infections in I and V as the rate of transfer of individuals into and out of I

by other processes, both evaluated at E0.

Under the assumption that patients (PC , ID, and IU) fungal residue into the

environment does not constitute a source of new infections, the next-generation

matrix is derived as follows.
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The matrices F and V are:

F “

¨

˚

˚

˚

˚

˚

˚

˚

˚

˚

˚

˝

pβHHC ` βEECqPS

0

0

pβCPC ` βDID ` βUIU qHS

0

˛

‹

‹

‹

‹

‹

‹

‹

‹

‹

‹

‚

and V “

¨

˚

˚

˚

˚

˚

˚

˚

˚

˚

˚

˝

pε ` δC ` dP qPC

pγD ` δDqID ´ ϕεPC

pδU ` dP qIU ´ p1 ´ ϕq εPC

pµH ` dHqHC

µEEC ´ ψCPC ´ ψDID ´ ψUIU

˛

‹

‹

‹

‹

‹

‹

‹

‹

‹

‹

‚

.

At the DFE E0, where P ˚
S “ bP {dP and H˚

S “ bH{dH , the Jacobian matrices F “

DFpE0q and V “ DVpE0q yield the next generation matrix:

FV ´1
“

¨

˚

˚

˚

˚

˚

˚

˚

˚

˚

˚

˝

rFV ´1s11 rFV ´1s12 rFV ´1s13 rFV ´1s14 rFV ´1s15

0 0 0 0 0

0 0 0 0 0

rFV ´1s41 rFV ´1s42 rFV ´1s43 0 0

0 0 0 0 0

˛

‹

‹

‹

‹

‹

‹

‹

‹

‹

‹

‚

,

where each rFV ´1sij represents the expected secondary infections in compartment i

from one individual in compartment j at DFE. The basic reproduction number R0

is defined as the spectral radius of FV ´1 i.e. R0 “ ρpFV ´1q.

Due to the structure of FV ´1, we find two nonzero eigenvalues,

´

a

4rFV ´1s14rFV ´1s41 ` rFV ´1s2
11 ´ rFV ´1s11

2

and
a

4rFV ´1s14rFV ´1s41 ` rFV ´1s2
11 ` rFV ´1s11

2 .

As the entries of FV ´1 are nonnegative by construction, it follows that the basic

26



reproduction number is given by

R0 “

a

4rFV ´1s14rFV ´1s41 ` rFV ´1s2
11 ` rFV ´1s11

2 .

where

rFV ´1
s11 “

bPβE

dPµE

˜

εϕψD

pdP ` δC ` εq pδD ` γDq
`

ε p1 ´ ϕqψU

pdP ` δC ` εq pdP ` δU q

`
ψC

dP ` δC ` ε

¸

rFV ´1
s14 “

bPβH

dP pµH ` dHq

rFV ´1
s41 “

bHβUε p1 ´ ϕq

dH pdP ` δC ` εq pdP ` δU q
`

bHβDεϕ

dH pdP ` δC ` εq pγD ` δDq

`
bHβC

dH pdP ` δC ` εq

Remark: An explicit expression for R0 can easily be obtained using a symbolic

computation software. However, this expression is really long and not really infor-

mative. In numerical work, we use the matrices F and V ´1 and compute the spectral

radius of FV ´1, or compute the expression above numerically.

4.4 Stability analysis

Proposition 4.4.1. The disease-free equlibrium E0 of (3.2.1) is locally asymptoti-

cally stable in R9
` if R0 ă 1 and unstable in if R0 ą 1.

Proof. The Jacobian matrix of (3.2.1) at the disease-free state:

J “

¨

˚

˚

˚

˚

˝

´dP τR 0

0 ´pτR ` dPq 0

0 0 ´dH

˛

‹

‹

‹

‹

‚
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The matrix J is in lower triangular form, and its eigenvalues are the diagonal

elements:

λ1 “ ´dP ă 0, λ2 “ ´pτR ` dPq ă 0, λ3 “ ´dH ă 0

Since all eigenvalues are strictly negative, according to [31] (Theorem 2) we can

conclude that the DFE for (3.2.1) is locally asymptotically stable if R0 ă 1. Con-

versely, if R0 ą 1, the DFE is unstable.

