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Modelling Quantitative Microbial Risk Assessment (QMRA) computational model originally developed to
Prevalence estimate exposure risk to SARS-CoV-2 in a subway carriage, to estimate exposure risk on a bus.
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Airborne The aim is to analyse the relative importance of different behavioural and environmental factors
Fomite influencing exposure in this public transport setting, especially exposure to large doses when

considering viral load variability between infectious passengers.

Methods: The QMRA model considers individual exposure during a bus journey through three
routes: close-range exposure to aerosols and droplets due to being at close proximity (<2m) of an
infected passenger, long-range airborne exposure at long distances (>2m), and transmission via
contaminated surfaces (fomite route).

Results: Model predictions show that disease prevalence and bus loading levels have a major
impact both on the likelihood of exposure and probability of receiving a large dose. Mask wearing
is predicted to greatly reduce the magnitude of doses received, especially from close-range
exposure. Assumptions around viral load also have a major impact on doses received, with
large long-range airborne doses only occurring under very wide viral load distributions. Doses are
not uniform around the bus, with close-range dose being generally more likely in the middle of
the bus and fomite doses depending on the types of available surfaces around passengers’ seated/
standing positions. Surface contamination is predicted to be greatest on traversal poles that may
be touched by many passengers while boarding and alighting.

Conclusions: These model predictions have implications on the effectiveness of various mitigations
to SARS-CoV-2 transmission on buses.
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1. Introduction

The COVID-19 pandemic has had a profound impact on society, with severe economic and societal ramifications worldwide. The
SARS-CoV-2 virus is spread through respiratory droplets and aerosols generated during activities such as breathing, talking, and
coughing. The ability to quantify exposure in different situations is crucial to introducing mitigation strategies and reducing infection
risk. Close-range exposure to droplets and aerosols, through inhalation or direct deposition onto mucous membranes, coupled with
long-range airborne exposure via small aerosols appears to be the primary mode of transmission in indoor settings (Azimi et al., 2021;
Miller et al., 2021). However, transmission is also possible through contact with contaminated surfaces and subsequent touching of
mucous membranes, namely: fomite transmission (Pitol and Julian, 2021; Miller et al., 2022). The relative significance of these various
transmission routes is likely to be environment-specific, and it is still an ongoing question in particular in public transport settings.
Known risk factors include close proximity to infected individuals, prolonged exposure, activities that generate more aerosols, and
poorly ventilated enclosed spaces.

COVID-19 incidence and mortality amongst public transport workers was high during the first wave in the UK (Windsor-Shellard
and Butt, 2020) and continued to be so in the USA (Heinzerling, 2022; Tomasi et al., 2021; Cummings et al., 2022). While multiple
systematic factors such as ethnicity, socio-economic background and living arrangements are likely to be important (Goldblatt and
Morrison, 2020), the high rates raised important questions for transmission in public transport. Studies have found viral RNA on
surfaces within buses (Moreno et al., 2021; Caggiano et al., 2021; Guadalupe et al., 2022; Aranega-Bou et al., 2024), trains (Caggiano
etal., 2021; Aranega-Bou et al., 2024) and metro trains (Moreno et al., 2021). While RNA on surfaces does not necessarily indicate the
presence of live virus at the time of sampling, it can be a proxy for the level of contamination on different types of surfaces in a given
vehicle.

Identifiable transmission of SARS-CoV-2 on public transport is tenuous due to extraneous confounding factors such as the difficulty
in tracing passengers, especially on urban routes. However, some studies including analysis of an outbreak on a bus in China suggest
that, where it occurs, one of the dominant factors lies around insufficient ventilation (Cheng et al., 2022). Journey duration may also
be important with a study on long distance rail travel on mainland China showing a positive correlation between infection rate and
prior travel by train during holiday seasons, although the exact moment(s) of infection were indeterminable (Hu et al., 2021). Scholl
et al. (2024) found using epidemiological analysis of a phylogenetically unique strain that bus-riding children at a school in Germany
had a four times higher attack rate than other children at that school. In contrast, a study on an independent school bus service in
Virginia (Ramirez et al., 2021) where universal masking and basic ventilation techniques were mandatory, found no evidence of
transmission linked to school bus transportation, suggesting the interventions had a mitigating effect. Additionally, transmission
events may occur when individuals are travelling together, such as in family groups or with coworkers, which can extend the duration
and nature of close contact (and make identifying where transmission occurred difficult). Understanding the factors that influence
transmission risk is crucial for implementing and managing effective mitigation strategies, particularly in urban transportation systems
which carry large numbers of people and where social distancing can be challenging.

