Transient Models to Assess Transmission
and Control of Airborne Infection Risks in
a Respiratory Ward

ALEXANDER JON EDWARDS

SUBMITTED IN ACCORDANCE WITH THE REQUIREMENTS FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

THE UNIVERSITY OF LEEDS

EPSRC CENTRE FOR DOCTORAL TRAINING IN FLUID DYNAMICS

SEPTEMBER 2024






Publication Statement

The candidate, Alexander Jon Edwards, confirms that the work submitted is their own,
except where work which has formed part of jointly authored publications has been
included. The contribution of the candidate and the other authors to this work has
been explicitly indicated below. The candidate confirms that appropriate credit has

been given within the thesis where reference has been made to the work of others.

Chapter 2 contains material from the jointly authored publication:

Edwards AJ, King M-F, Noakes CJ, Peckham D, Lépez-Garcia M. The Wells-
Riley model revisited: randomness, heterogeneity, and transient behaviours.
Risk Analysis, 2024, Volume 44, pp.2125-2147.
https://doi.org/10.1111/risa.14295

Alexander Jon Edwards contributed the methodology, code, results, formal analysis,
and writing of the manuscript. The Co-Authors of this manuscript provided guidance
and supervision, and review and editing of the manuscript. The code and data for this
manuscript are available at https://github.com/scaje/stochastic_WR_paper_AJE.
git.

Chapter 3 contains material from the jointly authored publication:

Edwards AJ, Benson L, Guo Z, Lépez-Garcia M, Noakes CJ, Peckham D,
King ME, A mathematical model for assessing transient airborne infection
risks in a multi-zone hospital ward, Building and Environment, 2023, Volume
238, p.110344.

https://doi.org/10.1016/j.buildenv.2023.110344.

Alexander Jon Edwards contributed the methodology, code, model development, re-
sults, formal analysis, and writing of the manuscript. The Co-Authors of this manuscript

ii


https://doi.org/10.1111/risa.14295
https://github.com/scaje/stochastic_WR_paper_AJE.git
https://github.com/scaje/stochastic_WR_paper_AJE.git
https://doi.org/10.1016/j.buildenv.2023.110344.

provided guidance and supervision, and review and editing of the manuscript. The
code and data for this manuscript are available at https://github. com/scaje/Multi-zone_

Hospital_conc_AJE.git.

Chapter 4 contains material from the jointly authored publication:

Edwards, AJ, King, MF, Lopez-Garcia, M, Peckham, D and Noakes, CJ, As-
sessing the effects of transient weather conditions on airborne transmission
risk in naturally ventilated hospitals. Journal of Hospital Infection, 2024, Vol-
ume 148, pp.1-10.

https://doi.org/10.1016/3.jhin.2024.02.017

Alexander Jon Edwards contributed the methodology, code, model development, re-

sults, formal analysis, and writing of the manuscript. The Co-Authors of this manuscript
provided guidance and supervision, and review and editing of the manuscript. The

code and data for this manuscript are available at https://github. com/scaje/Contam_

study_AJE.

This copy has been supplied on the understanding that it is copyright material and that

no quotation from the thesis may be published without proper acknowledgement.
© 2024 The University of Leeds and Alexander Jon Edwards

The right of Alexander Jon Edwards to be identified as Author of this work has been
asserted by him in accordance with the Copyright, Designs and Patents Act 1988.

v


https://github.com/scaje/Multi-zone_Hospital_conc_AJE.git
https://github.com/scaje/Multi-zone_Hospital_conc_AJE.git
https://doi.org/10.1016/j.jhin.2024.02.017
https://github.com/scaje/Contam_study_AJE
https://github.com/scaje/Contam_study_AJE

Acknowledgements

I would like to express my sincerest gratitude to my supervisors, Professor Cather-
ine Noakes, Dr Martin Lépez-Garcia, Professor Daniel Peckham, and Dr Marco-Felipe
King. Their continued support, invaluable guidance and breadth of experience has
enriched my learning and understanding, facilitating my PhD journey. Their encour-
agement, enthusiasm, and mentoring has shaped me into the researcher I am today.
Thank you for helping to make my project so enjoyable and rewarding, it has been a

fantastic experience and a great privilege to work with you all.

Mum, I am eternally grateful for your unconditional love and unwavering support.
Your constancy has given me the strength and freedom to focus solely on my PhD jour-
ney and take every opportunity given. I cannot thank you enough for all that you do.
Dad, thank you for always being there. Your words of encouragement and guidance
have helped me to stay on track throughout, and your phone calls have provided a
much needed break from PhD work. Katie, the first Dr Edwards in the family, I think
it is safe to say that I could not have done this without you. Your counsel has guided
me throughout my PhD, and earned you an unofficial, but deserved role of external
supervisor. I feel privileged to have shared this important life journey with you. Molly,
thank you for joining me on this journey. I am lucky to have had your full commitment,
patience and support to guide me throughout. Yatin, thank you for persuading me to

carry on. This journey would not have been the same without you.

Thank you to the EPSRC Centre for Doctoral Training in Fluid Dynamics for funding
my studies and giving me the opportunity to have many invaluable experiences. I
would also like to acknowledge the support of the Leeds Teaching Hospitals NHS Trust.

Finally, Grandad, I would like to dedicate this thesis to you. A childhood enriched
with your engineering knowledge and breadth of life experience has long fueled my
drive for learning and problem solving. Although you are not here to see me finish this

journey, I would not be the person I am today without you, and so this is for you.






Abstract

Modelling airborne transmission and associated infection risk to susceptible occupants
in indoor environments is important for improving preparedness of emerging pathogens
and future pandemics. This is especially the case in hospitals, notably respiratory wards
in the United Kingdom (UK), where patients are particularly vulnerable to new in-
fections. To date, many quantitative tools used to assess airborne infection risk are
limited to very simplified scenarios that fail to capture common features of real life.
This thesis aims to use airflow and airborne transmission models to better understand
transient and multi-zone infection risks in indoor environments. Chapter 2 introduces
novel mathematical formalisms, providing extensions to the existing Wells-Riley frame-
work, a ubiquitous tool for assessing airborne infection risks. Results show the non-
negligible infection risk to a susceptible individual who remains in the space after the
infector leaves and highlight the importance of incorporating stochasticity. In Chapters
3 and 4, an adapted Wells-Riley model underpins a new transient multi-zone transmis-
sion model that simulates concentration of pathogen in the air, coupled with a com-
partmental epidemic model. This is applied to a naturally ventilated UK respiratory
ward, where results from an airflow simulation are incorporated, better representing
the space. The impact of transient occupancy, weather conditions and ventilation are
illustrated. Chapter 5 extends this further by using a Monte Carlo simulation, enabling
a random choice of outbreak parameters. A random day is chosen for the outbreak,
influencing airflow, weather conditions and ventilation, alongside a random infectious-
ness of the infector, representing population heterogeneity. The findings presented
in this thesis demonstrate the importance of considering transient effects, modelling
multi-zone environments, and including stochasticity to capture outbreak-defining fea-
tures that have previously been overlooked. Through exploration of specific scenarios,
results highlight the likely impact of occupant behaviour, infectiousness, ventilation,
weather conditions, and airflow on airborne transmission and consequent infection

risk.
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Chapter 1

Introduction

1.1 Background

The transmission of infectious pathogens has long played an important role in the
health and well-being of humankind, with historical pandemics including the plague,
cholera and Spanish flu (Piret and Boivin [2021]). There is an increasing likelihood
of a pandemic occurring, influenced by many factors such as global connectivity, cli-
mate change, increased animal-to-human contact, and antimicrobial resistance (Sam-
path et al. [2021]). The recent Coronavirus Disease 2019 (COVID-19) pandemic has
renewed the focus of emerging infectious diseases, with COVID-19 being the leading
cause of death in the United Kingdom (UK) in 2020 and 2021 (Office for National Statis-
tics (ONS) [2023]).

There are many modes of transmission for infectious pathogens including airborne,
foodborne, waterborne, vector-borne (e.g., mosquitos), bloodborne, and sexually trans-
mitted (World Health Organization [2012], UK Health Security Agency [2023]). In par-
ticular, airborne transmission is a common infection route for many respiratory infec-
tions, where an infectious pathogen is contained within small respiratory aerosols, typ-
ically around 5pm — 10 um or less in diameter (Bourouiba [2020]), that are produced
during expiratory activities (Wang et al. [2021]). These aerosols are carried through
the air and can be inhaled by an individual with the possibility of causing an infec-
tion. Other possible transmission routes for respiratory pathogens include fomite trans-
mission (e.g., touching a contaminated surface and then transferring this to the facial

mucosa i.e., mouth, nose and eyes) and droplet transmission (e.g., larger respiratory
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droplets that deposit on facial mucosa) (Li [2021]). Respiratory disease is one of the
world’s largest causes of morbidity and mortality (World Health Organization [2020]),
with communicable diseases such as influenza, COVID-19, Mycobacterium tuberculosis
(TB) and measles all being airborne (Wang et al. [2021]).

Airborne pathogens causing lower respiratory infections are of significance to many
healthcare settings, particularly UK respiratory wards, where patients are already vul-
nerable to new infections and respiratory disease is a major contributor to pressure on
the UK National Health Service (NHS) (NHS [2022]). In addition, healthcare-associated
infections (HCAIs), defined as infections occurring in a healthcare setting that were not
present prior to a patient entering that care setting, are estimated to have cost the NHS
£2.1 billion in 2016/2017 from an estimation of 653,000 HCAIs, with 22.8% causing
respiratory infections (Guest et al. [2020]). Further, there is evidence to suggest that
common bacterial pathogens causing HCAIs can be transmitted through the air such
as Staphylococcus aureus (Kozajda et al. [2019]) and Clostridium difficile (Best et al. [2010]).
In these cases, the transmission route is likely due to airborne dispersion, resulting in

deposition onto surfaces and subsequent fomite transmission (King et al. [2015]).

On 18" April 2024, the World Health Organization published a technical report (World
Health Organization [2024]) updating the terminology used for airborne transmission
and particles containing infectious pathogens that travel in the air. The term “Infectious
Particles” is introduced to represent particles containing the pathogen, along with wa-
ter and other respiratory secretions. Once these particles are exhaled by an infectious
person, they are then known as “Infectious Respiratory Particles (IRPs)”. This replaces
the terms “aerosol” and “droplet”, where IRPs exist on a continuous size spectrum
with no single cut off point distinguishing between larger and smaller particles. The
report also defines “direct deposition” as IRPs that follow a short-range semi-ballistic
trajectory before depositing on facial mucosa. The term “transmission through the air”
now represents the transmission of IRPs through the air for both airborne transmis-
sion/inhalation or direct deposition over both long and short ranges and a range of
particle sizes. However, the majority of this thesis was written before the publication of
this technical report (World Health Organization [2024]), and thus for consistency, this
thesis considers airborne transmission as the transmission of small respiratory aerosols

only, as defined earlier.

The control of airborne transmission is impacted by the use of mitigation strategies
such as ventilation and air cleaning, personal protective equipment (PPE), social dis-
tancing and vaccinations (Bueno de Mesquita et al. [2022]). Ventilation has previously
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been identified as playing an important role in airborne transmission (Li et al. [2007]).
However, the ventilation guidance for general ward spaces in NHS hospitals is limited
(Beggs et al. [2008]), and given that the NHS expresses a preference for the use of natu-
ral ventilation (NHS England [2021]), the consistent attainment of guideline ventilation
rates is more difficult.

The successful implementation and assessment of mitigation strategies requires quan-
tification of airborne transmission and an increased understanding of the factors that af-
fectit. The COVID-19 pandemic highlighted the need for the development of modelling
tools that can assess airborne infection risk as both a predictive (i.e., for future pan-
demics) and retrospective (i.e., for previous outbreaks) tool (Buonanno et al. [2020a]) to
improve future preparedness against emerging outbreaks. This thesis aims to explore
existing modelling tools and develop new methodology to improve the assessment of
airborne transmission and the quantification of the associated infection risk. The aims
and objectives of this thesis can be found in Section 1.8.

1.2 Airborne Disease Transmission

Understanding the fundamentals of airborne transmission is crucial to assess infection
risk in different environments, as well as developing and implementing effective mit-
igation strategies. Airborne transmission is a common transmission route for many
pathogens including Severe Acute Respiratory Syndrome Coronavirus-2 (SARS-CoV-
2), measles virus, Severe Acute Respiratory Syndrome (SARS), influenza virus and TB
(Wang et al. [2021]). Respiratory aerosols containing infectious material dry and stay
suspended in the air, relying on buoyancy to drive their dynamics (Wells [1934]). There
is a suggestion that the diameter size cut-off for aerosols should be 100 pm, with parti-
cles of diameter 10 — 100 pm also capable of remaining airborne dependent on the am-
bient conditions, whereas particles with diameter > 100 um typically fall to the ground
relatively quickly (Prather et al. [2020]). It is possible for aerosols to become entrained
within the ambient flow or ventilation systems and then transported throughout a room
or to other connected spaces within the indoor environment (Bourouiba [2021]), facil-
itating long-range transmission. However, short-range transmission can still pose the
highest risk, with close range infection occurring in a relatively short time (as little
as 15 min for COVID-19) (Pringle et al. [2020]). Further, aerosols emitted in coughs and
sneezes can rapidly travel as far as 7 — 8 m (Fennelly [2020]), with this suspension due to
entrainment within a turbulent gas cloud that is produced when breathing (Bourouiba
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[2020]).

Air sampling is a technique used to detect pathogens in the air, explore how pathogens
are dispersed in the air, and quantify the concentration (Tang et al. [2015]). This is
important to develop a better understanding of pathogens that transmit through the
air, especially as the COVID-19 pandemic highlighted that traditional distinctions be-
tween “droplet” and “aerosol” transmission has led to diseases being wrongly classi-
tied, with airborne transmission often being overlooked as a possible infection route for
pathogens (Wang et al. [2021]). Whilst air samples can provide evidence of the presence
of pathogens, it is cumbersome and time consuming to carry out, and it only provides
a point sample which is significantly affected by ventilation, environmental conditions,
occupancy and activity (Hathway et al. [2013], Hiwar et al. [2021b]). Without under-
standing of the airflow and occupancy, it is difficult to relate sampled concentrations to

transmission risk.

The transmissibility of an infection can also be assessed by analysing the reproductive
number, Ry, which gives an estimate of the expected number of secondary cases of the
disease that occur due to one initial index case (the first identified infectious individual
in a fully susceptible population) (Tang et al. [2015]). When Ry > 1, this indicates
that the number of cases grow exponentially and lead to an outbreak, however, when
Ro < 1 the outbreak dies out. Although most studies consider R at a population scale,
the concept can be used in local scale studies to consider the impact of measures such
as ventilation (e.g., Noakes et al. [2006b])

1.2.1 Respiratory Emissions

The infectiousness of a given pathogen is another important factor that can vary from
pathogen to pathogen. Where limited data exists, the infectious emission rate of a
pathogen can be estimated using predictive methods along with comparisons to other
airborne infections (Mikszewski et al. [2021]). The infectiousness of an individual can
vary (Lloyd-Smith et al. [2005]), with large ranges between viral emission rates. Het-
erogeneity within the population can affect outbreak-defining factors such as herd im-
munity, emphasising its importance in epidemic models (Britton et al. [2020]). The in-
fectiousness of virus-laden droplets may decay over time (Jayaweera et al. [2020]), with
more recent studies showing the effects of relative humidity (RH), pH levels and ambi-
ent levels of Carbon Dioxide (CO;) on the infectiousness and aerostability of airborne
particles (Oswin et al. [2022], Haddrell et al. [2023, 2024]).
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The emission rate of contagious individuals can be estimated based on the viral load in
sputum from the mouth, the type of respiratory activity (e.g., breathing, speaking), res-
piratory physiological parameters (e.g., inhalation rate), and activity level (e.g., resting,
standing, light exercise) (Buonanno et al. [2020b]). Other measurements such as source
strength and indoor air characteristics can be used, as done by Bueno de Mesquita et al.
[2020] using data from a human challenge study for influenza. Milton et al. [2013] mea-
sure influenza virus aerosols in exhaled breath, investigating larger aerosols (> 5um)
and smaller aerosols (< 5um), generated by coughing and during normal breathing.
The study found that smaller aerosols contained 8.8 times more viral copies than the
larger aerosols. More recently, the same approach has been applied to SARS-CoV-2,
again finding that smaller aerosols have a similar or higher level of viral copies com-
pared to larger aerosols (Adenaiye et al. [2022]). This was also explored for different
types of expiratory activities for SAR-CoV-2; breathing, talking and singing (Coleman
et al. [2022]). Viruses may be transmitted by somebody quietly breathing through their
nose, as well as by visibly coughing or talking (Stelzer-Braid et al. [2009]), with nor-
mal breathing sufficient to exhale enough infectious aerosols to cause an infection in
another individual (Scheuch [2020]). Williams et al. [2020] measure exhaled levels of
TB from patients with confirmed pulmonary tuberculosis using sampling from a face
mask over a 24 h period, including sampling whilst the participant was sleeping, and
no correlation was found with cough frequency, radiological characteristics, nor bacil-
lary content of the sputum. Mitigation strategies such as face coverings (Verma et al.
[2020]) could be useful in helping to prevent transmission of this kind, with previous
studies showing the effectiveness of face masks in reducing emissions (Adenaiye et al.
[2022], Lai et al. [2024]).

The variation between the diameters of aerosols produced by different activities such
as talking, singing, coughing and normal breathing can be explored experimentally
(Morawska et al. [2009]). This shows that depending on the activity and where within
the respiratory tract the aerosol originated, the exhaled aerosols possess differing prop-
erties including size and infectiousness (Tung and Hu [2008]). These factors do not only
affect the fluid mechanical properties of the aerosol itself, but the dynamics through the
air and consequently, the associated risk of infection. The size of the particle can also
affect the final destination. Foat et al. [2022] use computational fluid dynamics (CFD)
investigations to explore evaporation effects on various droplet sizes and the deposition
onto nearby surfaces. Hiwar et al. [2021a] develop an experimental tool, specifically de-

signed for sampling deposited particles located close to a source.
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Not only do the properties of aerosols vary due to the location of their production, but
also depend on finer details of their host. For example, it is found that children gener-
ally produce fewer virus-laden aerosols than adults because their lungs are still devel-
oping and have fewer bronchioles and alveoli in which aerosols can form (Tung and Hu
[2008]). This variation could also occur with respiratory diseases such as Cystic Fibro-
sis (CF). Patients with CF often have thicker mucus, higher sputum rates and weaker
bronchioles and alveoli, and all of these factors can consequently affect the properties

of the aerosols produced by these individuals (Sturm [2011]).

1.2.2 Non-respiratory Sources

When considering different types of diseases, it is often useful to highlight how these
diseases transmit. Three different characterisations of airborne diseases are introduced:
obligate, preferential, and opportunistic (Seto [2015]). Obligate diseases are solely air-
borne, and diseases which are characterised as preferential are those that are efficiently
transmitted through the air but other routes are common (Seto [2015]). Finally, oppor-
tunistic diseases are mainly spread by alternative routes but can be aerosolised and
transmitted under certain circumstances such as during aerosol generating procedures
(AGPs). Examples of AGPs include intubation, tracheotomy and bronchoscopy (NHS
[2021]). Initial ideas about re-aerosolisiation or aerosol generation were introduced by
Wells [1934], who talks of aerosols re-entering the air when larger droplets settle, evap-
orate, and are lifted back into the air.

There are many different AGPs that can pose an increased risk to heathcare workers
(HCWs) (Thompson et al. [2013]). However, it is important to understand how the risk
from AGPs compares with everyday human activities such as coughing or sneezing.
For example, transmission patterns of an outbreak of SARS in a major teaching hospi-
tal in Hong Kong indicated that one of the cases was originally believed to have been
transmitted via a nebulizer procedure. However, it was later concluded that the trans-
mission took place before the nebulizer was turned on (Wong et al. [2004]). Shrimpton
et al. [2022] use particle sampling during upper airway suction, an AGD, to find that
this did not increase aerosol concentration, and showed a much lower aerosol concen-
tration when compared with coughing. Normal respiratory activities such as breathing
and coughing, in many cases, can produce the same if not more aerosols than so-called
AGPs (Hamilton et al. [2021]), with an absence of evidence to suggest that medical
AGPs are associated with an increased risk of transmission of respiratory viruses be-
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yond standard patient interactions (Wilson et al. [2021c]).

Pathogens which may not be naturally airborne but rather opportunistically airborne,
such as Clostridium difficile, can become aerosolised after flushing a toilet, with lidless
toilets increasing the risk of contamination in the surrounding environment (Best et al.
[2012]). This opportunistic behaviour is further highlighted with examples of mycobac-
teria being aerosolised and transmitted in different locations such as hot tubs or swim-
ming pools (Falkinham IIT [2003]).

1.3 Mathematical Models of Airborne Transmission

1.3.1 Single-Zone Models

A wide range of mathematical techniques are used to assess exposure to pathogens and
subsequent infection risk, and this is often referred to as Quantitative Microbial Risk
Assessment (QMRA). QMRA has many different approaches, common uses, and limi-
tations (Haas [2020]). There are a variety of applicable scenarios for QMRA modelling
and this is demonstrated in applications to foodborne pathogens (Pérez-Rodriguez
et al. [2008], Pang et al. [2017], Ryan et al. [2018]), waterborne pathogens (Soller et al.
[2010], De Man et al. [2014], Ramirez-Castillo et al. [2015]), and airborne pathogens,
with more recent work focusing on the transmission of COVID-19 (Zhang et al. [2020],
Buonanno et al. [2020a], Kitajima et al. [2020], Wilson et al. [2021b], Miller et al. [2022],
Bate et al. [2024]).

The most common QMRA approach to airborne disease transmission is the Wells-Riley
model (Wells et al. [1955], Riley et al. [1978]) giving an assessment of the probability of
infection. The Wells-Riley equation is shown below:

—lopgt

E(t) =So(1—e 0 ) (1.1)

where E(f) is the number of new infections or exposures, Sy is the initial number of
susceptible individuals, Iy is the initial number of infected individuals, p [m3 min ']
is the pulmonary rate of individuals, 4 [quanta min~'] is the infectious quanta pro-
duction rate, and Q [m®min '] is the extract ventilation rate. The quanta production
rate shown in the above equation is the rate at which an infected individual produces a
quantum. A quantum is defined as the minimum number of infectious airborne parti-

cles required to infect an individual with probability 1 — e~! (= 0.632) and may consist
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of one or more airborne particles (Sze To and Chao [2010]). The limitations of the Wells-
Riley model, assuming well-mixed air and a steady-state concentration of pathogen
within a space are tackled through various adaptations throughout the literature, some
more successfully than others, presenting a need for these assumptions to be overcome
(Zemouri et al. [2020]). However, a large number of studies still use the Wells-Riley
model in the original form (Pavilonis et al. [2021], Zhao et al. [2022], Rowe et al. [2022]).
For example, the Wells-Riley model was used to assess the probability of infection in
a TB outbreak for different scenarios when varying cell occupancy, lock-up time and
ventilation in a South African prison (Robertson et al. [2011]), showing that increased
ventilation rates, and reduced occupancy and lock-up times are likely to reduce the
probability of infection.

Whilst the Wells-Riley model is typically used for short-term interactions (and thus,
with a Susceptible-Exposed (SE) model as in Chapter 2), it can be linked to more com-
plex compartmental models to represent longer timescales. The Susceptible-Infected-
Recovered (SIR) model,

W _ys,
aI(t)
T pS(HI(t) —al(t),
RO _ are)

originally introduced by Kermack and McKendrick [1927] is extended with a coupling
to a Wells-Riley approach by Noakes et al. [2006b]. Here, S(t), I(t) and R(t) represent
the susceptible, infected and recovered individuals, respectively, i is the infection rate
and « is the recovery rate. Other extensions include to a Susceptible-Exposed-Infected-
Recovered (SEIR) model, where E represents exposed individuals, accounting for the
latent period of an infectious disease (Noakes et al. [2006b], Chen and Liao [2008]).

An adapted Wells-Riley model is used to analyse a nosocomial outbreak of SARS in
Hong Kong (Qian et al. [2009]). The adapted model aims to consider the variation
in spatial concentration, building on previous work (Qian et al. [2007]) with an ad-
ditional ordinary differential equation (ODE) characterising concentration with time.
This adaptation allows for the mathematical model to be coupled with a CFD model to
analyse the distribution and deposition of particles and visualise the variation in spatial
risk. A CFD coupling with the Wells-Riley model is also explored in other work such
as investigating COVID-19 transmission on long-distance trains in China (Wang et al.
[2022]) or using CFD models to explore airflow patterns before using the Wells-Riley
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model to assess infection risk for diseases with a range of infectiousness (e.g., measles,

influenza, and rhinovirus) (Tung and Hu [2008]).

There are many other adaptations of the Wells-Riley model such as using CO, as a
proxy for exhaled breath that may contain infectious pathogens. Rudnick and Milton
[2003] make adaptations where CO, is used as a marker for exhaled breath and ven-
tilation effectiveness, with the re-breathed fraction used within the Wells-Riley model
instead of the ventilation rate. This allows the model to be applied to settings where
CO; has been measured, but ventilation rates are unknown. This model is also con-
sidered in Tung and Hu [2008] and Issarow et al. [2015], with other work building on
this by using measured viral shedding and CO, data from a human challenge study
(Bueno de Mesquita et al. [2020]), and including consideration of the infectious quanta
dynamics in addition to the concentration based on exhaled CO; in a school, office and
commercial setting (Cammarata and Cammarata [2021]). A more generalised version
of Rudnick and Milton [2003], considering varying occupancy levels is presented by
Burridge et al. [2022] in an application to an office scenario. A further study considers
an application to schools and shows the likelihood of seasonal differences in infection

risks due to lower ventilation rates in winter (Vouriot et al. [2021]).

Similar adaptations extend the Wells-Riley model by replacing the quanta parame-
ter with a solution for the concentration of airborne pathogen in the space, and is
demonstrated with assessments of risk in a single room (Boonmeemapasuk and Pochai
[2022], Timpitak and Pochai [2022]) and with assessments of COVID-19 infection risk
across fitness centres in Florida (Li et al. [2021a]), in a university campus in China
(Li et al. [2021b]), and in a dining setting (Ding et al. [2022]). In an attempt to ob-
tain the spatial distribution of the probability of infection, a spatial flow impact factor
(SFIF) method is coupled with the Wells-Riley model (Guo et al. [2021]), and an advec-
tion—diffusion-reaction relationship is used to consider spatio-temporal infection risk
through comparisons with real-life case studies, and a hypothetical study in a class-
room (Lau et al. [2022]). Other methods include using a source-sink model within the
Wells-Riley model exploring case studies in a restaurant and ballroom (Zhai and Li
[2021]), and a dilution-based method, which does not come directly from the tradi-
tional Wells-Riley model, but the concentration of quanta, inhalation rate and a Poisson
distribution to give an assessment of infection risk (Zhang and Lin [2021]). Pantelic and
Tham [2012] use an adapted Wells-Riley model to incorporate results from an experi-
mental study of an open plan office, where they assessed the effects of ventilation rates,

infectiousness of the index case, and various exposure times.
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Mitigation strategies are an important aspect of assessing an outbreak and infection
risk, and the Wells-Riley model can be adapted to account for this, such as incorporat-
ing social distancing and ventilation as controls for transmission during the COVID-
19 pandemic (Sun and Zhai [2020]), protection provided by face coverings (Zemouri
et al. [2020]), mask effectiveness to assess infection risk and received dose from a TB
infection (Nicas [1996], Fennelly and Nardell [1998], Nazaroff et al. [1998]), and more
recently assessing COVID-19 infection risk (Dai and Zhao [2020], Fantozzi et al. [2022]).
Other adaptations include the effects of particle filtration and air cleaning on infection
risk (Nazaroff et al. [1998], Fisk et al. [2004]), and the deposition of infectious airborne
particles (Fisk et al. [2004], Franchimon et al. [2008]).

In the work of Gammaitoni and Nucci [1997], a variation of the Wells-Riley model is
presented and applied to an infection risk model of a TB outbreak, with their model
allowing for varying quanta levels over time with a conservation equation, bringing
their methodology closer to a dose-response type model, another QMRA technique.
Dose-response models such as the one presented by Gammaitoni and Nucci [1997] have
been commonly used in the literature such as to assess the risk of infection of TB, in-
fluenza and measles in healthcare waiting rooms (Beggs et al. [2010]), infection risk of
influenza, TB, and rhinovirus within three different environments at a teaching hospi-
tal (Knibbs et al. [2012]), exploring the effects of ventilation on disease transmission in
clinical rooms (King et al. [2021a]), and in the development of a stochastic web-based
application that evaluates COVID-19 infection risk across specific settings (a classroom,
a wedding venue, and a high intensity exercise class) (Rocha-Melogno et al. [2021]).
Wood et al. [2023] explore a coupling of the quanta conservation equation with an SEIR
epidemic model, where they analyse important timescales and features arising from
the dimensionless dynamical system. The dimensional analysis explores key dimen-
sionless timescales such as the dilution rate of the space, the quanta generation rate,
the incubation period and removal rate, and demonstrates that these parameters can be

used to assess the relevance of particular QMRA assumptions.

Dose-response approaches use a measurement of exhaled virions or bacteria in the air
and produce a dose-response curve which gives an individual probability of infection
given the inhalation of a specific dose, whereas the Wells-Riley approach uses quanta
as a measure of infectious dose (Sze To and Chao [2010]). Dose-response models can
be applied to a variety of transmission routes and can also be used to calculate the
infectious source strength of an outbreak (Sze To and Chao [2010]). Despite sharing
similar limitations, the Wells-Riley model allows for quick assessment and does not
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require as much prior data as a dose-response model, and so is often seen as a simpler
approach (Zhao et al. [2022]).

1.3.2 Multi-zone Models

In many real-life outbreaks, it would often prove more useful and more realistic to
model multiple zones. Studies acknowledge the need for considering multi-zonal spaces
within infection risk models (Hodgson et al. [2004], Guyot et al. [2022]), and more re-
cently, published work demonstrates evidence of contaminant transport of infectious
particles and transmission to neighbouring zones with a study in a hospital ward (Jung
et al. [2021]) and studies in quarantine hotels (Eichler et al. [2021], SAGE [2021]). There
is also evidence to suggest transmission between an infectious individual and a suscep-
tible individual who visits a shared bathroom up to 40 minutes after the infector has left
(Jung et al. [2021]), and transmission of measles in a shared space where there was no
direct contact between the infector and the susceptible individuals who later became in-
fected (Bloch et al. [1985], Remington et al. [1985]). This emphasises that infection risk
is still important despite the absence of an infector, especially between indoor spaces
with connected airflow.

Noakes and Sleigh [2009] introduce a new zonal approach towards the Wells-Riley
model in an attempt to deal with imperfect mixing in real environments. Zonal varia-
tions such as mixing, ventilation and concentration are included in the governing equa-
tion. This is then applied to a stochastic version of the Wells-Riley model using simu-
lations to model various ventilation settings across a 9-zone hospital ward applied to a
Susceptible-Infected (SI) epidemic model. An example of the 9-zone ward can be seen
in Figure 1.1, illustrating the layout.

A two-patch Susceptible-Infected-Susceptible (SIS) epidemic model can be used in the
form of a transport model, where people travel between those patches to give a zonal-
type model that also allows for patch-specific parameters or boundary conditions be-
tween the patches (Arino et al. [2016]). The well-mixed Wells-Riley model can also be
extended to consider multi-zone scenarios such as a multi-zone building (Pease et al.
[2021]) and a multi-zone office scenario (Faulkner et al. [2022]) to investigate the use
of ventilation and filtration systems and how these affect the probability of COVID-19
infection. Using mathematical techniques, the Wells-Riley model is also extended to
account for multiple adjoining rooms and movement between these, capturing room-

to-room air movement and differing ventilation rates (Melkumov et al. [2020]). Valida-
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ZONE 3 E ZONE 6 : ZONE 9
1
_______ i 1.1 :
ZONE 2 ZONE 5 ZONE 8
ZONE 1 ZONE 4 ZONE 7

Figure 1.1: The geometric set-up for the 9-zone hospital ward based on the geometry
provided in Noakes and Sleigh [2009] and Lépez-Garcia et al. [2019] with newly la-
belled zones.

tion in forms of CFD or experimental work can help to demonstrate the accuracy of any
given model (Cheong and Lee [2018], Qian et al. [2009]).

A zonal SIS Markovian model is investigated by Lopez-Garcia et al. [2019] exploring
the effects of ward ventilation, location of patients, ward over-occupancy, and outbreak
detection management. This develops a more complex zonal stochastic model with
the forward Kolmogorov equations and using a Gillespie Algorithm to simulate the
stochastic process (Gillespie [1976]), building on the work presented by Noakes and
Sleigh [2009]. The mathematical theory is presented with an application of the model
to 6 various ventilation settings on the 9-zone ward layout in Figure 1.1, based on that
originally introduced by Noakes and Sleigh [2009]. The work here suggests that de-
tection time dominates the outbreak, but highlights noticeable effects on the airflow
due to ventilation. A different approach using a Markov chain model focuses on par-
ticle deposition onto surfaces as opposed to airborne aerosol particles (Mei and Gong
[2018]).

Ko et al. [2001] consider multiple zones but rather than neighbouring spaces, they take
the approach of splitting a single room horizontally to help with better modelling of
upper room ultraviolet germicidal irradiation (UVGI) effects on TB risk in a waiting
room. However, other work explores splitting an airplane into multiple zones and
modelling the space as 4 neighbouring passenger cabins to assess TB (Ko et al. [2004]).
Noakes et al. [2015] assess the effects of UVGI on infection risk across a multi-zone hos-

pital ward. However, not only is a multi-zone environment of connected neighbouring
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zones considered, but each zone is also split horizontally into a further 2 zones; a larger

occupied section and a smaller upper section that contains the ultraviolet equipment.

1.4 Computational Airflow Models

Alongside mathematical risk models, it is important to gain an understanding of the
surrounding airflow and how different factors may affect this. There are different meth-
ods that can be used to model airflow in indoor environments including using CFD
techniques or with a network-based zonal model e.g., CONTAM.