Proposition 4.4.2. The disease-free equilibrium E0 of (3.2.1) is globally asymptot-

ically stable in R9
` if R0 ď 1.

Proof. The proof uses the method in [14]. We set xS “ pPS, RC ,M,HSq and xI “

pPC , ID, IU , HC , ECq, where the domain is R9
`. This compact set is positively invari-

ant (Proposition 4.1.1). We express the sub-system as 9xS “ TSS pxS, 0q pxS ´ x˚
Sq,

which gives:

9PS “ bP ` τRRC ´ dPPS (4.4.1a)

9RC “ ´ pτR ` dP qRC (4.4.1b)

9M “ 0 (4.4.1c)

9HS “ bH ´ dHHS (4.4.1d)

The system (4.4.1a)–(4.4.1b) is a nonhomogeneous linear system,

¨

˚

˝

9PS

9RC

˛

‹

‚

“

¨

˚

˝

´dP τR

0 ´pτR ` dP q

˛

‹

‚

¨

˚

˝

PS

RC

˛

‹

‚

`

¨

˚

˝

bP

0

˛

‹

‚

.

This upper triangular matrix is invertible and has two negative eigenvalues. As a

consequence, PSptq, RCptq converges to a positive equilibrium. Furthermore, Mptq “

M0 for all t ą 0. Finally, considering (4.4.1d), it is clear that HSptq Ñ bH{dH as

t Ñ 8.
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This confirms that the linear system (4.4.1) is (globally) asymptotically stable at

the DFE E0, satisfying hypotheses H1 and H2 of [14].

Next, consider the infection-related matrix TIIpxq, given by

TII pxq “

¨

˚

˚

˚

˚

˚

˚

˚

˚

˚

˚

˝

´pε ` δC ` dP q 0 0 βHPS βEPS

ϕε ´pγD ` δDq 0 0 0

p1 ´ ϕq ε 0 ´pδU ` dP q 0 0

βCHS βDHS βUHS ´pµH ` dHq 0

ψC ψD ψU 0 ´µE

˛

‹

‹

‹

‹

‹

‹

‹

‹

‹

‹

‚

This matrix is irreducible for all x P R9
`, thus satisfying hypothesis H3.

To verify hypothesis H4, observe that the maximum spectral radius is uniquely

attained at the DFE E0. The corresponding Jacobian block at the DFE, denoted

J2, is:

J2 “

¨

˚

˚

˚

˚

˚

˚

˚

˚

˚

˚

˝

´pε ` δC ` dP q 0 0 βH
bP

dP
βE

bP

dP

ϕε ´pγD ` δDq 0 0 0

p1 ´ ϕq ε 0 ´pδU ` dP q 0 0

βC
bH

dH
βD

bH

dH
βU

bH

dH
´pµH ` dHq 0

ψC ψD ψU 0 ´µE

˛

‹

‹

‹

‹

‹

‹

‹

‹

‹

‹

‚

This maximum is achieved only at E0, placing us within the setting of Corollary

4.4 from [14].

Finally, hypothesis H5 requires that the spectral bound αpJ2q ď 0. Since J2 is a

Metzler matrix and is stable, this condition is fulfilled.

Having verified all five hypotheses H1 through H5, we conclude from Corollary 4.4

in [14] that the disease-free equilibrium E0 of system (3.2.1) is globally asymptotically

stable in R9
` if and only if R0 ď 1.
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Note that we have not considered mathematically the case R0 ą 1, since the

computations are extremely complicated in this case. We suspect that the model

goes to an endemic equilibrium and numerics seem to indicate that this is the case.
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5

Computational analysis

This chapter presents a computational analysis of Candida auris transmission dy-

namics in an ICU setting conducted using deterministic and stochastic framework.

5.1 Parameter values and calculation methods

The parameters in Table 5.1 were derived from Canadian-specific data where avail-

able, with assumed values calibrated based on reasonable approximations and pub-

lished literature.