Quantitative Microbial Risk Assessment (QMRA) is a modelling tool for evaluating the factors that influence the transmission of
pathogens. This method uses probabilistic approaches to estimate exposure to pathogens through various routes to calculate individual
infection risk. These models include the physical mechanisms of transmission, which allows them to consider the impact of envi-
ronmental and behavioral interventions at a local level. Most of the recently developed QMRA models for SARS-CoV-2 focus on long
range airborne transmission, omitting doses received from touching contaminated surfaces or being within close proximity to an
infectious individual. In contrast, Computational Fluid Dynamics (CFD) models have been used to explore local variations in exposure
due to the emission and dynamics of droplets from human respiratory activities in public transport settings (Wang et al., 2022),
including car cabins (Mathai et al., 2021; Arpino et al., 2022; Sarhan et al., 2022), buses (Cheng et al., 2022; Yang et al., 2020; Duan
et al., 2021; Ho and Binns, 2021; Mesgarpour et al., 2021; Ooi et al., 2021; Yao and Liu, 2021), trains (Zhang and Li, 2012; Yang et al.,
2018; de Kreij et al., 2022) and airplanes (Gupta et al., 2011; Talaat et al., 2021). Simplified methodologies which typically rely on the
assumption of well-mixed air, based on modified versions of the Wells-Riley model, have also been exploited to estimate infection risk
of SARS-CoV-2 in public transport settings (Cummings et al., 2024; Mei et al., 2022; Chen et al., 2021a; Wang et al., 2021; Shen et al.,
2021; Dai and Zhao, 2020), and to quantify the impact of possible mitigations. Transmission via the fomite route has typically received
less attention. However, mathematical models have been proposed (King et al., 2020; Wilson et al., 2020; Julian et al., 2009), typically
calibrated via experimental data in the laboratory for different pathogens and surfaces and under different humidity-temperature
conditions (Walker et al., 2022; Zhao et al., 2019), to estimate the amount of pathogen on hands and surfaces after hand-surface
contacts. These have been recently implemented to estimate fomite transmission risks in different settings (King et al., 2022; Pitol
and Julian, 2021). There have been few attempts (Azimi et al., 2021; Lei et al., 2018; Jones, 2020) to account for all transmission routes
simultaneously when assessing exposure in different scenarios, so that the relative importance of different transmission routes can be
quantified depending on the environment.

More recently, a multi-route QMRA model was proposed (Transmission of Virus in Carriages - TVC, Miller et al., 2022) to quantify
the main behavioural and environmental factors influencing exposure to SARS-CoV-2 in a subway carriage. This study identified the
prevalence of infection in the passenger community, as well as the loading level (i.e. passenger density) within the carriage, as the
factors having the strongest impact on individual exposure risk, and the close-range route as the dominant route leading to exposure in
this setting. Particular limitations of the TVC model were that the specific locations of individuals and surfaces within the carriage at
any given time were not tracked, and that individuals standing versus seating were not distinguished, which may be less appropriate
for other public transport settings such as buses. Additional limitations included the consideration of a fixed viral load among infected
individuals, not accounting for population heterogeneity in infectiousness, that masks were assumed to block 100% of large droplets,
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and that passengers never sanitised their hands during journeys.

In this work, we extend the TVC methodology in Miller et al. (2022) to address these and other limitations while studying a different
public transport setting: a bus. In Section 2, we outline the main methodological aspects of the adapted and extended QMRA model for
a bus setting, with special focus on additional functionalities. Tracking individuals’ locations during their journey allows one to study
mitigations such as social distancing. It also allows for the analysis of risk factors related to particular spatial locations within the bus,
such as the risk posed by certain seats and contaminated surfaces. In Section 3, our numerical results explore the impact of the different
behavioural (mask wearing, bus route and loading patterns, hand hygiene, seating behaviours) and environmental (infection preva-
lence, viral load of infected passengers or ventilation) factors on exposure risk. Concluding remarks are provided in Section 4.

2. Methodology

The model in this paper extends the agent-based modelling methodology in Miller et al. (2022) to estimate exposure to SARS-CoV-2
on a bus journey. This model draws on a pre-pandemic model for transmission of viruses on aircraft (Lei et al., 2018), and also shares
some characteristics with a model for COVID-19 transmission on a cruise ship (Azimi et al., 2021). The model considers the mecha-
nistic routes of exposure together with the specific details of the transport environment and journey parameters. In this Section, we
review key assumptions and major differences with respect to Miller et al. (2022), while the bulk of the details can be found in the
Supplementary Material.

Like Miller et al. (2022) and Lei et al. (2018), we assume that passengers are exposed to SARS-CoV-2 via three different pathways:
(long-range) airborne, close-range airborne, and fomite. We assume that each passenger has a probability of being infected (henceforth
“prevalence”, set to 1% as default but we will consider alternate values based on the data within Office for National Statistics, 2024),
and that all virus ultimately comes from the respiratory fluid of infected passengers that is emitted by coughing (using the droplet
distribution from Duguid, 1946), and such fluid that has been transferred onto the infected passenger’s hands prior to boarding.
Long-range airborne (henceforth, “airborne dose”) is formed from small droplets (less than 20 pm in initial, wet, diameter) that are
exhaled from infected passengers occasionally coughing. These droplets are assumed to instantly aerosolise, as in Wells-Riley models
such as Cummings et al. (2024); Chen et al. (2021a), and spread evenly across the entire volume of the bus (minus the driver’s cabin,
who we do not model). These droplets are also assumed to be ventilated out of the bus (and replaced by fresh air) at a rate that is
equivalent to 6 air changes per hour, henceforth “ACH”, which is consistent with ventilation rates measured by Ou et al. (2022), with
the balance between emissions and losses (ventilation, deposition and inactivation) dictating the airborne concentration. The
long-range airborne exposure from these aerosols occurs from inhalation and from deposition onto mucosal membranes (eyes, nose
and mouth). For an overview of the assumed SARS-CoV-2 exposure routes for passengers we refer the reader to (Miller et al., 2022,
Fig. 1), where the same approach was followed.

Individual passengers who, at any given time, are at close proximity (within 2m) of an infected passenger, receive a close-range
airborne dose (henceforth, “close dose™). This close dose represents the inhalation and direct deposition of large droplets onto
mucosal membranes of individuals within 2m of an infected passenger, and a four-fold increase of inhalation and membrane deposition
of small aerosols when the passenger is within 1m of an infected passenger due to higher local concentrations (Miller et al., 2022,
Fig. 1).