1.4.1 Computational Fluid Dynamics (CFD)

CFD is a commonly used tool for modelling both indoor and outdoor airflow, and can
be used to explore the spatial variation of velocity, pressure, temperature and contami-
nant transport. Example applications of CFD models include exploring indoor airflow
patterns (Laitinen et al. [2023]), the removal efficiency of different ventilation strategies
(Ren et al. [2021]), the effects of turbulence on airflow and contaminant transport (Li
et al. [2021c]), modelling exhalations from a human source (Coldrick et al. [2022]), and
the effects of spatial airflow distributions, temperature and RH on airborne transmis-
sion risk (Foat et al. [2022]).

When using CFD to model indoor environments, there are many different turbulence
models, numerical schemes, and meshing techniques, each with different benefits and
limitations depending on the application (Nielsen [2015]). Some of these numerical
models and tools are more relevant to the modelling of pathogen transmission and

associated applications (Peng et al. [2020]).

A CFD study using the Star-CCM+ (v10) software is used to analyse varying ventila-
tion rates, the locations of the supply and extract vents, and including partitions be-
tween beds in a hospital (Cheong and Lee [2018]). The risk of infection is analysed
using the Wells-Riley model, which shows that a higher ventilation rate significantly
reduces the risk, while the other two factors made minimal difference and the best re-
sults are achieved when all three mitigation strategies were used in tandem. Adapted
Wells-Riley models are also coupled with CFD approaches using ANSYS FLUENT in
an application to a hospital ward (Qian et al. [2009]), in a restaurant and ballroom (Zhai

and Li [2021]), and to simulate coughing passengers and the dispersion of droplets in
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an airplane cabin (Gupta et al. [2012]).

ANSYS FLUENT is a common CFD tool for modelling indoor environments in the con-
text of airborne transmission. For example, ANSYS FLUENT is used to analyse the ef-
fects of hospital curtains as a mitigation on 2-bed and 4-bed hospital wards prior to the
detection of an infection case (Ching et al. [2008]), to investigate airflow and infection
risk in hospital anterooms and negative pressure isolation rooms (Tung and Hu [2008]),
and to conduct tracer-gas simulations in high-rise flats, including other transmission
factors such as wind and window opening schedules (Gao et al. [2008]). A similar tool,
ANSYS-CFX is also used to explore the effects of ventilation, partitions and different
design layouts on the transmission of TB on a real, 2-bed hospital ward (Noakes et al.
[2006a]).

In addition to modelling airflow, ANSYS FLUENT can also be used to model particle
deposition onto surfaces such as to predict spatial distributions of bio-aerosol depo-
sition in single and double bed hospital environments by investigating the effects of
different room layouts and the use of partitions in reducing neighbouring bed contam-
ination (King et al. [2013], Wilson et al. [2021a]), and coupled with Monte Carlo simu-
lations to visualise the infection risk of SARS-CoV-2 through the air and on surfaces in

a negative-pressure ward (Guo et al. [2022]).

An advantage of using CFD as a tool for modelling airborne transmission is that it can
enable high resolution of spatial and temporal variations in airflow and provide both
detailed quantitative data and highly informative visualisation across a wide range of
scenarios. However, CFD is computationally intensive and it can be particularly chal-
lenging to model transient effects or more complex geometries over longer time peri-

ods, whilst still achieving the same level of resolution.

1.4.2 Network-based Airflow Models

Although the majority of the previous studies use CFD, network models such as the
software CONTAM allow for the simulation of airflow inside multi-zonal spaces and
can model transient occupant and ventilation schedules, weather and wind effects such
as wind pressure, wind speed, wind direction, RH, external temperatures, contaminant
sources, and ambient air pollutants (National Institute of Standards and Technology
[2022]). CONTAM assumes zones are fully mixed and deals with the flow across zones,
rather than within them, sometimes known as a network model. Whilst the fully mixed

assumption is a substantial simplification that cannot model the local spatial variation
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that a CFD model is capable of, network models are much quicker to run. This allows
for larger scale building models and transient simulations over periods from hours to
months. In the context of modelling disease transmission, this means that simulations

can be carried out easily at a similar timeframe to an outbreak in an environment.

CONTAM is commonly used to model multi-zone indoor air and contaminant trans-
port with applications including a multi-zone contaminant transport model in a general
healthcare facility to assess the building design and the effects of various mitigation
strategies such as room pressurisation, filtration, and UVGI (Emmerich et al. [2013] ),
and to explore the effects of different window and door opening settings on the airflow
in buildings (Leprince and Carrie [2016]).

Larger geometries can also be modelled using CONTAM, such as modelling a high-rise
residential building to investigate buoyancy-driven and wind-driven flow effects on
gaseous pollutants (Mao et al. [2015]), to analyse contaminant transport to a multi-zone
multi-storey building from an underground garage (Reichman and Dubowski [2021]),
and to conduct a whole building simulation of two college halls of residence, alongside
transient weather conditions to assess acute respiratory infection risk when comparing
the high levels of ventilation offered by one building to the low levels of ventilation of-
fered by the other (Zhu et al. [2020]). Shrestha et al. [2021] explore the use of CONTAM
for a virtual multi-storey office space to model the aerosol dispersion of SARS-CoV-2
with both transient and steady-state simulations, exploring how different areas of the

building may be affected by mitigation strategies such as mechanical ventilation.

Although CONTAM can be used for analysing contaminant transport and airflow di-
rectly, in the context of infection risk and disease transmission, it is common for CON-
TAM to be used for the airflow alone and then applied to other QMRA techniques.
Cheong et al. [2018] use CONTAM to investigate mitigation strategies (e.g., increasing
ventilation rates and isolating the patient) for an emergency department in a hospital,
after which the Wells-Riley model is used to assess the probability of infection. The
Wells-Riley model is also used following a multi-zone CONTAM simulation in other
examples, including in a multi-zone prototype office building (Yan et al. [2022b]), in
5 prototype commercial buildings; a medium office, a large office, a small hotel, re-
tail premises, and secondary school (Yan et al. [2022a]), and on a cruise ship (Xia et al.
[2023]). Alternatively, CONTAM airflow simulations of a multi-zone building can be
used with a state-space approach to assess risk of pollutant exposure and contaminant
concentration (Parker et al. [2014]).
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Although previous studies demonstrate the usefulness of CONTAM for airflow sim-
ulations and modelling contaminant transport, validation of more complex building
models can be difficult, especially when considering occupant behaviour or movement.
Most existing data is often limited to more simplified scenarios modelling a single tracer
gas without transient occupants or long timescales, such as a single-zone building with
errors less than 30% (Emmerich [2001]), a three-storey town house with errors less than
10% (Emmerich et al. [2004]), and a house with an attached garage with errors around
20 — 30% (Emmerich and Dols [2016]).

It is also possible to combine different methods for modelling airflow, such as utilising
the CFD capabilities of CONTAM. This is useful for scenarios where the well-mixed as-
sumption is insufficient in a particular section of the building, but the remaining zones
are assumed to be well-mixed. An example of this is shown using a residential home,
where a leaking furnace producing Carbon Monoxide is modelled (Wang et al. [2010]).

As presented throughout Chapter 1, many modelling approaches consider fully mixed
air in indoor spaces (e.g.,, CONTAM as above and the Wells-Riley model in Section
1.3). For the purpose of this thesis, where the focus is on assessing long-range airborne
transmission across multiple zones with shared airflow, it is assumed that within-room
features such as person-to-person interactions, close-range and fomite transmission,
and the effects of turbulent mixing become less important and are dominated by the
consideration of larger geometries across multiple rooms. Thus, the assumption of fully
mixed air within a zone is an appropriate choice and will be considered throughout.

1.5 Weather and Ventilation

Another factor that can affect disease transmission is weather and seasonality, and this
has been investigated in many recent studies that assess the effects of various weather
conditions on COVID-19 transmission (Pani et al. [2020], Habeebullah et al. [2021]),
demonstrating how weather conditions affect contaminant transport, particularly of in-
fectious aerosols (Das et al. [2022]), and through epidemiological assessments (Dbouk
and Drikakis [2021, 2022a]). Li et al. [2014] show that weather had a significant effect on
the transmission of ‘hand, foot and mouth disease” in China, and Sadys$ [2017] shows
the effects of various wind direction and wind speed on the airborne concentration of
Cladosporium spp.. Although it can be difficult to identify which specific weather con-
ditions dominate, the effects of various meteorological factors (e.g., RH, temperature,
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and wind speed) on virus transmission are often investigated (Pica and Bouvier [2012],
Dbouk and Drikakis [2020]). Previous studies have highlighted the role that RH can
play on airborne transmission (Pica and Bouvier [2012], Foat et al. [2022], Oswin et al.
[2022], Haddrell et al. [2023]). However, in this thesis, it is assumed that aerosols carry-
ing viruses are fully evaporated and that the timescales of changes in RH affecting the
outcome of an infection are relatively small, and thus negligible, when compared to the
timescales used to assess long-range airborne transmission across multiple connected

rooms. As such, the role of RH on airborne transmission is not considered in this thesis.

Weather and wind conditions can consequently affect the efficiency of ventilation and
airflow within indoor environments, particularly if the main source of ventilation is via
natural means. Natural ventilation is commonly relied upon in UK hospitals, stemming
from historical design and reducing carbon emissions (NHS England [2023]). Ventila-
tion is defined as providing outdoor air to indoor environments and removing indoor
air by means of mechanical or natural methods (Health and Safety Executive (HSE)
[2023]). Natural ventilation usually occurs as a result of wind-driven flow, governed by
external weather conditions such as wind speed and direction, or stack-driven which is
governed by temperature differences between indoor and outdoor environments (Lin-
den [1999]). Previous work suggests that there is a strong association between venti-
lation and the control of airborne infections indoors (Li et al. [2007]). As this form of
ventilation is governed by natural phenomenon, it is difficult to predict and control,
which affects its efficiency and makes it an uncertain method (Mao and Gao [2015]).
It is suggested that natural ventilation can lead to an increase in the local dispersion
of airborne pathogens, or take up to 4h to be effective in removing infectious aerosols
from the air (Dbouk and Drikakis [2022b]).

The uncertainty of natural ventilation is demonstrated through the disparities that are
seen in reported ventilation rates achieved by means of natural ventilation. A small
number of experimental studies measure natural ventilation rates in healthcare settings.
Gilkeson et al. [2013] show rates of 3.4 - 6.5 air changes per hour (ACH) (i.e., the number
of times that the total air volume in a zone or indoor space is completely removed and
replaced in an hour) in UK hospital wards when using CO; as a tracer gas. Escombe
et al. [2007] also conduct a study with CO, tracer gas, but instead find rates of up to 28
ACH in a Peruvian hospital. Whereas Qian et al. [2010] report observing rates of up to
69 ACH in a hospital ward in Hong Kong. A more recent study compared the efficacy
of passive, natural ventilation with a newly retrofitted mechanical ventilation system

that achieved 15 ACH in patient rooms and corridors and 6 ACH in other clinical areas
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by using a CO, tracer gas and aerosol samplers (Mingotti et al. [2021]).

To add to the uncertainty of natural ventilation, the effectiveness relies heavily on occu-
pancy behaviour, with thermal comfort being an issue during colder weather periods,
leading to closure of windows or doors, reducing natural ventilation (Stensballe et al.
[2003], Pica and Bouvier [2012], Leprince and Carrie [2016], Park et al. [2021]).

When assessing ventilation, and the consequent effects of weather conditions, it is pos-
sible to use CO; as an indicator for the efficiency of the natural ventilation, in a similar
way to using it as a proxy for airborne infections. This has been carried out in sev-
eral studies that use measured CO, data from human respiratory sources in schools
(Vouriot et al. [2021], Park et al. [2021], Burridge et al. [2023]) and in a hospital (Wilson
et al. [2024]). Injected CO; tracer gas has also been used in hospitals to assess natural
ventilation effects (Escombe et al. [2007], Gilkeson et al. [2013]). Qian et al. [2006] also
use a tracer gas (Nitrous Oxide) to mimic the movement of a biological contaminant to
investigate the effects of different ventilation systems and mixing on droplet dispersion
in a 2-bed hospital ward.

Despite the importance of weather conditions in determining the efficiency of natu-
ral ventilation and disease transmission risk, many of the current models overlook
transient effects and instead consider steady-state conditions (Emmerich et al. [2013],
Garcia-Tobar [2018]). The software CONTAM allows for easy incorporation of transient
weather conditions into models, with studies considering the effects of this when using
CONTAM to investigate the survival of influenza (Myatt et al. [2010]), model contami-
nant transport from an underground garage to a multi-storey building (Reichman and
Dubowski [2021]), model ventilation and infection risk (Guyot et al. [2022]), and to
model radon concentration in dwellings (Garcia-Tobar [2019]).

1.6 UK Hospital Design

Ward design across hospitals in the UK is currently based on guidance set out in the
"Health Building Note 04-01 (HBN04-01): Adult in-patient facilities” (NHS England
[2009]), with specifications on room dimensions, provision for equipment, privacy,
hand hygiene, isolation facilities etc. As a result, many of the hospitals within the
UK follow a similar layout. Over time, NHS policy has advocated towards moving
away from Nightingale-style hospital wards, typically large open multi-bed bays with-
out doors or partitions, towards a layout dominated more by single-occupant rooms or
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four-bedded bays (Short et al. [2014]). However, the majority of NHS hospital wards
have developed by adopting a combination of both single-occupant rooms and multi-
occupant rooms, due to the restrictions of retrofitting existing infrastructure and lack of
funding (Gilkeson et al. [2013]).

In HBN04-01 (NHS England [2009]), the dimensional requirements for both a single-
bed room and a 4-bed room are shown as 23.5m? and 72.5m? as of an update to the
building note in 2009. Previously, from 1997, the requirements were 21 m? for a single-
bed room and 60m3 for a multi-bed room. Other requirements for occupant spaces
specify that the beds should be placed in such a way that they receive natural day-
light and have suitable provisions for privacy (including during procedure or routine
care, and visitation). Other dimensional requirements include bedside space, with the
requirement of 3600 mm (width) x 3700 mm (depth) being deemed sufficient for the

majority of activities carried out bedside to be accommodated.

In the "Health Technical Memorandum 03-01 (HTM03-01): Part A’ (NHS England [2021])
the design and validation requirements for ventilation in hospital environments are set
out, where changes were made in 2021 following the COVID-19 pandemic to include
a greater focus surrounding ventilation, airborne transmission, and indoor air quality
in hospitals, particularly through the introduction of a ventilation safety group. The
guidance in HTMO03-01 Part A sets out requirements for air-exchange rates in particular
spaces e.g., 6 ACH for a “general ward”, 6 ACH for a “single room”, and 10 ACH for
an “infectious disease isolation room”. There is no specific requirement on how these
ventilation rates are achieved in general wards and single rooms, but the guidance does
outline a preference for ventilation type with the first choice being natural ventilation,
and the last choice being mechanical ventilation. Other specific guidance includes tem-

perature, pressure and noise.

Although some of the benefits of natural ventilation are discussed in HTM03-01 Part A
(i.e., the possibility of achieving high air-exchange rates), the reality is that the efficacy
of natural ventilation becomes increasingly difficult to achieve when faced with barri-
ers such as retrofitted internal sub-divisions of hospital settings (NHS England [2021]),
restricted window openings and reduced wall vents and leakage for energy efficiency
(Gilkeson et al. [2013]), concerns about infection control, safety and security (Lomas
et al. [2012]), and its high dependency on occupant behaviour (Qian et al. [2010], Park
et al. [2021]). With it being almost impossible to maintain consistent ventilation rates
when relying solely on natural ventilation (NHS England [2021]) and the suggestion
that mechanical ventilation may be a more reliable choice (Qian et al. [2010]), there
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is an increasing need for further modelling studies to investigate the efficacy of exist-
ing ventilation strategies, and better understand factors affecting airborne transmission

risks in hospitals.

1.6.1 Ward J12, St. James’ Hospital, Leeds, UK

An example of a traditionally designed hospital ward is J12, an adult respiratory ward
at St James” Hospital NHS Trust, Leeds, UK. In later chapters, a 12-zone subset of Ward
J12 at St. James” Hospital is the geometry of choice for the modelling scenarios, which
was obtained from floor plans for Ward J12. This subset consisted of a ward layout con-
taining patient single and multi-bed rooms, HCW and treatment room environments.
The chosen 12-zone subset of Ward J12 is illustrated in Figure 1.2. Zones 1 and 2 repre-
sent 4-bed bays; Zones 3 and 4 represent single-occupant rooms; Zone 5 is the nursing
station; Zone 6, 7 and 8 form a connecting corridor split into 3 zones; and Zones 9 - 12

are general clinical rooms including a sluice, staff room, treatment room and office.

—i—ik A A A —A—
Zone 1 - Bay 1 Zone 3 - Single | Zone 4 - Single | Zone 2 - Bay 2
Volume = 98.35m?3 Room 1 Room 2 Volume = 98.35m?3
Volume =| Volume =
28.57m3 | 28.57m3 {
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Station Volume = A
36.35m3 L
Zone 7 - " Volume= |Zone8- | § Volume= |
Volume = 31.74m3 Corridor 1 31.74m? Corridor 1 31.74m3
Zone 6 - Corridor 1 ‘[ t 1 l ‘[ i 1‘ l
Key
W =Top-Hinged Window
A =Sash Window
4 Volume = Volume = Volume =
Orientation 2 | Volume = 50.46m3 43.42m? 46.94m3
>< 47.24m3 Zone 10 - Staff [Zone11- |Zone 12 -
" Zone 9- Sluice [Room Clinic Room |Doctor’s Office
< ok A A A

Figure 1.2: Illustration of the chosen geometry - a 12-zone subset of a UK respiratory
ward showing the zone number, type and volume for each zone, the orientation of the
geometry, and the location of windows.
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This ward was originally designed to have open bays between a mixture of single-bed
and multi-bed rooms, but over the years has been retrofitted with added doors to enable
greater privacy for patients. Many of the original features of the hospital are still present
including the window design. Sash windows were a common feature of older hospitals
(Gilkeson et al. [2013]), however in recent years, the opening of sash windows has been
restricted to 100 mm with a restrictor device being required to ensure patient safety,
and to withstand possible deliberate attempts to open the window beyond this point
(NHS England [2013]). Sash windows are often accompanied by a top-hinged window,
which again has opening restrictions of 30 degrees. In Figure 1.3, an example of the
window design on Ward J12 can be seen, with the sash window and an accompanying
top-hinged window. This design is mirrored down the centre of a typical 4-bed bay
with two sash windows and two top-hinged windows in each bay (Figure 1.4), and

each single-bed room has a single sash window and top-hinged window (Figure 1.5).

Other features of Ward J12 can be seen with images of the nurses station (Figure 1.6),
a 4-bed bay entrance with a smaller double door type (Figure 1.7), and a single-bed
room door entrance (Figure 1.8). The images in Figures 1.3 - 1.8 were taken during an
in-person visit to Ward J12.

Figure 1.3: An example of a sash and top-hinged window layout on Ward J12, St James’
Hospital NHS Trust, Leeds, UK. Image taken during an in-person visit to the ward.

21



1.6. UK HOSPITAL DESIGN

'

Figure 1.4: An example of windows in a 4-bed bay on Ward J12, St James” Hospital NHS
Trust, Leeds, UK. Image taken during an in-person visit to the ward.
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A

Figure 1.5: An example of a sash window in a single-bed room on Ward J12, St James’
Hospital NHS Trust, Leeds, UK. Image taken during an in-person visit to the ward.
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Figure 1.6: An example of the nurse station/reception on Ward J12, St James” Hospital
NHS Trust, Leeds, UK. Image taken during an in-person visit to the ward.
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STOP

Keep Patients Well
use the

GEL

Figure 1.7: An example of an entrance to a 4-bed bay with a smaller double door type on
Ward J12, St James” Hospital NHS Trust, Leeds, UK. Image taken during an in-person
visit to the ward.
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Please WASH
your. hands on
entering & leaving

{e Thank
A -

s

Figure 1.8: An example of an entrance to a single-bed room on Ward J12, St James
Hospital NHS Trust, Leeds, UK. Image taken during an in-person visit to the ward.
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1.7 Research Questions

As outlined in the above literature review, many of the current models used to assess
airborne transmission risk are single zone and steady-state. This makes them unable to
capture realistic features of environments that commonly vary with time such as occu-
pancy, ventilation, and weather conditions, or an inability to accurately model indoor
environments with multiple connected rooms. As a result, many important features
that can affect airborne transmission are overlooked, and the resulting risk assessment
may be inaccurate. QMRA techniques such as the Wells-Riley model, despite being
quick and easy to implement, rely heavily on the knowledge of the outbreak param-
eters a priori and fail to account for randomness, stochasticity or unknown outbreak
data. By having tools that incorporate a better understanding of the environmental
and occupant factors that affect airborne transmission, better decisions can be made
around the most effective mitigation measures. Therefore, this thesis aims to address
the following research questions:

1. How can current QMRA techniques be developed to better represent real-life out-
break scenarios?

2. How important is the consideration of transient effects when modelling airborne
transmission and associated infection risk?

3. How does airflow due to natural ventilation facilitate airborne transmission in
multi-zone indoor environments, and what factors affect this?

4. Can we develop a successful coupling between airflow dynamics and QMRA
techniques in order to provide a better informed risk assessment?

5. Can we extend modelling tools for increased versatility and adaptability, incor-
porating a broader set of outbreak scenarios?

1.8 Aims and Objectives

This thesis uses an approach combining mathematical models, airflow simulations and
epidemiological understanding to develop transient multi-zone models for assessing
airborne infection risk. The work then uses these models to explore specific scenarios,
predominantly in healthcare settings, investigating further features of outbreak dynam-
ics. The specific objectives for achieving this are:

1. Develop a broad understanding of disease transmission, epidemiology, and in-
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fection prevention and control.

2. Develop QMRA techniques to include stochastic effects (e.g., randomness and un-
known parameters) to better represent indoor environments and occupant factors

(e.g., heterogeneity).

3. Develop models for assessing airborne transmission risk that consider transient

effects and multi-zone environments.

4. Explore a coupling between the modelled infectious pathogen concentration in
the air with computational epidemic modelling frameworks.

5. Develop airflow models of multi-zone indoor environments, and provide a cou-
pling with a transmission model to understand the key features that affect air-

borne transmission and infection risk (e.g., ventilation and weather conditions).

6. Use a Monte Carlo approach to include stochastic effects and assess the relative
importance of particular outbreak parameters (e.g., ventilation and infectious-

ness).

7. Apply the new modelling tools to realistic scenarios in healthcare and social set-
tings to understand and quantify airborne transmission risk, and to explore the

strengths and limitations of the model.

1.9 Thesis Outline

A brief introduction to the chapter layout is given:

Chapter 2: The Wells-Riley Model Revisited. In this chapter, focus is on the traditional
Wells-Riley model, ubiquitous in providing risk assessments of airborne transmission
in indoor environments. The fundamental principles of this model are explored and the
limitations are considered. Methodological advances are then presented, using mathe-
matical and probabilistic techniques to consider heterogeneity, randomness, stochastic-
ity, and transient effects. The new methodology is demonstrated through applications

to realistic scenarios in healthcare and social settings.

Chapter 3: A Transient Multi-zone Transmission Model. In this chapter, a tool is
developed that uses a multi-zone transient concentration equation with an epidemic
model, based on fundamental QMRA techniques similar to those presented in the Wells-
Riley model in Chapter 2. Airflow is simulated using CONTAM and used to inform

28



1.9. THESIS OUTLINE

the transmission model, making it as realistic as possible. Using this modelling tech-
nique, transient versus steady-state approaches are compared when modelling airborne
pathogen concentration, with an investigation into the effect that this has on consequent
infection risk. This is illustrated through two multi-bed ward hospital case studies; one
exploring a fixed location infectious HCW, and another exploring a transient infectious

HCW moving around various zones completing a drug-round scenario.

Chapter 4: Transient Airflow, Weather and Airborne Transmission. In this chapter,
the transmission model presented in Chapter 3 is used to explore the effects of variable
ventilation flows, and its applicability is demonstrated through a healthcare ward sce-
nario that explores the effects of transient weather conditions on airborne transmission
and associated risks within indoor environments. CONTAM is used to simulate airflow
in a naturally ventilated hospital ward allowing for varying weather conditions, whilst
keeping all other factors fixed. These airflow simulations are then used to explore vari-
ous scenarios including natural ventilation only, implementing mechanical ventilation,
and open-bay scenarios enabling cross-ventilation flows.

Chapter 5: A Monte-Carlo Approach. In this chapter, the modelling tools presented in
Chapters 3 and 4 are extended and used in a Monte-Carlo modelling approach to allow
for the inclusion of everyday randomness into infection risk scenarios. In this study,
airborne transmission risk is assessed with both natural and mechanical ventilation
scenarios with random choices for weather conditions, natural ventilation and airflow,

and infectiousness.

Chapter 6 - Conclusions. This chapter presents the conclusions from this thesis and

highlights potential areas for further development in future work.
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Chapter 2

The Wells-Riley Model Revisited

The Wells-Riley model has been widely used to estimate airborne infection risk, typi-
cally from a deterministic point of view (i.e., focusing on the average number of infec-
tions) or in terms of a per capita probability of infection. Some of its main limitations
relate to considering well-mixed air, steady-state concentration of pathogen in the air,
a particular amount of time for the indoor interaction, and that all individuals are ho-
mogeneous and behave equally. In this chapter, the Wells-Riley model is revisited,
providing a mathematical formalism for its stochastic version, where the number of
infected individuals is found to follow a Binomial distribution. Then, the Wells-Riley
methodology is extended to consider transient behaviours, randomness and population
heterogeneity. In particular, this chapter provides analytical solutions for the number of
infections and the per capita probability of infection when: (i) susceptible individuals
remain in the room after the infector(s) leave(s), (ii) the duration of the indoor inter-
action is random /unknown, and (iii) infectors have heterogeneous quanta production
rates (or the quanta production rate of the infector present in the room is random or un-
known). The applicability of our novel results are illustrated through three case studies:
infection risk due to an infectious healthcare worker (HCW) visiting a patient, exposure
during lunch for uncertain meal times in different dining settings, and a superspreader
event where the emission rate of the infector is given as an estimate with uncertainty.
Our results highlight that infection risk to a susceptible who remains in the space after
the infector leaves can be non-negligible, and highlight the importance of incorporating
uncertainty in the duration of the indoor interaction and the infectivity of the infector

when estimating risk.

Chapter 2 contains material from the jointly authored publication:
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Edwards AJ, King M-F, Noakes CJ, Peckham D, Lépez-Garcia M. The Wells-
Riley model revisited: randomness, heterogeneity, and transient behaviours.
Risk Analysis, 2024, Volume 44, pp.2125-2147.
https://doi.org/10.1111/risa.14295

The code and data for this manuscript are available at https://github.com/scaje/
stochastic_WR_paper_AJE.git.
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2.1. INTRODUCTION

2.1 Introduction

In order to develop a better understanding of transmission mechanisms and to quantify
the likely impact of different mitigation strategies, one can use a QMRA approach, as
introduced in Chapter 1.

To date, the majority of QMRA models assessing airborne infection risk within indoor
environments use the traditional Wells-Riley approach (Wells et al. [1955], Riley et al.
[1978]), which estimates the number of infected individuals arising from an outbreak
(see Equation (1.1)). This can be re-written in terms of the probability of each single
susceptible individual (e.g., sharing an indoor space with a constant number Iy of in-
fectious individuals) becomes exposed (i.e., infected but not yet infectious) during a

time interval [0,T],
E(T)
So

Here, P(T) is the per capita probability of becoming exposed or infected, E(T) is the

I
P(T) = —1—¢ O 2.1)

estimated mean number of exposures (i.e., infections) during [0,T], Sp is the initial num-
ber of susceptible people, p [m®min~!] is the pulmonary breathing rate of each indi-
vidual, Q [m®min~!] is the extract ventilation rate in the space and g [quanta min!]
is the quanta production rate, as defined in Chapter 1. The quanta generation rate, g,
cannot be experimentally measured, but estimated epidemiologically. If the exposure
time, ventilation rate and number of exposures are known from a particular outbreak,
then the quanta generation rate can be calculated using Equation (2.1) (Sze To and Chao
[2010]).

The standard Wells-Riley Equation (2.1) relies on four key assumptions: (i) the air in the
indoor space is well-mixed so that the concentration of pathogen in the air is spatially
homogeneous, (ii) the concentration of pathogen in the air is at steady-state during
[0,T], (iii) individuals behave equally, and (iv) susceptible and infectious individuals
remain in the room for the whole time interval [0,T]. These are simplifying assump-
tions which allow for mathematical tractability but can lead to unrealistic predictions,
especially in specific scenarios. The well-mixed assumption is commonly referred to
as a major limitation of the Wells-Riley model in the literature (Rudnick and Milton
[2003], Sze To and Chao [2010], Zemouri et al. [2020]), since it does not allow one to
consider heterogeneities in the concentration of pathogen in the air within the indoor
setting (Qian et al. [2009]). On the other hand, the steady-state approximation does

not allow one to consider transient effects which can be especially relevant under spe-
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cific environmental conditions (e.g., a moving population (Arino et al. [2016]), or under
poor levels of ventilation and during small time scales (see Chapter 3)). Despite these
limitations, it does however offer a quick and simple assessment of the risk in many
spaces, often viewed as a simpler approach than other methods such as dose-response
models or CFD methods (Sze To and Chao [2010], Zhao et al. [2022]).

There have been many adaptations made to the traditional Wells-Riley model over the
years in an attempt to overcome these limitations arising due to the original assump-
tions, as highlighted in Chapter 1. These include considering the influence of spatial
effects (Tung and Hu [2008], Qian et al. [2009], Pantelic and Tham [2012], Guo et al.
[2021], Lau et al. [2022], Wang et al. [2022]), and using a transport equation for the con-
centration of pathogen in the space (Qian et al. [2009], Li et al. [2021a,b], Boonmeema-
pasuk and Pochai [2022], Timpitak and Pochai [2022], Ding et al. [2022]). Gammaitoni
and Nucci [1997] allowed for varying quanta levels over time with a conservation equa-
tion, making the model closer to a dose-response approach, which has then been used
extensively (Beggs et al. [2010], Knibbs et al. [2011], King et al. [2021a], Rocha-Melogno
et al. [2021]).

Other adaptations look closer at individual aspects of the Wells-Riley model. For ex-
ample, levels of excess CO; in the air, commonly considered as a proxy for amount of
shared air in indoor spaces, was incorporated into the traditional Wells-Riley model
(Rudnick and Milton [2003], Zemouri et al. [2020], Cammarata and Cammarata [2021],
Burridge et al. [2022]). Other adaptions include accounting for the deposition of air-
borne particles (Fisk et al. [2004], Franchimon et al. [2008]), or the consideration of
mitigation measures such as mask wearing (Nicas [1996], Fennelly and Nardell [1998],
Nazaroff et al. [1998], Dai and Zhao [2020], Fantozzi et al. [2022]), social distancing (Sun
and Zhai [2020], Shang et al. [2022]), and particle filtration or air cleaning (Nazaroff et al.
[1998], Fisk et al. [2004]). The majority of the models mentioned above typically only
consider single-zone environments, but multi-zone versions have also been developed
(Ko et al. [2001, 2004], Noakes and Sleigh [2009], Lépez-Garcia et al. [2019]; see Chapter
3).

Despite the many different generalisations of the Wells-Riley model, many studies
(Pavilonis et al. [2021], Zhao et al. [2022], Rowe et al. [2022]) still use the classical ap-
proach that was originally presented by Wells et al. [1955] and Riley et al. [1978]. More-
over, although the Wells-Riley model quantifies individual infection risk in terms of a
per capita probability of infection, most of the applications in the literature typically

use deterministic approaches focusing on mean quantities (e.g., mean number of indi-
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viduals infected in an indoor space during [0,T]), typically for single zones and under
the steady-state assumption. Stochastic formulations have been applied using Monte
Carlo numerical approaches (Noakes and Sleigh [2009]), but those which can deal with
more complex scenarios (multi-zone, transient concentration, random length of stay of
the infectious individual, or heterogeneities across individuals), and which can allow
estimation of the probability distribution of the number of exposed individuals during
a specific time interval, are still to be properly formulated from a mathematical point
of view. Having these tools would enable a more realistic approach to modelling real
scenarios, better representing real-life behaviours and environments, and accounting

for stochasticity, making the model more generalisable and applicable.

In this chapter, stochastic variations to the existing Wells-Riley framework are pre-
sented. Through these extensions that focus on probability distributions instead of
mean quantities, it is possible to offer explicit analytical solutions that will allow for
more general, and accurate applications of the Wells-Riley model when assessing risk.
In particular, the non-negligible risk of infection to a susceptible person who remains in
the space long after the infector leaves is analysed. The randomness in the duration of
the indoor interaction is also incorporated, acknowledging that it is not always possible
to know exactly how long an infectious individual may be present for, especially when
trying to assess risk before the indoor gathering actually takes place. Finally, popula-
tion heterogeneity is addressed by considering a probability distribution for the quanta
generation rate, accounting for heterogeneous infectivity across individuals. These ad-
vancements will allow for a wider use of the traditional Wells-Riley model, increasing
its applicability and providing a better representation of the heterogeneity and uncer-
tainty that is present when assessing infection risk in real-life settings.

2.2 Developing a Stochastic Wells-Riley Model

The traditional Wells-Riley model allows one to estimate airborne infection risk in an
indoor setting, typically during a fixed time period, say [0, T| for some T > 0. One can
classify individuals in the population (N individuals in an indoor setting) according to
their disease status, typically Susceptible and Infectious, with So + Iy = N. Here, S is
the number of initially susceptible individuals and I is the initial number of infectious
individuals (usually Iy = 1, although several infectious individuals could be involved

in a given outbreak in some indoor environments).
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2.2. DEVELOPING A STOCHASTIC WELLS-RILEY MODEL

If the time period under consideration, [0, T, is relatively short (i.e., hours rather than
days), individuals who become infected are not infectious during the indoor gathering,
and the only infectious individuals are the ones initially in the room at time t = 0,
Ip. It is then more precise to classify individuals as Susceptible (S(f)) and Exposed
(E(t)), where individuals are exposed if they have been infected but are not yet infec-
tious, whereas the number of infectious individuals remains constant, I(f) = I, and
S(t)+ E(t) + Iy = N forall t € [0, T]. From now on, in this chapter, “infections” and
“exposures” are used interchangeably, and focus on scenarios where the incubation pe-
riod (i.e., time from infection to symptom onset) and the latent period (i.e., time from
infection to becoming infectious) of the pathogen are longer than the time duration of
the indoor interaction, so that individuals become infected but not infectious during

the timescales of interest.