Demographic parameters. The patient admission rate (bP “ 1–2 patients per

day) was estimated using a typical ICU capacity of 10 beds and an average length

of stay (LOS) of 3–7 days. This aligns with data from the Canadian Institute for

Health Information (CIHI), which reports ICU-specific LOS values across Canadian

provinces [12, 13]. This range yields admission rates consistent with full occupancy

and realistic turnover in small-to-moderate capacity ICUs found in community and

regional hospitals. The discharge rate (dP ) is modelled as the reciprocal of LOS, i.e.,

1{dP “ 3–7 days.

The healthcare worker (HCW) recruitment rate (bH “ 30–60 per day) and dis-
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charge rate (dH “ 2–4 per day) were assumed based on a three-shift daily schedule

(8-hour shifts) and 10–20 HCWs active per shift. dH was set to correspond with shift

turnover, while bH was scaled to maintain a stable HCW pool size.

Transmission and environmental parameters. The pathogen transmission

rates (βH , βC , βD, βU) were informed by Methicillin-resistant Staphylococcus aureus

(MRSA) modelling studies and scaled for fungal transmission in ICU settings [9].

Environmental contamination by colonized and infectious patients was modeled us-

ing pathogen release rates (ψC “ 10–100, ψD “ 5–50, and ψU “ 20–200 cells/day),

with higher rates assumed for undetected cases due to lack of isolation, consistent

with findings from [26, 32]. Environmental decay of the fungal pathogen was modeled

with µE “ 1{10–1{20 day´1, reflecting surface viability of 10–20 days as documented

in [1].

Disease progression and detection. The latency period from colonization to

active infection was set as 1{ε “ 10–30 days, based on data from ICU colonization

studies that report median progression times of 14 days [6]. The recovery period

was set at 1{γD “ 10–20 days, while temporary immunity was modeled with 1{τR “

30–100 days. The probability of correctly identifying colonized or infectious patients

was modeled as ϕ “ 0.5–0.7, accounting for high rates of misidentification in clinical

laboratories [24, 29].

Mortality and decontamination. Mortality rates varied by patient type: col-

onized patients (δC) were assigned a very low risk (1{δC “ 100–300 days), while

detected infections (1{δD “ 30–60 days) and undetected infections (1{δU “ 15–30

days) were assigned progressively higher death rates to reflect lack of timely treat-

ment [23]. The HCW decontamination rate (µH “ 18–36 per day) was estimated

from 6–12 hand hygiene events per shift over 3 shifts per day, consistent with World
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Health Organization and CDC infection control guidelines [11, 25].

Table 5.1: Parameter values of (3.2.1). (For a more detailed parameter interpreta-
tion, see Table 3.2.)

Parameter Definition Range Source
Demography

bP Patient admission rate to ICUs 1-2 [12]
1{dP Average patient stay before discharge 3-7 [13]
bH HCW recruitment rate for hospital 30-60 Assumed
dH HCW discharge rate 2-4 Assumed

Disease transmission
βH From contaminated HCWs to patients 0.05-0.2 [9]
βE From contaminated environment to patients 0.001 - 0.01 [1]
βC From colonized patients to HCWs 0.1-0.4 [9]
βD From detected infectious patients to HCWs 0.05-0.2 [9]
βU From undetected infectious patients to HCWs 0.1-0.4 [9]

Disease characteristics
1{ε Average latent period 10-30 [6]
1{γD Average recovery time 10-20 Assumed
1{τR Average immunity duration 30-100 Assumed
ϕ Fraction of infectious patients detected 0.5-0.7 [24]
1{δC Time to death for PC 100-300 Assumed
1{δD Time to death for ID 30-60 [23]
1{δU Time to death for IU 15-30 Assumed
µH HCW decontamination rate 18-36 Assumed
1{µE Environmental survival time 10-20 [1]

Fungal pathogen releasing into the environment
ψC By colonized patients 10-100 Assumed
ψD By detected infectious patients 5-50 Assumed
ψU By undetected infectious patients 20-200 [26, 32]

5.2 Parameter validation using CTMC

To ensure the realism of the parameter values and rates derived in Section 5.1,

a continuous-time Markov chain (CTMC) is employed as an initial validation step

prior to detailed numerical analysis. This approach verifies that the parameters yield
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biologically plausible dynamics, particularly in the context of transmission dynamics

initiated by a single colonized patient (PC). The CTMC model corresponds to (3.2.1),

with transition rates (summerised in Table 3.3.1) assumed to be constant, rendering

the process homogeneous. Detailed derivations are omitted here; readers are referred

to standard literature on the conversion of ordinary differential equations (ODEs) to

CTMCs, such as [2].