Lastly, to model fomites we consider the transfer of viral contamination from surfaces to the hands and from the hands to the
mucosal membranes. Whenever a passenger touches their mucosal membranes with their contaminated hands, there is a transfer of
some virus from their hands to the mucosal membranes. We assume passengers touch their face while onboard and for some time after
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Fig. 1. A flow diagram summarising the key processes behind each simulation of the QMRA model, used to estimate the exposure to SARS-CoV-2 for
each passenger during their bus journey.
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alighting. The accumulation of these transfers from hand to face form the passenger’s “fomite dose”. Hands can get contaminated by
touching contaminated surfaces, where there is a transfer of virus to and from hands governed by transfer efficiencies, the contact area
and viral concentrations on hands and surfaces. Only infected passengers are assumed to have contaminated hands before boarding,
with the amount depending on their viral load and the amount of fluid deposited on their hand; see Supplementary Material for details.
Virus on hands and surfaces decays over time due to loss of infectivity (Harbourt et al., 2020; Matson et al., 2020). For simplicity, we
assume that passengers perform all of their touches to surfaces and membranes using a single hand.

A flow diagram summarising the key processes of the QMRA model is provided in Fig. 1. There are several key differences between
the model here and that in Miller et al. (2022). We model a single-decker bus with the seat and surface arrangement of the Wrightbus
Streetlite 11.5m Door Forward - Euro 6. This bus has 1 door, 45 seats and a capacity of 72 passengers (Personal Communication with
UK public transport operator, see also the Wrightbus Streetlite entry at Wikipedia (2024)); see Fig. 2(a). Unlike Miller et al. (2022), we
have explicit seat locations and thus follow passenger locations, which surfaces they can interact with, and whether they are within 1
or 2 m of an infected passenger (which can lead to close-range exposure). Additionally, we consider four (4) different types of surfaces
within the bus (traversal poles, seat handrails, horizontal half-poles and stop buttons). Each stop button is considered a single surface
that is pressed by a fingertip, whereas all other surfaces are split into smaller, approximately hand-sized “subsurfaces’ such that
passengers touching these surfaces touch one subsurface at random. This results in the potential viral transfer from hand-subsurface
contacts (Miller et al., 2022).

We assume the bus follows one of two (2) set routes; the Urban route that has 60 stops that are a minute apart, and the Rural route
with 30 stops that are 3 min apart. These routes are inspired by the clock-face timetabling and time/distance between stops we
observed in UK for a variety of urban and rural routes, but are not based on any specific bus route. We also assume three different
boarding-alighting patterns based on how busy the journey is, Half Seat, Full Seat and Full Stand, which have a peak loading of 23, 45
and 72 passengers, respectively. Each of these loading-route patterns start and end with an empty bus, and reach peak loading some
time mid-journey (Fig. 2(b)). When a passenger boards, they select an available seat (or standing location if no seats are available) at
random (see Supplementary Material for other seat selection algorithms).

Unlike Miller et al. (2022), we consider an infected passenger’s viral load (i.e. the viral concentration within their respiratory fluid,
denoted w), as a parameter within the model which is sampled from a (log)-Weibull distribution (Chen et al., 2021b). We also compare
our results here with the fixed viral load assumption from Miller et al. (2022) (which is the 87.7th percentile of the Weibull distri-
bution), to study the impact of considering heterogeneity in viral load across the infectious passengers’ population.

The percentage of passengers wearing masks and the different types of masks worn is based on observational data collected by
several UK bus operators around February—March 2022 (Confederation of Passenger Transport, Personal communication), where
approximately 30% of passengers wore masks, with mask type split approximately equally between fabric and surgical-type masks,
with a small minority wearing FFP2 masks (47.5%, 47.5% and 5%, respectively). Masks have an impact on the amount of droplets and
aerosols that the individual exhales/inhales as well as their face-touching behaviour. The efficacy of all masks is considered to be high
(but not perfect) for large droplets and moderate-to-high for smaller droplets (Aydin et al. (2020); Bandiera et al. (2020); Blachere et al.
(2022); Lindsley et al. (2021), see Supplementary Material, Table 2) on both inhalation and exhalation.

Passengers are assumed to touch several surfaces during their journey. Almost all seats and standing positions have a ‘positional’
surface (normally a seat handrail or horizontal half-pole) that passengers touch occasionally during their time onboard. Additionally,
during boarding and alighting, passengers touch a number of traversal surfaces based on how far down the bus they travel, as well as
touching the positional surface of their seat (and the neighbouring aisle seat if they have a window seat). Stop buttons can also be
touched at alighting by one or more alighting passengers. Each time a surface is touched, a single subsurface is touched at random. In
the results, we explore the impact of sanitising hands. In particular, we consider (but not as default) the application of hand-sanitiser
after boarding and/or after alighting. Applying hand-sanitiser reduces the viral concentration on hands by 95.5% (Mbithi et al., 1993).
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=== Rur Stand
-=-- RurF Seat
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Fig. 2. (a, left) Sketch of the bus and (b, right) number of passengers on board over time for different loading levels and route type. In (a), large
coloured circles represent available seats (blue are front facing, dark blue are folding side-facing and purple are elevated side-facing). Red stars
represent traversal poles with/without stop buttons. These stop buttons are represented by small white circles attached to the star (traversal pole).
Orange, shorter rectangles represent seat handrails and light green, longer rectangles represent horizontal poles.
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3. Results

We examine a default set of numerous parameter values that are listed in the Supplementary Material. The main aim is to analyse
the factors that affect exposure on a bus and the effects of different mitigations. Default and alternative values considered for a subset of
key parameters are shown in Table 1. The rationale for selecting these parameters is indicated above in the methodology, with the
alternative values selected based on ranges that were observed during different periods of the pandemic (e.g. prevalence, mask
wearing) or feasible technical ventilation rates (Querol et al., 2022). We see these parameters as potentially important to exposure and
can vary over time, location or by influence of policy decision. All doses are measured with respect to Plaque Forming Units (PFU).