A deterministic version of the standard Wells-Riley model, or if one interprets S(f) and

E(t) as mean quantities, can be obtained via the ODEs

(2.2)

which represent an SE compartmental epidemic model. Infectious quanta is defined in
such a way that the rate at which individuals are infected is considered to be propor-
’]

7

tional to the concentration of pathogen in the air at any given time, C(f) [quantam™
where the constant of proportionality is the pulmonary breathing rate p [m®min~!],
leading to the per capita infectivity rate pC(t). Although an SE compartmental epi-
demic model is considered here to represent a duration of the indoor interaction which
is shorter than the incubation and latent period of the pathogen (so that individuals
become exposed but not yet infectious), the Wells-Riley methodology has also been
linked to other types of compartmental epidemic models, such as SIS (Lépez-Garcia

et al. [2019]) and SEIR (Wood et al. [2023]), to model alternative situations.

In particular, the concentration of pathogen in the air is modelled via the ODE

vdff) — gl — QC(t), 23)

where v [m?®] is the room volume, g [quanta min~! ] is the quanta production rate, Q

3

[m? min~!] is the extract ventilation rate and I is the number of infectious individuals

in the room during the time interval of interest.
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Equation (2.3) can be solved analytically to obtain a transient solution for C(t). If the
initial condition is chosen to be C(t = 0) = Cy = 0 (e.g., time t = 0 represents whenever
the infector(s) enter(s) the room), then the following solution can be obtained:

I

ct) =10 (1 —e*%) . t>0. 2.4)
Q

More general initial concentrations Cyp > 0 may be considered instead to represent

specific situations. Moreover, Equation (2.3) can be solved for steady-state by setting

d%t) = 0, which leads to

«_ qlo

C* = Kol (2.5)
The following subsections show how to exploit these estimates of the concentration of
pathogen in the air in order to estimate the number of exposures during the time inter-
val of interest [0, T]. Finally, it is noted that although Q [m® min~!] represents an extract
ventilation rate and is the parameter considered in most applications of the Wells-Riley
model in the literature, there are other mechanisms that can contribute to the removal
of pathogenic material from the air, and which can be easily incorporated into these
models. In particular, in all equations in this chapter it is possible to substitute the
extract ventilation rate Q by a more general removal rate R [m®min ], which incor-
porates other mechanisms such as viral inactivation (biological decay in infectiousness
of the pathogen) and viral deposition such as onto surfaces or the ground (Miller et al.

[2021]), so that
R=Q+vri+ory (2.6)

where v [m?] is the volume of the space, r; [min~'] is the viral inactivation rate, and
r4 [min~!] is the viral deposition rate. Q is used from now on within the next sections
to keep notation consistent, but the more general removal rate R can be used instead
in all equations in this chapter, depending on the scenario under consideration. In fact,

general removal rates are considered in the case studies analysed in Section 2.4.

2.2.1 Steady-state Concentration

If the steady-state concentration solution, Equation (2.5), is considered, then to estimate
the number of exposed individuals during [0, T] it is necessary to set C(t) = C* during

the time interval of interest [0, T|, and substitute it back into Equation (2.2), leading to
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the solution

E(T) = S <1 — e‘WQI“T> ,

so that the per capita probability of infection is E(T)/Sy = 1 — e_%T; that is, the
standard Wells-Riley per capita probability of infection given in Equation (2.1) under
steady-state assumptions. From a stochastic point of view (i.e., if one interprets E(T) as
a random variable rather than as a deterministic or mean quantity), and since individ-
uals become infected independently of each other, one can interpret this as a sequence
of Sp Bernoulli experiments, so that the number of exposed individuals in [0, T] follows
a Binomial distribution

I
E(T) ~ Bin (so 11— equOT> , 2.7)

which provides a stochastic interpretation of the deterministic estimate. It can be noted

I
that the mean number of exposed individuals during [0, T| is then Sy ( 1 — e 0T

However, this stochastic interpretation also allows for the estimation of the probability
of observing a specific number of exposures E(T) = n,

o\ palg 7\ 507"
P{E(T) =n} = (Sn°> (1—ep?3T) <eQT> , nef{0,1,...,5}. (28

It can be noted that, in fact, this distribution can be derived instead from first princi-
ples using the master equation (i.e., Kolmogorov differential equations) of the stochastic
process, as is done next.

Consider here the stochastic version of the standard Wells-Riley model under steady-
state concentration of pathogen in the air. In particular, consider N = Sp + I indi-
viduals in an indoor setting during [0, T|. The number of infectors over time remains
constant, Iy, and the interest is in analysing the number of exposures that occur, E(T).
To do this, consider the random variable S(t), representing the number of susceptible
individuals at time f. According to Equation (2.2), consider that each susceptible indi-
vidual becomes exposed independently of each other, at rate pC*, with C* = % Thus,
the variable S(t) follows a pure death process (see [Allen, 2010, Section 6.4.2]) taking
decreasing values in {Sy, So — 1, ...,2,1,0}, with initial condition S(0) = Sp.

The number of exposures in [0, T] is a random variable which can be analysed in terms
of the number of susceptibles, since E(T) = Sy — S(T). The number of suscepti-
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ble individuals at any given time, S(t), can be studied in terms of the probabilities
pa(t) = P{S(t) = n}, n € {0,1,...,Sp}, which obey the Forward Kolmogorov Equa-
tions [Allen, 2010, Section 5.6], typically referred to as the master equation of the stochas-

tic process,

d n t * *

Pdt( ) =pC*(n+1)ppi1(t) — pC'np,(t), ne{0,1,...,S0—1},
d t
pizot() = —pCSops, (£).

These differential equations can be solved in [0, T] using probability generating func-
tion techniques (see [Allen, 2010, Section 6.4.2]), leading to

pu(T) = P{S(T) = n} = (i[())e_”]"c*T (1- e—vC*T)S‘)’”, ne{01,...,5).

Finally, and since E(T) = So — S(T) so that P{S(T) = n} = P{E(T) = Sp — n}, and
C* = %, one gets

n So—n
P{E(T) = n} = (Sno> <1 —eMQIOT> <e”3°T) , ne{0,1,...,5)},

which proves Equation (2.8). This has also used the fact that (Syf) = (SOSEn)' Thus,
the distribution of the number of exposed individuals during [0, T], under steady-state

conditions, is indeed a Binomial distribution

raly T

E(T) ~ Bin <50,1 —e 0 ) :

2.2.2 Transient Concentration

A particular limitation of the approach in Subsection 2.2.1 is that the transient concen-
tration of pathogen in the air , C(t), is approximated for t € [0, T|, with the constant
steady-state value C*; this can lead to an overestimation of the predicted quanta con-
centration levels during early times and be particularly unrealistic in scenarios with
low ventilation rates, larger room volumes or when the infector is only present for a
short period of time (see Chapter 3). Alternatively, consider instead the transient so-
lution of the concentration of airborne pathogen, Equation (2.4), and substitute it back
into Equation (2.2) to reach the more precise estimate (Gammaitoni and Nucci [1997],
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Sze To and Chao [2010])
palo |, 17e*%T —QT
E(T)ZSo<1—eQ2{< >Q}>.

Following the same arguments as before, E(T) can be interpreted as a random variable
in a stochastic version of the Wells-Riley model, and follows a Binomial distribution

E(T) ~ Bin (50 1 {”(13%)@}) ,

so that the mean number of exposed individuals during [0, T] is

So (1 o {v<1_€%T>_QTD

7

and
P{E(T) = n} = (50> (1 _ewv@‘e%)‘@})n (epg?[v(l-egT>_QT])50”,

forn € {0,1,...,S0}.

2.3 Randomness, Heterogeneity and Transient

Behaviours

In this Section, extensions of the traditional Wells-Riley model to scenarios that are more
representative of those experienced in real life are proposed. In Section 2.3.1, transient
effects are incorporated by analysing the situation where the infectious individual(s)
eventually leave(s) the room, whereas the susceptible individuals stay. In Section 2.3.2,
the unknown duration of an interaction with an infectious individual is considered by
incorporating a random time for the length of exposure, T. Finally, infectiousness het-
erogeneity across individuals is explored in Section 2.3.3 by considering a probability
distribution for the quanta production rate 4.
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2.3.1 The Infector Leaves the Room

Section 2.2.2 provided an estimate of the risk to susceptible individuals who share the
same room with the initial Iy infectors during a time period of [0, T| for some time
T > 0. However, depending on the ventilation settings for the space, the environmental
conditions (e.g., temperature, RH), or the biological properties of the airborne pathogen
itself, susceptible individuals are also exposed to a (potentially non-negligible) resid-
ual risk even after the infector(s) leave(s) the room, if they remain in situ. For exam-
ple, Chapter 1 highlighted evidence of transmission in a shared bathroom up to 40
minutes after the infector had left (Jung et al. [2021]), and evidence of transmission
between neighbouring zones through connected airflow (Eichler et al. [2021], SAGE
[2021]), demonstrating the possibility of airborne transmission despite the absence of
an infector.

The focus here is on estimating infection risk for susceptible individuals who remain in
the room during [0, T + t]|, whereas the infector(s) leave(s) at time T, for some T,t > 0;
in Section 2.4.1, this will apply to a scenario where an infected HCW visits the room
of a susceptible hospital patient during a time interval [0, T]. However, the analysis
here can be easily adapted to the situation where a susceptible individual enters the
room after the infector has already left. It is clear that the overall infection risk for each
susceptible individual during [0, T + ], in terms of the per capita infection probability
P(T +t) of the individual being exposed/infected during [0, T + t], can be split ac-
cording to two distinct periods: the probability of the susceptible individual becoming
exposed/infected during the time period during which the infector is present ([0, T}),
P;(T), and if there was no infection in [0, T], then the probability of the susceptible in-
dividual becoming exposed/infected during the time period after the infector leaves
the room ([T, T +t]), P»(T, T +t), due to pathogenic material which remains in the
air. In particular, the overall probability of infection during [0, T + t| for a susceptible
individual in the indoor setting is

P(T+t) = P{infectionin [0,T +¢]}
= PP{”infection in [0, T]” or
“no infection in [0, T| and infection in [T, T + ¢]”}

= Pi(T)+ (1—Pi(T))P(T, T +t). (2.9)
The per capita probability of each susceptible individual to become exposed during
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[0, T], P1(T), can be calculated as described in Section 2.2.2, using the transient concen-
tration of pathogen in the air during [0, T|], so that

()0
P(T)=1—e@ '\U" : (2.10)
To estimate exposure during the second period, when the infector is absent, consider

_qlo o —or
c(r) =4 (1 e ) 2.11)
as the initial condition for the concentration of pathogen in the air during the period
[T, T + t], while considering Iy = 0 during [T, T + ¢ (since the infector(s) have left the
room). Thus, Equation (2.3) becomes

LAC(T+1)

T = —QC(T+1t),

and solving this with the initial condition in Equation (2.11) gives

q1o AT
= — —_ v v > .
C(T+1) Q(1 e )e ,t>0
Hence, to calculate the per capita exposure probability during [T, T + ¢t], P»(T, T + t),
solve

dP,(T, T +t)

- = pC(T+1)(1—Po(T, T+1)) = pg‘) (1 —e—%T) e 21— Py(T, T+1)).

which gives
_pvly 1— *%T 1—e—
P(T,T+t)=1-¢ @ ( ‘ )< ‘ ) t>0. (2.12)

As may be common in specific settings, such as hospitals or care homes, susceptible
individuals (e.g., a patient) may stay in the room long after the infector(s) (e.g., a HCW)
leave(s). Thus, it is possible to use the estimate

. Plo <1_87%T)
thm P(T, T+t)=1—¢ © . (2.13)
—00

Finally, combining Equations (2.9), (2.10) and (2.12) gives the overall probability of in-
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fection during [0, T + ¢]

P(T+t)=1- eMQLZI0 {67%(1787%)7%4 t>0. (2.14)

As expected, by setting t = 0, the probability of infection during [0, T], P;(T) in Equa-
tion (2.10) is recovered. Once again, if t — oo, that is, if the susceptible individual stays
in the indoor space long after the infector has left, the overall per capita probability of

infection can be estimated as

1!]10 T

tlg?o P(T+t)=1—-¢" (2.15)
It is worth highlighting that this solution is equal to the probability of infection in [0, T|
under the traditional Wells-Riley steady-state assumption (Equation (2.1)). This is di-
rectly related to the fact that the area under the steady-state concentration of pathogen
Cr = qéo in [0, T] is equal to the area under the curve of the transient concentration of

pathogen C(t) in [0, co) if the infector(s) leave(s) at time T; see Figure 2.1. Indeed, it can
be checked that

qIO /T *
—T= C*dt
Q 0

oo T
— _ qlo (o ; qlo (. o 2T~ 9(-T)
- /0 C(t)dt = /0 0 (1-e dt+/ Je dt.

2.3.2 Uncertainty in the Duration of the Indoor Gathering

In some situations, it may be necessary to estimate exposure risk during [0, T] when
there is randomness or uncertainty in the duration of the event, T. This may be be-
cause the duration of the indoor gathering is unknown, or when assessing the risk for
an event which has still not taken place, and for which duration is uncertain. In these
scenarios, it is possible to consider that T is a random variable rather than a constant,
which could represent the typical duration of a particular type of gathering (e.g., lunch
across different hospitality venues in the results in Section 2.4.2) or when analysing a
particular outbreak where the duration is not known. This scenario is now considered
and the focus is on the steady-state modelling framework for simplicity, and it is con-
sidered that T ~ G(-) follows a probability distribution with density function fr(t).
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Figure 2.1: Comparison between the concentration of pathogen in steady-state during
[0, T] (red line), and the transient concentration during [0, o0) if the infector(s) leave(s)
at time T (blue curve). The red and blue areas are equal, for any value of T > 0.

The per capita probability of infection in [0, T] can be computed using Equation (2.1),

as

P(T) = /Ow (1 —e—pgot> fr(t) dt. (2.16)

Equation (2.16) represents the statistical mean of the steady-state per capita probability
of infection weighted with the given probability distribution, fr(f). Whilst this ex-
pression provides quantification for the per capita infection risk (i.e., the probability of
infection for an individual attending the indoor gathering, of duration [0, T|, where T is
random and unknown), the distribution of the number of infections/exposures, E(T),
is trickier to find. Given that the time duration is random, infection events are no longer
independent Bernoulli trials, and thus, E(T) is not a Binomial random variable. This
lack of independence can be noticed from the fact that, for example, if a particular indi-
vidual gets infected during [0, T], with T unknown, this increases the likelihood of the
indoor gathering having lasted for a longer period (i.e., T being large), which increases
the probability of other individuals having been exposed during the indoor gathering.
Still, the probability distribution of the number of exposures can be computed in terms
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of probabilities P{E(T) = n} forn € {0,1,...,So} by solving the integral
P{E(T) = n} = / P{E(T) = n|T = t} fr(t) dt .
0

I
Recall, from Equation (2.7), that E(T|T = t) ~ Binomial (Sp, 1 — e_mTOt), and so

P{E(T) = n} = /Ooo (i°> <1 - e_,,goty (e‘WQI”f)SMfT(t) dt.  (2.17)

Although Equations (2.16) and (2.17) can easily be solved numerically for any density
function fr(t) of interest, the next sections explore analytical expressions when specific
distributions for T are considered; in particular, the Exponential and Erlang distribu-
tions as they are typically used to model waiting times in many applications.

2.3.2.1 Exponential Distribution

The duration of the indoor gathering can be modelled in terms of an Exponential dis-
tribution with rate A, T ~ Exp(A), so that fr(t) = Ae ™ for t > 0. Then, the per capita
probability of infection during [0, T|, Equation (2.16), becomes (see Appendix 2.A for

the full derivation)
A
P(T)=1- Hh (2.18)

On the other hand, the probability of observing n infections, P{E(T) = n}, can be
estimated using Equation (2.17), which gives

P{E(T) = n} = (S°> i(—1)i<’7) 5 A ne{0,1,...,5} (219

n i) (So—n+i)ER + A’

The reader is refered to Appendix 2.B for a detailed derivation and Appendix 2.C for

numerical validation.

2.3.2.2 Erlang Distribution

Whilst the Exponential distribution has been widely used in the literature to model
waiting times in many applications, partly due to its memoryless property, it can over-
estimate short times (since the density function decays exponentially from its maximum
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value at fr(0) = A), which may be unrealistic in specific situations. Alternatively, the
Erlang distribution (which is a Gamma distribution with integer shape parameter) can
be used, since it allows for a more Log-Gaussian-like shape (unimodal and defined on
the positive real numbers); see for example Figure 2.5 where the Erlang distribution is

used to model lunch times in different hospitality venues.

If T ~ Erlang(k, A)is considered, then fr(t) = % for t > 0. Thus, the per capita

probability of infection during [0, T| becomes (Appendix 2.A)

k
P(T):1—< A ) (2.20)

L
Q—|-/\

The number of exposures during [0, T| can be estimated in terms of the probabilities
(Appendix 2.B for the derivation; Appendix 2.C for the numerical validation)

P{E(T) = n} = (i") f(—nf(?) (( A )k, ne{01,...,S)

So—n+ )L + A
(2.21)

It is noted that since the Erlang(k,A) can be thought of as a sum of k independent,

identically distributed exponential distributions with rate A, it is clear that by setting
k = 1in Equations (2.20) and (2.21), Equations (2.18) and (2.19) for the exponential case

are recovered, respectively, as expected.

2.3.3 Infectiousness Heterogeneity

The standard Wells-Riley model relies on the assumption that all infectors, Iy, release
pathogenic material [quanta] at a constant and common rate g. However, population
heterogeneity in infectiousness is common for many pathogens (Lloyd-Smith et al.
[2005]), which is one of the reasons why estimates for the quanta production rate g
for many pathogens often span significantly wide ranges (Mikszewski et al. [2021]).
The infectivity of a given individual can depend on many different factors including
their viral load (Kidd et al. [2021]), respiratory activity or behaviour (Buonanno et al.
[2020Db]), time since infection (Ma et al. [2021]) or symptoms (Wang et al. [2023]). Thus,
it is of interest to consider the situation where the parameter g follows a probability
distribution, g ~ G(-). If, for example, a single infector is in the room, Iy = 1, the in-
fectivity may be unknown and sampled from the corresponding distribution instead,

which incorporates such heterogeneity at the population level.
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As time T and the quanta production rate g both occur as linear terms in the exponent
when calculating the steady-state per capita probability of infection, P(T) in Equation
(2.1), the results in Section 2.3.2 directly apply here when instead of a random duration
T, a random quanta rate ¢ ~ G(+) is considered, for some generic probability distribu-
tion with density function f,(q), whereas T is constant. In particular,

ralo 7

pry = [T (1) s g,

pem - = [7(F) (1-e ) (e—@T)SO_"fq<q> 4,

ne{0,1,...,5}

Thus, following the same arguments as in Section 2.3.2, and if 4 ~ Exp(A) with rate A,
so that f,(q) = Ae~™ for g > 0, the per capita probability of infection during [0, T] is

BT+

and the number of exposures during [0, T] can be estimated in terms of the probabilities

P{E(T) = n} = <50> i(_l)l(?) 5 _n:;)%)TJFA, ne{0,1,...,5}

Alternatively, if instead g ~ Erlang(k, A) is considered, so that f,(q) = é‘]fe:f)q, g"1 for
g > 0, the per capita probability of infection during [0, T| becomes
k
A
P(T)=1- (1) , (2.22)
BT+A

and the number of exposures can be estimated via the probabilities

P{E(T) = n} = (5;) i(—l)i(?) ((S A )k, ne{01,...,S)

i—0 O—Tl—f-l')%OT—f-)\
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2.4 Results

This section considers three case studies to show the applicability of the methodology
presented in Section 2.3 in real-life scenarios. Case Study 1 (Section 2.4.1) refers to ex-
posure risk in a healthcare setting, and investigates risk once the infector has left the
room. This uses measured HCW visit times to a single-bed room and explores the in-
fection risk to the susceptible patient who remains in the room long after the infectious
HCW leaves, exploiting our results in Section 2.3.1. Case Study 2 (Section 2.4.2) ex-
plores infection risk when the duration of the outbreak is unknown. In particular, Case
Study 2 considers data from the different times spent eating in various restaurant envi-
ronments, and explores how each hospitality setting can lead to different infection risk
depending on the duration of lunch, using methodology from Section 2.3.2. The final
Case Study 3 (Section 2.4.3) explores uncertainty in the infectiousness of an individual
at a superspreader event, where the exact infectiousness of the infector is unknown but
an estimate with uncertainty is provided. This estimate is used to generate an Erlang

distribution to explore the methodology in Section 2.3.3.

2.4.1 Case Study 1 - Visit from a HCW

In many UK hospitals, it is common to have single-bed rooms that have a single patient
present in them for a particular duration of time. In departments such as a respiratory
ward, the majority of patients in single-bed rooms are inpatients for extended periods
of time. This section models a scenario where an infectious HCW enters the single-bed
room in order to complete a particular care activity with a given duration, and then
leaves. The infection risk for the susceptible patient who remains in the room for long
after the infector has left (i.e., t — o0) is estimated. This section leverages the analytical
results in Section 2.3.1, and in particular Equation (2.15).

The HCW visit times used in this section were taken from a previous study (King
et al. [2021b]) which observed actual care duration for a variety of activities includ-
ing taking blood samples (“Bloods”, 13 visits recorded), intravenous care (“IV”, 20 vis-
its recorded), general checks (“Check”, 13 visits recorded), observational care (“Obs”,
32 visits recorded) and doctors” rounds (“Rounds”, 24 visits recorded), totaling 102
recorded visits. King et al. [2021b] then compared these real visit times with the du-
ration of the equivalent care episodes but in a mock scenario. In this section, only the
measured time data associated with the real care episodes observed are considered. In
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particular, 102 data points are used for the duration of actual care, which have mean
# = 4.37 min and standard deviation (SD) ¢ = 3.15min.

The volume is chosen to be that of a single-bed room on a UK NHS Trust adult res-
piratory ward, v = 28.57 m> (Section 1.6.1). For illustrative purposes, and since the
quanta production rate for SARS-CoV-2 has been estimated to range from 15 to more
than 4000 quantah~! (Mikszewski et al. [2021]), ¢ = 360 quantah~! is used, equating

to g = 6quantamin’

in the results. The pulmonary breathing rate of an individ-
ual is taken as p = 0.01m®min~! (Noakes and Sleigh [2009]). A range of ventila-
tion rates are explored representing 0.5 ACH, 1.5 ACH, 3 ACH and 6 ACH, giving
Q € {0.238,0.714,1.428,2.856} [m®min~!]. For the viral inactivation and deposition
rates, plausible values in ranges proposed in Miller et al. [2021] are considered. In par-
ticular, the viral inactivation rates are r; € {0,0.0035,0.007,0.0105} [min’l], and the
viral deposition rates are r; € {0.005,0.0115,0.01815,0.025} [min~!]. These different
removal mechanisms can result in removal rates ranging from R = 0.381 to R = 3.870
[m3 min~1], so in this section the values R € {0.381,1.143,2.147,3.870} [m®min~!] are

explored.

2.4.1.1 HCW Visit Times

In Figure 2.2, the distribution of visit times (as a violin plot) from HCWs for the 5 differ-
ent care types are plotted. Slight variations can be observed across the different activ-
ities, with “IV” and “Rounds” containing specific outliers (representing longer times)
compared to the other activities. Also, “Check” typically has the shortest visit length,
and a narrower distribution compared to other care types, with the shape of the violin
plot concentrated around its mean. Apart from “Check”, the quartiles for the other 4
types of care activity are similar in value, with a similar violin shape in the main body,
suggesting a similar distribution of visit duration.

2.4.1.2 Total Probability of Infection

To visualise the risk of infection to the susceptible patient for the different care types
and visit lengths, Figure 2.3 shows violin plots for the resulting infection risk probabil-
ity IP{infection in [0, c0) } in Equation (2.15), for each care type and visit length. This
probability estimates the total risk of infection to the susceptible patient, who remains
in the room long after the infectious HCW has left. In Figures 2.3a-2.3d, removal rates
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Figure 2.2: Violin plots illustrating the various durations of HCW visits when carrying
out one of five care activities to a patient.

R € {0.381,1.143,2.147,3.870} [m>®min '] are explored. It can be noted that for each
removal rate, “Check” typically leads to lower infection risk across care types, which is
consistent with it typically having the lowest visit duration (Figure 2.2). As expected,
increasing removal rates lead to decreasing infection risk regardless of the care type. It
is clear that the violin plots in Figure 2.3 have similar shapes to those in Figure 2.2 for
each care type. Increasing removal rates lead to decreasing variability (i.e., decreasing
SD of the corresponding violin plots) in these, suggesting that increasing ventilation
can lead to more homogeneous infection risk across different visits (especially within
the same care type). However, it is interesting to note that the removal rates considered
in this section are not able to completely mitigate large infection risk episodes repre-
sented by outliers corresponding to “IV” and “Rounds” type of care. This suggests that
increasing ventilation might not be enough when HCW visits are significantly long,
and that additional mitigation strategies, such as using masks, might be especially im-
portant in these cases (or during these visits).

2.4.1.3 The Importance of Each Time Period

The results above consider total infection risk, which accounts for the risk during the

visit (i.e., during [0, T], where t = 0 represents the infector HCW entering into the
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Figure 2.3: Violin plots for the distribution of total risk of infection to the susceptible
patient due to the visit of an infector HCW (Equation (2.15) for t — c0), across different
care types and removal rates: (a) R = 0.381 m?min~!, (b)) R = 1.143m?®min~}, (c)
R =2.147m?*min !, and (d) R = 3.870 m® min .
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patient’s room, and T is the time that the infector leaves the room), as well as after the
visit (i.e., [T, c0)). It is of interest then to analyse the relative importance of each of these
two time periods. In Figure 2.4a, the total probability of infection during [0, o) for the
susceptible patient in the single-bed room is plotted, given by Equation (2.15), for all 102
observed visit times (without distinguishing care type) and the different removal rates.
Also illustrated are the contributing probabilities which arise from each of the two time
periods; Figure 2.4b shows the probability of infection during [0, T| (that is, when the
infector is present, Equation (2.10)), and Figure 2.4c shows the probability of infection
after the infector has left (Equation (2.13)). In Figure 2.4d, the relative contribution of
the infection risk during the time period after the infector has left on the total infection
risk probability (Figure 2.4a) can be seen, that is

Ptotal(T) - Pl(T)
Ptotal(T)

x 100, (2.23)

where Py (T) is computed via Equation (2.15), and P;(T) via Equation (2.10).

When analysing the results in Figure 2.4a, noting that a log-scale has been used for
the y-axis, it can be seen that increasing the ventilation rate becomes more effective for
longer HCW visits. For relatively short time periods (less than 5min), small overall
probabilities of infection can be observed, almost regardless of the removal rate con-
sidered. On the other hand, relatively longer times (more than 10 min) lead to signif-
icantly larger infection risk probabilities, and the impact of the removal rate becomes
more noticeable. This feature is also seen in Figure 2.4b, when focusing on probabil-
ity of infection during the specific time period when the infectious HCW is still in the

room.

Importantly, the impact of increasing removal rates is more substantial when focusing
on the probability of infection once the infector leaves; see Figure 2.4c. Despite the
infector only being present for a relatively short period of time (up to 20 min), the in-
fection risk in Figure 2.4c is not negligible, especially for larger values of T and smaller
removal rates R. In particular, increasing removal rates have a considerable impact on
the risk of infection after the infector leaves the room, with this difference growing with
HCW visit length. When the infector is present for longer than 5min, a greater bene-
fit is seen in having a higher removal rate. This is directly related to the fact that the
amount of pathogen which can accumulate in the air increases with T, and that in this
type of scenario the susceptible individual remains in the room long after the infector
has left (that is, t — co in Equation (2.15)).
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Figure 2.4: Probabilities of infection for various HCW visit times, T, and varying re-
moval rates for (a) the total period [0, o) (Equation (2.15)), (b) the period for when the
infector is present only, [0, T] (Equation (2.10)), (c) the period after the infector has left,
[T, o) (Equation (2.13)), and (d) Relative contribution towards the total probability of
infection from the probability of infection after the infector has left, defined in Equation

(2.23).
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Figure 2.4d plots the relative contribution to the total probability of infection from the
infection risk during the time period after the infectious HCW has left. This is shown for
all visit lengths and each of the four removal rates. It is worth noting that the removal
rates have a similar effect here also, and is illustrated that with increasing removal
rates, the percentage contributed from the second period gets smaller. That is to say,
the period of time after the infector leaves becomes less important with larger removal
rates (and thus, with increasing ventilation). This is due to the fact that the removal
mechanisms will reduce the concentration of airborne pathogen faster, and thus reduce
the risk to the susceptible individual still in the room after the infector leaves. It is clear
that for short visit times, the infection risk after the HCW leaves is an important factor
to consider, with the majority of the infection risk coming from this period, particularly
for smaller removal rates and shorter visit times. Overall, this notes the non-negligible
contribution to the overall risk of infection that comes from the period when the infector

is not present.

A particular feature to highlight across all of the results in Figures 2.4 is the importance
of considering transient effects, especially when modelling infection risk over small
time scales. This section has illustrated the importance of the period once the infector
leaves, when infectious pathogen may remain in the air and contribute to the infection
risk for the susceptible patient. This would otherwise be overlooked when using the
standard steady-state Wells-Riley model, since in this model the concentration would
be considered to be zero as soon as the infector leaves.

2.4.2 Case Study 2 - Random Time Spent in Different Restaurant Settings

This section investigates the risk of infection posed by having lunch in different hos-
pitality venues, and while considering an unknown (random) lunch duration T for

different party sizes, leveraging the methodology in Section 2.3.2.

Erlang distributions are considered to model the duration T ~ Erlang(k , A) of lunch,
for some parameters (k, A). In particular, these parameters are calibrated based on data
from a study which investigates the impact of social factors on the duration of a meal
time, which includes different party sizes in a selection of hospitality venues (Bell and
Pliner [2003]). There are three different venues: a fast-food restaurant, a workplace
cafeteria, and a moderately priced restaurant. The party sizes range from 1 person, to
5+ people. Since the focus is on analysing infection risk for the group having the meal
together, due to an infector being present in this same group, only party sizes larger
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Observed Modelled (Erlang(k, 1))
Party Mean SD Mean SD k A
Size # [min] o [min] # [min] o [min]
2 18.2 6.0 17.8 5.9 9 0.5056
3 18.4 6.8 17.6 6.7 7 0.3979
4 19.7 7.2 18.4 7.0 7 0.3800
5 219 5.8 21.5 59 14 0.6510

Table 2.1: Observed average meal times, with standard deviation (SD), for various party
sizes in a fast-food restaurant (Bell and Pliner [2003]), together with calibrated Erlang
distributions to model these.

Observed Modelled (Erlang(k, A))
Party Mean SD Mean SD k A
Size # [min] 0 [min] # [min] o [min]
2 23.0 79 21.7 7.7 8 0.3685
3 33.0 11.3 34.8 11.6 9 0.2584
4 41.1 10.6 41.0 10.6 15 0.3658
5 44.0 14.2 45.8 14.5 10 0.2182

Table 2.2: Observed average meal times, with standard deviation (SD), for various party
sizes in a workplace cafeteria (Bell and Pliner [2003]), together with calibrated Erlang
distributions to model these.

than one will be considered here. For the illustrative results, meal duration for party
sizes 5+ in Bell and Pliner [2003] have been used to consider a party size of exactly five
individuals in this section. The mean meal duration, and its SD, for each party size can
be seen for the fast-food restaurant, the workplace cafeteria, and the moderately priced
restaurant in Table 2.1, Table 2.2, and Table 2.3, respectively.

As the data for the meal times in Bell and Pliner [2003] are given in the form of the mean
and SD, instead of as raw data values, these summary statistics are used to calibrate the
Erlang parameters k (shape) and A (rate). In particular, an Erlang distribution has mean

and SD given as:

k k
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Observed Modelled (Erlang(k, 7))
Party Mean SD Mean SD k A
Size # [min] o [min] # [min] o [min]
2 449 10.8 445 10.7 17 0.3849
3 47.2 10.1 47.6 10.1 22 0.4627
4 52.3 8.5 52.5 8.5 38 0.7239
5 58.5 13.1 58.7 13.1 20 0.3409

Table 2.3: Observed average meal times, with standard deviation (SD), for various party
sizes in a moderately priced restaurant (Bell and Pliner [2003]), together with calibrated
Erlang distributions to model these.

Thus, for each pair of observed (y, o) in Tables 2.1-2.3, for each party size, the simulta-
neous equations in Equation (2.24) are solved to get a corresponding value for k and A.
Since the shape parameter, k, takes integer values, the solution for k was then rounded
to the nearest integer. Calibrated parameters are reported in Tables 2.1-2.3, and the
resulting Erlang distributions are plotted in Figure 2.5. It is noted that the rounding
method for k leads to a calibrated Erlang which does not precisely match the observed
mean (and SD) meal durations, but the relative error is small, so the meal durations are
relatively well captured by the resulting Erlang distributions. In particular, the relative
error is less than 6.50% for the mean and less than 3.30% for the SD in the fast-food
restaurant case, less than 5.65% for the mean and less than 2.85% for the SD in the
workplace cafeteria case, and less than 1.64% for the mean and less than 0.83% for the

SD in the moderately priced restaurant case, for all party sizes.