The validation process begins by simulating the CTMC to assess the consistency

of the rates with observed system behavior. Figure 5.1 illustrates two sample real-

izations: (5.1a) depicts the number of events per day for patients, and(5.1b) shows

the corresponding dynamics for healthcare workers (HCWs). The events include var-

ious types such as admission, discharge, and shift changes, with rates summarized in

the associated legend. These simulations utilize parameters derived in Section 5.1,

starting from the DFE. Each scenario was simulated 1000 times, and results were

averaged across replicates.

The results show patterns where event frequencies align with expected healthcare

settings, suggesting plausible turnover rates. By placing this analysis early in the nu-

merical section, we ensure that subsequent computations are grounded in parameters

that reflect realistic system behaviour.
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Figure 5.1: Number of events per day in the CTMC analogue of (3.2.1), initiated
from the DFE. Results are averaged over 1000 stochastic simulations with parameters
derived from Section 5.1. (a) Patients, showing daily events such as admission and
discharge. (b) Healthcare workers (HCWs), showing daily event dynamics including
shift changes.
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5.3 Transmission pathways

To investigate the contributions of different infection routes to the overall transmis-

sion potential, we analyzed selected non-zero entries of the next-generation matrix

FV ´1 derived in Section 4.3. Although the full matrix contains eight potential path-

ways connecting patients (PC , ID, IU), healthcare workers (HC), and the environment

(EC), only three pathways contributed appreciably to the basic reproduction num-

ber R0 under the sampled parameter ranges: PC Ñ PC pR11q, HC Ñ PC pR14q,

and PC Ñ HC pR41q. We performed Monte Carlo simulations using 100,000 points

in parameter space sampled from uniform distributions within biologically plausible

ranges (Table 3.2). For each parameter set, the Rij entries were computed analyti-

cally from FV ´1. We summarized the distribution of Rij using boxplots (Figure 5.2),

which capture both central tendencies and variability across the parameter space.

The results indicate that patient-to-patient transmission (PC Ñ PC) and HCW-

to-patient transmission (HC Ñ PC) dominate, with median values around 14-15 and

overlapping interquartile ranges. The PC Ñ PC pathway represents an indirect rein-

forcement loop, whereby colonized patients amplify risk through secondary contacts

and environmental contamination. In contrast, the HC Ñ PC pathway reflects a

direct route of transmission, where contaminated healthcare workers serve as im-

mediate vectors between patients. Both mechanisms emerge as robust drivers of

persistence.

By comparison, the pathway PC Ñ HC (R41) remains consistently close to zero,

indicating that colonized patients rarely generate onward infections in healthcare

workers in a manner that sustains transmission.

Overall, these findings emphasize that outbreak propagation is primarily shaped

by the interaction of direct (HCW-mediated) and indirect (patient-reinforcing) trans-

mission pathways, whereas other potential routes (e.g., involving the environment

or infected patients) make negligible contributions under the considered parameter
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ranges.
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Figure 5.2: Distribution of non-negligible transmission pathway contributions (Rij)
from the next-generation matrix FV ´1, computed from 100,000 points in parameter
space. Only three pathways, PC Ñ PC , HC Ñ PC , and PC Ñ HC , were retained for
analysis, as the remaining five entries had negligible values. Pathways are labelled
by source Ñ target compartments, distinguishing between direct (HCW-mediated)
and indirect (patient-reinforcing) transmission routes.