3.1. Single journey simulation

To demonstrate how the model works and to get an understanding of the results it generates, we first look at the airborne, close and
fomite doses received by passengers, and the estimated contamination of surfaces, from a single journey simulation (Fig. 3). The
default “Urban Full Seat” loading-route scenario has all seats occupied at peak loading and 87 passengers travelling in total, with many
seats being occupied by multiple passengers during the journey. There are 2 maskless infected passengers in this simulation. The first
infected passenger sits in the back row for 46 min (boards at stop 7 and alights at stop 53) and has a very high viral load (& = 1.96 -
10'® PFU - m~3, corresponding to the 99.5th percentile). The second infected passenger sits in the second from front row for only 7 min
(boards at stop 15 and alights at stop 22) and has a moderate viral load (v = 2.3 - 10'° pPFU - m’3, around the 53rd percentile).

In this simulation only one passenger avoids receiving an airborne dose (Fig. 3(a)); this passenger alights at stop 5, which is before
the first infected passenger boards the bus. This first infected passenger dominates the emissions of airborne virus due to their high
viral load and presence across most of the journey. 33 passengers (out of 85 susceptible passengers) receive a non-zero close dose
(Fig. 3(b)). One can observe many reds (within 1-2m) and deep reds (within 1m) around the infected passenger in the back row,
whereas there are more blues (within 1m) and dark blues (within 1-2m) for passengers around the infected passenger nearer the front.
This difference of many orders of magnitude is a consequence of the big difference in viral loads between infectious passengers and to a
lesser degree the times onboard for both of these passengers.

Most passengers receive a non-zero fomite dose (68 out of 85 susceptible passengers), however these passengers are scattered across
all areas of the bus (Fig. 3(c)). It appears that passengers nearer the front and passengers that alight early enough for their seat to be
filled by another passenger after them are more likely to avoid receiving a fomite dose (as more surfaces will become contaminated
over time). The size of the dose varies significantly and has no clear pattern, with all colours including reds, yellows and blues spread
across the bus. Although patterns for fomite dose might be relatively weak due to the stochastic effect of both touching a surface and
touching mucous membranes, there is a clearer trend for concentrations on surfaces (Fig. 3(d)). The highest contaminated surfaces are
observed to be those that were touched by the back row infected passenger, which are the seat handrails associated to their seat and
neighbouring aisle seat (which they touch when boarding and alighting), and the stop button at the back of the bus which they touch
when alighting. Other surfaces predicted to be highly contaminated are the traversal poles, ranging from orange to deep red. Stop
buttons have a wide range of contamination, including one that is uncontaminated by the front door (stop buttons are considerably
smaller than other surfaces so the same number of virus leads to much higher concentrations). Many seat handrails are contaminated,
but 13 out of 32 remain uncontaminated; with seat handrails seeming to be more likely to be contaminated in pairs. This makes sense
as someone with contaminated hands using a window seat is assumed to touch both the window seat’s and aisle seat’s seat handrails
when boarding and alighting.

Lastly, comparing the non-zero doses, the airborne dose has a relatively limited range, with doses ranging from around 0.055 PFU
to 45 PFU, whereas close doses range from around 0.0007 PFU to 11, 500 PFU and fomite doses range from around 6.5 - 10~ PFU to
26, 600 PFU.

3.2. Exposure routes and impact of viral load heterogeneity

In this section, we consider results from 1000 stochastic journey simulations to explore the distribution of airborne, close and
fomite doses received by passengers under default parameters in Table 1 (which includes a wide log-Weibull viral load from Chen et al.
(2021b)), and compare these results with 1000 simulations where each infected passenger has the same, relatively large, fixed viral

Table 1

Parameters of interest and their values.
Parameter/option Default Alternatives
Viral Load (log)-Weibull Distributed Fixed Value (Miller et al., 2022)
Prevalence 1% 0.1%, 0.2%, 0.5%, 2%, 5%
Loading Full Seat (peak 45, total 87) Half Seat (peak 22, total 43);

Full Stand (peak 72, total 160)

Route Urban (60 stops, 59 min) Rural (30 stops, 87 min)
Mask-wearing 30% 0%, 50%, 70%, 100%
Fresh-flow rate 6 ACH 1.5 ACH, 3 ACH, 12 ACH, 24 ACH
Hand-sanitising None Boarding only, Alighting only,

Both Boarding and Alighting
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Table 2

Summary statistics of doses for heterogeneous and fixed viral load (VL); see Fig. 4. Geo. Mean is the geometric mean of all non-zero doses, which is less
sensitive to outliers than the arithmetic mean. NZ Dose stands for the percentage of non-zero doses. % > 7PFU corresponds to the percentage of doses
larger than 7 PFU. Note that as total dose for each passenger is the sum of their airborne, close and fomite doses, the arithmetic mean of the total dose
will be the sum of the mean of airborne, close and fomite doses; this property does not apply to other statistics like medians, quantiles, (non-zero)
geometric means and proportion of large doses.