In Figure 2.5, the resulting Erlang distributions can be seen for each party size, for all
of the dining locations. Figure 2.5a shows relatively small variability between the meal
duration for different party sizes when dining in a fast-food restaurant, suggesting that,
regardless of the number of people, the typical mean length remains the same. In the
other two cases, there is evidence of more variability between the time spent across
different party sizes. These results are rather intuitive to what would be expected in
everyday life. Typically, fast-food settings are more informal and encourage a quicker
dining experience regardless of the number of individuals present, whereas in more
formal settings such as the workplace cafeteria or restaurant, once seated you may be

more likely to stay for longer, especially for larger party sizes.
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Figure 2.5: Calibrated Erlang density functions for each party size in the (a) fast-food

restaurant, (b) workplace cafeteria, and (c) moderately priced restaurant.
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2.4.2.1 Estimating the Number of Infections

Now, the aim is to explore the impact of these random meal durations, across differ-
ent party sizes and hospitality venues, on the infection risk for the group (in terms of
number of infections), if an infector is present in it. That is, for a party size N, the initial
number of infectors is set to be Iy = 1, and the initial number of susceptible individ-
uals So = N — Iy, and do not consider any interaction with other individuals in the
venue. The pulmonary breathing rate is chosen to be p = 0.01 m® min~! (Noakes and

Sleigh [2009]), and the quanta production rate § = 6 quanta min !

as in the previous
case study. The volumes of each space are considered to be equal, so that the results
focus on analysing the impact of meal duration (which depends on hospitality venue
type and party size) as the key factor of interest, while all other parameters/factors re-
main the same. In particular, for illustrative purposes space dimensions of 3 x 10 x 10
(height [m] x width [m] x depth [m]) are considered, giving v = 300 m3. Ventilation
rates of 3 ACH and 1 ACH are explored, giving respective extract ventilation rates
Q = 15m® min~! and Q = 5m® min . For the viral inactivation and deposition rates,
the mid-points of the ranges proposed in Miller et al. [2021] were chosen, leading to
i = 0.00525 min~! and r; = 0.015min"', respectively. Combining these with the ex-
tract ventilation rates lead to removal rates R = 21.075m> min~! (corresponding to 3
ACH) and R = 11.075 m® min ! (corresponding to 1 ACH).

The focus is on estimating the number of infections (as a random variable) in each
scenario. In particular, Figure 2.6 shows the probability distribution of the number of
infections for each party size and hospitality venue, when considering 3 ACH ventila-
tion rate. The mean number of infections is plotted as a vertical line for each histogram,
and these mean values are reported in the legend. Equivalent results are plotted in
Figure 2.7 when considering 1 ACH instead. Results in Figure 2.6 suggest a relatively
low risk for all scenarios, with the most likely outcome being zero infections (highest
probability at zero). This is consistent across all three dining settings. In all of the cases,
the mean number of exposures is less than 1, with the highest mean being 0.61 in the
restaurant case with a party size of 5, as expected. In general, larger party sizes lead
to higher risk of some infection(s) occurring; the probability of getting exactly one in-
fection during the meal is 20-37% for a party size of 5, but less than 12% for a party
size of 2. It is worth noting that, in reality, the probability of having an infector present
would significantly increase for larger party sizes, which is not explored in these results
(where we assume that a single infector is present, regardless of the scenario). Overall,
the predicted number of infections in the moderately priced restaurant is larger than

58



2.4. RESULTS

1.0
Scenario Scenario
B Fast-food Restaurant -> mean =0.05 09 B Fast-food Restaurant -> mean =0.1
mmm Workplace Cafeteria -> mean =0.06 0.8 4 B Workplace Cafeteria -> mean =0.19
mmm Restaurant -> mean =0.12 071 mmm Restaurant -> mean =0.25
> 20.6 1
2 205
Qo Q
o o
I & 0.4
0.3
0.2
. 0.19
0.0 - J——
1 1 2
Exposures [people] Exposures [people]
(a) Party Size =2 (b) Party Size =3
1.0 1.0
Scenario Scenario
09 B Fast-food Restaurant -> mean =0.15 091 B Fast-food Restaurant -> mean =0.24
0.8 mmm Workplace Cafeteria -> mean =0.33 0.8 B Workplace Cafeteria -> mean =0.49
07 I Restaurant -> mean =0.42 07 I Restaurant -> mean =0.61
206 206
205 205
Qo Q
o o
x 0.4 £04
0.3 0.3
0.2 0.2
0.1 0.1
0.0 - 0.0 -‘
2

Exposures [people]

(c) Party Size = 4

1 2 3 4
Exposures [people]

(d) Party Size =5

Figure 2.6: The probability of having a given number of exposures for different hospi-
tality venues and party sizes. Volume of v = 300m?, and ventilation rate of 3 ACH.
Mean numbers of infections are reported in the legend and plotted as vertical lines for

each histogram.
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in the workplace cafeteria, this one being larger than in the fast-food venue, which is

directly related to the meal durations observed in Figure 2.5.

Another possibility of the low risk could be due to the good levels of ventilation. It is
possible that the ventilation is muting some of the nuances due to the small variations
present in the distributions. Here, the ventilation for this scenario is set to 3 ACH. In
reality, this is probably unlikely for these spaces, and so for additional comparison, the
probability of a given number of exposures for the three different restaurant cases can
be seen for four different party sizes and a reduced ventilation rate of 1 ACH in Figure
2.7.
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Figure 2.7: The probability of having a given number of exposures for different hospi-
tality venues and party sizes. Volume of v = 300m?, and ventilation rate of 1 ACH.
Mean numbers of infections are reported in the legend and plotted as vertical lines for
each histogram.

When the ventilation is reduced in these spaces, the differences in risk becomes more

noticeable, and it is possible to observe a larger probability across all non-zero predicted
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exposures, with a smaller probability of zero predicted exposures. In particular, the
probability of zero exposures in a party size of 5 in a moderately priced restaurant has
reduced from over 50% in the 3 ACH case, to less than 30% in the 1 ACH case. This
increase in risk is also seen in the predicted mean number of exposures, where the

highest mean across all scenarios is now 1.08, compared to 0.61 in the 3 ACH case.

2.4.2.2 Per Capita Infection Risk

In Figures 2.6 - 2.7, the focus is on the population level risk, in terms of the number
of predicted exposures during the meal. It is possible to instead look at the risk posed
to an individual who is attending the event (per capita probability), and study how
this per capita risk is affected by the meal duration. The traditional Wells-Riley model
(Equation (2.1)) offers a per capita probability of an individual becoming infected in
a given scenario, for a given time duration T. Section 2.3.2 introduces the per capita
probability for an individual when the exact time is not known, and can instead, be rep-
resented through an Erlang distribution (Equation (2.20)). Predictions given by these
Equations (2.1) and (2.20) can now be compared when considering the meal duration
times for the different hospitality venues. In the results that follow, the volume is set as
v = 300m3, the pulmonary breathing rate as p = 0.01 m® min ", the quanta production

rate as ¢ = 6 quantamin !, and removal rate as R = 11.075m?® min~!.

To better understand the difference between per capita probabilities for known and
unknown exposure times, a sample of 100 random time durations was taken from each
Erlang distribution across each dining setting and party size in Figure 2.5. For each
sampled meal duration, Equation (2.1) provides the per capita infection risk probability
for that specific duration of the meal. Thus, Equation (2.1) applied to 100 sampled
times (from each Erlang distribution in Figure 2.5, corresponding to each hospitality
venue and party size) gives 100 values of P(T), the per capita probability of infection
estimated by the traditional Wells-Riley model. These 100 values of P(T) are plotted as
violin plots in Figure 2.8. On the other hand, each Erlang distribution in Figure 2.5 leads
to a single overall prediction P(T) from Equation (2.20), which estimates the per capita
infection risk probability accounting for the uncertainty in meal duration encoded by
the corresponding Erlang distribution. This single prediction of P(T) is superimposed
on each of the corresponding violin plots, as a black dot.

Figure 2.8 shows a similar pattern to that observed across the probability distributions
for the number of exposures in Figures 2.6 - 2.7. In particular, the scenarios with the
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Figure 2.8: Violin plots for the distribution of per capita P(T) for the traditional Wells-
Riley model (Equation (2.1)) with duration T sampled from the Erlang distributions
(Figure 2.5), along with the per capita P(T) for unknown T using an Erlang distribu-
tion (Equation (2.20)) for each party size in the (a) fast-food restaurant, (b) workplace
cafeteria, and (c) moderately priced restaurant.
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typically shorter meal time durations experience the lowest per capita infection risk
probability i.e., the fast-food restaurant has the lowest per capita risk. This is consistent
also across the party sizes with larger groups typically experiencing a high individual
per capita risk of infection, as expected. It can also be noted how the per capita proba-
bility obtained via Equation (2.20), which estimates infection risk while accounting for
the uncertainty in the meal duration time encoded by the Erlang distribution, is able
to summarise all of the distribution from the traditional Wells-Riley per capita (violin
plot) into a single point (black dot), across Figures 2.8a - 2.8c. This is expected given that
Equation (2.20) represents the statistical mean of the steady-state per capita probability
of infection weighted by the Erlang distribution. Thus, by using the methodology in
Section 2.3.2, it is possible to estimate infection risk in terms of P(T) while accounting

for the uncertainty in the time duration of the indoor interaction.

An interesting feature to highlight on these plots is the change in the per capita infection
risk probability with party size. It is expected that the per capita infection risk proba-
bility may vary across the different dining settings (i.e., that the individual infection
risk depends on the venue/indoor setting). However, one would expect that the indi-
vidual infection risk does not depend on party size, if the number of infectors present
is fixed to Iy = 1; that is, Equation (2.1) and (2.20) are both independent of the total
population size, N. However, through Figure 2.8, one can observe that as the party size
increases, so does the per capita probability of infection. In this case, this is due to the
fact that the Erlang distributions across the party sizes and settings account for the fact
that individuals are likely to spend longer in a particular venue if there are more people
dining (Figure 2.5). This highlights the importance of social and behavioural factors in
determining infection risk, which is often overlooked when using traditional QMRA
techniques such as the Wells-Riley model, but which can be better explored via the
newly proposed methodology by integrating uncertainty in some model parameters.

2.4.3 Case Study 3 - Uncertainty in the Quanta Emission Rate

As described in Section 2.3.3, it is common for the quanta emission rate, g4 [quantah~!],
to be random, unknown or vary between individuals when analysing an outbreak. In
the case where the quanta emission rate is unknown, then an estimate can be used.
However, as this is only an estimate, it may be useful to form a probability distribu-
tion around the quanta emission rate estimate to explore a broader range of possible

values and associated infection risks, helping to account for any uncertainty or error
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in the parameter estimate. In the work of Miller et al. [2021], a Monte Carlo method
is used to estimate the mean and SD of the quanta emission rate for the Skagit Valley
chorale superspreading event during the COVID-19 pandemic with a given range of
input values, with any unknown parameters represented by probability distributions.
Here, the methodology from Section 2.3.3 is applied to explore an Erlang distribution
formed around the mean and SD provided for the quanta emission rate estimate in
Miller et al. [2021], allowing an exploration of a greater range of quanta emission rates
and associated infection risk probabilities, better accounting for the fact that this quanta
emission rate is an estimate and not an exact value.

In Miller et al. [2021], the mean is given as 970 quantah~! and the SD is given as
390 quantah~!. As in Section 2.3.2, the mean and SD given here are used to calibrate
Erlang distributions by solving Equation (2.24). Since the shape parameter, k, takes
integer values, the solution for k was then rounded to the nearest integer. Calibrated
parameters for the Erlang distribution are reported as k = 6 and A = 0.00638. Due to
the rounding method for k, the calibrated Erlang does not precisely match the mean
(and SD) provided in Miller et al. [2021], but the relative error is small. In particular,
the corresponding mean and SD from the Erlang are 940.825 and 384.09, respectively.
This gives a relative error of less than 3.01% for the mean and less than 1.52% for the
SD. In Figure 2.9, the calibrated Erlang for this scenario can be seen. This figure shows
the uncertainty surrounding the estimated parameter as the distribution covers a large
range of possible quanta generation rates.

2.4.3.1 Estimating the Number of Infections

To illustrate the methodology of using an Erlang distribution to represent a parame-
ter estimate, a scenario is considered that represents an outbreak on a 4-bed bay on an
adult respiratory ward in the UK, with the presence of an infectious visitor. That is, for
a population of size N = 5, the initial number of infectors is set to be Iy = 1, and the
initial number of susceptible individuals S = N — Iy = 4. The pulmonary breathing
rate is chosen to be p = 0.01 m3 min ! (p = 0.6m>h~!; Noakes and Sleigh [2009]), and
the outbreak is monitored over one hour (T = 1h). The quanta production rate is taken
as random and defined by the calibrated Erlang distribution (Figure 2.9). The volume
of the space is 98.35 m?, equal to that of a 4-bed bay in a UK adult respiratory ward (Fig-
ure 1.2, Section 1.6). A ventilation rate of 3 ACH is explored, giving a respective extract
ventilation of Q = 4.9175m?® min~! (Q = 295.05m>h~1). For the viral inactivation and
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Figure 2.9: Calibrated Erlang density function for q [quantah~!] for the SARS-CoV-2
superspreading event in the Skagit Valley chorale.
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deposition rates, the mid-points of the ranges proposed in Miller et al. [2021] were cho-
sen, leading to 7; = 0.00525 min~! (; = 0.315h~!) and 74 = 0.015min"! (r; = 0.9h™ 1),
respectively. Combining these with the extract ventilation rates lead to a removal rate
of R = 6.909m3>min~! (R = 414.5423m%h~!). The parameters above are converted
from min ! to h™! for the remainder of the calculations in this section, to be consistent
with the units provided for g by Miller et al. [2021].
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Figure 2.10: The probability of having a given number of exposures for g [quantah™!]
for the SARS-CoV-2 superspreading event in the Skagit Valley chorale. Volume of v =
98.35m?, and ventilation rate of 3 ACH. Mean number of exposures is reported in the
legend and plotted as a vertical line.

The probability histogram for E(t), showing the probability of a given number of expo-
sures for this SARS-CoV-2 superspreading event, is shown in Figure 2.10. As expected,
given that this represents a superspreading event, the probability histogram predicts
higher probabilities for larger numbers of exposures. For example, the probability of
having zero exposures is 0.02074, whereas for 3 or 4 exposures, it is greater than 0.3. The
mean number of exposures is 2.83, greater than 70% of the population. This illustrates

high risk to the susceptible population, especially given that the outbreak only lasts for
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one hour. This shows that the predicted Erlang distribution is able to capture the in-
creased risk when using estimated parameters for a superspreading event, displaying
risk predictions that would suggest a highly infectious individual.

2.4.3.2 Per Capita Infection Risk

As in Section 2.4.2, it can be useful to look at the risk posed to each susceptible indi-
vidual (per capita probability). In the same way as before, predictions given by the
traditional Wells-Riley model (Equation (2.1)) and in this section, Equation (2.22), are
compared when considering the Erlang distribution calibrated by an estimate for a su-
perspreader’s emission rate. The parameter choices for the scenario illustration remain

the same as above.

A sample of 100 random emission rates was taken from the calibrated Erlang distribu-
tion (Figure 2.9) for the SARS-CoV-2 superspreading event. The traditional Wells-Riley
model, Equation (2.1), provided the per capita infection risk probability for each of the
sampled emission rates. These 100 values of P(T) are plotted as a violin plot in Figure
2.11. On the other hand, the Erlang distribution in Figure 2.9 leads to a single over-
all prediction P(T) from Equation (2.22), which estimates the per capita infection risk
probability accounting for the uncertainty in the emission rate. This single prediction
of P(T) is superimposed on the violin plot, as a black dot, in Figure 2.11.

Figure 2.11 shows a similar pattern to that observed across the probability distributions
for the number of exposures in that the violin plot from the Wells-Riley per capita il-
lustrates relatively high risk, with the 25%, 50th, and 75t distribution percentiles being
equal to 0.6323, 0.7196, and 0.8054, respectively. The distribution also has a large spread,
with predicted per capita probabilities ranging from 0.2193 to 0.9624, illustrating the
uncertainty in the quanta emission rate prediction and consequently, the sample from

the Erlang distribution contains a broad spectrum of possible quanta emission rates.

The prediction from the Erlang per capita probability, informed by the parameters of the
calibrated Erlang distribution, gives a per capita probability of 0.7069. This is closely
aligned to the mean (0.7025) and median (50th percentile; 0.7196) of the distribution
formed from the Wells-Riley per capita probability, and is able to summarise a sample
of 100 different quanta emission rates into a single point. This is consistent with the
fact that Equation (2.22) represents the statistical mean of the steady-state per capita
probability of infection weighted by the Erlang distribution. Therefore, when using the
Erlang per capita probability from Equation (2.22), this accounts for the uncertainty of
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Figure 2.11: Violin plot for the distribution of per capita P(T) for the traditional Wells-
Riley model (Equation (2.1)) with 100 emission rates, g, sampled from the calibrated
Erlang distribution (Figure 2.9), along with the per capita P(T) for unknown emission
rate (g [quanta h~!]) using the Erlang distribution parameters (Equation (2.22)).
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the parameter estimation when predicting infection risk and per capita probabilities,
with this scenario demonstrating its applicability in scenarios where the exact quanta
emission rate may be unknown or uncertain.

2.5 Discussion

This chapter has extended the traditional Wells-Riley framework, in order to assess risk
in situations where the infector leaves the room but the susceptible individual remains,
the duration of the indoor interaction is random/unknown, or with heterogeneity in
infectivity across infectious individuals. The per capita probability of infection for each
susceptible individual in these scenarios has been computed, and the probability dis-

tribution for the number of infections has been estimated.

When using the traditional Wells-Riley model under the steady-state assumption, the
risk of infection is only non-zero when the infector is present. However, the suspen-
sion of infectious aerosols means that the risk remains possibly long after the infector
leaves. By using a transient concentration of pathogen solution, it is possible to model
the gradual growth and decay of the airborne pathogen concentration, and as a result,
the accompanying infection risk. This allows for the computation of the probability of
infection whilst the infector is present, and once they leave, giving a holistic risk as-
sessment to a susceptible individual, acknowledging that the risk of infection stretches
beyond the presence of an infector. This aids understanding of what governs infection
risk, and how this may differ across the two time periods. This chapter provides the
analytical solution for this probability for a single zone where the susceptible individ-
ual is present for a particular time period (Equation (2.14)) or for long after the infector
leaves (Equation (2.15)).

The applicability of these results has been shown via a first case study (Section 2.4.1),
where real-life HCW visit times data were leveraged, and used to estimate the risk
experienced by the susceptible patient before and after the infector (HCW) leaves the
space. The results show that the post-departure risk is non-negligible, and becomes
even more important for shorter visit times, or under smaller removal rates. The re-
sults assume that the susceptible individual is present for t — oo after the infector
leaves. This is more relevant for hospitals wards, such as an adult respiratory ward
where patients are often admitted as inpatients for longer periods. It is possible that
the percentage contribution from the period after the infector leaves is much less if the
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susceptible individual also leaves shortly after.

It is possible that such a large contribution from the second period was seen due to the
small time scales used for the presence of the infector. Even though these are realis-
tic times (taken from measured data (King et al. [2021b])), if alternative scenarios were
considered where the infector was present for longer periods, a smaller overall contri-
bution from the second period may be seen. This would be scenarios where the first
period displays steady-state-like behaviour. It is possible to see hints of this in Figure
2.4d, for example, in the case with the highest removal rate (R = 3.87m3min~!) and
the longest visit time (19.28 min). This will most likely be the closest to steady-state be-
haviour out of all the modelled visit times and thus, the contribution from the second
period is the smallest. Simultaneously, this further illustrates the importance of includ-
ing the period after the infector leaves for shorter visits and poor removal rates, as its

relevance can vary depending on the scenario parameters.

A limitation of the methodology in Section 2.3.1 is that only a single zone is considered.
It is likely that when the infectious person leaves the room, they then enter a neigh-
bouring zone, and so could still contribute to the infection risk in the original zone
where the susceptible individual is situated. As previously discussed, transmission can
occur across zones with shared airflow (Eichler et al. [2021], SAGE [2021]), with respira-
tory aerosols becoming entrained in the ambient airflow and transported to connected
spaces. Chapter 3 shows that when extending models to consider multi-zone environ-
ments, it is possible to illustrate how an infector can have an impact on infection risk in

connected zones.

An example of the stochasticity that exists in real life, which is overlooked by the tradi-
tional Wells-Riley model, is not knowing the duration of an outbreak, or the time that
the infector is present in the space for. In these scenarios, it may be more suitable to
consider a random duration, in the form of a distribution. This way; it is possible to
estimate infection risk while accounting for realistic time distributions that are repre-
sentative of typical behaviour experienced in the corresponding setting. This method-
ology was explored in Section 2.3.2, providing explicit solutions for steady-state con-
centration in a single room for two well-known distributions commonly used to model
waiting times; Exponential and Erlang. A limitation of this methodology is the use of
the steady-state solution for the concentration of airborne pathogen in the model, so
future work should be devoted to generalise these results for a transient concentration
of pathogen in the air. The importance of transient effects are demonstrated in Chapters
3 and 4.
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Case Study 2 (Section 2.4.2) explored the possibility of not knowing the duration of the
indoor interaction. In particular, infection risk during lunch in different dining settings
was considered, and for different party sizes, by fitting an Erlang distribution to mea-
sured meal duration data. The resulting Erlang distributions varied across the scenar-
ios with long meal durations experienced more so in the workplace cafeteria or in the
moderately priced restaurant, whereas the fast-food restaurant had much smaller meal
durations and less variation across the party sizes. This pattern was consistent with the
infection risk, where settings of typically longer meal durations lead to a higher risk
of infection, as does the increase in the party size. It can be observed how decreasing
the removal rate increased the risk of infection across all scenarios, but the distribution
of the risk of possible predicted exposures was still dominated by the distributions of

meal durations.

When analysing the per capita probability of infection (Figure 2.8) the importance of
considering social factors when assessing infection risk was illustrated. Intuitively, the
per capita probability of infection should be unaffected by change in population size
under the assumption that a single infector is present, but the results showed how the
typical time spent in each scenario is highly influenced by social setting and party size,
leading to variations in the per capita probability that are often overlooked when the
exact exposure time is known. The per capita probability of infection for an Erlang-
distributed time duration, represented as a single point in Figure 2.8, is closely aligned
to the mean value of the standard Wells-Riley per capita probability of infection across
100 time durations sampled from the corresponding Erlang distribution, which is con-
sistent with its derivation as the statistical mean weighted by an Erlang distribution.
Thus, the single estimate is able to quantify infection risk while accounting for the un-
certainty in the duration of the indoor interaction. This demonstrates the importance
of incorporating uncertainty in the duration of the indoor interaction when estimating
infection risk, rather than using a single estimate of this duration.

Case study 3 explored a scenario where the quanta emission rate was an estimate
based on the Skagit Valley chorale superspreading event during the COVID-19 pan-
demic (Miller et al. [2021]). Here, a mean and SD were provided for a quanta emission
rate, which was used to calibrate an Erlang distribution, following a similar approach
to when exploring random meal duration (Section 2.3.2) given that both time and the
quanta emission rate feature linearly in the exponent of the mathematical framework
e.g., in the Wells-Riley model (Equation (2.1)). The results here were as expected given
that this was an uncertain estimate of a superspreading event, with large variability
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seen in the per capita probability of infection distributed as a violin plot, with infection
risk ranging from 21% to 96% from a 1h outbreak. This illustrates the uncertainty in
the quanta emission rate prediction and the resulting Erlang distribution. In addition,
it is seen how the Erlang per capita probability for a random emission rate can quantify
infection risk into a single value when compared to 100 Wells-Riley per capita prob-
abilities, computed via Equation (2.1) by randomly sampling 100 Erlang-distributed
emission rates. This single estimate encodes the variability of the distribution and of-
fers a simple alternative for future analysis as opposed to working with distributions
of highly variable per capita probabilities.

This case study further demonstrates the capability and ease of implementing the the-
ory presented in Section 2.3.3, particularly in cases where the parameter estimation
may be uncertain due to the nature of an outbreak. However, this methodology could
be used in a similar way if a more accurate, representative distribution for a particu-
lar pathogen is known, but it is of interest to explore scenarios where the infectiousness
(quanta emission rate) of a specific individual may be random, or vary between individ-
uals (i.e., population heterogeneity). This could also be useful in allowing for general
comparisons across different pathogens, for informative or exploratory modelling, and

when investigating mitigation measures for future preparedness.

2.6 Conclusion

This chapter presented novel mathematical techniques to assess infection risk that build
on the existing Wells-Riley framework. Through the inclusion of stochasticity, the exist-
ing methodology presented in the Wells-Riley model is taken and is used to derive the
probability distribution of the number of exposures/infections. Moreover, the results
were extended in order to assess risk of infection in the period after the infector leaves,
and when considering an unknown random outbreak duration, or quanta generation
rate, in terms of probability distributions. This chapter illustrated this methodology
through three case studies: one case study that shows that the period after the infector
leaves can contribute non-negligible risk, another case study which illustrates the risk
for various restaurant scenarios where the exact duration of each outbreak is unknown,
and a final case study exploring a scenario where an uncertain estimate is given for the
quanta emission rate. This study successfully developed new, explicit formulas for the
infection probability in these scenarios, increasing the applicability of the Wells-Riley
framework, with a better representation of the characteristics that are faced when trying
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to model real-life outbreaks.
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2.A. THE WELLS-RILEY MODEL REVISITED - APPENDIX 2.A

2.A Per capita probability of infection during [0, T] under Ex-

ponentially distributed or Erlang distributed random times

Consider that T is exponentially distributed with rate A, T ~ Exp(A), so that fr(t) =
Ae~M for t > 0. Then, the per capita probability of infection during [0, T] is

P(T) = / <1—e_(WQIO)>Ae At
= / Ae M dr — / Ae™ (g4t

S pr— [e (”””OH)]

A
L ’
o tA

so that

P(T) = 1—

which corresponds to Equation (2.18).

If instead T ~ Erlang(k, A) is considered, so that fr(t) = % for t > 0, the per
capita probability of infection during [0, T] is given by
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It is possible to compute (1)

° Ak

since it corresponds to integrating the density function of an Erlang (k,A). Also, com-
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puting (1)

k
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Thus,

which corresponds to Equation (2.20).
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2.B Probability distribution of the number of exposures during
[0, T] for Exponentially distributed and Erlang distributed

random times
Consider that T is exponentially distributed with rate A, T ~ Exp(A), so that fr(f) =

Ae=M for t > 0. Then, the probability of observing exactly 1 exposures during [0, T}, for
ne{0,1,...,S}, is given by

0 I n I So—n
]P{E(T):n}:/ <i0> <1—e_quOt) <e—mg°f> Ae M dt
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which leads to

k
o o S() L . i n )\
P{E(T) =n} = <n>§)( 1) <l> ((So—n+i)’”"QIO+A> , n€{0,1,...,5},

corresponding to Equation (2.19).

Alternatively, if T ~ Erlang(k, A) is considered, so that fr(t) = % fort > 0,

the probability of observing exactly n exposures during [0, T], for n € {0,1,...,50}, is
given by

o n So—1 3k k=1 ,—At
ple(r) =np = [ () (1-e ) ()T A
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Finally, recalling that y; = (Sop —n + i)%l0 + A, gives
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which corresponds to Equation (2.21).
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2.C Numerical validation of the probability of a given num-
ber of exposures during [0, T] for Exponentially distributed

and Erlang distributed random times

To validate Equation (2.19), a mock outbreak was modelled with the quanta produc-
tion rate ¢ = 30quantah™!, pulmonary breathing rate p = 0.6m3h~!, the volume
v = 100m3, the extract ventilation rate Q = 100m>h~! giving 1 ACH, the initial
number of susceptible individuals So = 10, and the initial number of infectors was
Ip = 1. 1,000,000 samples of random times from an exponential distribution were
taken, Exp(A), where A = SOP—Q‘ﬂO. These random times were then used to represent the
outbreak duration. For each 1,000,000 times, T, and the parameters defined above,
the probability of each possible number of exposures for a binomial distribution for
steady-state concentration (namely Equation (2.7)) was calculated. An average of these
probabilities was taken and then compared against the analytical solution (Equation
(2.19)). The result can be seen in Figure 2.12. As can be seen from the figure, both
solutions are the same and thus, can conclude that Equation (2.19) has been validated

numerically.
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Figure 2.12: A comparison between Equation (2.19) and a result obtained by direct
numerical simulation for validation of the probability of a given number exposures for
Exponentially distributed random times.
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An identical method to above was used to validate Equation (2.21). The only difference
between the two methods is that the sample of random times was taken from an Erlang
distribution, Erlang(k, 1), where A remained the same as in the previous case, and k =
6. The results can be seen in Figure 2.13. Again, both solutions are identical and thus,

can conclude that Equation (2.21) has been validated numerically.

I Analytical
0.175 A B Simulation

0.150 A

0.125 A1

Probability
o
(o=
o
o

o
o
N
u
1

0.050 A

0.025 A1

0 1 2 3 4 5 6 7 8 9 10
Exposures [people]

Figure 2.13: A comparison between Equation (2.21) and a result obtained by direct
numerical simulation for validation of the probability of a given number exposures for
Erlang distributed random times.

It is noted that as both time, T, and quanta production rate, g, occur as linear terms
in the exponent when calculating the steady-state per capita probability of infection,
P(T) in Equation (2.1), the validations here also apply to the equivalent results stated

in Section 2.3.3.
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Chapter 3

A Transient Multi-zone
Transmission Model

Quantification of the parameters influencing airborne infection risks associated with
indoor activities in different settings can help in understanding outbreak dynamics
and the effective implementation of mitigation strategies. This is particularly impor-
tant in hospitals, where the consequence of infections amongst vulnerable individuals
can be significant. Despite the transient occupancy and inter-connected nature of hos-
pital wards, the majority of airborne risk models assume steady-state conditions and
well-mixed air in a single zone. This chapter proposes a multi-zone model with both a
fixed (i.e., stationary in one zone) and time-varying (i.e., moving between zones) infec-
tious person. It uses an adapted version of the Wells-Riley model to estimate transient
airborne virus concentration, and account for time-varying behaviour in the indoor
setting. Through a coupling with a CONTAM airflow network model, the effects of
ventilation patterns on inter-zonal flow rates are incorporated to represent likely air-
flow in a realistic hospital ward. This approach is used to explore the difference in
predictions from transient versus steady-state models across several scenarios. Results
suggest that a steady-state approach could lead to an overestimation of infection risk
or underestimation of quanta emission, especially when the infectious person is only
present for a short period of time. The difference between models is most apparent
in poorly ventilated spaces, illustrating how risks can build over time when infectious
occupant movement is more frequent than the removal rate due to ventilation. The
model highlights the importance of considering transient factors when assessing in-
fection risks to ensure that the most effective mitigation strategies are implemented to

81



address long and short timescale risks.

Chapter 3 contains material from the jointly authored publication:

Edwards AJ, Benson L, Guo Z, Lépez-Garcia M, Noakes CJ, Peckham D,
King ME, A mathematical model for assessing transient airborne infection
risks in a multi-zone hospital ward, Building and Environment, 2023, Volume
238, p.110344.

https://doi.org/10.1016/j.buildenv.2023.110344.

The code and data for this manuscript are available at https://github.com/scaje/

Multi-zone_Hospital_conc_AJE.git.
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3.1. INTRODUCTION

3.1 Introduction

The COVID-19 pandemic has highlighted the importance of understanding the factors
which influence airborne transmission and how we manage the associated risk. With
respiratory diseases already being a major contributor to pressure on hospital systems
such as the NHS in the UK, even more so during the winter (NHS [2022]), it is especially
important to minimise the transmission of nosocomial infections through the airborne
route. Understanding the transport of pathogens in the air and the influence of the
ward layout and ventilation system is a crucial part of designing and managing hospital

environments to mitigate airborne transmission risks.

Real world hospital environments are complex and busy spaces with a considerable
level of transient activity including behaviour of HCWs and visitors entering, leaving
and moving around the space. The concentration of airborne pathogens is also transient
in nature and may depend on the emission rate from an infected person (Buonanno
et al. [2020b]) and governing airflow factors including ventilation within rooms and
airflow between rooms. These factors must be considered in an appropriate way for
the specific scenario in order to evaluate the concentration of pathogen in indoor spaces
and thus, provide a better estimation of the epidemiological dynamics. However, many
previous and current indoor transport and dispersion models only consider steady-
state behaviour, both spatially and temporally, whether this be through CFD analysis
(Qian et al. [2009], King et al. [2013], Cheong and Lee [2018]) or risk assessments using
the Wells-Riley model (Noakes et al. [2006b], Robertson et al. [2011], Qian et al. [2009]).

The Wells-Riley model (Wells et al. [1955], Riley et al. [1978]) is widely used to estimate
the influence of ventilation on the number of newly infected individuals during the
time interval [0, T] in an indoor setting, and is given by Equation (1.1). The model aims
to provide an assessment of the risk of infection for a given single zone, for a particu-
lar emission rate of infectious doses expressed through g [quanta min~!], as previously
stated. It is widely recognised that the use of quanta to describe infectious dose emitted
is a simplification of the transmission process. Some studies have looked to relate this
directly to emitted virus either through measurement (Bueno de Mesquita et al. [2020])
or through calculation (Buonanno et al. [2020b]), and a recent analysis has shown that
quanta emission rates for different diseases can have very large ranges (Mikszewski
et al. [2021]). However, quanta based steady-state models have been shown to com-
pare well to COVID-19 super-spreading outbreaks suggesting that the approach can be
valuable for assessing risk (Peng et al. [2022]).

83



3.2. METHODOLOGY

Previous studies have used multi-zone models (Noakes and Sleigh [2009], L6pez-Garcia
etal. [2019]). However, these use idealised airflow assumptions with steady-state quanta
concentrations to demonstrate model behaviour rather than consider the ventilation in
a realistic environment. A better approximation of indoor airflow can be modelled us-

ing ventilation network models, such as CONTAM, as introduced in Chapter 1.

In this chapter, an adaptation of the Wells-Riley model is used to develop a transient
multi-zonal approach to model the concentration of pathogen in the air and infec-
tion risk in a hospital scenario. This is illustrated through two case studies: (i) a
scenario with a fixed patient infector who is stationary in one of the ward zones and
(ii) a scenario with a transient infector, representing an infectious HCW completing a
drug round. The first scenario uses an idealised ventilation assumption to compare to
Noakes and Sleigh [2009] and Lépez-Garcia et al. [2019]. The second transient infector
case assumes that the infectious person moves from one zone to another in time within
a geometry based on a UK respiratory ward, with inter-zonal flow values extracted
from a CONTAM airflow simulation.