5.4 Sensitivity analysis

We performed a global sensitivity analysis to evaluate the influence of model pa-

rameters on the basic reproduction number R0 for C. auris transmission in an ICU

setting. Using Sobol sampling, we generated 100,000 points in parameter space from

uniform distributions based on the ranges in Table 5.1. The Sobol sequences were

generated using the R package qrng, ensuring a low-discrepancy sampling approach

for improved coverage of the parameter space. Partial Rank Correlation Coefficients

(PRCCs) were computed using the sensitivity package with the PCC function,

applying furrr for parallelization.
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Figure 5.3: PRCC sensitivity indices of (3.2.1) obtained using Sobol sampling
(n “ 100, 000 points in parameter space). The output shows that R0 is most strongly
influenced by the environmental transmission rate (βE) and fungal shedding from col-
onized patients (ψC), with patient discharge rate (dP ) having the strongest negative
effect. Other parameters such as patient admission rate (bP ) and environmental
fungal decay (µE) are moderately important, while HCW-related parameters have
negligible impact.

The PRCC results are presented in Figure 5.3, identifying the primary drivers

of R0. The environmental transmission rate (βE, PRCC = 0.925) emerges as the

most influential contributor to transmission, followed closely by environmental re-

lease from colonized patients (ψC , PRCC = 0.848), underscoring the central role

of environmental contamination. The patient discharge rate (dP , PRCC = -0.889)

exhibits the strongest negative effect, reducing R0 by shortening the exposure time

of susceptible patients in the ICU.

Other influential parameters include the patient admission rate (bP , PRCC =

0.64), which increases R0 by introducing more susceptible individuals, and the en-

vironmental fungal decay rate (µE, PRCC = -0.64), which reduces transmission

by decreasing environmental pathogen persistence. Fungal residue of detected (ψD,

PRCC = 0.311) and undetected (ψU , PRCC = 0.294) patients also contribute moder-

ately to transmission. The progression rate from colonization to infection (ε, PRCC
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= 0.113) and recovery rate (γD, PRCC = -0.098) have relatively modest effects.

The remaining parameters – HCW-related transmission rates (βH , βC , βD, βU),

HCW dynamics (bH , dH), decontamination rate (µH), detection probability (ϕ), and

immunity waning rate (τR), have negligible influence on R0, with PRCC values close

to zero. They are not shown in Figure 5.3.

These findings suggest that intervention strategies should prioritize environmen-

tal control, specifically by reducing environmental transmission (βE) and enhanc-

ing fungal decay through cleaning and disinfection protocols (µE). Limiting fungal

residue from colonized patients (ψC) and managing patient flow—by reducing ICU

stay durations (dP ) or admissions (bP )—also offer effective levers to suppress trans-

mission. The minimal sensitivity of R0 to HCW-related parameters supports the

interpretation that current infection control practices (e.g., hand hygiene) are likely

sufficient to mitigate HCW-mediated spread, allowing resources to focus on high-

impact environmental and patient turnover interventions.

5.5 Extinction dynamics across initial infection cat-

egories

We investigated extinction probabilities of C. auris outbreaks under different seed-

ing scenarios using stochastic simulations of the CTMC model defined in (3.3.1).

Both the basic reproduction number R0 and the number of initially colonized or

contaminated individuals were varied.

5.5.1 Heatmap analysis

Figure 5.4 presents extinction probabilities as heatmaps across the parameter space.

Panels (5.4a) and (5.4b) show extinction percentages when the outbreak is seeded by

colonized patients (PCp0q) or contaminated healthcare workers (HCp0q), respectively.
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The colour scale is mapped so that green corresponds to higher extinction probability

(outbreak dies out) and red corresponds to lower extinction probability (outbreak

persists).

The two seeding pathways display distinct extinction patterns. When outbreaks

are initiated by colonized patients (Figure 5.4a), extinction probability is high (green)

across much of the low-transmissibility parameter space and for small numbers of

initial colonized patients. However, as R0 and PCp0q increase the heatmap shifts

toward orange and red, indicating substantially reduced extinction probabilities and

an increased likelihood of sustained transmission. Thus, large patient-seeding events

and/or higher transmissibility markedly reduce the chance of stochastic die-out.