Arith. Mean NZ Dose Geo. Mean Median 75%ile 95%ile Maximum % >7PFU

Heterogeneous

Air 9.012-1072 49.7% 5.366 - 10~° 0 5.789 - 10~° 2.953-1072 6.871 - 10! 0.33%
Close 4.172-10° 14.9% 3.798 - 1073 0 0 3.749 -1072 1.190 - 10* 1.04%
Fomite 1.621 - 10* 31.3% 2.896-10°* 0 7.275-1077 1.389-107! 1.534 - 10° 1.51%
Total 2.048 - 10! 49.7% 7.486 - 107* 0 7.543 .107* 9.683-107! 1.534 - 10° 2.53%
Fixed VL

Air 9.560 - 1073 49.8% 7.123-107° 0 9.915-1073 4,936 -1072 4.658 - 107! 0.00%
Close 4.056 - 107! 14.8% 7.349 . 107! 0 0 2519 - 10° 5.813 - 10! 1.63%
Fomite 3.167 - 10° 30.9% 4.351-1072 0 8.312-107* 4.760 - 10° 2.150 - 10° 4.21%
Total 3.583 - 10° 49.8% 1.219-107! 0 7.850 - 1072 8.594 - 10° 2.150 - 10° 5.88%
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Fig. 3. Results from a selected single journey simulation for (a, top left) airborne dose, (b, top right) close dose, (¢, bottom left) fomite dose and
(d, bottom right) average terminal surface concentration (i.e. the mean of all subsurfaces at the last stop after the last passenger alights). Each large
circle represents a passenger and where they sit, multiple passengers can occupy a seat across a trip, the more recent passengers are on top and to the
bottom right. A thick outline represents that the passenger is wearing some variety of facemask. In this simulation, there are two infected passengers
(in black), one in the back row and one in the second from front row; neither wears a facemask; all other passengers (85 in total) are susceptible
passengers. Each subfigure has different colour-scales for doses received/surface concentration (with different units for surface concentration). The
shapes (but not colours) for surfaces are same as in Fig. 2(a).

load (@ = 3.61 - 10'2 PFU - m~3, 87.7th percentile) used in Miller et al. (2022).

When considering the heterogeneity in viral load across infected passengers (Fig. 4(a)), our model predicts that all doses are likely
to vary by many orders of magnitude, forming wide overlapping mono-modal distributions (excluding the many zero doses). This
suggests that exposure to the virus is highly stochastic, with close doses dominating airborne doses in the scenario under consideration,
and fomite doses overlapping both.

The heterogeneity in viral load across infectious passengers is predicted to be the main source of stochasticity in our exposure
predictions, with individual exposure risk heavily affected by the viral load of the specific infectious passenger(s) travelling during the
journey. To illustrate this point, we compared our default heterogeneous viral load results with Fig. 4(b), where all infectious in-
dividuals are considered to have the same fixed viral load. With a fixed viral load, the airborne and close-range dose distributions are
significantly narrower, while the fomite dose distribution still spans many orders of magnitude. This suggests that exposure through
fomites is highly stochastic not just because of viral load heterogeneity, but also because its magnitude depends upon the specific
sequences of contacts to subsurfaces and then to mucous membranes.

The boxplots in Fig. 4(c) confirm that fomite exposure is heavily dominated by potentially very high outliers, whereas airborne
doses are more homogeneous. Close doses also contain a substantial amount of outliers, as close-range exposure can only occur by
being in close proximity to an infectious passenger on a particular journey. It is important to note that while close-range exposure
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Fig. 4. The distribution of doses (close in yellow, fomite in red, airborne in blue and total in grey/black) for susceptible passengers under default
parameters, represented as histograms for (a, top left) default heterogeneous viral load; and (b, top right) the fixed viral load used in Miller et al.
(2022); (c, bottom left) boxplots of all doses (including total dose) for both default and fixed viral load; (d, bottom right) empirical cumulative
density functions (ecdf) of all doses (including total dose) for default and fixed viral load. In (c), the whiskers represent the 95% quantile, and the
green marks represent the arithmetic mean. The empirical cumulative density function of a dose X in (d) is the proportion of susceptible passengers
who receive a dose less than X. Total dose is the sum of each passengers’ airborne, fomite and close doses. Note that (a) and (b) have different y-axis
scaling. Relevant statistics are in Table 2.

requires travelling with an infectious passenger at the same time, airborne and fomite exposure can occur even after the infectious
passenger has left the bus (i.e., via contaminated air or surfaces). We discuss this in greater detail in the Supplementary Material.

Table 2 shows that a significant proportion of passengers receive no dose via any transmission route, which is why the median doses
are all zero, and the empirical cumulative density function curves in Fig. 4(d) all start above 0.5. Specifically, just under 50% of
passengers are predicted to receive an airborne dose - and total dose - while fomite and close doses are less likely (around 30% and
15%, respectively), but can lead to potentially higher doses. Our results for non-zero doses suggest that airborne dose is typically
smaller, close dose is consistently the largest, and fomite dose is more stochastic having the largest outliers.

As a benchmark for a dose that is potentially sufficient to lead to infection, we consider doses greater than 7 PFU (the ID50 value
estimated for SARS-CoV-2 by intranasal inoculation in controlled conditions (Killingley et al., 2022)). We find that about 0.3% of
passengers receive an airborne dose higher than 7 PFU under this scenario, while over 1% receive a close dose, over 1.5% receive a
fomite dose, and over 2.5% receive a total dose. However, it is not clear how doses received via different routes translate into infection
risk, as discussed in Section 4.