3.2 Methodology

3.2.1 Transmission Model

Modelling transmission and outbreak dynamics is traditionally based on the SIR model,
originally introduced by Kermack and McKendrick [1927]. There have been many vari-
ations of this compartmental model, for example SIS assumes no immunity on recov-
ery (Arino et al. [2016], Lopez-Garcia et al. [2019]) and SEIR includes the latent period
(Noakes et al. [2006b], Chen and Liao [2008], Sun and Hsieh [2010]). These models
have also been coupled to the Wells-Riley model (Noakes et al. [2006b], Lopez-Garcia
et al. [2019]) to explore the impact of indoor conditions on outbreak dynamics. These
epidemic models are suited to population scale simulations with a duration of several
days or weeks, however in indoor settings such as a hospital ward, the complexity of
interactions between people and admission-discharge patterns makes modelling the
whole outbreak challenging.

Here, an SE model is used, as introduced in Chapter 2 (Equation (2.2)), where one
considers the transmission dynamics in an indoor setting during a time interval [0, T].

In this time interval, [0, T], it is assumed that newly infected individuals are taken to be
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exposed and infected but are not yet infectious due to being in the latent period. This
allows for a simplified compartmental model without the added complexity of new
infectors or accounting for changes in the population size in the setting, allowing for
focus purely on the model dynamics in the early stages. The equations, re-written in a
slightly different form to Chapter 2, are:

s _
ay o
= ¥S(t),

where S(t) represents the number of susceptible individuals at time ¢, and E(t) the
number of exposed (i.e., infected but not infectious) individuals at time ¢. The infec-
tion rate 1 contains the parameter defining the number of infectious individuals in the
indoor setting, I(t) = I, which is assumed to be constant during the time interval
of interest [0, T]. To model transient effects, the infection rate is considered to be time-
dependent, and given by () = pC(t), where p [m® min~'] is the pulmonary breathing
rate and C(t) [quanta m 3] is the concentration of airborne pathogen at time #, which
is characterised by the conservation Equation (2.3).

The standard Wells-Riley methodology defines a constant infection rate yp = pC*,
where C* = %I is the steady-state solution (Equation (2.5)). On the other hand, a tran-
sient version involves defining ¢(t) = pC(t), where C(t) is the transient solution of

Equation (2.3), as shown in Equation (2.4).

Following the approach in Lépez-Garcia et al. [2019], the single-zone model can be

extended to a transient multi-zone case for M zones:

dCi(t)
dt

M M
Uk = gl — QkCe(t) — ) BiiCe(t) + ) BiCi(t) , k=1,...,M (32)
= =

where Ci(t) is the quanta concentration in the air in Zone k, I is the number of in-
fectious individuals in Zone k, Qi [m® min ] represents the extract ventilation rate in
Zone k, and g; [quanta min~!] represents the per capita quanta production rate for in-
fectious individuals in Zone k. fy; [m3 min~!] is the inter-zonal flow rate from Zone k
to j, which is only non-zero if Zone k is connected to Zone j (Lépez-Garcia et al. [2019]).
The individual zones represent single spaces such as rooms, bays, or corridors which
are connected to other zones to form a multi-zone environment via doors or openings.

Larger rooms may also be split up into multiple zones themselves, which are connected
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directly through an opening from floor-to-ceiling and wall-to-wall. Multiple connected

single zones form a multi-zone geometry.

In addition to Equation (3.2), it is also necessary to extend the SE model presented in
Equation (3.1) for a multi-zone case of M zones:

45t _ — P Sk(1),
dEdt(t) (33)
;t = PSi(t),

fork =1,..., M, where the infection rate becomes ; = pxCy(t).

The system of equations given by Equation (3.2), which models the concentration of
pathogen in the air in each zone k = 1, ..., M, can be written in matrix form as

dC(t)
dt

= qol—VC(h), (3.4)

where C(t) is the column vector of concentrations in each zone, which is spatially con-
stant for any given time, inside a given zone. V is the ventilation matrix, v is the column
vector of volumes for each zone, q is the column vector of quanta production rate for
each zone and I is the column vector for the number of infectious individuals for each
zone, where the symbol o represents the element-wise product of the two column vec-
tors. This gives the ventilation matrix V as:

Q1+ Xk Bk — P21 —B31 . —Bwm

—B12 Q2+ Bk —P32 . —Bm2

V= —B13 —B23 —Bm3
—Bim —Bam v —Bm—1m Qm + Yk Bmk

The inter-zonal flow rates, fy; [m? min~!], can be approximated, informed by exper-
iments, or extracted from other airflow simulations. In Case Study 1 (Section 3.3.1),
constant and idealised values were used for both ventilation rates and inter-zonal flow
rates for the whole simulation time. These were followed by models where the CON-
TAM software was used to determine the values of B;; for a naturally ventilated hospi-
tal (Case Study 2 in Section 3.3.2). The theoretical details of the CONTAM model and
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the way in which the inter-zonal flow values are extracted can be seen in Section 3.2.2.

In a similar way, the steady-state system of zonal concentration of airborne pathogen
can be recovered from Equation (3.4) to give:

C*'=Vliqol, (3.5)

which will be used as a comparison to the transient solution, obtained from numerically
solving Equation (3.4), in Sections 3.3.1 and 3.3.2.

It is worth noting that the equations for the concentration of pathogen in the air (Equa-
tions (2.3), (3.2) and (3.4)) do not include a turbulence flux term. This study aims to
model long-range exposure across multi-connected zones rather than focus on short-
range exposure, where turbulence fluxes would dominate. To evaluate short-range ex-
posures, alternative approaches such as CFD modelling (Foat et al. [2022]) or analytical
approximation of aerosol size distributions with distance (Miller et al. [2022]) would be
needed.

3.2.2 Airflow Simulations

CONTAM 3.4.0.3 (Dols and Polidoro [2015], National Institute of Standards and Tech-
nology [2022]) is used alongside the transmission model, described in Section 3.2.1,
to determine inter-zonal flow values fy;, used within the transmission model in Case
Study 2 (Section 3.3.2). This allows for added complexity in the model, and allows
for the simulation of a naturally ventilated multi-zonal scenario, incorporating tran-
sient behaviour. To extract the inter-zonal flow rates, the results of each simulation are
processed using the CONTAM Results Export Tool (Polidoro et al. [2016], NIST [2022]).
This allows for the export of the airflow results through each airflow element, which
can then be used as the values for f;; in Equation (3.2), demonstrating the successful
coupling of the two separate approaches.

A multi-zone hospital ward is considered, where each zone is set to have an ambient
temperature of 20°C. For each Zone k, the air mass balance equation is considered:

Mo — M + My — My + Yy j— Y mj =0, (3.6)
j j

where 1 ; [kg min~'] is the mass airflow entering Zone j from Zone k, and ;. [kg min ']

is the mass airflow entering Zone k from Zone j. mgy [kgmin~!] is the total mass air-
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flow entering Zone k from the outside environment and 1 o [kg min '] is the total mass
airflow leaving Zone k into the outside environment (e.g., natural ventilation). These
can include through means of openings, leaks, doors and windows. ., [kgmin~!] is
the total mass airflow extracted from Zone k due to mechanical extract ventilation and

M,k [kgmin~!] is the total mass airflow for the mechanical supply ventilation to Zone
k.

In this case, the inter-zonal flow rates in Section 3.2.1 can be linked with those above
extracted from the CONTAM model, as

Brj = =, (37)

where p; [kgm3] is the air density in Zone k.

When modelling windows, doors and other openings it is necessary to consider air-
flow rates through the opening as well as through surrounding gaps and leakage. This
can help to capture any unintentional or accidental introduction of outside air into a
building (i.e., infiltration air (Younes et al. [2012])). In this case, the mass flow rate is
calculated from the pressure gradients using an orifice assumption in the power law
equation (Guyot et al. [2022])

my,; = kadAP:j". (3.8)

Here p; [kgm~2] is the air density in Zone k, C; [m®min~! Pa~1] is the discharge coef-
ficient, AP;:, ;” [Pa] is the pressure difference between Zone k and Zone j with 1y, as the

flow exponent.

Throughout the simulations in Section 3.3.2, the discharge coefficient is set as C; =
46.8 m®*min~!Pa~! (equivalent to C; = 0.78 m>s~! Pa~!). This is the default value
given by CONTAM, which is an experimentally determined value shown to work well
for most applications (Weber and Kearney [1980], Dols and Polidoro [2015]). The flow
exponent is also kept at the default value for CONTAM, n¢, = 0.5. Flow exponents vary
from ns, = 0.5 for large openings, where the flow is dominated by dynamic effects, to
ng = 1 for narrow openings dominated by viscous effects (Dols and Polidoro [2015]).

The pressure in each zone is calculated based on the differences in air densities. This
accounts for any temperature differences and consequent stack effects, based on the
hydrostatic equation. Additionally, this requires the input of external pressures acting
on the walls which is linked to the wind conditions as follows (Persily and Ivy [2001],
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Guyot et al. [2022]):
1
P = Epon,kuZ, (3.9)

where P [kgm~! min 2] is the wind pressure on an external wall of Zone k, pg [kg m ™3]
is the external air density, Cp is the pressure coefficient at a leakage point in Zone k
and u [m min 1] is the velocity of the wind at the given altitude.

In Section 3.3.2, a leakage flow path was modelled alongside each external window and
each internal door using Equation (3.8). This represents gaps around these elements or
any reduction in air-tightness since fitting. Increased leakage helps to account for the
fact that this subset of the ward is part of a much larger building with airflow that is
not accounted for in the modelling. Windows remained closed for the full duration
of the numerical simulation, so flow at the windows is via the leakage values only. It
is assumed that doors between zones remained closed throughout, apart from when
they were open for a 1-minute period to simulate the transient infectious HCW moving
in and out of that particular zone. In Section 3.3.1, since this does not include a cou-
pling with a CONTAM simulation, no comments are made on the opening state of the
windows and doors. These are represented quantitatively only through the inter-zonal
mixing rates as presented in Setting A in Noakes and Sleigh [2009] and Lépez-Garcia
et al. [2019].

3.3 Results

This section presents two case studies where the methodology introduced in Section
3.2 is applied. These two scenarios aim to explore the influence of both an infector in a
fixed location (an infectious patient), and a transient infector, representing an infectious
HCW who completes a drug round, on the predictions of concentration of airborne

pathogen and infection risk when using a steady-state model versus a transient model.

3.3.1 Case Study 1: Bed-bound Infectious Patient
3.3.1.1 The 9-zone Hospital Ward

To explore the case with a fixed infector who becomes infectious (or is admitted whilst
being infectious) at t = 0 at a single location, the same idealised hospital ward scenario
was used as in Noakes and Sleigh [2009] and Lépez-Garcia et al. [2019]. The geometry
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shown in Figure 1.1 consists of 3 bays, each split up into two zones and an adjoining
corridor which is split up into 3 zones, connecting the end of each bay.

The model assumes a steady-state ventilation scenario with the same amount of air
supplied to and extracted from each zone (Setting A in Noakes and Sleigh [2009] and

Lopez-Garcia et al. [2019]). Airflow between adjacent Zones k and j is represented by

an inter-zonal flow rate of f; = 9m? min .

each zone is Q; = 3m®min~!, Vk, which leads to an overall ward ventilation rate of

The supply and extract ventilation in

27m3 min~! (1620m3h~1). The volume of each zone is v = 60m>, Vk, leading to a
total ward volume of v = 540 m? and a total ventilation rate over the whole ward of 3
ACH (i.e., total ward ventilation rate divided by total ward volume). The inter-zonal
flow set-up gives a case of homogeneous mixing in each zone i.e., the net boundary flow
is zero. It is assumed that there are 3 individuals in each zone, with the infector located
in Zone 1, giving So = (2,3,3,3,3,3,3,3,3), Eyp = 0 for each zone, and Iy = 1 in Zone
1 only, and is zero for all other zones. The quanta emission rate of the infector is taken
to be g; = 0.5 quantamin~! (Noakes and Sleigh [2009]). The pulmonary breathing rate
of all individuals is taken to be py = 0.01m®min~!, Vk. The total population is 27
individuals, leaving 26 susceptibles when accounting for the infectious person in Zone
1. The initial concentration of pathogen in the air is taken to be Cyp = 0 in each zone.

Equations (3.3) and (3.4) were solved over a time period of < 8h meaning that it is
reasonable to assume that the occupancy does not change and that this is within the
incubation and latent period of the individuals who become exposed i.e., there are no

new infectious individuals.

3.3.1.2 Effect of Ventilation Rate

Figure 3.1c shows the solution to the transient system (Equation (3.4)) for concentration
of airborne quanta at 3 ACH (as used in Noakes and Sleigh [2009]) for each zone. This is
plotted together with the steady-state (Equation (3.5)) concentration of pathogen in the
air (dashed lines) in each zone. The results show that there is a substantial difference
between the steady-state solution and transient solution within the first hour. When
using the steady-state model, as commonly used within the Wells-Riley model (Wells
et al. [1955], Riley et al. [1978]), there is an overestimation of the likely concentration,
which is due to the time taken for the concentration to build up in the space. For exam-
ple, the infectious person is fixed in Zone 1, however for the steady-state assumption at

time t = 0 in Zone 2, the concentration level is non-zero and is in fact, over half of the

90



3.3. RESULTS

value of the zone where the infectious person is present. This is clearly unrealistic and
is better approximated by the transient solution, as it takes a non-negligible amount of
time for the concentration of pathogen to flow into the adjoining Zone 2 from Zone 1
and begin to increase.

0.20

=}
-
w

0.06

Concentration [gm™~3]
o
s
o
Concentration [gm~—3]

o
=}
a

0.00 1

0 1 2 3 4 5 6 7 8 0.0 0.5 1.0 1.5 2.0 2.5 3.0
Time [hr] Time [hr]
(a) 0.5 ACH (b) 1.5 ACH
0.07
Concentration
0.04 1
0.06 4 —— Zonel
TE 0.05 4 "‘: Zone 2
s 5003 Zone 3
§0.044 B Zone 4
B ® i
£ 0.031 £ 0.02 1 Zone 5
9] @ Zone 6
g g
S 0.02 4 S Zone 7
© © 0,01
: Zone 8
0.014 Zone 9
0.00 0.00

0;0 0?5 1?0 1j5 2?0 Zj5 3t0 O.IO 015 le 1j5 2?0 2j5 310
Time [hr] Time [hr]
(c)3 ACH (d) 6 ACH

Figure 3.1: The solution for the quanta concentration in the air with the transient solu-
tion (solid) and the steady-state solution (dashed) for various ventilation rates for the
fixed infector case.

The solutions for the quanta concentration with two lower ventilation rates are plot-
ted in Figure 3.1a and Figure 3.1b, where the extract ventilation is changed to Q; =
0.5m*min~! and Q; = 1.5m®min', equating to 0.5 ACH and 1.5 ACH, respectively.
As expected, as the ventilation rate in the space reduces, the overestimation in the
steady-state model becomes more significant. In Figure 3.1a, the simulation was ex-
tended to 8 h to illustrate that the transient concentration solution does not reach steady-
state until close to 7 — 8 h, which is considerably longer than in the initial case of 3 ACH
and even the case of 1.5 ACH, regardless of the fact that the steady-state value is much
lower with both 3 ACH and 1.5 ACH. In addition to the effects on the accuracy of the
model used, the change in ventilation rate also affects the absolute value of the tran-
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sient and steady-state concentration of quanta in the space. For example, in the case
of 3 ACH, even though the steady-state is reached significantly faster than for a lower
ACH, the predicted steady-state quanta concentration is much lower, illustrating the
positive effect of ventilation on the mean concentration of quanta.

A fourth case with Q; = 6m®min~! equating to 6 ACH is also presented in Figure
3.1d, showing the transient quanta concentration solution. This case was included as
6 ACH is the recommended ventilation rate in UK NHS hospital wards (NHS England
[2021]). At 6 ACH, the transient model reaches the steady-state value in around 30 min,
considerably faster than in the other cases, although it is important to note that the
steady-state value is lower than in the other cases. This would further increase in spe-
cialist environments such as intensive care wards where ventilation rates of 10 ACH
are typically recommended. Although in reality many hospital wards do not reach the
recommended standard, particularly where they are naturally ventilated, the results
here suggests that should hospital wards be ventilated at 6 ACH, the transient effects
become less significant and the steady-state model gives a reasonable approximation.

To illustrate this difference further, if the first 30 min of an outbreak on a hospital ward
are considered, which is sufficiently prior to the stage at which any of the ventilation
scenarios reach the steady-state value, then the relative difference between the transient
concentration solution and that of the steady-state at { = 30 min can be compared; this

is shown in Figure 3.2 for 3 different zones plotted against increasing ventilation rate.

The results in Figure 3.2 show that how appropriate the steady-state model is depends
on both the ventilation rate and the zone. The higher the ventilation rate, the smaller the
difference is between the two models and so the better the steady-state approximation
becomes. However, a significant overestimation is evident in some zones. The steady-
state approximation is closest to the transient model when the infectious individual
is present in the same space. At 3 ACH, Zone 7, which is furthest from the infected
individual, is overestimated by almost 80% using a steady-state model, compared to
less than 10% difference in Zone 1. At 6 ACH, it can be seen that although the transient
effects are are less important close to the infectious individual (i.e., in Zone 1 or 2), as
one moves further away, these effects again become more significant. In Zone 7, there
is a difference of over 40% between the two models. This being said, as the steady-state
concentration is lower at a higher air change rate, as can be seen from Figure 3.1d, the
quanta concentration value in this zone is very small compared to all other cases.

These results demonstrate that when using these models in complex multi-zone en-
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Figure 3.2: The relative difference between the concentration values of the steady-state
and the transient solution at t = 30 min for Zone 1 (zone with infector present), Zone
2 (zone adjacent to the infector), and Zone 7 (zone furthest from the infector) with 4
different ventilation settings for the fixed infector case.

vironments, there will still likely be zones or time periods for which a steady-state
assumption gives an overestimation. Although in terms of a risk assessment this po-
tentially errs on the side of caution, it can also lead to underestimates in quantifying
outbreak parameters. If the zonal flows are not considered, as shown in Noakes and
Sleigh [2009], it can result in a significant underestimation of infectious quanta emission
where models are used to “back calculate” from an outbreak. Although not explicitly
demonstrated here, the converse would also be true. Once an infectious person has
left a space, the steady-state model returns immediately to zero, which would therefore
underestimate the transient model, failing to capture the decay curve that would be
experienced in reality.

The consequences of the overestimation of the transient quanta concentration solution
translates into the expected cumulative exposures over time. Figure 3.3 shows the so-
lution for the exposures compartment of the SE model for four different ventilation
rates in terms of total exposures across all susceptible people within the respiratory
ward rather than in each zone. This illustrates the overall difference between using the
steady-state concentration model versus the transient model and how this affects the
number of estimated exposures, which again is being overestimated when using the
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solution from the steady-state concentration.
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Figure 3.3: The solution for the exposed compartmental model using the transient
solution for concentration of pathogen in the air (solid) and the steady-state solution
(dashed) for various ventilation rates for the fixed infector case.

When considering lower ventilation rates, as previously done in Figure 3.1a and Figure
3.1b, where the overestimation for the concentration is higher, this consequently trans-
lates into a larger difference between the estimated exposures compartmental model
when using the steady-state concentration versus the transient (Figure 3.3a and Figure
3.3b). It is also worth highlighting the increase in the overall quanta concentration in
each space and thus, an increased number of exposures. Despite this being an expected
consequence, it illustrates the effects that ventilation has on an outbreak, reducing the
overall risk of transmission.

As expected, at the recommended ventilation rate of 6 ACH (Figure 3.3d), there is very
little difference between the predictions for the number of exposed individuals and
that after the 4 h period, not even 1 exposure is predicted. This highlights the benefits
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of good ventilation within spaces when trying to reduce transmission.

3.3.1.3 Varying The Quanta Emission Rate

Figure 3.4 explores the relative difference between the cumulative number of exposed
individuals by time t = 4h plotted against increasing ventilation rate, when using
the steady-state concentration solution versus the transient solution for varying quanta
emission rates.
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Figure 3.4: The relative difference between the predicted exposures from the epidemic
model when using the steady-state versus the transient solution for concentration of
airborne pathogen for 3 different quanta emission rates across 4 different ventilation
settings for the fixed infector case.

As seen previously in the concentration data in Figure 3.2, overestimation using the
steady-state model is also seen in the exposures. This decreases as the ventilation rate
increases with a difference of more than 40% in predicted exposures between the two
models with a ventilation rate of 0.5 ACH compared to around 10% when the venti-
lation rate is 3 ACH. The results in Figure 3.4 show a small effect of the quanta emis-
sion rate, with the greatest difference at low ventilation rates; as the ventilation rate
increases to 3 ACH and beyond, there is negligible difference between the two models
for different emission rates. At 6 ACH, the relative difference between the two models
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is < 5%, regardless of the infectiousness of an individual, again suggesting that the rec-
ommended ventilation rates for hospital wards in the UK likely eliminate the need for
consideration of transient effects, except for very short duration events, regardless of
the quanta emission rate. However, in scenarios with poor ventilation, it is possible to
experience different accuracy when using steady-state versus the transient assumptions
and it is important to consider the infectiousness of an infector. Results for the concen-
tration solution, exposure solution and the relative difference between the steady-state
solutions and transient solutions, illustrate that ventilation rates in a scenario are the
main driving factor that are likely to determine the outcome of an airborne outbreak

and also whether a transient or steady-state approximation is most appropriate.

3.3.2 Case Study 2: Transient Infectious HCW
3.3.2.1 A Real Respiratory Ward

In this second case, a different, more realistic geometry was used. A 12-zone geometry
subset was chosen that consisted of a ward layout containing patient single and multi-
bed wards, HCW and treatment room environments. The geometry (Figure 1.2) is used
for the simulations with a transient infector where: Zones 1 and 2 represent 4-bed bays
(with 4 susceptible people in each); Zones 3 and 4 represent single rooms (with 1 sus-
ceptible person in each); Zone 5 is the nursing station (with 4 susceptible people and
1 initial infector); Zone 6 is a connecting corridor split into 3 zones, namely Zone 6a,
6b, and 6¢ (with 4 susceptible people in total, representing staff); and Zones 7-10 are
clinical treatment rooms (with 6 susceptible people across these zones - 3 in Zone 8§, 2
in Zone 9 and 1 in Zone 10 ). There are a total of 24 fixed susceptible people, with 1
infector who is allowed to move through the space following a pre-defined schedule.
This gives initial conditions for the epidemic model as Sp = (4,4,1,1,4,1,2,1,0,3,2,1),
Ey = 0 for each zone, and Iy = 1 in Zone 5 only and is zero for all other zones. The
transient infector moves from one zone to another in time, but once they are in a par-
ticular zone, the interaction with specific patients is not considered and the focus is on

modelling the airborne concentration and exposure in the whole zone.

In order to allow the infector to move around the space, it was necessary to have a
realistic schedule. Information provided by a senior clinician on the typical number of
times a HCW visited a patient was used to define typical activities, as shown in Table
3.1. This is not based on observational data, but is instead designed to be representative
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Bed Observations  Drug round Medical Total Visits
review
Bay 1-Bed 1 7 4 1 12
Bay 1-Bed 2 8 4 1 13
Bay 1 - Bed 4 8 4 1 13
Single Room 1 4 3 1 8
Single Room 2 7 4 1 12

Table 3.1: Frequency of HCW visits to patients for chosen zones on a UK Respiratory
ward for a typical 24 hour period.

and demonstrate the effects of movement.

From Table 3.1, the average number of visits to a bed per day is 11.6 per 24 hour period.
Taking this as ~ 12 per day, it was assumed that } of the visits were at night and 3 of
the visits during a 12 hour daytime period. This gave an estimate of 8 visits throughout
a 12 hour daytime period which is approximately one visit every 90 min to each bed.
Working on the basis that across two 4-bed bays and two single rooms there are 10
beds in total from the chosen geometry (Figure 1.2), this gives an approximate time of
9 minutes per visit per bed. For a 4-bed bay it was assumed that approximately 35
minutes were spent on each at one time, and a single-bed room taken as 10 minutes per
round. This then leads to the following schedule:

1. Infectious HCW sets up at nurse station for 30 min - Zone 5

2. Infectious HCW visits Bay 1 to complete round lasting 35 min - Zone 1

3. Infectious HCW visits Bay 2 to complete round lasting 35 min - Zone 2

4. Infectious HCW visits Single Room 1 to complete round lasting 10 min - Zone 3

5. Infectious HCW visits Single Room 2 to complete round lasting 10 min - Zone 4

This schedule lasts for 2 hours, which is then repeated creating a 4 hour simulation,
with 2 visits to each bed within the period of modelling. Movements such as between
zones through corridors have been ignored and assumed to be sufficiently short in

duration to have no significant effect.

97



3.3. RESULTS

Elements Number CONTAM Airflow Type
Top-hinged Window 1,4,7,10,34,37,40,43 TWE/TO
Sash Window 2,5,8,11,35,38,41,44 TWEF/TO
Double Door 13,15,17,20 TWE/TO
Single Door 26,28,30,32 TWE/TO
Under-door Gap 14,16,18,21,27,29,31,33 TWE/TO
Leakage 3,6,9,12,36,39,42,45 One-way Flow Using
Powerlaw /Crack
Description
Corridor End 22,25 One-way Flow Using
Powerlaw /Orifice Area
Data
Corridor (Long) 19,23,24 TWE/TO

Table 3.2: Airflow element descriptions, corresponding element number in Figure 3.5,
and the boundary condition defined within the CONTAM model for the 12-zone respi-
ratory ward in this chapter (Chapter 3). TWF/TO, Two-way Flow /Two-opening

A CONTAM model of the airflow was used to obtain realistic inter-zonal flow rates,
Bij, following the methodology in Section 3.2.2. The CONTAM set-up in Figure 3.5
shows the location of airflow openings with an arrow illustrating the positive airflow
direction. Table 3.2 shows the corresponding description to each of the openings. The
building orientation, windows, and doors were used to determine ward inter-zonal
flows for three steady-state ventilation rates, 0.5 ACH, 1.5 ACH and 3 ACH. In the
CONTAM model, the windows remained closed for the full duration of the simula-
tion. It is assumed that doors between zones remained closed throughout, apart from
when they were open for a 1-minute period to simulate the transient infectious HCW
moving in and out of that particular zone. The inter-zonal flow rates were then used
in the equation for multi-zone concentration of airborne pathogen (Equation (3.2)) as
discussed in Section 3.2.2. As previously, the quanta emission rate of infectious indi-
viduals is taken to be gy = 0.5 quanta min~!, Vk (Noakes and Sleigh [2009]) and the
pulmonary breathing rate of all individuals is taken to be py = 0.0lm3min~!, Vk.
The initial concentration of pathogen in the air is taken to be Cy = 0 in each zone.
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Leakage Leakage Leakage Leakage
Opening 1 - 12 (From left to Right) -->> 00— - 00— 00— 000
| |
| |
| 1
Opening 13 - 16 (From left to Right) -->> 3:; 00
(W] | (o]
Opening 17 - 21 (From left to Right) -->> 0 OO B <r - C OO
Opening 22 - 25 (From left to Right) -->> @ . O | 4 !
@ - 4 . s 4
0
Opening 26 - 33 (From left to Right) -->> 00 00 00 00
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Postive Flow
Direction
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. @
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Figure 3.5: CONTAM model set-up, illustrating the geometry, airflow elements (small
diamonds) and corresponding number (opening numbers on the left of the figure) and
the arrow illustrating the direction taken as positive for the airflow. The corresponding
airflow element type to each number can be seen in Table 3.2 and Table 4.1 for the
appropriate model in this chapter and Chapter 4, respectively. The square icon in each

zone contains the zonal set-up.
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3.3.2.2 Effect of Ventilation Rate

Figure 3.6 shows solutions for the transient concentration of airborne quanta for three
ventilation rates, alongside the steady-state solution. For clarity, only the solution for
the 5 zones in which the infector visits have been included on this plot. Due to the tran-
sient infector moving through the zones at different time periods, different dynamics to
the concentration solutions seen in the fixed infector case (Figure 3.1) can be observed.
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Figure 3.6: Modelled concentration of pathogen in the air for the transient solution
(solid) and the steady-state solution (dashed) for three ventilation rates for the transient
infector case.

The overestimation by the steady-state approximation is still present, but is much more
varied than when the infectious individual is at a fixed location. For example, when
the infectious person is in Zone 1, the transient quanta concentration almost reaches
the steady-state value by the time the infectious person leaves, whereas in Zone 3, the
peak transient concentration is less than half of the steady-state value.

100



3.3. RESULTS

Unlike the steady-state approximation which immediately returns to zero concentra-
tion when the infectious person leaves, the transient model captures the dilution rate
of the quanta in the air over time. The time period for this dilution depends on ven-
tilation rate, and for lower ventilation rates it is possible to see that the concentration
never returns to zero (e.g., Figure 3.6a). By the time the infectious person returns for
the second ward visit, the quanta concentration is compounded and thus, upon leaving
for the second time the airborne concentration is higher than after the first visit.

A similar effect can also be seen with zones where the infectious person is not present,
but are linked through airflow to the zone where the infectious person is. Here, an
opposite effect can be seen where the concentration of pathogen is non-zero and be-
gins to increase despite the absence of an infector. This is due to the effects of mixing,
ventilation and inter-zonal airflow. The steady-state model fails to capture this gradual
increase in other zones. The steady-state model does show a non-zero concentration
in connected zones but these are small, and the presence of an infector dominates. For
example, in Figure 3.6a, when the infector is in Zones 3 and 4, it is possible to observe

a non-zero concentration in Zone 5, a directly connected zone.

Figure 3.7 shows the relative difference between the steady-state and transient models
for Zone 5 (the nurse station), and Zone 3 (a single-bed room) for the concentration of
pathogen solution. By using these two different zones, it allows for a different room
volume in each case and a different length of visit by the infectious person. In both
cases, the relative difference has been calculated at the end of the first visit and at the
end of the second visit to explore the effects of compounding and dilution due to the
movement of the transient infector and inter-zonal flow connections in a multi-zone
system.

Zone 5 (Nurse Station) has a smaller relative difference between models and is therefore
better approximated by the steady-state than Zone 3 (single-bed room). The difference
between the two rooms increases with the ventilation rate. However, the infectious per-
son spends only 10 minutes in the single room, as opposed to 30 minutes in the nurse
station which is also likely to be a major contributor to the difference between the two
models. The longer the infectious person stays in a zone, the closer the quanta concen-
tration will get to the steady-state value; since the focus is on the relative difference, the
zone with the infectious person present for the longest time will have a smaller relative
difference between the two models. As previously, the higher ventilation rate, the better
the approximation by the steady-state model regardless of the time spent in the zone,

and this can be seen for both zones. Other factors such as volume and time can also
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Figure 3.7: The relative difference between the concentration values of the steady-state
and the transient solution for Zone 5 (the Nurse station), and Zone 3 (a single-bed room)
after the first and last visit with 3 different ventilation settings for the transient infector
case.

increase the effects of ventilation on the accuracy of the steady-state approximation for
a particular zone. For example, in the single room, upon increasing the ventilation rate
from 0.5 ACH to 3 ACH, the steady-state model is around 30% more accurate, whereas
in the case of the slightly bigger volume and longer visitation of the nurse station, this
increase is closer to around 50%.

As previously mentioned, there is evidence that other zones are affected by the infec-
tious air transported from connecting zones when the infector is not necessarily present,
or that the transient model describes a decaying airborne concentration when the infec-
tious individual leaves a zone. This can be illustrated by focusing on each zone in turn
in Figure 3.7. When comparing the relative difference at the end of the first ward visit
compared to the second visit, at higher ventilation rates the steady-state approximation
for the first and second visit is very similar. However, at the lowest ventilation rate, the
overestimation by the steady-state model decreases from the first visit to the second.
This demonstrates the uncertainty of a steady-state model for approximating transient
multi-zone environments. For scenarios with low or varying ventilation in multi-zone

spaces of varying geometry, it would be difficult to characterise the accuracy of the
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steady-state approximation due to the added transient effects from the infectious per-
son moving around the space. This difference is eliminated with increasing ventilation
rate, where the steady-state approximation not only becomes better, but there is little
difference between each visit during the simulated time period. This analysis demon-
strates the added complexity that is introduced by an infectious person moving around
a space which is ubiquitous in real-life scenarios, and how the transient model is able

to capture this with greater consistency.

In a similar way to Case Study 1, any overestimation experienced through using a
steady-state model for the concentration of pathogen instead of the more accurate tran-
sient version leads to an overestimation in the predicted number of exposures as well.
This is illustrated in Figure 3.8, showing the solution for both steady-state and transient
models of the exposed compartment of the SE model across the whole ward for three

different ventilation rates.

It is worth noting that in Chapter 2, specifically Figure 2.1, the steady-state concentra-
tion solution is equal to that of the transient solution when considering a period that
extends long after the infector leaves. Although the period after the infector leaves is
considered here, the infector returns to the same zone < 2 h after they initially left. Ad-
ditionally, this is a multi-zone scenario (compared to a single zone scenario in Section
2.3.1) where the concentration in a given zone is also influenced by possible concentra-
tion flux to or from connected neighbouring zones, which in this scenario, also have
the possible presence of an infector. This further contributes to the difference in the

transient and steady-state solutions for the concentration of pathogen in the air.

These results show that the differences between steady-state and transient model con-
centrations are translated into the risks predicted through the epidemic model. This
follows the same pattern observed in the fixed infector case with the steady-state model
overestimation becoming greater as the ventilation rate decreases. Another notable fea-
ture in Figure 3.8 is the variation as the transient infector moves around. Unlike the case
with the fixed infector, the periods where the infector moves are reflected with varying
overestimation at each period. For example in the first 30 minutes in Figure 3.8b, it is
possible to observe the steady-state solution begin to look like it could diverge from
the transient model as opposed to being a linear overestimation. This gives motivation
for further analysis into a zonal-level analysis rather than on a population level. For
example, by looking into the effects of extending the period of time when an infectious
person is present during a drug round.
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Figure 3.8: The solution for the exposed compartmental model using the transient so-
lution for quanta concentration in the air (solid) and the steady-state solution (dashed)
across the whole ward for three ventilation rates for the transient infector case.
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The effects of the ventilation rate on the overall number of exposures can also be seen
in Figure 3.8. As in the fixed infector case, increasing the ventilation rate reduces the
quanta concentration in each zone and thus, potentially the total number of exposures

in an outbreak.

3.3.2.3 Varying Quanta Rates

In Figure 3.9, the relative difference of the final exposed value (! = 4h) from the ex-
posed compartment of the SE model across the whole ward can be seen for three venti-

lation rates, and for three different quanta production rates.
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Figure 3.9: The relative difference between the predicted exposures from the epidemic
model when using the steady-state versus the transient solution for concentration of
airborne pathogen across the whole ward for 3 different quanta emission rates across 3
different ventilation settings for the transient infector case.