By contrast, outbreaks seeded by contaminated HCWs (Figure 5.4b) generally

exhibit larger green regions, indicating that HCW introductions are more likely to

die out spontaneously across much of the explored parameter space. Only when

both R0 is high and many HCWs are initially contaminated do extinction prob-

abilities fall (more orange/red), showing that widespread HCW contamination in

high-transmission settings can still produce persistent outbreaks.
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Figure 5.4: Heatmap of extinction probability across part of parameter space, av-
eraged over 1000 stochastic simulations per parameter combination. The colour
gradient indicates the likelihood of infection die-out, highlighting regions of param-
eter space where extinction is more or less probable.
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5.5.2 Line analysis

To complement the heatmap analysis (Figure 5.4), we examined extinction probabili-

ties as a function of R0, stratified by different levels of initial colonization/contamination

(Figure 5.5). Specifically, we considered PCp0q P p0, 5s for patient seeding and

HCp0q P p0, 15s for HCW seeding, enabling us to capture how the magnitude of

the initial introduction influences extinction dynamics.

For patient seeding (Figure 5.5a), extinction probability decreases sharply with

increasing R0, particularly when more colonized patients are present at the start of

the outbreak. When PCp0q is small, extinction remains relatively likely at low R0 val-

ues; however, as PCp0q increases, extinction probabilities drop quickly, highlighting

the importance of initial patient colonization size.

In contrast, for HCW seeding (Figure 5.5b), extinction probabilities generally

remain higher across much of the R0 range, and the decline with increasing R0

is more gradual. The wider shaded uncertainty bands indicate greater stochastic

variability, reflecting the more direct transmission pathway via HCWs. Notably, only

when both R0 is large and HCp0q is high do extinction probabilities fall substantially,

suggesting that widespread HCW contamination is necessary to sustain outbreaks.
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Figure 5.5: Extinction probability as a function of R0, averaged over 1000 stochastic
simulations. Solid lines indicate mean extinction probability; shaded regions denote
95% confidence intervals.

Together, the heatmap and line analyses highlight the contrasting extinction dy-

namics between patient- and HCW-seeded outbreaks. Colonized patients represent
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the more potent and persistent seeding source - especially when the number of colo-

nized patients or R0 is large - whereas HCW introductions are comparatively more

likely to fade out unless contamination is widespread. This underscores the impor-

tance of admission screening and rapid management of colonized patients, alongside

robust infection-control practices for HCWs.

5.6 Infection origin and temporal dynamics

While sensitivity analysis (Section 5.4) shows that environmental parameters such as

transmission via surfaces, contamination, and decontamination rates, are the most

influential in shaping R0, further analysis (Section 5.5) demonstrates that the origin

of infection plays a critical role in determining outbreak persistence and transmission

dynamics.

Specifically, extinction analysis (Section 5.5) showed that when the outbreak

originates from the colonized patient, the extinction probabilities drop below 40%

(Figure 5.4a). In contrast, introductions from the colonized healthcare worker result

in extinction probabilities rising above 40% (Figure 5.4b).

To dig further into these results with a high basic reproduction number (R0 “ 3),

Figures 5.6 and 5.7 show the average daily number of patient admissions, discharges,

and healthcare worker shift transitions over 1000 stochastic simulations for each

initial infection scenario. When the index case is a colonized patient (Figure 5.6),

subsequent movement of colonized (PC) and infectious patients (ID, IU) and colonized

healthcare workers (HC) is clearly observed over time. This sustained transmission

chain corresponds with the lower extinction probability observed in this scenario.

In contrast, Figures 5.7 representing introductions from a colonized healthcare

worker show far fewer subsequent movements of colonized or infectious patients or

healthcare workers. Despite ongoing patient admissions and healthcare worker shift
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activity, the infection fails to propagate, supporting the high extinction rates ob-

served in these scenarios.

This comparative analysis highlights a critical insight: although environmental

transmission parameters heavily influence the reproduction number, the stochastic

trajectory of an outbreak is deeply conditioned by the origin of the initial infection.