If we instead consider a fixed viral load, no passenger in 1000 simulations receives an airborne dose over 7 PFU. This means that
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gaps in ‘Time Onboard’ occur where there are no passengers within the loading model with that time onboard.
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high airborne doses are likely driven by infected passengers with very large viral loads or specific airflow patterns that are not captured
in the well-mixed model assumptions. This suggests that, whilst airborne transmission from a single infectious passenger has the
potential to affect more passengers, superspreading events via this route likely requires a very high viral load. For example, the single
simulation in Fig. 3(a) has many passengers receiving airborne doses over 7 PFU because one passenger has a very high viral load.

3.3. Time onboard as a risk factor

We now explore how time onboard affects the doses passengers receive. In Fig. 5(a), we can see that the likelihood of receiving an
airborne dose increases with time onboard, reaching over 50% for journeys lasting beyond 22 min. Close doses also become more likely
as the time onboard increases, rising from around 10% for short journeys to 20% for longer journeys. The likelihood of receiving a
fomite dose also appears to marginally increase with time onboard (possibly due to more face touching time), but this pattern is the
weakest of the three. In Fig. 5(b), we see a clear pattern of the geometric mean of airborne doses increasing linearly with time onboard.
Close doses also increase with time onboard, but with a smaller gradient and possibly flattening for longer times onboard. The
magnitude of fomite doses appears to have no dependence on the duration of the passenger’s time onboard.

Our results suggest that while increasing time onboard increases the likelihood of receiving an airborne and close dose for each
individual passenger (and possibly the size of this dose), fomite doses cannot be avoided by reducing an individual’s journey time, as
they are more dependent on stochastic factors such as the number and particular sequence of surfaces touched during the journey.

3.4. Infection prevalence

Miller et al. (2022) found that infection prevalence was one of the main factors driving exposure when considering a subway
carriage, so we explore this parameter here. Fig. 6 shows how increasing infection prevalence from 0.1% to 5% leads to increasing
estimated doses across the passenger population, especially the frequency of non-zero doses. The first thing to note is the presence of
visible quantiles as prevalence increases; for 0.1% prevalence, only the outliers are visible for close and fomite non-zero doses, whereas
airborne and total doses have whiskers for the 95th percentile. This means less than 5% of passengers receive non-zero close and fomite
doses. Increasing to 5% prevalence results in all doses having non-zero medians, with both lower quartiles and 5th percentile whiskers
appearing for airborne and total doses.

The increase in the summary statistics such as arithmetic means and quantiles as prevalence increases can be interpreted as a
reduction of the number of zero doses: increasing prevalence leads to more passengers getting a dose during their trips. However, the
geometric mean of all non-zero doses also increases with prevalence, meaning the distribution of non-zero doses is getting larger with
prevalence too (i.e. the histogram like Fig. 4(a) is broadly shifting to the right). We believe this is due to the possibility of susceptible
passengers encountering multiple infected passengers (thus increasing their likelihood of meeting one with a high viral load) during
their journey, which becomes increasingly more likely as prevalence increases. This impact is largest for the airborne dose, with nearly
two orders of magnitude difference in the geometric means, with fomite over one order of magnitude and close dose less than one order
of magnitude. Airborne doses are more sensitive to the prevalence as receiving airborne doses from multiple infected passengers is
more likely due to the lack of proximity or surface-touch dependence. Our sample simulation (Fig. 3(a)) showed this: airborne doses
are relatively high because one infected passenger has a very high viral load, whereas the other infected passenger contributed little.
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Fig. 6. Boxplot of airborne (blue), close (yellow), fomite (red) and total (grey) doses for various prevalence levels. Whiskers represent the 5th/95th
percentile. Green lines represent the mean, while black lines represent median values. Summary statistics reported in Table 7 in the Supplemen-
tary Material.
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3.5. Loading levels and route type

In this section, we investigate how route type (Urban vs Rural) and loading levels (Half Seat, Full Seat or Full Stand) affect exposure
to the virus. Fig. 7 shows that route type has only a small impact on exposure, with the Rural route leading to slightly higher doses than
the Urban route. This difference is mainly because passengers spend longer on Rural routes, consistent with results in Section 3.3.

On the other hand, loading levels have a significant impact on predicted exposure. Firstly, as passenger numbers increase (from a
half-seated bus to a full-seated and full-standing bus), the likelihood of receiving any dose increases. In the full-standing scenario, only
30% of passengers avoid receiving a dose, compared to just over 50% for full-seated and over 70% for half-seated. Loading levels have
a greater impact on close and fomite doses than on airborne doses. The differences in close and fomite doses between half-seated and
standing models are about three orders of magnitude at the 95th percentile, with even greater differences at the upper quartile and
median levels. Increasing loading levels increase the likelihood of passengers seating (or standing) in close proximity to each other and
increases the potential spread of the virus across surfaces due to more hand-surface contacts.

3.6. Mask wearing as a mitigation

In this Section, we look at the impact of mask wearing on exposure, and we refer the reader to the Supplementary Material for
detailed assumptions around mask filtration efficacies. Fig. 8 suggests that increasing mask frequency significantly reduces airborne
and close doses. Specifically, the upper quartile dose for airborne doses decreases by more than an order of magnitude, and the 95th
percentile dose decreases by about an order of magnitude. For close doses, we observe a similar trend, with a reduction of over an order
of magnitude at the 95th percentile, which also applies to the highest doses. However, for fomite doses, we see a weaker pattern of
decreasing dose as mask frequency increases.