A very similar outcome to the fixed infector case can be seen. The difference between
models decreases as the ventilation rate is increased, and the relative difference for each
quanta production rates align; for the well-ventilated case, all three quanta production
rates display an almost identical overestimation when using a steady-state approxima-
tion. Despite having a transient infector moving around the space, the model accuracy

for the well-ventilated case is similar when predicting exposures whether using a tran-

105



3.4. DISCUSSION AND CONCLUSION

sient or steady-state concentration model. Given that the transient infector case uses
more realistic inter-zonal flow values than in the fixed infector model, a greater differ-
ence in the two results may have been expected. This provides motivation for further
analysis into the inter-zonal flows and mixing rates, and the possible effects these could

have on the outbreak dynamics.

3.4 Discussion and Conclusion

Through extension of an equation for the concentration of airborne pathogen to a multi-
zonal environment and a coupling with an SE epidemic model, this chapter has demon-
strated the ability to analyse the potential importance of transient effects on outbreaks
in multi-zone indoor spaces. By considering a transient solution of the multi-zone con-
centration, rather than the more commonly applied steady-state Wells-Riley model, one
can better predict the likely quanta concentration in indoor environments and how this
may affect the transport of airborne pathogens to neighbouring spaces. Through var-
ious occupancy, ventilation and quanta emission scenarios, a comparison of the two
models has shown the importance of considering transient effects and the ability of the
transient model to capture some of the complexities experienced when attempting to
model real-life scenarios. Additionally, even when considering the transient solution,
the numerical model has a computational time of 1.23 s for the fixed infector case, and
1.59s for the transient infector case. Given that this includes the steady-state model
calculation and comparison as well, it demonstrates no computational benefit in using
the steady-state model in place of the transient model for these scenarios. This con-
sequently leads to a better prediction of exposures during an outbreak, and thus, the
potential for better implementation of mitigation strategies and resources to situations
which would benefit the most.

It is important to highlight that the steady-state model may result in a “worst-case”
style of analysis which may be applicable and even favourable in certain scenarios.
Using the steady-state approach when planning interventions such as ventilation de-
sign can result in a “safety factor” to provide resilience in design. It is also likely to
be appropriate for longer time period scenarios where the infector can be assumed to
be fixed in one location, although the zonal variation in concentration still needs to be
considered. However, when this is applied to short timescale events, and a moving
infector, the differences between the models are non-negligible. In using such models

to inform management or temporary environmental interventions in a hospital setting,
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where resources are often scarce and bed occupancy is high (Dowd [2021]), it is impor-
tant that methods can offer efficient and realistic assessments to pragmatically deploy
resources. Using a transient approach can allow for a more realistic representation of
complex scenarios, where the model presented is versatile and adaptable, making it
suitable for many outbreak scenarios and disease settings.

With the use of ventilation rates between 0.5 and 6 ACH, the benefits of increased venti-
lation rates on various scenarios have been shown. Increasing the ventilation rate leads
to an overall reduction in the total quanta concentration in a given space and the con-
sequent number of exposures resulting from an infector. At higher ventilation rates,
there is less variability between the model predictions, with the expected exposures in
an environment less dependent on the choice of parameters in models. It is also worth
noting that despite the variation in ventilation rates through the models, the inter-zonal
flow rates remained fixed for each scenario. This assumption may not hold in reality,
and the inter-zonal flow rates would most likely change alongside the ventilation rates,

which is something that should be considered in future work.

One of the main limitations of a study such as this is validation. Although sensitivity
to ventilation rates, emission rates and the behaviour of an infector were explored, the
work presented in this study is based on a model calculation. Previous work has shown
that the Wells-Riley model can match transmission rates observed in large outbreaks
(Peng et al. [2022]). There is also evidence of airborne transmission between neigh-
bouring spaces including for COVID-19 in quarantine hotels (SAGE [2021]) and hospi-
tal wards (Jung et al. [2021]). Airflow models such as CONTAM have also had prior
validation (Haghighat and Megri [1996]), and initial comparison between the CON-
TAM model of the respiratory ward and CO, measurements in the ward suggest that
the airflow used in this chapter is realistic. Although it is clear that this work would
benefit from observational validation of an outbreak, this is extremely difficult in com-
plex multi-zone settings in a busy hospital ward. In practice, it is almost impossible to
identify exactly where an infection originated and the direct and indirect contacts of an
infector, especially when considering long-range exposure in a hospital environment.
Exposure is complicated by multiple shift patterns, staff changes, movement within and
between rooms, multiple zones and identifying whether the infection was airborne or
contracted via an alternative route such as fomite transmission. The models in this
chapter also only consider the far-field airborne exposure, and do not include the po-
tential for exposure to higher concentrations of aerosols and droplets when an infector

has close-range interaction with a susceptible individual. In the future, this work could
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explore validation and close-range exposures via a CFD study, but this would likely be
limited to a single room split into multiple zones as a multi-zone ward geometry such
as the one used here would be impractical and computationally expensive to replicate

over an extended time period.

Despite the successful demonstration of the transient model, it is likely that there are
certain scenarios where a steady-state approximation would be sufficient. However,
this chapter has demonstrated that these need careful consideration, with the duration
of time the infector spends in the room, the ventilation rate and the inter-zonal flows all
affecting whether the model is appropriate. Further work should apply these models
to a much broader set of scenarios exploring further the effects of variable ventilation
rates with weather and season (see also Chapter 4), inter-zonal flows and mixing, and
occupancy behaviours. However, through this approach, the ability to better repre-
sent more realistic scenarios has been illustrated and future work on specific outbreak
scenarios will hopefully establish its value further.
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Chapter 4

Transient Airflow, Weather and

Airborne Transmission

Driven by historical design, many UK hospitals rely heavily on natural ventilation as
their main source of airflow in patient wards. This uncertain method of ventilation
leads to unpredictable flow patterns between indoor spaces, potentially causing the un-
expected transport of infectious material between connecting zones. However, effects
such as weather conditions are often overlooked by steady-state transmission models.
To analyse the effect on inter-zonal airflow, a multi-zone CONTAM model of a nat-
urally ventilated hospital respiratory ward is proposed in this chapter, incorporating
transient weather. In addition to the inter-zonal flow rates, the ventilation rates from
the CONTAM model are coupled to the transmission model presented in Chapter 3 to
give an assessment of the risk in inter-connected spaces, focusing particularly on occu-
pancy, disease and ventilation scenarios based on a UK respiratory ward. The results
suggest that natural ventilation with varying weather conditions can cause irregulari-
ties in the ventilation rates and inter-zonal flow rates of connected zones and thus, lead
to infrequent but high peaks in the predicted concentration of airborne pathogen in
particular rooms. This transient behaviour is shown to significantly increase the risk of
infection, particularly through movement of airborne pathogens between rooms, and
highlights that under certain conditions large outbreaks may be more likely. It is also
shown how the ventilation rates achieved by natural ventilation are likely to fall below
the recommended guidance, and that the implementation of supplemental mechanical
ventilation can both increase ventilation rates and reduce the variability in infection

risks. These results emphasise the need for consideration of transient external con-
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ditions when assessing the transmission risk of airborne infection in indoor environ-

ments.

Chapter 4 contains material from the jointly authored publication:

Edwards, AJ, King, MF, Lépez-Garcia, M, Peckham, D and Noakes, CJ, As-
sessing the effects of transient weather conditions on airborne transmission
risk in naturally ventilated hospitals. Journal of Hospital Infection, 2024, Vol-
ume 148, pp.1-10.

https://doi.org/10.1016/j.jhin.2024.02.017

The code and data for this manuscript are available at https://github.com/scaje/
Contam_study_AJE.
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4.1. INTRODUCTION

4.1 Introduction

In order to successfully model infection risk in indoor spaces, it is important to use
the most representative models. However, the majority of the current models over-
look the importance of transient effects and a multi-zone approach (as discussed in
Chapter 3). Modelling studies have begun to consider multi-zone approaches (Noakes
and Sleigh [2009], Lopez-Garcia et al. [2019]), highlighting the importance of connected
spaces when considering airborne contaminant transport (Hodgson et al. [2004], Guyot
et al. [2022]) with more recent work providing evidence of transmission to neighbour-
ing zones (Jung et al. [2021], SAGE [2021]).

There is a strong association between ventilation and the control of indoor airflow in
preventing the transmission of airborne infections (Li et al. [2007]). UK guidance states
that most hospital wards should have fresh air ventilation rates of 6 ACH (NHS Eng-
land [2021]). However, a large proportion of hospital wards rely heavily on natural ven-
tilation, and this can be problematic as the ventilation rate is highly dependent on con-
ditions such as external climatic and weather conditions, and the opening sizes of win-
dows, doors or leakage (Park et al. [2021]). Although some experimental studies have
reported high levels of natural ventilation (Escombe et al. [2007], Qian et al. [2010]),
these discuss how natural ventilation is uncertain and difficult to control, accompanied
with the suggestion that mechanical ventilation may be a more reliable choice (Qian
et al. [2010]). In addition to these factors, the behaviour of the occupants should also
be considered with thermal discomfort being an issue (Qian et al. [2010], Park et al.
[2021]), and efforts to improve energy efficiency and safety features reducing the effi-
cacy of natural ventilation (Gilkeson et al. [2013]).

One of the main factors affecting natural ventilation and the resulting airflow is external
weather conditions. Previous studies have considered the impact of seasonality and
various weather conditions on disease transmission (Pica and Bouvier [2012], Li et al.
[2014], Mao et al. [2015], Sady$ [2017], Dbouk and Drikakis [2020, 2021, 2022a], Pani
et al. [2020], Habeebullah et al. [2021], Das et al. [2022]), suggestive of the need for the
use of varying weather effects within models. CONTAM allows for the use of transient
weather conditions within models (Myatt et al. [2010], Garcia-Tobar [2019], Zhu et al.
[2020], Reichman and Dubowski [2021]), as highlighted in Chapter 1.

In this chapter, CONTAM is used to simulate airflow in a multi-zone naturally venti-
lated respiratory ward and a previous infection risk model is then used, which allows

for the coupling of the airflow solution with an SE-based transmission model (Chapter
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3). Through this coupling, the effects of transient weather conditions on indoor air-
flow and risk of infection were assessed, applying the methodology to a specific fixed-
occupancy scenario over longer time scales, and the variability in exposure to infection

under different ventilation conditions was explored.

4.2 Methodology

4.2.1 Airflow Simulations

The airflow approach and the chosen geometry (Figure 1.2) are the same as those pre-
viously used in Chapter 3. The CONTAM model set-up is illustrated in Figure 3.5 with
the corresponding description of each airflow element seen in Table 4.1, which is based
on the same model used in Chapter 3. It is worth noting that the CONTAM set-up dif-
fers slightly to that used in Chapter 3, hence an updated version of Table 3.2 is included
here (Table 4.1). In addition, no movement of people was modelled in this chapter. The
windows were assumed to remain open and doors closed for the full duration of the
simulation. There was a corresponding leakage element for the windows and doors in
each zone. It is important to highlight the restriction of the window openings, mean-
ing that when these are modelled as “fully open”, this is much smaller than may be
initially imagined (see Section 1.6.1). In addition, the discharge coefficient for a “top-

hinged window” was reduced to 0.4 to mimic this opening limitation.

The full dimensions can be found in Table 4.1, including updates from the model pre-
sented in Chapter 3 such as the distinction between double door types, the open bay
nurse station, and the choice of flow path for the end of corridor. The flow element to
represent the end of each corridor (numbers 22 and 25), which in reality leads to the
rest of the building, was represented as a leakage flow element the same size and air-
flow type as the “under-door gap”, to the ambient environment. This is a reasonable
assumption as in reality, a door would be here that leads to other parts of the building,
meaning that this airflow element is essentially modelled as a closed door, consistent
with the rest of the model. Additional calculations or further assumptions were not
necessary to implement this, and this still allows for the removal of contaminants and
the entry of ambient air, which would be expected if modelling the building as a whole.
Internal zones (zones without windows; namely Zones 5-8) have an internal tempera-
ture of 25 °C, External Zones (zones with windows; namely Zones 1-4 and 9-12) have

an internal temperature of 22 °C.
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Elements Number Size (Height x CONTAM
Width [m]) Airflow Type
Top-hinged 1,4,7,10,34,37,40, 0.57 x 0.97 TWF/TO
Window 43
Sash Window 2,5,8,11,35,38,41, 0.20 x 0.79 TWE/TO
44
Double Door A 17,20 2.18 x1.80 TWE/TO
Double Door B 13,15 2.06 x 1.40 TWE/TO
Single Door 26,28,30,32 2.06 x 0.90 TWE/TO
Under-door Gap A 18,21,22,25 0.01 x1.80 TWE/TO
Under-door Gap B 14,16 0.01x1.40 TWE/TO
Under-door Gap 27,29,31, 33 0.01 x 0.90 TWE/TO
(single)
Window Leakage 3,6,9,12,36,39,42, 1.76 x 0.01 One-way Flow
45 Using
Powerlaw /Crack
Description
Open Bay 19 2.39 x 6.03 TWE/TO
Corridor (Long) 23,24 2.39 x2.04 TWE/TO

Table 4.1: Airflow element descriptions, corresponding element number in Figure 3.5,
and the boundary condition defined within CONTAM model for the 12-zone respira-
tory ward in this chapter (Chapter 4). TWF/TO, Two-way Flow /Two-opening
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Let us recall the fundamental equations that are used in the CONTAM simulation pre-
sented, but are not re-stated here; Equation (3.6) representing the air mass balance equa-
tion, and Equation (3.8) representing the power law equation for calculating the mass
flow rate, both originally presented in Chapter 3.

In this chapter, the airflow simulations were solved transiently over a period of 6-

months from April 1%t - September 30t

2021 and the calculation time step was 30 min.
A transient weather file was used to represent the external environmental conditions
throughout the simulation such as wind speed [m s~ 1], wind direction [°], outdoor air
temperature [°C], and barometric pressure [Pa]. This was a local weather file for the
Leeds area for the year of 2021 (Climate.OneBuilding [2022]). The weather data has an
average air temperature of 10.18 °C, an average barometric pressure of 100785.61 Pa,
an average wind speed of 4.40ms~!, and an average wind direction of 226.68° (south-
westerly wind). A wind rose plot of the weather data can be seen in Figure 4.1. The
weather file was converted to the correct format required for CONTAM using the Weather

File Creator 2.0 (NIST [2023b]).

In order to convert the wind speeds to pressures on the facade of the building, CON-
TAM uses wind pressure coefficients (WPC) for each zone k, Cpy. These coefficients
are related to the wind pressure as shown in Equation (3.9) (Persily and Ivy [2001]).
If no WPC are used then the pressure difference across the opening is unaffected by
wind speed, which is not realistic. CONTAM provides a library of wind pressure pro-
files (Persily and Ivy [2001], NIST [2023a]), specifically for low-rise rectangular build-
ings based on the work by Swami and Chandra [1988]. In this study, S&C_3_long &
S&C_3_short are used on the longest and shortest side of the building, respectively,
with the choice based on the ratio of each wall size with Length = 3 x Width, where
Cpi(0) = 0.6. It is important to emphasise that the only factors varied within the
simulations were the weather conditions, and all other boundary conditions remained

constant.

4.2.2 Transmission Model

The airborne infection transmission model used in this study is outlined in Chapter 3,
which couples the transient concentration of a pathogen in the air with an SE epidemic
compartmental model, shown in the Equation (3.3) and accompanying solution from
Equation (3.2).

The transmission model allows for the use of airflow simulation results to be exported
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Figure 4.1: A wind rose plot illustrating the wind speed and wind direction from the
weather file for the Leeds area for the year of 2021.
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from the CONTAM model and used within the system of equations to inform param-
eter choice. In Chapter 3, only the inter-zonal flow values (f;;) were imported and the
relationship between this and the air mass balance equation (Equation (3.6)) can be seen
in Equation (3.7). However, in this chapter, a fully coupled transient version is used. In
the same way as the inter-zonal flow values, the airflow from the windows and corre-
sponding leakage elements in the CONTAM solution are now exported. These values
are then used in the transmission model as the extract ventilation rates (Qy), represent-
ing the natural ventilation. For the case of natural ventilation only, the following rela-
tionship between the CONTAM simulation (Equation (3.6)) and the extract ventilation

in the transmission model is provided:

Mo Mok 5
/ Z >
Q= o if myo > moy 1)

0 otherwise.

In Section 4.3.2.2, natural ventilation is explored alongside mechanical ventilation. For
the mechanical ventilation, an air handling system is used in CONTAM to define the
extract ventilation, which uses fresh air from the ambient environment to supply the re-
quired volume to the system, with the ventilation distributed equally across the zone.
A balance of supply and extract ventilation was assumed in each zone, so as not to cre-
ate any additional pressure differences in the ward. For the case of natural ventilation

with mechanical ventilation, Equation (4.1) becomes:

(myo—mo )+
= Ok
Qk s

Pk

lf mk,o 2 mO,k P

otherwise.

Although not considered here, if the model had a scenario for mechanical ventilation

only, then:

My
Q= ——.
Ok

In each case, these values are updated every two hours in the transmission model, using
the exported CONTAM airflow solution.

In order to assess the total number of predicted exposures, the simulation is split into
weekly periods. As the 6-month airflow simulation is an unrealistically long period to
have a single infectious person present with no treatment or new secondary infections

emerging, the total predicted exposures from the exposed compartment of the SE model
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were recorded at the end of each week, considering whole-person exposures only, and
then the initial conditions reset. This used the transient quanta concentration, based
on the airflow and corresponding weather conditions for that given week. This was
repeated across the 26 weeks within the 6-month period of the simulation. These values
were then used to form a distribution showing the probability of a particular number
of predicted exposures on a given week across the ward assuming that one infected
person was present for the duration of the week.

In addition to the probability distribution for predicted exposures, a Risk Index (RI)
was calculated. The RI represents the average fraction of individuals exposed across
the whole ward and can be calculated as

RI=E [E(t)] (4.2)
So

Here E(t) is a random variable which represents the predicted number of exposures
during t = 1 week, and Sy represents the total number of initially susceptible individ-
uals in the ward. To calculate the RI, P{E(t) = x} is estimated as the proportion out
of all 26 weeks, that there are E(t) = x predicted whole-person exposures. This prob-
ability is then multiplied by x and divided by the total number of initially susceptible
individuals, Sg. This is done for all possible values of x, and then the sum is taken as

E [ES(;)] = Z Siolp{}s(t) = x).

x=0

This is applied in Sections 4.3.2 and 4.3 .4.

4.3 Results

4.3.1 Comparison to CO, Measurements

To ensure the modelled airflow was realistic, predicted CO; values were exported from
the CONTAM simulation and compared against real measurements provided by a pre-
vious study. To model the relationship between people, ventilation rates and airflow,
all of the individuals present are represented by sources of CO, with a generation rate
of 0.005L/s (Persily and de Jonge [2017]). The individuals are assumed to be in a fixed
location for the full duration of the simulation. Although this is unrealistic in terms of

specific individuals being present at the same location for the full duration, it is repre-
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sentative of the average ward occupancy over that period, e.g., if a patient is discharged
or moved, it is assumed that they are replaced. The outdoor ambient concentration of
CO; is taken to be 400 parts per million (ppm) (Adzic et al. [2022]).

2200 A
Concentration
2000 A —— Zonel
Zone 2
1800 A Zone 3
Zone 4
€ 1600 Zone 5
g 1400 - Zone 6
~ ‘ Zone 7
8 1200 A | Zone 8
| Zone 9
1000 Zone 10
Zone 11
800 Zone 12
600 - Ambient
400 A

Time [Months]

Figure 4.2: The simulated CO; concentration levels from the CONTAM airflow simula-
tion on a 12-Zone UK respiratory ward. Modelled occupancy included 4 individuals in
Zonel & 2,3 in Zone 10,2 in Zone 11, 1 in Zones 3, 4,5 & 12, and 0 in Zones 6, 7, 8 & 9.

By having the external weather conditions as the only varying parameter, it is possible
to directly assess the consequences of this on predicted CO, concentrations for each
zone (Figure 4.2). Illustrated here are sharp, infrequent rises in the CO; levels at various
points in time. This is apparent in all of the zones, with the highest peaks in Zone 5, an

internal zone without windows.

CO; measurements, provided by a previous study, had been taken for a single inter-
nal zone using an Airvisual pro (IQAir) sensor at 10 second intervals during October
2019. The sensor was located on the nursing station in the ward (an equivalent location
to Zone 5), and continuously recorded temperature, humidity, particulates and CO,,
although only the CO; data is considered in this study. The sensor range for CO, mea-
surement is 400-10,000 ppm with an accuracy of 70 ppm +3% at temperatures up to
50°C and RH up to 95%. In order to compare the two as effectively as possible, the
CONTAM simulation was extended to also include the month of October, as it was
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important to compare against the experimental data using simulated airflow from the
same time of year. This is because the simulations use real weather data, which is highly
dependent on the month and season. The CO, concentration levels were exported for
the month of October and both simulated and measured data plotted as a bar chart,
which was separated into 3 categories; 400-800 ppm, 800-1200 ppm, and >1200 ppm.
The results can be seen in Figure 4.3. In addition to the case with all the doors closed, a
case with only patient doors closed (Zones 1, 2, 3, and 4) and all other doors open was
simulated and included in Figure 4.3. This was in an attempt to provide a more realistic
scenario for comparison, as in reality it is unlikely that all the doors remained closed
for the full duration.

100
B Measured CO,
90 1 B Simulated CO, - Patient doors closed
80 A Simulated CO, - All doors closed
70 A
X
Q 60 7
o
= 50 A
S
o 40 A
[a
30 A
20 A
10 A
O .
400-800 ppm 800-1200 ppm >1200 ppm
CO, Value

Figure 4.3: A bar chart showing the comparison between simulated CO, values (am-
bient CO, level of 400 ppm) for two door schedules for Zone 5 in October 2021 with

measured CO; values for October 2019 for the nursing station (an equivalent location
to Zone b5).

Despite the inability to model the exact transient occupancy, window opening behaviour
or weather conditions that the real ward experienced, the simulated and measured data

show a reasonably good agreement. In the case with only the patient zone doors closed,
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a difference smaller than £5.5% is seen which is considered sufficiently close to con-
clude that the CONTAM model is able to realistically represent the airflow within this
multi-zone space. Although this is not a validation, due to the difficulty in replicat-
ing the exact conditions of the measured data, this offers sufficient reassurance that the
airflow simulation captures the features of this hospital ward.

In addition to this, to assess the importance of the choice of ambient CO, level, a case
with an ambient CO; level of 450 ppm was explored. In Figure 4.4, a bar chart showing
the comparison between the simulated and measured CO, values can be seen with this
alternative ambient CO, level of 450 ppm.

100
B Measured CO,
90 - EEl Simulated CO, - Patient doors closed
80 - Simulated CO, - All doors closed
70
N
Q 60 A
o
< 50 A
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o 40
[a
30 A
20 A
10 A
0 .
400-800 ppm 800-1200 ppm >1200 ppm
CO, Value

Figure 4.4: A bar chart showing the comparison between simulated CO, values (am-
bient CO, level of 450 ppm) for two door schedules for Zone 5 in October 2021 with
measured CO; values for October 2019 for the nursing station (an equivalent location
to Zone 5).

Across both scenarios, the agreement is similar but with a shift in the values, as ex-
pected. In the 400 ppm case, it can be observed that with the patient doors closed the
difference between the measured and simulated CO, data was less than +5.5%, and
with all the doors closed smaller than +24.67%. For 450 ppm ambient CO, level, it can
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be seen that with patient doors closed the difference is now less than 3-1.48%, which is
much closer in agreement. However, when all of the doors are closed, a difference of

less than £30.51% is seen, giving a worse agreement.

For this study, the ambient CO, level was kept at 400 ppm for two reasons: (i) this is a
widely used choice for outdoor ambient CO; levels, and (ii) although there is not mea-
sured outdoor data to compare to, the real hospital ward considered in this study is
on an upper floor of a building away from traffic sources and so it is unlikely that the
external environment CO, levels would be significantly elevated. It is also important
to note that the aim here is to use the model to give representative airflow dynamics
to explore scenarios more realistically, rather than to simulate the exact ventilation and
infection risk on a particular ward, meaning it is not necessary to exactly replicate mea-

sured data.

4.3.2 Transmission Model Analysis

To assess the potential influence of the transient airflow on infection risk, the airflow
solution from the CONTAM model is extracted and used to provide both the inter-zonal
flow values and the extract ventilation rates to the transmission model, as described in
Section 4.2.2. The outbreak scenario for the transmission model is assumed to have the
same occupancy as for the CO; analysis resulting in 17 individuals (see Figure 4.2). The
infector is set to be the individual in Zone 5, giving 16 initially susceptible individuals,
0 initially exposed individuals and 1 initially infectious individual. The number of
infectious individuals remains constant throughout. The quanta emission rate of the
infector is taken to be g5 = 0.5quantamin™! and the pulmonary breathing rate of all
individuals is taken to be py = 0.01 m? min~! for all k (Noakes and Sleigh [2009]). The
initial concentration is taken to be C¢(0) = 0 in each zone.

4.3.2.1 Variability of Natural Ventilation

The solution for the transient concentration of airborne pathogen can be seen in Figure
4.5a for a 6-month period from April 1% - September 30t 2021. The prominent feature
of this figure is the sharp spikes and peaks in quanta concentration in the air. This sug-
gests that particular days and weeks may pose a higher infection risk than others as
a result, and that infection risk on a naturally ventilated ward may be pre-determined

by the weather conditions. Since the transmission model only imports the airflow from
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CONTAM, this also emphasises that these peaks happen as a direct result of the airflow
within the space, driven only by the transient weather conditions. To illustrate the in-
frequency of the peaks of the quanta concentration, a probability density histogram for
the quanta concentration can be seen in Figure 4.5b. The majority of the concentration
values fall below 0.5 quanta m~ with only 4.57% of values above this threshold. In fact,
the zoomed portion of this plot only makes up 0.35% of all concentration values. This is
useful in showing that although it is possible to capture the occurrence of these spikes,
and that they may even look the dominant feature in Figure 4.5a, the higher concentra-

tion values are highly infrequent in comparison to the majority of concentration values

over time.
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Figure 4.5: Simulated concentration of pathogen in the air for “Natural Ventilation
Only”: (a) Concentration in each zone for a 6-month period; (b) probability density
histogram of the quanta concentration values with a zoomed portion showing the in-
frequent higher values.

The resulting predicted exposure distribution for a typical week can be seen in Figure
4.6a, with the RI value superimposed. The RI value comes from solving Equation (4.2)
for the given scenario. There is a relatively high risk of exposures across the ward,
with the possibility of up to 12 of the susceptible population becoming exposed dur-
ing the week. This is surprising as the doors to each zone are closed with the infector
remaining fixed in one zone, and so the risk here is solely driven by the inter-zonal
airflow as a response to external conditions, leading to contaminant transport through
the leakage around doors, and a low ventilation rate. This illustrates the importance
of considering multi-zone models with connected airflow, as there may be a non-zero
risk of transmission despite the absence of an infector in a given zone. The large spread

of the distribution is also noticeable with the predicted exposures ranging from 4 to
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12 individuals. This suggests that there is significant variability in the exposures that
are predicted on a weekly basis, highlighting the uncertainty that is occurring due to
the weather conditions. These results also suggest the possibility of elevated risk on
particular days or weeks over the 6-month period, meaning that part of the risk expe-
rienced when visiting or being admitted to a hospital ward may be pre-determined by

the weather.
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Figure 4.6: Predicted exposures for “Natural Ventilation Only”: (a) probability distribu-
tion showing predicted weekly exposures and RI across the whole ward; (b) heat map
showing the zonal RI value based on predicted exposure.

In this scenario, RI = 0.5288 translating to an expectation of 52.88% of individuals be-
coming exposed across the whole ward on a typical week. This appears to be a high
value, however it is likely to be representative of a worst-case scenario as it is assumed
that the infector is present in the ward for the whole time period (i.e., for the full week,
not taking into account working shifts). In Figure 4.6b, the RI for each zone is illus-
trated as a heat map across the ward, giving an insight into the relative risk in each
individual zone rather than a ward as a whole. The RI for each zone uses the corre-
sponding number of initially susceptible individuals for that zone as Sy in Equation
(4.2), instead of the ward population as used for the ward RI. This gives the risk as a
proportion of the number of people typically in the space. The risk is clearly variable
across various zones, with particular zones having higher risk than others. This could
be suggestive of a particular airflow pattern emerging, where the infectious material
is more likely to be transported to particular zones, particularly as Zone 10 has a con-
siderably higher risk than the other zones, and also has a larger typical occupancy of 3
individuals when compared to the other rooms. This airflow pattern is evident again
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in that Zone 2 experiences almost zero risk from the infector in Zone 5, but adjacent
rooms have an elevated risk. The geometry (Figure 1.2) shows that Zones 1 to 4 are
north-west facing, and so it is likely that they would catch the predominantly westerly
wind (Figure 4.1) and be the reason for this emerging airflow pattern. The results here
illustrate the uncertainty caused by the use of natural ventilation and the dominance of

the weather conditions on determining the airflow and risk in indoor environments.

4.3.2.2 Addition of Mechanical Ventilation

This section explores the effects of including mechanical ventilation through the addi-
tion of 3 ACH and 6 ACH mechanical ventilation alongside open windows (i.e., natural
ventilation and mechanical ventilation), and all doors closed as before. As mentioned
in Section 4.2.2, for the required mechanical ventilation, an air handling system is used
in CONTAM, where a balance of supply and extract ventilation distributed equally in
each zone is assumed, so as not to create any additional pressure differences in the
ward. Fresh air was taken to supply the required amount of air. The probability dis-
tribution for the predicted exposures together with the RI across the ward on a given
week, and the heat map illustrating the RI value for each zone within the ward can be
seen respectively for the case with 3 ACH mechanical ventilation in Figures 4.7a and
4.7b, and the case of 6 ACH mechanical ventilation in Figures 4.7c and 4.7d. In Fig-
ure 4.7a, results show a substantial reduction in risk with the predicted exposures now
ranging from 0 to 2, illustrating a much smaller spread to the distribution and thus, less
uncertainty. In addition, the RI = 0.0769, which is over an 85% reduction compared to
the original case with natural ventilation alone. This can also be illustrated in the heat
map of the ward (Figure 4.7b) with the RI for each corresponding zone, suggesting the
pathogen would be better contained with less affected zones. The reduction in risk is
also noticeable from the heat map with only one zone now affected, compared to all 7
occupied zones in the original case. This shows how the implementation of mechanical

ventilation can lead to a reduction in infection risk and uncertainty across the space.

In the case with 6 ACH mechanical ventilation (Figure 4.7¢c), the recommended rate for
NHS patient wards (NHS England [2021]), an even further reduction in the risk is seen
with RI = 0.0168, over 96% less than the original case, around an additional 11% re-
duction from the 3 ACH scenario, showing the lowest risk in any scenario. The zonal RI
heat map (Figure 4.7d) indicates low risk across all zones, with only one zone having a
non-zero risk (less than 9%). Interestingly, in both cases, the mechanical ventilation has
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Figure 4.7: Predicted exposures with the addition of mechanical ventilation, for two
ventilation rates, illustrated as: (a) & (c) weekly probability distribution across the
whole ward together with the RI value; (b) & (d) heat map showing the zonal RI value
based on predicted exposures.
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contained the infectious quanta concentration and reduced the contaminant transport
much better than relying on weather-driven natural ventilation alone, eliminating the
uncertainty and reducing the risk that was originally present. It is possible that natural
ventilation and the consequent airflow contributes more to the transport of contami-
nant into connected spaces, rather than being efficient at the removal of the infectious
quanta concentration. This further demonstrates that the effects seen in the original sce-
nario (Section 4.3.2.1) were a direct consequence of the transient weather conditions. It
is important to note that this is an idealised scenario, and in reality imperfect balancing
of mechanical ventilation systems and the behaviour of people will likely mean that the

difference between natural ventilation and mechanical ventilation is not as stark.

4.3.2.3 Ventilation Rates

Figure 4.8a presents a probability density plot illustrating the ventilation rates predicted
across the ward by the CONTAM model for a period of 6-months of both the “Natural
Ventilation Only” case and the “Natural Ventilation + 3 ACH Mechanical Ventilation”
case. In addition, the average ventilation rate over the simulation period is plotted for
both cases, along with the recommended ventilation rate of 6 ACH proposed in the UK
HTMO03-01 guidance (NHS England [2021]).
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Figure 4.8: (a) A probability density plot showing the overall ventilation achieved
across the ward for both the “Natural Ventilation (NV) only” case and the “Natural
Ventilation + 3 ACH Mechanical Ventilation (MV)” case, and (b) a heat map illustrating
the average ventilation rates achieved for the scenario of “Natural Ventilation Only”
for each zone.

In the “Natural Ventilation Only” case, the majority of the predicted ventilation rates
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fall below 1 ACH (82%) and 99.5% below 2 ACH, with the highest not surpassing 2.6
ACH, which is not even half of the recommended rate. The average ventilation rate
achieved across the ward is 0.61 ACH. This illustrates not only the variability in natural
ventilation rates, but also that they are not likely to be sufficient for healthcare set-
tings based on the recommendation of 6 ACH provided in the guidance (NHS England
[2021]). In addition to the density plot, it is possible to also visualise the average venti-
lation rates achieved in each zone by the heat map that can be seen in Figure 4.8b. This
clearly indicates that the south-easterly side of the building is much better ventilated
than the other, giving an insight into the airflow pattern across this subset of zones.
This could be useful in informing healthcare professionals of the best zones in which to
place an infectious individual or which zones may most need additional intervention

with mitigation strategies, for example air cleaners.