Early propagation becomes far more likely if the index case is a colonized patient,

emphasizing the importance of early detection and containment at the patient level

in preventing nosocomial outbreaks.
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Figure 5.6: Average daily number of patient and HCW movements over 1000 simula-
tions when the outbreak originates from a colonized patient. Sustained movements of
colonized and infectious individuals correspond with lower extinction probabilities.
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Figure 5.7: Average daily number of patient and HCW movements over 1000 sim-
ulations when the outbreak originates from a colonized HCW. Few colonized or
infectious individuals appear, consistent with higher extinction probabilities.
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5.7 Environmental transmission in established out-

breaks

To further explore the role of environmental transmission once an outbreak escapes

initial extinction, we analyzed secondary infection events during patient-origin sce-

narios. Figure 5.8 shows the average daily number of infections over 1000 simulations

in which either the environment (EC) or a colonized healthcare worker (HC) trans-

mitted the pathogen to susceptible patients (PS) over a 100-day period. The results

show that after a successful establishment, the environment becomes the primary

conduit for sustaining transmission, with EC Ñ PS events consistently outnumber-

ing HC Ñ PS transmissions.

This observation reinforces the insights from sensitivity analysis: while the ori-

gin determines whether the pathogen gains a foothold, the environment dominates

as the primary transmission pathway once the outbreak is established. This un-

derscores the critical need for rigorous environmental cleaning and contamination

control strategies—particularly in scenarios where patient-origin introductions are

not contained early.
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5.8 Heatmap analysis of parameter interactions

on R0

To further explore how combinations of epidemiologically important parameters in-

fluence the basic reproduction number R0, we conduct a series of heatmap anal-

yses across six biologically plausible parameter pairs (Figure 5.9). This approach

identifies nonlinear interactions and dominant control levers that single-parameter

sensitivity analysis may not capture. These interactions are especially relevant in

scenarios where colonized patients initiate the outbreak, as multiple transmission

pathways—particularly environmental and indirect routes—contribute to sustaining

transmission.

The interaction between patient discharge rate dP and patient admission rate

bP (Figure 5.9a) shows a steep and nonlinear increase in R0 when both colonization

duration (i.e., 1{dP ) and admission flow are high. Accumulation of colonized patients

in the ICU amplifies environmental and contact-mediated transmission risks. Policies

that facilitate early discharge and regulate admissions become essential for reducing

transmission potential.

The heatmap combining the detection fraction ϕ and fungal residue from unde-

tected infectious patients ψU (Figure 5.9b) indicates that R0 is more sensitive to

changes in ψU . This reflects the outsized impact of undetected carriers on environ-

mental contamination and supports the need to limit exposure from these individuals,

possibly through blanket precautions or preemptive disinfection.

Environmental persistence and fungal residue also interact significantly. When

the fungal decay rate in the environment µE is low (i.e., high 1{µE) and colonized

patients release fungi at high rates (ψD; Figure 5.9c), R0 increases substantially. This

highlights the need to isolate colonized patients and promptly remove environmental

contamination.
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Finally, the pairing of 1{dP and ψC (Figure 5.9d) further shows that the longer

duration of colonization, combined with the high fungal residue, markedly amplifies

R0. Reducing both the length of colonization and fungal residue becomes critical for

outbreak control.

Across all interactions, colonization duration (1{dP ), environmental fungal decay

rate (1{µE), and fungal pathogen release from colonized patients (ψC) consistently

emerge as key drivers of transmission potential. While detection (ϕ) contributes,

its influence is often secondary. Effective control strategies must therefore prioritize

reducing patient colonization, enhancing environmental hygiene, and minimizing fun-

gal residue, particularly in high-risk ICU settings.
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Figure 5.9: Heatmaps illustrating the combined effects of parameter pairs on the
basic reproduction number R0 for C. auris transmission in an ICU setting. The
pairs analyzed are: (a) patient discharge rate (dP ) vs. patient admission rate (bP ),
(b) detection fraction (ϕ) vs. pathogen released by undetected infectious patients
(ψU), (c) environmental fungal decay rate (µE) vs. pathogen released by colonized
patients (ψC), (e) dP vs. ψC . Color gradients represent values of R0, with darker
regions indicating higher transmission potential. Parameter ranges correspond to
those defined in Table 3.2.
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6