When comparing 0% and 100% masking scenarios, we see a substantial decrease in maximum doses for airborne and close doses,
dropping from around 85 and 13, 000 PFU to around 30 and 350 PFU, respectively. For doses over 7 PFU, we observe reductions of
around 0.35%, 1.4%, and 0.5% for airborne, close, and fomite doses, respectively, when increasing mask frequency from 0% to 100%.
These results suggest that increasing mask-wearing frequency is an effective measure in reducing exposure to SARS-CoV-2 on public
transportation, consistent with results in Miller et al. (2022).

The impact of mask frequency on exposure is shown in Fig. 8(b). The blue solid and dashed lines represent the arithmetic and
geometric means of airborne doses, respectively. Both the arithmetic and geometric means consistently decrease, resulting in a 50%
reduction at 50% masking and a 75% reduction when everyone wears a mask. This is because most masks, such as surgical and fabric
masks, reduce exhaled small droplets from infected passengers by approximately 50% and inhaled small droplets from susceptible
passengers by approximately 50%. For close doses, the impact is even more significant, with both arithmetic and geometric means
decreasing by two or more orders of magnitude. The results for fomite doses have more variability, but they settle with a 40-50%
reduction at 100% masking, compared to 0% masking, as a result of masked passengers touching their membranes less frequently.

It is important to note that mask frequency does not affect the probability of receiving a dose since masks are not 100% efficient at
filtering small and large droplets. Although the modelled reduction in face-touching frequency (from 11.14 to 3 touches per hour) due
to wearing a mask is significant, passengers are assumed to touch their mucosal membranes unmasked for some time after alighting,
which could dilute the reduction in face-touching frequency. This is especially true since these face touches include contamination
picked up from surfaces while alighting.

We conducted simulations with a 75% mask frequency to explore the impact of mask type, where Fabric, Surgical, and FFP2 masks
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Fig. 7. Boxplots of airborne (blue), close (yellow), fomite (red) and total (grey) doses for various routes and loading intensities. Whiskers represent
the 5th/95th percentile. Green lines represent the mean, while black lines represent median values. UH: Urban Half Seat, UFS: Urban Full Seat, USt:
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Fig. 9. Boxplots of airborne (blue), close (yellow), fomite (red) and total (grey) doses received by susceptible passengers by type of mask (or lack of
mask) worn by (a, left) the susceptible passenger, and (b, right) the infected passenger. Results generated from 50,000 simulations, with default
parameters except that mask frequency is 75% and that each of the 3 mask types are equally likely (i.e. 25% wear no mask, 25% wear a surgical
mask, 25% wear a fabric mask and 25% wear an FFP2 mask). In (b), we only use simulations from the 50,000 that have one infected passenger on
the journey (about 37.5% of simulations); of these infected passengers the top 5 viral loads are all wearing fabric masks, the top viral load being 1.5 -
10'® PFU - m~3 whereas the top viral load among those not wearing a fabric mask is 5 - 10'® PFU - m~3. Consequently, in (b), the arithmetic mean,
maximum doses and possibly the percentage of > 7 PFU doses are skewed for the fabric mask category. Summary statistics are reported in Tables 10
and 11 in the Supplementary Material.

were equally likely. We focused on the masks worn by susceptible passengers (Fig. 9(a)) and found that there was a consistent hi-
erarchy of mask types for all dose measures (especially airborne doses), with passengers not wearing masks (NoMask) receiving the
highest doses, followed by Fabric, then Surgical, and finally FFP2 by a big margin; a hierarchy consistent with the filtration efficiencies
of each mask type (Table 2, Supplementary Material). For close doses, there was less difference between mask types, but a considerable
reduction compared to NoMask as all masks are effective at blocking large droplets. For fomite dose, there was no real difference
between all three mask types, but a small difference between wearing a mask and NoMask for the estimated dose received by the
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Fig. 10. Boxplots of airborne (blue), close (yellow), fomite (red) and total (grey) doses for various ventilation rates. Whiskers represent the 5th/
95th percentile. Summary statistics are reported in Table 12 in Supplementary Material.
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susceptible passenger, as mask-wearing affects mucosal membrane touches when worn.

Next, we focused on the consequence of the mask worn by the infected passenger on the doses received by the susceptible pas-
sengers in simulations with only one infected passenger (Fig. 9(b)). We found that all three mask types reduced close doses compared
to NoMask by at least one order of magnitude, whereas for airborne doses, Fabric reduced the 95th percentile by about 39%, Surgical
by 56%, and FFP2 by 99% (consistent with the small droplet filtration efficiencies in Table 2, Supplementary Material). FFP2 masks
were the most effective at reducing doses, especially airborne doses, whereas the other masks still substantially reduced doses,
especially close doses.

Comparing the results of susceptible and infected passengers at the 95th percentile, we found that there was not much impact on
who wears the mask, except for the close doses over 7 PFU, which dropped significantly when infected passengers wore any mask. This
is likely due to susceptible mask wearers experiencing a typical amount of deposition of larger droplets onto the mucosal membranes
around the eyes, whereas such deposition would be greatly reduced if the exhaling infected passenger wears any mask.

3.7. Ventilation rates

Fig. 10 shows that ventilation has no impact on fomite dose and a small impact on close doses, but a significant impact on airborne
doses. As ventilation increases from 1.5 ACH to 24 ACH, the airborne dose decrease by over one order of magnitude at the upper
quartile level, and to around one order of magnitude at the 95th percentile. This suggests that increasing ventilation leads to a
consistent decrease in airborne doses across the board. However, the effect on the total dose is rather limited, with negligible impact on
the higher total doses like at the 95th percentile, but with a visible impact at the upper quartile level. This is consistent with the idea
that airborne doses are typically more frequently received but smaller in this scenario. For airborne doses, increasing from 1.5 ACH to
24 ACH leads to about a 4-5 fold decrease in the maximum doses and the percentage of doses over 7 PFU. Our results thus suggest that
increasing ventilation rates would have a more significant impact in reducing exposure in journeys where a highly infectious indi-
vidual travels for a long time in a crowded bus. This has increased importance as it is this confluence of high viral load and long journey
time on a crowded bus which is expected to produce super-spreading events.