It is also possible to consider how the ventilation rates may compare to healthcare guid-
ance with the addition of 3 ACH mechanical ventilation to the natural ventilation pro-
vided through windows and leakage. In Figure 4.8a, a probability density curve is also
shown for the ward ventilation rates for the case of “Natural Ventilation and 3 ACH
Mechanical Ventilation”. This results in the same shaped distribution as in the original
case, but shifted to a higher value. However, it is still evident that all of the ventilation
rates fall below the recommended rate of 6 ACH (NHS England [2021]). The simula-
tion predicts that the model is still not reliably achieving the recommended ventilation
rates across the ward. However, the addition of partial mechanical ventilation leads to
a reduction in the risk (over 85%), and reduced uncertainty across the ward, mitigating
some of the effects due to weather. This shows that even in spaces where it is not possi-
ble to reach the recommended rate, any additional mechanical ventilation device, or the
implementation of air cleaners, could reduce infection risk. This may encourage some
hospitals to implement what they can, where they can, rather than taking no action due
to the recommended rate being problematic in retrofitting.

4.3.24 Open Bay Scenario

To fully assess the capabilities of natural ventilation alone, an “Open Bay” scenario was
simulated. In this case, the windows and doors were both fully open for the duration
of the simulation. This aimed to mimic a “Nightingale-style” hospital ward, which is
fully open. The probability distribution for the predicted exposures together with the
RI across the ward on a given week, and the heat map illustrating the RI value for each
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zone within the ward can be seen in Figures 4.9a and 4.9b, respectively.
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Figure 4.9: Predicted exposures for the “Open Bay” scenario (natural ventilation only
with windows and doors open): (a) probability distribution showing the weekly pre-
dicted exposures across the whole ward; (b) heat map showing the zonal RI value based
on predicted exposure.

In the exposure probability distribution (Figure 4.9a), a large reduction in the RI value
is seen (RI = 0.0505), one of the lowest values that has been seen across any of the sce-
narios, with over a 90% reduction in risk from the original scenario with doors closed.
Interestingly, this is lower than that in the case with natural ventilation and 3 ACH
of mechanical ventilation, and almost equivalent to natural ventilation with 6 ACH
mechanical ventilation, with the heat map (Figure 4.9b) almost identical to that sce-
nario. This demonstrates that when natural ventilation is used in the way that it was
most likely designed to be originally, on an open bay allowing for cross-flow across the
whole ward, it is an effective tool. The simulations predicted up to 48 ACH average
ventilation rates in particular zones in the ward, which is comparable to measurements
in Peru (Escombe et al. [2007]) and Hong Kong (Qian et al. [2010]). However, in prac-
tical terms, when window openings are restricted for safety and thermal comfort, and
doors are installed and closed for privacy or infection prevention and control, natural

ventilation rates are reduced significantly.

4.3.3 Correlation with Weather Conditions

An investigation into the correlation between the varying weather conditions and the
spikes in predicted quanta concentration is presented here. As the weather file data
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used in the simulations above was hourly, for consistency, the hourly concentration
values from the transmission model were compared against each weather parameter;
wind speed [m s~ 1], wind direction [°], outdoor air temperature [°C], and barometric

pressure [Pa]. The results for each comparison can be seen in Figure 4.10.
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Figure 4.10: A comparison between the hourly weather data with the predicted quanta
concentration solution for each zone for a period of 6-months from April 15 2021 -
September 30th 2021, inclusive, for each of the individual weather parameters.

As is shown in Figure 4.10, it is difficult to highlight clear correlations between the pre-
dicted quanta concentration values across the ward and the various weather parame-
ters. However, when comparing the predicted quanta concentration value with wind
speed (Figure 4.10a), the highest concentration values are associated with lower wind
speeds (typically < 6ms~!). This is not surprising, as it is common to associate good
natural ventilation with the ability to flush air throughout the indoor space, which is
much harder to do at lower wind speeds. If there are lower wind speeds present, more
stagnant air indoors would also be expected. However, it is possible that although this
may increase the risk in the zone with the infector present or directly connected zones,
it may reduce contaminant transport to the rest of the ward, which could be a reason
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why the correlation between these is not as strong. Also, there is a higher proportion
of time where the wind speeds are at a lower value, which could be influencing the

correlation that can be observed.

Another pattern that can be highlighted is the higher predicted concentration values be-
ing associated with temperatures (Figure 4.10c) in the range of 4.85 — 24.85°C. Given
that the indoor temperature is set at 22 °C for zones with windows, and 25 °C for zones
without windows, there should be a more noticeable stack effect from the tempera-
ture differences, causing the colder outdoor air to be drawn into the building, with it
rising and warming and exiting the building at a higher point, creating a more promi-
nent temperature-driven flow. It would be expected that this would increase the flow
through the building, however this is associated with higher predicted concentration
levels here. It could be possible that although the flow is being driven by temperature
differences, it is leading to more contaminant transport but is not strong enough to be
efficient in removing the contaminant, particularly if this is also associated with lower
wind speeds. It is also important to note that the CONTAM model does not enable the
modelling of the full thermal performance of a building, with fixed internal tempera-
tures assumed regardless of outdoor conditions. In reality, there would be temperature
variations in indoor spaces, which could help or hinder the ventilation flow depending

on the relative difference to the outdoor environment.

As for the comparison with barometric pressure (Figure 4.10d) and wind direction (Fig-
ure 4.10b), it is difficult to highlight any stand-out features at all. It seems that the com-
parison with each of the weather parameters fail to capture any strong correlation be-
tween these and the higher predicted concentration values, demonstrating that it may
be more nuanced and related to the combination of all of these factors applied together
over a longer time period to cause the spikes in predicted quanta concentration that
are observed (Figure 4.5a). For completeness, the weather data was also compared to
the predicted concentration values with a 1hr, 2hr, 1 day, 2 day and 3 day lag to see if
the weather conditions had a delayed effect on the concentration value, and also cases
with co-variables for each possible combination e.g., wind speed versus temperature
coloured by concentration values were explored, all of which led to very similar results
to the ones presented here, showing no strong correlation between particular weather

parameters and concentration value, and so are not included here.
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4.3.4 Alternative Infector Locations

In order to explore how risk might vary when the infectious source is in different loca-
tions, a further 3 additional cases were considered; an infector in Zone 1, an infector in
Zone 2, and an infector in Zone 10. In each scenario, all other parameters remained the
same including the original occupancy. The original infector in Zone 5 was now mod-
elled as a susceptible individual and the susceptibles were reduced to account for the
infector present in either Zone 1, Zone 2 or Zone 10 in each respective case. Simulations
were carried out for the case with natural ventilation only, with all doors remaining
closed and all windows open for the full duration of the simulation. Figure 4.11 shows
the probability distribution for the predicted exposures together with the RI across the
ward on a given week for the infector in Zones 1, 2 and 10.

When modelling the infector in a different location, each scenario has a similar over-
all RI value. However, as is visible from the distributions, this does not imply similar
behaviour. For example, when the infector is in Zone 1 or Zone 2 (Figures 4.11a and
4.11c, respectively), both large 4-bed patient bays with windows, much more certainty
is seen in the predictions, through a smaller range of possible exposures. This is sug-
gestive that week to week, the infection risk and contaminant transport is less affected
by weather variations and so the number of predicted exposures varies less than it does
in the original case (e.g., Figure 4.6a), but also in the case where the infector is in Zone
10 (Figure 4.11e).

When the infector is in Zone 10 (Figure 4.11e), although the RI for this scenario is in
between that of the other two locations, a different behaviour is illustrated by the ex-
posure distribution. There is a much larger spread of the number of possible exposures
ranging from 2 to 12. This demonstrates the uncertainty in infection risk when the infec-
tor is in Zone 10 and shows how the predicted number of exposures vary substantially

week to week, as a result of the transient weather conditions.

Interestingly, Zone 10 is on the south-easterly side of the building, whereas Zones 1 and
2 are on the north-westerly side of the building. Given that Zone 10 also has windows
present, this is suggestive that although higher risk is observed, the infection risk and
contaminant transport predictions are lower if the infector is on the north-westerly side
of the building (Zones 1 and 2), as much smaller ranges for the predicted exposures are
seen. This suggests that the south-easterly side (Zone 10) of the building is also more
sensitive to changes in weather conditions, which could be indicative of the flow pat-

tern experienced across this hospital ward, with it likely being more dominant on that
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Figure 4.11: Predicted exposures illustrated as (a), (c) & (e) probability distribution for
a given week across the whole ward together with the RI value, and (b), (d) & (f) heat

map showing the RI value for each individual zone based on predicted exposure for
three different infector locations.
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side of the building. This is consistent with the heat map showing the natural ventila-
tion rates in each zone across the ward. As is shown in Figure 4.8b, the ventilation rates
on the south-easterly side are higher than those on the north-westerly, suggesting that
this is the dominant flow direction.

When the infector is in Zone 1, despite seeing a high level of risk for Zone 1, the heat
map (Figure 4.11b) shows that the risk elsewhere is reduced, especially when compar-
ing with the original scenario (Figure 4.6b). The heat map also predicts a particular
pattern of contaminant transport to the south-easterly side of the ward. This is, again,
suggestive that prevailing wind conditions mean that the majority of the air is flowing
towards the opposite side of the building with very little contaminant transport back
into the zones on the north-westerly side. It also seems to display a diagonal pattern,
where there is no risk visible in Zone 2 or Zone 12. This suggests these zones in particu-
lar may be at a stagnation point, or even form a separate airflow pattern that is isolated
from the rest of the ward.

When the infector is in Zone 2, the heat map displays a very distinct pattern of risk,
with high risk to Zones 2, 11, and 12, and only low risk to Zone 1 and Zone 10, with
zero risk in other zones. This shows that the airflow in Zone 2 is not stagnant but is
instead part of a separate airflow or re-circulation pattern including Zones 2, 11 and 12.
However, the ventilation does not appear to be as efficient in these zones as the risk is
much higher than in other scenarios, with the darkest red colour seen across the heat
maps. However, this is not reflected in the RI value for the whole ward (RI = 0.4255),
which is less than that in the original case, but this is likely due to nuances in the defined
occupancy.

For the infector in Zone 10 (Figure 4.11f), low risk is predicted in Zones 2 and 11, with
zero risk in Zone 12, again suggestive of a separate airflow pattern to the rest of the
ward. As expected, the highest risk is in the zone with the infector present. However,
there is non-zero risk on the opposite side of the ward too, suggesting that airflow and
contaminant is travelling back towards the north-westerly side in sufficient quantities
to cause exposures, contrary to the lack of back-flow presented in Figure 4.11b. These
heat maps could help to inform patient locations when considering infection prevention
and control. However, it is important to highlight that this is likely a direct consequence
of the weather conditions, and so is subject to variations depending on the particular
weather conditions experienced.
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4.3.5 Orientation Study

St. James” Hospital in Leeds, UK, is a symmetrical building that has mirrored ward lay-
outs on either side. Through the previous models in the chapter, the airflow was simu-
lated on a geometry based on Ward J12, however, for completeness the geometry in the
opposite orientation is explored here, that is flipped 180°, as though it were situated on
the other side of the building. This allows for an investigation into whether the results
observed are an artifact of the chosen ward’s orientation, or a feature of weather effects
interacting with airflow regardless of ward location. As in previous cases, the airflow
results were exported from the CONTAM simulation and used within the transmission
model. The outbreak parameters remained the same, with the infector in Zone 5; the
set-up is identical to the case described in Section 4.3.2.1 but now with the geometry
rotated 180°.
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Figure 4.12: The full modelled solution for the concentration of pathogen for a 6-month

period from April 1%t to September 30" 2021 in the air for the orientation study, where
the orientation is rotated 180°.

Figure 4.12 shows the solution for the predicted concentration of airborne pathogen

in the ward. As can be seen in this figure, it is still possible to observe the spikes in
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the infectious quanta concentration, as before. This demonstrates that the airflow is
displaying the same features as in the original case. Again, these peaks are mainly
occurring in Zone 5, where the infector is located. When comparing this figure with the
original orientation in the natural ventilation only case in Figure 4.5a, the peaks look
more frequent in the case of the orientation study, but display similar behaviour.
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Figure 4.13: Predicted exposures for the orientation study, where the orientation is ro-
tated 180°: (a) probability distribution showing the predicted weekly exposures and
RI value across the whole ward; (b) heat map showing the zonal RI value based on
predicted exposure.

To further compare between the different orientations, it is helpful to look at the pre-
dicted infection risk. Figure 4.13 illustrates the probability distribution of predicted
exposures with the given ward RI, and a heat map of the ward illustrating the RI for
each zone. The ward RI for this scenario is given as RI = 0.4543, which is lower than
the original orientation scenario. However, in the probability distribution for the ori-
entation study (Figure 4.13a), a larger range of possible predicted exposures (2 to 11 in
this case) can be seen when compared with the original case (4 to 12). This is sugges-
tive of greater uncertainty in the orientation study, showing that the ward may be more
affected by transient weather conditions, with risk varying more on a weekly basis. In
the heat map (Figure 4.13b), the highest risk zones are now in Zones 3 and 4, which are
now on the the south-easterly side of the building due to the change in orientation. So
although the orientation has been flipped, the south-easterly side of the building still
experiences the highest risk, as in previous scenarios with natural ventilation alone,
affecting different zones in each respective case. This is a possible feature of using the
same weather file as the wind direction remained the same across both of the scenar-
ios. It is possible that if the simulation was extended or a different weather file was
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used, the comparison of the two wards may be different again. Although the results
do differ slightly, the same features are observed in both cases with sharp peaks in pre-
dicted quanta concentration, leading to increased infection risk and uncertainty across
the ward.

4.3.6 Other Door Opening Scenarios

In addition to the scenarios presented above, a variety of alternative cases were mod-
elled to explore variation in overall ward infection risk when varying the door opening
schedules to various zones. Since the focus of this study was on the effects of transient
weather conditions, throughout each simulation all other factors remained fixed. This
limited the variation within each scenario, and meant that for example, the doors were
fixed for the full 6-month modelling period. In reality, it is likely that the door opening
schedule would change frequently due to other transient behaviours such as occupant

movement, which was not modelled here.

In order to consider alternative door opening scenarios, in addition to the case pre-
sented above (all doors closed), two other door schedules were explored; half of the
doors closed (only doors to patient zones were closed), and all doors open. In Table 4.2,
the ward RI for all of the scenarios which have been discussed so far are presented, but
now for all of the three door opening schedules.

Consistently across all cases, apart from those with mechanical ventilation, these show
that an increase in door opening leads to lower risk and thus, the more effective the
natural ventilation. This was seen specifically in Section 4.3.2.4, which showed a con-
siderable reduction in risk, and ventilation rates as high as 48 ACH in some zones,
demonstrating how effective natural ventilation can be when it is not obstructed by
closed doors. Again, this is illustrated here with considerable lower risk across all sce-
narios when all of the doors are open. This shows that when a design permits full
cross-flow of airflow on the ward, the natural ventilation is highly effective in reduc-
ing infection risk. However, it is once again worth highlighting that this is not always
possible, nor practical.

An interesting feature to highlight is the case where mechanical ventilation has been
added to the natural ventilation. In these cases, when half of the doors are open the RI
is higher than when all of the doors are closed. This is likely due to the fact that when all
of the doors are closed, the contaminant is better contained allowing for the full effect
of mechanical ventilation in each zone. However, when half of the doors are open,
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Scenario All doors Closed  Half of the doors All doors open
closed
NV only - Infector RI =0.5288 RI = 0.3582 RI = 0.0505
in Zone 5 (original
case)
NV only - Infector RI =0.387 RI =0.3774 RI=0.1635
in Zone 1
NV only - Infector RI =0.4255 RI=0.3726 RI=0.149
in Zone 2
NV only - Infector RI =0.4832 RI=0.3317 RI =0.0505
in Zone 4
NV only - Infector RI =0.4063 RI=0.3149 RI =0.1082
in Zone 10
Orientation Study RI =0.4543 RI =0.3269 RI=0.0192
NV +3 ACHMV RI=0.0769 RI=0.101 RI=0.0264
NV + 6 ACH MV RI=0.0168 RI = 0.0409 RI =0.0024

Table 4.2: The ward RI for various modelled scenarios with three different door opening

schedules. NV, Natural Ventilation; MV, Mechanical Ventilation.
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it allows for enough contaminant transport to increase the risk, but neither containing
the contaminant enough for the mechanical ventilation to be effective, nor enough open
doors to allow for natural ventilation to be as effective as possible. All of these scenarios
highlight the difficulties in choosing the most effective form of ventilation or removal
mechanisms, and emphasise the importance of carefully considering the environment
in which it is being implemented, with models such as the one presented here offering

a useful tool to help assess this.

4.4 Discussion

The simulation results here illustrate the effects of weather conditions, building design
and behavioural factors on airborne transmission when relying on natural ventilation.
The initial scenario with natural ventilation only illustrates how weather conditions can
vary the risk of infection. As shown in Figure 4.5, the highest quanta concentrations
happen infrequently, but may be important for the transmission of infection. Other key
factors will include the presence, type, and transmissibility of infection. This model
represents a worst-case scenario where the infected person is present for a whole week
at a time and with a quanta emission rate of 0.5 quanta min~! which is representative
of a more infectious COVID-19 or influenza case (Mikszewski et al. [2021]). However,
the results illustrate that when a set of conditions come together, such as the sustained
presence of a more infectious individual combined with particular weather conditions,
the chances of an outbreak become more likely.

The positive effects of mechanical ventilation are already well-known and this is fur-
ther illustrated in the model when 3 ACH and 6 ACH are added to the natural venti-
lation. Despite 3 ACH of mechanical ventilation being half that of the recommended
rate, it still dominates over the natural ventilation and dampens the effects of external
weather conditions, reducing risk and uncertainty in both scenarios (over 85% reduc-
tion in RI value). The addition of 6 ACH does have an added benefit (additional 11%
reduction in RI value) but the majority of the reduction comes from the initial 3 ACH.
So although both cases demonstrate the benefits of mechanical ventilation, and that
the recommended rate of 6 ACH has the bigger risk reduction, this shows that 3 ACH
delivers the majority of this initial reduction, suggesting that even an underspecified
mechanical ventilation system will provide better dilution and consistency as opposed
to not acting at all. While the application of air cleaners have not been modelled explic-
itly, a similar result would likely be obtained.
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Results also demonstrated that poor ventilation rates are likely to be achieved when
relying on natural ventilation alone. Section 4.3.2.3 shows that all ventilation rates are
less than 2.6 ACH (82% less than 1 ACH and 99.5% less than 2 ACH)), far below that of
the recommended rate of 6 ACH in the hospital guidance (NHS England [2021]). This is
also illustrated on a heat map (Figure 4.8b), which could be useful in identifying zones
which suffer from poorer ventilation and need further intervention. This is in part due
to the internal design of the hospitals and limited access to the ambient environment.
Buildings contain many internal zones, which do not have windows, leakage, or vents
to outside air, and so unless other mitigation strategies are put in place, these locations
could suffer from no ventilation at all. Many hospitals which were designed with open
bays have had doors added for patient privacy, and in older buildings, existing win-
dows or outlets have more recently been reduced in size due to safety measures, or
removed completely in an effort to improve energy efficiency (Gilkeson et al. [2013]).
Despite the original hospital design being able to provide sufficient ventilation, it is
now likely that over time many of these conditions are no longer met. It is critical
that internal airflow is considered as part of retrofit, and where modifications restrict
window openings or reduce flow paths, additional ventilation should be considered to
compensate.

An unintentional positive with the age of a building is the gaps, leakage and reduction
in air tightness that naturally occurs. If left unmaintained, these can help to contribute
towards natural ventilation rates and potentially improve the quality of air in indoor
spaces. However, as this is unplanned, it is also highly uncertain and unreliable. Due
to the inclusion of leakage in the CONTAM modelling, it is possible this is contributing
to the natural ventilation rates achieved in Figure 4.8, meaning the air exchange rates
through originally intended sources are even lower.

Another feature of this study is the possibility of identifying dominant airflow patterns,
and locations around the hospital which may prove to have consistently lower risk than
others. The use of a heat map presenting the RI for each zone can be a useful tool to
help indicate any patterns. This was particular noticeable when plotting the natural
ventilation rates in Figure 4.8b. The zones on the south-easterly side of the building
display higher ventilation rates than those on the north-westerly side, suggesting that
the air is flowing towards the south-easterly side more dominantly. Additionally, in ev-
ery scenario throughout this paper, the RI in Zone 10 has been consistently higher than
in any other zone, again suggesting that this zone often receives the highest amount
of infectious concentration, and is susceptible to a dominant flow path. This analysis
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could prove useful when choosing patient or mitigation locations. Despite the venti-
lation rates in some zones being higher than others, the risk is still high. It is possible
that the internal airflow rates governed by the natural ventilation are having a large
impact on contaminant transport to these zones, but are not efficient nor fast enough
with the removal of the infectious material. This further supports the use of mechani-
cal ventilation or approaches such as air cleaners, contrary to solely relying on natural
methods.

As this study is based on a model, it has a number of limitations. The model is based on
the floor plan, occupancy, windows and representative weather conditions for a single
UK respiratory ward. However, the model does not aim to quantify risks explicitly on
that ward. The scenarios were designed to be realistic, but only considered the influence
of ventilation and not the complexities that exist in a real ward. The model is idealised
and does not fully capture all the factors that create internal flows, including turbulent
mixing, which is not present in the CONTAM airflow model, and variations in internal
temperatures. However, the comparison of the airflow with CO, data suggests that the

mixing achieved is realistic.

The use of a local transient weather file (Climate.OneBuilding [2022]), using real histor-
ical data, enabled the modelling of possible scenarios. As with any transmission model,
validation against infection cases is almost impossible, as identifying where the source
of an outbreak originated, and replicating the exact transient behaviours, occupancy
and external conditions at the time is difficult. Also, the contribution of other trans-
mission routes (i.e., close range and fomite) are not considered here. The limitations
of transmission models are discussed in Chapter 3. The choice of the infectiousness of
an individual will adjust the risk index values in these scenarios. For example, in the
first scenario with natural ventilation only, simulations with a pathogen emission rate
of ¢ = 1quantah~! and g = 10 quantah~! result in RI values of 0.0337and 0.2644, re-
spectively. However, this does not alter the relative risk in each space nor the overall
spatial behaviour of the pathogen transport to inter-connected zones. In this chapter,
the same infectiousness of ¢ = 30 quantah™! (§ = 0.5 quanta min~!) was used, as in
Chapter 3. This is a realistic choice given that Mikszewski et al. [2021] present ranges
of 15 — 4213 quanta h~1 for SARS-CoV-2, 18 — 8640 quanta h~1 for measles virus, and
0.11 — 79 quantah ™! for influenza virus. In this chapter, the intention is not to predict
exact outbreak patterns, but rather by using the modelling approach, develop a much
better understanding of the long-term effects of natural ventilation and weather condi-

tions on airflow and the potential for an outbreak.
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The heat map illustrating the zonal RI could be used to help healthcare professionals
identify areas of high risk, and to translate the complex modelling and mathematical
assessment more easily into usable features for healthcare systems. This could be par-
ticularly useful in distinguishing between the ward or zone which requires interven-
tion. In the scenario of a pandemic where the hospital is under elevated pressure with
a scarcity of resources such as PPE, the heat map could help to assess whether the ward
as a whole is high risk or whether it is only particular zones. For example, in Figure
4.6b, there are numerous zones with elevated risk and so it may be easier to apply a
blanket mitigation of PPE to the whole ward. Whereas in Figure 4.7d, only Zone 10 has
increased risk, but the rest of the ward has little to no risk. So here it would be more
appropriate to only apply PPE to the visitors to this particular zone, rather than ev-
eryone visiting the ward. This would help to reduce resource waste and save it for the
scenarios that need it most. Although this study does not directly investigate the imple-
mentation of outputs (e.g., the heat maps) into healthcare systems, this accessibility and
comprehensible illustration of the results is a priority. Without valuable output meth-
ods, it may be difficult or too time consuming for healthcare professionals to translate
this research into practical terms, alongside completing often chaotic schedules, high-
lighting the need for more consideration into the applicability and implementation of

informative research.

4.5 Conclusion

In conclusion, through the use of transient weather conditions within an airflow and
transmission model, this chapter has highlighted how weather conditions have a sig-
nificant influence on internal airflow, and can lead to uncertainty and periods of higher
pathogen concentrations within ward environments. When these conditions are com-
bined with the presence of a more infectious person on the ward, the probability of a
large outbreak increases. This uncertainty also extends to ventilation rates, with many
naturally ventilated spaces falling far below the recommended standard. Reliance on
closed internal doors and restricted window openings is not likely to provide sufficient
ventilation for wards based on the recommendation of 6 ACH provided in the guidance
(NHS England [2021]).

Mechanical ventilation or other similar approaches, such as the use of air cleaners, can
help to reduce the effects of transient weather on natural ventilation. This includes en-

suring a more consistent in-room ventilation rate, and reducing the unwanted transfer
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of air between spaces, and can, in turn, decrease the risk to patients. Through illustra-
tive outputs such as heat maps, the aim is to be able to advise engineering and health-
care professionals of the risk distribution of their multi-room hospital wards, and help
make informed choices of mitigation strategies.
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Chapter 5

A Monte Carlo Approach

As discussed in previous chapters, QMRA is a well-established framework for assess-
ing the risk of airborne transmission and the importance of outbreak parameters. How-
ever, many current approaches are often constrained by the availability of outbreak
data, or fail to identify the relative importance of factors affecting infection risk. In this
chapter, a Monte Carlo approach, extending a deterministic QMRA model to incorpo-
rate stochastic effects, is presented. This allows for the variation of outbreak parameters
such as the infectiousness of the infector, accounting for population heterogeneity, and
the day of the outbreak, influencing the weather conditions and resulting natural ven-
tilation. Through 10,000 runs in a Monte Carlo simulation, the role of these varying
parameters on the predicted number of resulting exposures is assessed. As expected,
the results show that typical behaviour from the full Monte Carlo simulation predicts
higher infection risk for poorer ventilation rates and higher infectiousness. However,
when investigating individual days of the simulation, it is observed that particular days
(i.e., certain weather conditions) can cause inherently high or low risk, regardless of the
infectiousness of the infector. This highlights the nuances present when assessing out-
breaks, and further shows the important role that ventilation plays in influencing the
transmission of airborne pathogens. By extending existing QMRA models to include
stochastic effects, it is possible to investigate a wider range of scenarios, and thus pro-
vide a more realistic quantification of infection risk and the factors that affect airborne

transmission.
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5.1 Introduction

QMRA has been used to provide risk assessments for a broad range of applications, as
highlighted in Chapter 1, with recent work identifying potential future research areas
to ensure the continued advancement of QMRA techniques (Hamilton et al. [2024]). Al-
though QMRA is a well-established tool (Haas et al. [1999], Haas [2020]), many current
approaches are often constrained by the availability of outbreak data, or fail to capture
the multitude of factors affecting infection risk (Beaudequin et al. [2015]).

Stochastic techniques such as Monte Carlo simulations allow for unknown outbreak
parameters to be represented as a probability distribution (e.g., a lognormal distribu-
tion (Chen et al. [2011]) or a uniform distribution (Miller et al. [2021])) or a set of defined
choices a priori, better reflecting everyday life by accounting for uncertainty and vari-
ability. The Monte Carlo simulation then repeatedly simulates the model, each time
drawing a different, random set of input values from the predefined parameter distri-
butions, with the results shown as a set of possible outcomes with different probabilities
(Bonate [2001]).

An increasingly common approach in airborne transmission modelling is to use Monte
Carlo approaches to explore infection risk with uncertainty and variability in different
outbreak parameters (Chen et al. [2011], Wilson et al. [2021b], Guo et al. [2022], Wilson
et al. [2022]). In particular, these can include but are not limited to emission rates and
dose (Buonanno et al. [2020a], Chen et al. [2021]), pathogen concentration (Shi et al.
[2018]), and outbreak duration or infector location (Noakes and Sleigh [2009]), with the
Monte Carlo simulation resulting in a probability distribution for infection risk (Liao
et al. [2005], Shi et al. [2018], Buonanno et al. [2020a], Yan et al. [2021]). It is also possible
to use Monte Carlo simulations to estimate unknown parameters (e.g., emission rates
(Buonanno et al. [2020a], Miller et al. [2021]), virions in an aerosol (Guo et al. [2022]) or
the reproductive number (Chen et al. [2011])), find the best-fit probability distributions
for a given parameter (Liao et al. [2005]), or to confirm predictions of analytical models
(Juher et al. [2009]).

In this chapter, a Monte Carlo simulation is used on an transient multi-zone transmis-
sion model (as presented in Chapter 4) to explore variability in infection risk predictions
of a 24h outbreak on a naturally ventilated UK respiratory ward, where the quanta
emission rate of the infector is unknown and sampled from a distribution, and the
ventilation setting, representing a given day within a 6-month period (April 1% 2021 -

September 30th 2021), is chosen at random.
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5.2 Methodology

The Monte Carlo simulation consists of repeatedly solving a transmission model cou-
pled with airflow simulation results over a 24h period, whilst sampling some input
parameters from relevant probability distributions. To model the airflow, the same
methodology and simulation results are used as described in Section 4.2.1. In this
chapter, the results from the 6-month simulation are divided into airflow results for
individual days, totalling 183 days from April 15t 2021 to September 30% 2021, inclu-
sive. The transmission model in this chapter uses the same methodology as described
in Section 4.2.2. The simulation is repeated N, = 10, 000 times, each time recording the
total number of predicted exposures after selecting a random quanta emission rate for
the infector, and selecting a random day between April 1t 2021 to September 30" 2021,
representing the airflow and ventilation setting for that day. By choosing a random day
for the ventilation setting, this allows for a variety of different weather conditions and
natural ventilation rates to be modelled.

The geometry, defined zones and volumes can be seen in Figure 1.2. As before, there are
assumed to be 4 individuals in Zones 1 and 2, 1 individual in Zones 3 and 4, 1 individual
in Zone 5, 3 individuals in Zone 10, 2 individuals in Zone 11 and 1 individual in Zone
12, totalling 17 individuals. The infector is set to be the individual in Zone 5, giving 16
initially susceptible individuals, 0 initially exposed individuals and 1 initially infectious

individual. The number of infectious individuals remains constant throughout.

A lognormal distribution, LN (184.64,2.1), is used to define the quanta emission rate
of the infector, q, with geometric mean and geometric SD given as 184.64 and 2.1, re-
spectively, as given in Chen et al. [2021], estimated for SARS-CoV-2 from the Diamond
Princess cruise ship outbreak. The resulting probability density function can be seen in
Figure 5.1. A sample of size Ny, is taken from the distribution and a value chosen at
random in each Monte Carlo run, allowing for the possibility of a unique value on each
run. The quanta emission rate is capped at 1000 quantah™!, to limit the infectiousness
of the individual within a realistic range. Any values in the sample that are greater
than 1000 quantah~! are discarded and re-sampled until the value is less than or equal
to 1000 quanta h~!. It is often challenging to select an appropriate quanta emission rate
to represent an infectious individual as it cannot be experimentally measured, but is
instead estimated epidemiologically from outbreak data (Sze To and Chao [2010]). Re-
cent approaches have attempted to improve the accuracy of quanta emission rate pre-

dictions through estimations based on the viral load present in sputum from the mouth
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(Buonanno et al. [2020b]), and through measurements from a human challenge study
(Bueno de Mesquita et al. [2020]), but this still remains a challenge with data showing

that quanta emission rates can have large variations (Mikszewski et al. [2021]).

0.0040 -
0.0035 - —— LN(184.64, 2.1)
0.0030 -
0.0025 -

5 0.0020 1
0.0015 -
0.0010 -

0.0005 A

0.0000 A

0 200 400 600 800 1000
q [quanta hr™!]

Figure 5.1: The probability density function of a lognormal distribution LN (184.64,2.1)
with geometric mean and geometric SD given as 184.64 and 2.1, for SARS-CoV-2 quanta
emission rate, . The distribution is truncated at g = 1000 quantah~!.

The pulmonary breathing rate was set to p = 0.01 m3 min~! (Noakes and Sleigh [2009]).
For the removal rate, the models in Chapters 3 and 4 were modified and the extract ven-
tilation rate Q was replaced by a more general removal rate, R, as defined in Equation
(2.6). The extract ventilation rate, Q, was defined by the airflow simulation results, as in
Section 4.2.2, and is dependent on the day chosen at random in each run of the Monte
Carlo simulation. For the viral inactivation and deposition rates, the mid-points of the
ranges proposed in Miller et al. [2021] were chosen, leading to 7; = 0.00525 min~! and
g = 0.015min 1.
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5.3 Results

5.3.1 Sensitivity Analysis

Sensitivity analysis was conducted to investigate whether N, = 10,000 runs of the
Monte Carlo solution was sufficient to provide a representative distribution for the
model output (i.e., number of exposures). To conduct the sensitivity analysis, the Monte
Carlo simulation was performed four different times with N, = 10,000 runs; one
forming the solution base for this chapter, and three additional simulations to compare
with. Additionally, this was repeated for a Monte Carlo simulation with N, = 100

runs and Ny, = 1,000 runs, for completeness.

Figures 5.2a - 5.2¢ illustrate the full solution for the predicted mean number of expo-
sures for 4 Monte Carlo simulations modelling a 24 h outbreak for N, = 100 runs,
Ny = 1,000 runs, and Ny, = 10,000 runs, randomly choosing an emission rate and
day (for the ventilation setting). In addition, the shaded regions in each plot represent
the region between the 51 and 95 percentile of each solution in the respective colour,
where the opacity parameter has been decreased to allow the visualisation of any over-
lapping.

Figure 5.2a illustrates variation across the predicted mean number of exposures for the
four different Monte Carlo simulations with N, = 100 runs, with visible differences
in the overlapping shaded regions, showing that these solutions do not align and that
more runs would be required. An improved comparison can be seen in Figure 5.2b
for Ny, = 1,000 runs, particularly in the solutions for the predicted mean number of
exposures. However, there is still a lack of overlap visible in the shaded regions across
the four different Monte Carlo simulations, showing that N, = 1,000 runs are not
sufficient to provide solutions that are robust against the random sampling of selected

input parameters.