Discussion

This study presents a modelling framework, using deterministic and stochastic ap-

proaches, to investigate the transmission dynamics of Candida auris in intensive

care units (ICUs), a setting where colonization and environmental persistence crit-

ically shape nosocomial infection risks. Through systematic computational analy-

sis—including sensitivity testing, extinction dynamics, parameter interaction heatmaps,

and temporal dynamics—we identify the primary transmission pathways, contextual-

ize their relative impact, and delineate actionable strategies for outbreak prevention

and control.

Our parameterization strategy uses Canadian healthcare data together with bio-

logical and clinical insights from the literature, ensuring the model reflects real-world

epidemiology and that the assumptions and data sources are clear and easy to fol-

low. The global sensitivity analysis shows that environmental transmission rate (βE),

fungal release by colonized patients (ψC), and the duration of patient colonization

(1{dP ) are the most influential factors governing the basic reproduction number (R0).

These findings underscore the central role of the hospital environment as a reservoir

for fungal persistence and secondary transmission.

Extinction analyses conducted via continuous-time Markov chain (CTMC) sim-
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ulations further show that the origin of infection is a critical determinant of out-

break persistence. When the index case is a colonized patient, the probability

of spontaneous extinction remains low—even under high-decontamination scenar-

ios—highlighting the importance of patient-level screening and containment. In con-

trast, outbreaks originating from healthcare workers or contaminated surfaces tend

to self-extinguish, suggesting that not all introductions pose equal threat.

Notably, the EC Ñ PC pathway (mean R15 “ 28.16) and IU Ñ EC pathway

(mean R53 “ 22.5) emerge as the most significant, reinforcing the dominance of

environmental contamination and undetected infectious patients in driving the epi-

demic. The HC Ñ PC pathway (mean R14 “ 9.43) indicates a secondary but notable

role for healthcare workers, while other routes show minimal contribution. This

matrix-based insight complements the extinction findings, emphasizing the need to

target high-impact pathways early in an outbreak.

Temporal dynamics of infection trajectories reinforce this conclusion. Only patient-

origin scenarios generate sustained transmission chains involving both patients and

healthcare workers. Once established, the environment rapidly becomes the domi-

nant medium of transmission, as shown by the frequency of EC Ñ PS infection events

surpassing those from colonized HCWs. This secondary role of the environment con-

firms the need for rigorous environmental cleaning protocols, especially when early

containment fails.

Our heatmap analysis of biologically plausible parameter interactions builds upon

these insights. We uncover several nonlinear synergies—such as between colonization

duration and pathogen residue intensity, or between fungal decay and detection

inefficiency—that amplify transmission risk. These interactions demonstrate that

control interventions should not target parameters in isolation; instead, combined

strategies are essential for curbing the reproduction number below the epidemic

threshold.
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Taken together, our findings recommend a tiered control strategy for high-risk

ICU settings. At the entry level, aggressive screening and isolation of colonized

patients are critical to prevent establishment of infection. At the system level, op-

timizing discharge policies, reducing colonization duration, and enhancing cleaning

efficacy directly suppress environmental amplification of transmission. While health-

care worker-related parameters show limited impact on R0, their role in initial con-

tainment and ongoing disinfection remains valuable.

Finally, this work illustrates the strength of using deterministic and stochastic

modelling in presenting complex, nonlinear, and probabilistic aspects of nosocomial

pathogen spread—especially for emerging fungal threats like C. auris, where data are

sparse and uncertainty is high. The different model approach enhances robustness,

with deterministic analyses providing baseline dynamics and CTMC simulations cap-

turing stochastic variability. Future extensions may include incorporating spatial

dynamics, patient heterogeneity, and cost-effectiveness modelling of targeted inter-

ventions. Ultimately, this framework offers both a mechanistic and actionable lens

for understanding ICU-based transmission of multidrug-resistant fungal pathogens.
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