However, as can be seen in Figure 5.2c with N, = 10,000 runs, the solution for the
mean number of exposures and each shaded region across all 4 simulations show very
good agreement, with almost no difference between them. This figure offers reassur-
ance that Ny, = 10,000 runs of the Monte Carlo simulation is sufficient to provide
solutions that are robust against the random sampling of selected input parameters. It
is also noted that N, = 10,000 runs has been used as a benchmark in other studies
(Shi et al. [2018], Guo et al. [2022]).
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Figure 5.2: A comparison of the solution for the predicted mean number of exposures
for a 24 h outbreak from four different Monte Carlo simulations with (a) Ny, = 100
runs, (b) Ny = 1,000 runs, and (c) Ny = 10,000 runs. The shaded regions repre-
sent the region between the 5™ and 95™ percentile of each simulation in the respective
colour.
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5.3.2 Natural Ventilation Only

In the same way as in Chapter 4, a case of natural ventilation only is assessed, but
in this chapter, a 24h period is considered instead. To assess the predicted number
of exposures under natural ventilation only, a probability distribution of the predicted
number of exposures from the Monte Carlo simulation can be seen alongside a RI value
(Equation (4.2)) in Figure 5.3a. In Figure 5.3b, a heat map of the geometry can be seen
illustrating the RI value for each zone, and the ward as a whole.

From the heat map in Figure 5.3b, all zones with susceptible patients present have a
non-zero Rl value, albeit small. However, it is clear that the risk is highly concentrated
to two zones in this scenario; Zone 10 and 11. The probability distribution in Figure
5.3a is a unimodal distribution centred around 5 predicted exposures, with a mean
number of predicted exposures equal to 4.973. This is likely due to the fact that the
total susceptible population in Zone 10 and Zone 11 combined is equal to 5, the zones
with the highest RI.

The relatively symmetric shape of the probability distribution can also be seen through
Figure 5.4, which shows the mean, median, a red shaded region between the 5t and
95t percentiles, and a purple shaded region between the 25" and 75t percentiles for
the full solution of the predicted number of exposures for a 24h period. This figure
shows that the mean and median show good agreement, consistent with the symmetric
features of the probability distribution seen in Figure 5.3a.

The other feature to highlight in Figure 5.4 is the size of the shaded region between
the 51 and 95" percentiles. This illustrates the large variability between predicted ex-
posure solutions across the 10,000 simulations when using different days and quanta
emission rates, also visible with the large spread of the probability distribution with a
range of 1 to 8 possible exposures (Figure 5.3a). Both of these figures show the uncer-
tainty present in airborne transmission risk when relying on natural ventilation alone
and allowing for uncertainty in parameter values, illustrating the variability that exists

in real-life outbreaks.

Figure 5.5 investigates the role of the two parameters that were randomly chosen in
each run of the Monte Carlo simulation, with a scatter plot of the chosen quanta emis-
sion rate and ventilation day, with the points coloured by the predicted number of
exposures at the end of the 24 h period.

In Figure 5.5, the overall pattern shows dominance from the quanta emission rate, with
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Figure 5.3: Predicted exposures from the 10,000 Monte Carlo simulations for natural
ventilation only: (a) probability distribution showing predicted weekly exposures and
RI across the whole ward; (b) heat map showing the zonal RI value based on predicted
exposure.

an increased number of predicted exposures as the quanta emission rate gets larger for
the majority of the days chosen for the ventilation setting. However, it is possible to
observe a pattern horizontally as well, where it appears that particular days manage
to limit the number of exposures regardless of how high the quanta emission rate gets,
suggesting that these particular days benefit from a higher overall natural ventilation
rate or a particularly beneficial airflow pattern. It is also possible to observe the oppo-
site behaviour, suggesting that some particular days have a lower natural ventilation
rate or airflow pattern facilitating contaminant transport to zones with a larger occu-
pancy, leading to an increased number of exposures across all quanta emission rates.
This highlights the additional uncertainty present in infection risk modelling when re-

lying on natural ventilation alone and the possibility of inconsistent airflow.

Finally, Figure 5.6 illustrates a scatter plot with a direct comparison between the total
number of predicted exposures with the quanta emission rate used for the simulation,
coloured this time by the ventilation day used. This figure displays a cone-like shape,
where the number of predicted exposures increases with increased quanta emission
rate, as would be expected. However, it is also evident that on particular days, the
number of predicted exposures is limited and follows a distinctive trajectory regard-
less of the quanta emission rate, suggesting that the ventilation rate or flow pattern
observed on particular days are either affecting contaminant transport to particular
zones, or varying in removal efficiency, as indicated in Figure 5.5. It is possible that this
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Figure 5.4: The predicted number of exposures over a 24h period from the 10,000
Monte Carlo simulations shown as the mean, median, a red shaded region between

the 5™ and 95t percentiles, and a purple shaded region between the 251 and 75t per-
centiles for natural ventilation only.
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Figure 5.5: A scatter plot comparing the randomly chosen day (ventilation setting) and
quanta emission rate for the 10,000 Monte Carlo simulations, coloured by the resulting
total number of predicted exposures for natural ventilation only.
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is also influenced by nuances with the susceptible population defined in certain zones,
but it indicates that the exposure trajectory for a given day is predefined based on the

weather conditions, and thus, the resulting natural ventilation and airflow.
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Figure 5.6: A scatter plot comparing the total number of predicted exposures and
quanta emission rate for the 10,000 Monte Carlo simulations, coloured by the randomly
chosen day (ventilation setting) for natural ventilation only.

Despite the set-up of this natural ventilation only case being similar to the one pre-
sented in Chapter 4, it is worth highlighting that the results in this chapter (Figure 5.3)
are different to those previously presented (Figure 4.6). This is because of the random
sampling used to determine the input parameters. In particular, the simulations in this
chapter allow for a variable quanta emission rate, sampled from a probability distri-
bution, in each modelled 24 h period. Additionally, although the airflow results from
the 6-month CONTAM simulation presented in Chapter 4 are used here, this is instead
considered over 24 h periods rather than weekly periods, and the day used for the sim-
ulation is randomly sampled from the 6-month period, as opposed to being considered
chronologically.
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5.3.3 Addition of Mechanical Ventilation

In addition to the random selection of day and thus, natural ventilation setting in Sec-
tion 5.3.2, 3 ACH of mechanical ventilation is now added. Additionally, this allows
for a comparison of the results obtained here via Monte Carlo methods with those in
Section 4.3.2.2. Figure 5.7a shows a probability distribution for predicted number of ex-
posures from the 10, 000 Monte Carlo simulations alongside a RI value (Equation (4.2)),

with Figure 5.7b showing a heat map of the geometry illustrating the zonal RI value.

The probability distribution for the case with the addition of 3 ACH mechanical venti-
lation is now asymmetric and long tailed, compared to the symmetric distribution seen
in the case with natural ventilation alone (Figure 5.3a). Additionally, there is > 62%
reduction in RI, and only one zone (Zone 10) has a noticeably increased risk, with the
other zones displaying non-zero, but relatively small RI values. A substantial reduc-
tion in infection risk is observed when providing an additional 3 ACH of mechanical
ventilation. However, the range of predicted exposures is from 0 to 5, instead of 2 to
8 in Section 5.3.2. So although the infection risk has reduced, the uncertainty in infec-
tion risk prediction is still present, likely due to the use of a Monte Carlo simulation

approach incorporating randomness.

1.0

1.0 1 — mean = 2.164
0.9
0.8 0.8
Zone 3 Zone 4
0.7 1
206 Risk Index = 0.1035
% 0.6 | s de 0 035 Zone 1 Zone 5 * Zone 2 0.6 5
205 ‘(_CJ
§ 0.4 Zone 6 Zone 7 Zone 8 é
0.4
0.3 1 Total Ward Risk
Index = 0.1035
0.2 1
0.04 — Zone 9 Zone 10 Zone 11|Zone 12
’ 01 2 3 45 6 7 8 9 10111213 141516
Exposures [people] 0.0
(a) Probability Distribution (b) Heat Map of the RI

Figure 5.7: Predicted exposures from the 10,000 Monte Carlo simulations for natural
ventilation with 3 ACH mechanical ventilation: (a) probability distribution showing
predicted weekly exposures and RI across the whole ward; (b) heat map showing the
zonal RI value based on predicted exposure.

In Figure 5.8, the predicted number of exposures with the addition of 3 ACH mechan-
ical ventilation can be observed with the mean, median, a red shaded region between
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the 5™ and 95™ percentiles, and a purple shaded region between the 25% and 75t
percentiles. The mean and median solutions deviate more than the case with natu-
ral ventilation alone (Figure 5.4), which is consistent with the asymmetric shape of the
probability distribution (Figure 5.7a). It is also possible to observe the reduction in
overall infection risk with a much smaller number of predicted exposures. A reduction
in uncertainty is also observed, with a reduced shaded region between the 5th and 95th
percentiles. This suggests that the addition of mechanical ventilation does provide a

more consistent airflow pattern compared with natural ventilation alone.
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Figure 5.8: The predicted number of exposures over a 24h period from the 10,000
Monte Carlo simulations shown as the mean, median, a red shaded region between
the 5t and 95 percentiles, and a purple shaded region between the 25" and 75" per-
centiles for natural ventilation and 3 ACH mechanical ventilation.

When comparing the choice of ventilation day with the quanta emission rate (Figure
5.9), there is a similarity in the horizontal pattern as was seen when modelling natu-
ral ventilation alone (Figure 5.5), where particular days have a distinct effect on the
predicted exposures regardless of the quanta emission rate, but it is much harder to
identify with the overall reduction in infection risk. This shows that despite 3 ACH
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Figure 5.9: A scatter plot comparing the randomly chosen day (ventilation setting) and
quanta emission rate for the 10,000 Monte Carlo simulations, coloured by the result-
ing total number of predicted exposures for natural ventilation and 3 ACH mechanical
ventilation.
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mechanical ventilation offering a more consistent airflow, it is still impacted by natural
ventilation and weather conditions, and can lead to increased risk depending on the
day of the outbreak.

If instead, the quanta emission rate and the predicted number of exposures are com-
pared (Figure 5.10) as before, it is possible to observe the same cone-like pattern, with
an increase in predicted exposures for increasing quanta emission rate. Focusing on
the colour of these points, based on the day chosen for the ventilation setting, it is pos-
sible to observe particular days following more defined and distinctive trajectories, as
before, with it being clearer for the mechanical ventilation case (Figure 5.10) than in the
case with natural ventilation only (Figure 5.6). For example, the most dominant line
acting as the lower bound to the cone-like structure is in a dark blue/purple colour,
showing results from the same day, and it can be seen that although increased quanta
emission rate does increase the overall predicted exposures, these points follow a dis-
tinctive curve. This suggests that regardless of the increase in quanta emission rate, due
to the ventilation setting or airflow pattern on this particular day, the number of pre-
dicted exposures are capped and follow a predefined trajectory. Equally, it is possible
to pick out similar trajectories at the upper bound of the cone-like shape. Additionally,
it is worth highlighting that the cone-like shape with the addition of mechanical venti-
lation (Figure 5.10) is much more pronounced, giving further evidence of the decreased

uncertainty and increased consistency in the airflow patterns.

5.4 Discussion

Through the results presented in this chapter, the use of Monte Carlo methods for
assessing airborne transmission risk has been explored. Through a Monte Carlo ap-
proach, Ny, = 10,000 simulations were computed, and in each run a random quanta
emission rate and outbreak day (weather and ventilation setting) were sampled from
relevant distributions. Although the number of runs in a Monte Carlo simulation can
be a limitation to a study such as this, the results in Figure 5.2 offer verification that the
number of runs chosen for the simulation (N, = 10,000) provide solutions that are
robust against the random sampling of selected input parameters.

To set up the Monte Carlo simulation, it was necessary to define a probability distri-
bution for the quanta emission rate so that a sample could be taken and a value cho-

sen at random in each simulation. The probability distribution chosen was taken from
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Figure 5.10: A scatter plot comparing the total number of predicted exposures and
quanta emission rate for the 10, 000 Monte Carlo simulations, coloured by the randomly
chosen day (ventilation setting) for natural ventilation and 3 ACH mechanical ventila-
tion .
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Chen et al. [2021]. When defining the methodology, a modelling choice was made to
limit the quanta emission rate value to < 1000 quantah~!. This was chosen as the cap
based on a study by Miller et al. [2021], where the mean quanta emission rate of a
highly infectious individual at a the Skagit Chorale superspreader event was given as
970 quantah~!. It is worth highlighting that both of these studies (Chen et al. [2021],
Miller et al. [2021]) estimated the quanta emission rate based on large outbreak events
(the Diamond Princess cruise ship (Chen et al. [2021]), and the Skagit Chorale (Miller
et al. [2021])). Additionally, both of these outbreaks occurred in the early stages of the
COVID-19 pandemic, and so it is likely that there was limited guidance in place, and
that it was the first infection for many susceptible individuals, who had no immunity
from prior infections or vaccinations. However, when used in this study, the aim is
not to reproduce exact outbreaks, but to illustrate airborne transmission features and

methods for quantifying infection risk.

When assessing infection risk, natural ventilation alone displays a RI value of 0.2781,
with infection risk highly concentrated into two zones (Zone 10 and Zone 11). This
is suggestive of a particular airflow path leading to increased contaminant transport
in these zones. This is similar behaviour to what was observed in Chapter 4, Section
4.3.2.1, where Zone 10 was also the riskiest zone and was caused due to a dominant
flow path from north-west to south-east of the geometry. Another similar behaviour
to the previous chapter was the uncertainty present when relying solely on natural
ventilation. This was seen in both the range of possible predicted exposures (1 to 8 in
Figure 5.3a) and the large size of the shaded region in Figure 5.4. Both of these figures
are consistent with the findings from Chapter 4, where weather conditions can affect the

natural ventilation, leading to inconsistent airflow and thus, infection risk predictions.

When 3 ACH mechanical ventilation is added to the natural ventilation, over a 62%
reduction in RI from the scenario with natural ventilation alone can be seen, once again
demonstrating the benefits of mechanical ventilation. Interestingly, however, there is
still increased variability in possible predicted exposures (range of 0 to 5 possible ex-
posures in Figure 5.7a). This is different to what was observed in Chapter 4 (possible
exposures ranging from 0 to 2 in Figure 4.7a), which showed that the uncertainty and
variability in infection risk prediction reduced substantially when adding 3 ACH me-
chanical ventilation, providing a more consistent airflow path and more efficient re-
moval mechanism. This suggests that although in Figure 5.7a, the reduction in risk is
observed when adding mechanical ventilation, since a Monte Carlo approach is being

used, stochastic effects and randomness are being included in the solution and hence,
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able to capture a greater range of possible outcomes. This shows the strength of Monte
Carlo modelling approaches for QMRA, since the model here is able to capture the
overall behaviour (i.e., reduction in risk due to better removal mechanisms) whilst still
accounting for the randomness and variability that exists in real life, offering a more

realistic modelling tool.

In the Monte Carlo simulation approach, the quanta emission rate and the day of the
outbreak are both varied. When comparing these factors, there remained a strong re-
lationship by where the larger the quanta production rate, the higher the number of
predicted exposures. However, in Figures 5.5 and 5.9, in both cases it is possible to
observe the effects of particular days where the infection risk is high across all quanta
emission rates, and the converse also evident, although not as clear in Figure 5.9 as Fig-
ure 5.5. Although the final predicted exposures are not the same across these two cases,
it is possible to see that this feature is mirrored across the two scenarios, with them
both showing a similar horizontal pattern of days which have inherently lower risk,
and days which have higher risk. These figures illustrate the importance of weather
conditions and the resulting natural ventilation on the overall infection risk, and show
that this is highly dependent on the day of which the outbreak occurs, regardless of the
quanta emission rate, and as in this study, whether there is mechanical ventilation or

not.

This same feature is present across Figures 5.6 and 5.10, where a cone-like pattern is
seen when comparing the quanta emission rate with the number of predicted expo-
sures, coloured by the day of the outbreak. This time, more visible in Figure 5.10 than
Figure 5.6, but it can be seen that the cone shape is capped by curves formed by points
of the same colour i.e., the same day used for the outbreak. This is clearer at the lower
bound of the cone shape, but it suggests that an outbreak on a particular day already
follows a defined trajectory regardless of the choice of quanta emission rate. It is likely
that this is a direct consequence of the weather conditions, natural ventilation and con-
sequent flow patterns on the ward on a given day, resulting in a particular pattern of
removal and contaminant transport to particular zones where the predicted exposures
happen. This is also influenced by the defined susceptible populations in each zone,
which causes nuances in the possible combinations available for the number of pre-
dicted exposures. For example, if a given day predicts a higher risk in Zones 3 and 4
only, each with a single susceptible person, then the maximum number of exposures
resulting from this is two (one from Zone 3 and one from Zone 4), which is why there
are defined trajectories that appear to reach a steady-state maximum without exposing
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the total susceptible population across the whole ward.

This study has further demonstrated the importance of the interplay between quanta
emission rate (i.e., the infectiousness of an individual) and the role of ventilation and
airflow in airborne transmission, and the consequent quantification of the infection risk.
Through the results in this chapter, it can be seen that even when a highly infectious
individual is present, the number of exposures can be limited to a defined maximum
as a direct result of the ventilation and airflow pattern, which determines the transport
of the airborne pathogen concentration to particular zones and thus, where possible
exposures can take place. The converse is also true, where an individual may have a
low quanta emission rate, but predicted infection risk is high due to the ventilation and
airflow on the day of the outbreak. This becomes much more complex in environments
where individuals are not modelled as fixed and are allowed to move around the in-
door environment, but it once again highlights the effects of ventilation, weather and
resulting airflow on airborne transmission, and in particular the importance of having

a reliable and consistent method of ventilation.

5.5 Conclusion

By constructing a Monte Carlo version of the modelling tools presented in Chapter 4,
the extension presented here is able to include stochasticity and the randomness of real
life by allowing for parameter variation, such as choosing a random quanta emission
rate for the infector from a representative probability distribution, and choosing a ran-
dom day for the outbreak, influencing the natural ventilation and weather conditions.
By allowing for parameter variability in each simulation, it has been possible to assess
the relative importance of these factors on infection risk, and see how these stochastic

effects play a role in airborne transmission risk in reality.

Although this chapter has shown that when considering a full Monte Carlo simula-
tion, predictions for a typical day show that poorer ventilation or higher emission rates
lead to increased risk, it also highlighted that when focusing on shorter time scales
or investigating individual days, the ventilation (i.e., weather conditions and resulting
natural ventilation) plays an important role and can highly influence the outcome of
an outbreak, regardless of the infectiousness of an individual. The model presented
here highlights the difficulty of investigating airborne pathogen outbreaks and quan-
tifying the nuanced features of outbreak parameters. However, by extending existing
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deterministic QMRA techniques to stochastic methods such as a Monte Carlo simula-
tion, it is possible to investigate a wider range of realistic scenarios, developing a better
understanding of the factors that affect airborne transmission and associated infection
risk.
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Chapter 6

Conclusions and Future Work

The importance of airborne transmission has been highlighted by the recent COVID-19
pandemic, and given its key role in the transmission of many other common respiratory
pathogens, emphasis is made on the need for further development of the modelling
tools and risk assessments associated with it. To be an effective modelling approach, it
must be able to accurately represent indoor environments and successfully capture re-
alistic outbreak characteristics such as multiple connected zones, occupant behaviour,
and disease specific properties, with easy applicability to a wide range of scenarios;
particularly important to environments such as hospitals and other healthcare settings
given the prevalence of various infectious pathogens, the presence of vulnerable indi-

viduals and often limited resources.

This thesis uses an approach combining airflow analysis, mathematical techniques,
building physics and numerical models to provide developments to existing modelling
frameworks through the inclusion of transient effects, extensions to multi-zone en-
vironments, incorporating randomness and stochasticity, and couplings with airflow
simulations. A variety of outbreak scenarios are used to illustrate their applicability,
exploring various ventilation, occupancy and disease scenarios. In this chapter, the key
findings of the thesis are highlighted, with the discussion of limitations, implications

and any potential areas for consideration in the future.
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6.1 Summary

As highlighted throughout this thesis, there are many different modelling approaches
that can be used to assess airborne transmission risk. However, these are often con-
strained by limiting assumptions and an inability to capture the full complexity of real-
life scenarios (e.g., the Wells-Riley model as highlighted in Chapter 1). In an attempt
to overcome these limitations and bring the modelling tools closer to reality, Chapter 2
provided a stochastic adaptation of the Wells-Riley framework, allowing for the consid-
eration of unknown or uncertain parameters in the model, as many QMRA approaches
are often limited by the availability of outbreak data (Beaudequin et al. [2015]). Chap-
ter 5 also considered stochastic effects through a Monte Carlo simulation, allowing for
variable input parameters representing heterogeneity within the population (e.g., the
infectiousness of an individual may vary (Lloyd-Smith et al. [2005])).

Chapter 2 highlighted the importance of considering transient effects by exploring in-
fection risk in the period after an infectious person has left a room but the susceptible
individual remains in situ. This period would be overlooked when using steady-state
models, where infection risk is not considered when there is no infector present. How-
ever, research shows that the presence of an infector is not needed for transmission
to take place (Jung et al. [2021], Eichler et al. [2021], SAGE [2021]). This also empha-
sises the importance of considering multi-zone environments, as an infector may move
around the space, entering and leaving particular zones, or never enter a zone but con-
tribute to the quanta concentration in that zone through shared airflow. In Chapter
3, a transient multi-zone transmission model was developed. This demonstrated the
importance of considering transient effects instead of using steady-state models, and il-
lustrated that shared airflow contributes to the quanta concentration and thus, infection
risk in a multi-zone environment.

Despite this thesis considering airborne transmission within indoor environments, it is
also important to consider the effects of external conditions. Chapter 1 illustrated the
role that external weather conditions can play in airborne transmission and on the con-
sequent airflow indoors, with this being particularly important in naturally ventilated
spaces, although the majority of models overlook these factors. As such, Chapter 4 pro-
vided an extension to the transmission model developed in Chapter 3 to include results
from a multi-zone airflow simulation that included transient weather conditions. This
chapter demonstrated the effects of weather conditions on airflow in naturally venti-

lated spaces. Due to the variability in weather conditions, Chapter 5 sampled a random
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day for each Monte Carlo simulation, showing the airflow and resulting ventilation to
be an outbreak-defining feature. Chapters 4 and 5 highlighted that airborne infection
risk may be pre-determined by weather conditions in spaces that predominately rely

on natural ventilation as their main source of airflow.

6.2 Key Findings

6.2.1 The Wells-Riley Model Revisited

1. The consideration of transient effects becomes more important over smaller time

scales or with smaller removal rates.

2. The infection risk to a susceptible individual who remains in the room long after
the infector has left is non-negligible. This demonstrates the importance of con-
sidering infection risk despite the absence of an infector (whether they have since

left, or were never present to begin with but instead in a neighbouring zone)

3. The importance of considering social factors and social behaviour when assessing
infection risk. Various social factors such as the setting type or the number of
individuals present can affect the time individuals spend in a social setting, and

can therefore influence the infection risk.

4. The inclusion of uncertainty, randomness and stochasticty into risk assessment

tools can help to account for any unknown parameters or outbreak information.

6.2.2 A Transient Multi-zone Transmission Model

1. Steady-state models can overestimate the quanta concentration in the space, and
thus, the infection risk and predicted number of exposures. A transient model is
able to better capture the growth and decay of infectious quanta concentration,
and therefore provide a more accurate risk assessment. This is particularly im-

portant over smaller time scales or smaller removal rates.

2. A steady-state model represents a “worst case scenario” and there may be some
scenarios where using a steady-state model is sufficient, and possibly even favour-
able such as longer time periods or high levels of ventilation.
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3. Increasing extract ventilation rates lead to a reduction in infectious quanta con-

centration and thus, a reduction in predicted exposures and infection risk in the

indoor environment.

The use of a transient model allows for a better representation of an outbreak
with the capability of capturing realistic transient features such as changes in oc-

cupancy, ventilation, and disease settings.

6.2.3 Transient Airflow, Weather and Airborne Transmission
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. When coupled with airflow results, the transmission model presented in Chapter

3 is able to capture spikes and peaks in predicted quanta concentration occurring
due to the transient weather effects and natural ventilation used on the ward,
showing the benefits of a successful coupling between an airflow simulation with
a transmission risk model.

Natural ventilation can lead to uncertainty in the predicted quanta concentration
across the ward due to the varying weather conditions, with unexpected contam-
inant transport to connected indoor spaces. This consequently can lead to in-
creased infection risk, with particular weeks or zones experiencing a higher risk
than others.

The implementation of mechanical ventilation can lead to a large reduction in the
infection risk on the ward and provide a more reliable airflow, dominating the
effects of the transient weather conditions. The addition of 3 ACH mechanical
ventilation lead to over an 85% reduction in risk compared to the natural ventila-

tion only case.

Predicted natural ventilation rates across the ward average 0.61 ACH, falling far
below the recommended standard of 6 ACH. This illustrates the uncertainty and
the caution needed when relying on natural ventilation as the main source of
airflow. Even with higher ventilation rates being attainable by natural ventilation,
it is possible that it is not as efficient at removing infectious concentration as the

alternative of mechanical ventilation.

Despite the addition of mechanical ventilation at 3 ACH, the overall ward venti-
lation rate can still fall below the recommended rate of 6 ACH. However, a large

risk reduction was observed, illustrating that “something is better than nothing”
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and that even if the recommended ventilation rate can not be achieved, an effort

should be made to implement whatever is possible.

6. The heat maps are a useful tool in identifying particular airflow patterns or lo-
cations of higher risk across the ward. This could be a particularly valuable re-
source to have on a hospital ward for HCWs, clinicians and estates teams to refer
to when making decisions about patient location, mitigation strategies such as
PPE, or rooms that could benefit from additional ventilation intervention.

6.2.4 A Monte Carlo Approach

1. Stochasticity and randomness were incorporated into the coupled airflow and
transmission model (Chapters 3 and 4), extending this to be more representative
and better account for the uncertainty of real life. This also demonstrates the
versatility of the models presented in Chapter 4, with the capability of them being
extended using stochastic methods.

2. The Monte Carlo simulation used a probability distribution for the quanta emis-
sion rate, and randomly chose a day from a 6-month period to represent the
weather conditions and airflow for the outbreak. Random parameter choices
allow for a wider range of modelling scenarios and for the importance of each

random parameter in the outcome of an outbreak to be assessed.

3. The Monte Carlo model highlights the importance of ventilation effects and the
ability of weather conditions and resulting natural ventilation to influence the

outcome of an outbreak, regardless of the infectiousness of an individual.

6.3 Future Work

The work in this thesis has developed and illustrated the use of new modelling tools
to better understand airborne transmission and associated risks through a combina-
tion of airflow simulations, mathematical techniques and numerical analysis. How-
ever, through this, existing gaps within the area have been identified and addressed for

future consideration.

Validation: A consistent limitation across all of the work in this thesis is the complexity

of characterising an outbreak to allow for modelling and quantification of the infection

167



6.3. FUTURE WORK

risk. In many cases, the origin of the outbreak is unknown and difficult to identify,
including the original transmission route, and factors that vary with the heterogene-
ity of the population such as infectiousness, immune response, the incubation and la-
tent period, symptoms, behaviour and movement, and even efficiency of implement-
ing mitigation measures between individuals. The environment itself contributes to
the complexity with large buildings, outdated plans for building design or the age of
the building affecting its current state, varying weather conditions, and occupant be-
haviour altering internal factors (e.g., door and window opening). Each of these factors

make validation extremely difficult.

Validation of the models that are presented in this thesis would not only add further
emphasis to the results and findings, but also encourage the development of these mod-
els further knowing that they are as accurate and representative as possible. Whether
this be through additional complexities, better quantifying factors that characterise an
outbreak, or through output and extension of the models to a tool that can be used in

practice on these hospital wards to influence real life decisions or future policy.

A proposed approach to directly extend the work in this thesis includes a combined
numerical and experimental study. The study should look to utilise the modelling ap-
proaches presented in Chapter 4, which presents a coupled transmission model and
airflow simulation of an adult respiratory ward. Measured CO, data across that same
ward can be used to validate the airflow results from the CONTAM simulation, extend-
ing the initial comparison presented in Section 4.3.1. Additionally, outbreak data from
the hospital ward that records symptom onset, predicts likely transmission routes (e.g.,
location, time and suspected infector), and includes contact tracing and testing would
provide sufficient data to validate the transmission model including predicted infection
risk (i.e., number of exposures), and consequently, the accuracy of the predicted quanta

concentrations.

Short-range Exposure: The research in this thesis focuses on long-range transmission
of the smaller infectious aerosols contributing to exposure and infection risk primarily
through connected zones, suspension and transport in the ambient air or ventilation
systems. However, airborne transmission or more generally disease transmission is
possible, and sometimes favourable from a much closer distance with a higher infec-
tious dose possible. It is important for future research to consider this route of trans-
mission and its contribution to the overall predicted infection risk and number of ex-

posures.
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As such, this work would benefit from the inclusion of a broader, more realistic repre-
sentation of the exhaled droplet distribution and the inclusion of parameters that better
represent particle physics and dynamics e.g., more accurate quantification of particle
deposition, inactivation and evaporation. This would help increase the accuracy in the
predicted concentration of airborne pathogen, and also acknowledge the possibility of
transmission via alternative routes (e.g., fomite transmission, close-range transmission)

more explicitly.

Turbulent Mixing: Turbulent mixing was not included in the airflow simulations or
transmission model presented in this thesis. However, it is possible that as a result, the
inter-zonal flows to connected zones are slightly reduced and in reality, there would
have been a greater amount of mixing and contaminant transport. Even though it is
possible to assume that turbulent mixing plays a negligible role when focusing only
on long-range transmission, it would be beneficial in future work to explore turbulent
mixing using CFD, particularly around internal doors and between connected zones,
windows, and occupant movement to better understand its contribution. Although
turbulent mixing is not included in the CONTAM modelling tool, if required, this could
be incorporated into the transmission model presented in Chapters 3 and 4 directly,
further illustrating the benefit of the coupled approach.

Human Behaviour: Throughout this thesis, each chapter has highlighted the impor-
tance and value of considering additional complexities in modelling tools. For example,
transient behaviours, multi-zone environments, and stochasticity in parameter choices.
Despite these factors increasing the complexity of QMRA approaches and improving
the accuracy of the overall risk assessment, all of these factors are highly dependent
on human behaviour. Future work should build on the modelling tools presented by
including human behaviour, such as modelling probabilities of a given occupant loca-
tion, interaction between occupants, distance between occupants and time occupants
are present in a given location. Modelling tools such as these would allow for the sim-
ulation of outbreaks across a broader range of healthcare settings (e.g., wards, waiting
rooms, A&E departments) and bring QMRA techniques even closer to reality, increas-

ing the chances of future validation.

Software Infrastructure: Through this work, various numerical tools and outputs were
developed that could inform practice and help to influence policy in healthcare settings
such as the UK respiratory ward explored in this thesis. However, due to the time
constraints involved, it was not possible to develop the numerical tools to a better level
of automation for the set-up of different scenarios. Future work should address this,
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helping to make the numerical models more versatile and applicable to a greater variety
of scenarios. If this process could be automated in the future, it would allow healthcare
settings to use the tool directly after inputting some specific set-up parameters (e.g.,
geometry, geographical location, occupancy information etc.), making the tool more
intuitive and easily disseminated. This would then facilitate the implementation of this
tool into healthcare settings, where it could be of direct benefit to others, offering live

predictions of infection risk.

A Monte Carlo Approach: Following the findings presented in Chapter 5, where the
choice of day, and consequent ventilation and indoor airflow, highly influenced the
outcome of the outbreak, further analysis should be focused on investigations into the
specific factors that contributed to these effects. For example, this should include un-
derstanding the role of specific weather conditions (e.g., wind speed, wind direction
and temperature), and the consideration of a broader set of external conditions such
as exploring seasonality (e.g., summer versus winter). Dependent on data availability,

this could also include the seasonal effects of RH.

The occupancy in each zone should also be explored, as it is likely that depending
on the airflow across the ward and thus, which zones experience increased levels of
airborne pathogen concentration, the defined occupancy in those zones may provide a

limit for the number of possible exposures.

The location of the infector will also contribute to the eventual levels of quanta con-
centration in particular zones and so varying infector location, either through multiple
simulations that each model a fixed infector (i.e., stationary in one zone for the full du-
ration) in different locations or a single simulation that models a transient infector (i.e.,
moving between zones with a pre-defined schedule or probability) should be consid-

ered in future work.

6.4 Practical Implications

Section 1.6 highlighted the inconsistencies of hospital guidance in terms of recommen-
dations on how these spaces are ventilated (e.g., preference for natural ventilation) and
what ventilation rates should be achieved (e.g., 6 ACH for patient wards), whilst also
providing guidance that can inhibit these recommendations such as restricted window
opening, privacy, and safety. When incorporating all these features into the modelling
approaches, Chapter 4 highlighted that many wards within the NHS are subject to in-

170



6.5. FINAL REMARKS

sufficient ventilation rates, with the possibility of some wards suffering from no venti-

lation at all.

Through continued engagement with both St James” Hospital (Section 1.6.1) and a se-
nior consultant on the ward, it has been possible to undertake numerous visits to Ward
J12, an adult respiratory ward, to engage with staff and patients, assess window and
door conditions, measure geometries, and compare the blueprints to the current ward
design. This has enabled the modelling tools to be shaped by first-hand experience,
with a clear personal view on the value of the findings presented throughout this work.
Observing daily ward activities has incited the desperate need for action that not only
improves the air quality of these spaces, with mitigating airborne transmission in mind,

but also in a way that does not contribute to the already elevated workload of staff.

Throughout this thesis, new modelling tools have been developed and existing ap-
proaches extended to consider features ubiquitous to these spaces, but through a way
which is tractable to all manner of stakeholders in healthcare settings such as HCWs,
clinicians or NHS estate managers. The collaboration between engineers and mathe-
maticians with healthcare personnel is crucial to ensuring that future developments in
modelling tools are purpose built with application in mind so that they can be seam-
lessly implemented into daily activities without additional burden to front-line staff,
and can start to play a role in reducing airborne transmission risk and improving air

quality in UK hospital wards.

6.5 Final Remarks

In conclusion, this thesis has developed new methodology for assessing the factors that
affect airborne transmission and associated infection risk. Healthcare settings such as
those discussed in this work are in need of models that are practical, usable, and ac-
curate to help provide comprehensible risk assessments and inform mitigation choices.
Through the consideration of transient effects, multi-zone environments, stochasticity,
and randomness, the work in this thesis presents modelling tools that can be used to as-
sess a wide range of realistic scenarios. Explorations using these models gives emphasis
to the importance of carefully considering building design, retrofits, guidance, and pol-
icy to provide resilient indoor environments of the future, increasing preparedness of
emerging infectious diseases and limiting health impacts to building occupants.
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