3.8. Hand-sanitising as a mitigation

Fig. 11 shows that sanitising hands can significantly reduce the fomite dose, with a difference of almost two orders of magnitude at
the 75th percentile between passengers who sanitise their hands both at boarding (when they reach their seats) and (just after)
alighting; whereas at the 95th percentile, there is over one order of magnitude difference compared to no hand-sanitising. The per-
centage of fomite doses over 7 PFU also decreases from over 1.5% to under 0.5%. We note that while each application of hand-sanitiser
is assumed to reduce hand contamination by 95.5%, the impact on exposure is different depending on when the hand-sanitising event
occurs (i.e. at boarding or alighting). In particular, sanitising hands after alighting can protect the passenger from the fomite dose
received from face touches after alighting, but it does not affect fomite doses received before alighting, nor the contamination of hands
and surfaces within the bus. In other words, hand-sanitising after alighting is only self-protective. Conversely, sanitising hands after
boarding reduces hand contamination while onboard, but it has no impact on traversal and positional touches during boarding. Hence,
contamination by unsanitised hands would already spread across the bus. This boarding contamination has a disproportional impact
via the traversal surfaces earlier on in the journey, allowing more time for it to be touched by other passengers and spread onto mucosal
membranes and other surfaces. Additionally, after boarding, we assume that the infected passenger’s positional surface will gradually
become more contaminated by respiratory emissions, which hand-sanitising cannot prevent. This contamination can lead to more
contamination on the recently sanitised hands through touching their positional surface while seated.

10'; <4

—
(=]
™

Fomite Dose
b
<
|
1
1
I
1
I

107

10710 -

NoWash Both Board Alight
Hand Hygiene

Fig. 11. Boxplots of fomite dose for different hand-sanitising scenarios (airborne and close doses are unaffected by hand-sanitising). Whiskers
represent the 5th/95th percentile. Summary statistics are reported in Table 13 in Supplementary Material.
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Overall, hand-sanitising after boarding can reduce surface contamination on the bus and benefit other passengers, but the effect is
relatively weak. On the other hand, scenarios where the infected passenger sanitises their hands before boarding (not considered here)
would likely lead to a more significant impact, preventing contamination of traversal surfaces during boarding.

3.9. Predicted contamination of surfaces

To better understand fomite exposure (and potentially the surfaces to target for cleaning), we study the predicted surface
contamination levels in our simulations. Fig. 12(a) shows that seat handrails and horizontal poles are infrequently contaminated,
whereas traversal poles (and to a lesser extent stop buttons) are frequently contaminated.

We next explore if there are any spatial patterns of surface contamination by focusing on the 75th and 95th percentiles of surface
contamination (Fig. 12(b) and (c)). Fig. 12(b) shows a clear pattern of high concentration for traversal poles throughout the bus. The
stop buttons have highest concentrations at the back of the bus with low or zero concentrations near the front, which is a consequence
of stop buttons near the back serving 8 or 9 seats and those near the front serving only a few seats. For seat handrails, there is a clear
pattern where only seat handrails for aisle seats receive a non-zero concentration at the 75th percentile, and that these concentrations
get progressively larger as one moves towards the back of the bus (going from dark blues to greens and yellows). The aisle seat
phenomena results from the aisle seat handrails being touched by passengers while boarding and alighting from the adjacent window
seat, essentially doubling the number of passengers that touch the surface compared to the window seat handrails. Higher contami-
nation as one progresses down the bus is likely the result of passengers seated near the back touching more traversal poles. For
horizontal poles, we also see a split at the 75th percentile: the two half poles in front of the first row have similar concentrations to aisle
seat handrails (especially those near the middle rows), whereas the two half poles nearest to the front door are both zero at the 75th
percentile; the former are positional surfaces shared between two seats whereas the latter are positional surfaces for one or no seats.
The results at the 95th percentile are similar to the 75th percentile (Fig. 12(c)). However, only two surfaces have zero concentration
and both have no seats positions associated with them.

Overall, our results suggest that traversal poles are most likely to be contaminated and are predicted to have the highest levels of
contamination at almost all quantiles. This is the result of these surfaces being touched frequently by many passengers (including
infected passengers) both at boarding and alighting, whereas most other surfaces are more restrictive on who can touch them and
when.
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Fig. 12. Surface concentration (averaged across subsurfaces) at the end of 1000 simulations under default parameters in Table 1. (a, top) Boxplots
by surface category. (b, bottom left)—(c, bottom right) Bus diagrams with surfaces colour-coded by viral concentration at the 75th and 95th
percentile, respectively. Note that in (b) and (c), the colour scales are different, and that white surfaces have no predicted surface contamination at
the corresponding percentile, i.e. if a 75th percentile surface is white then at least 75% of vehicles simulated have no contamination on this surface.
The shapes (but not colours) for surfaces are same as in Fig. 2(a).
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Fig. 13. Passenger doses by seat position from 1000 simulations. (a, top left) Close dose at 95th percentile. (b, top right) Fomite dose at 75th
percentile. (¢, bottom) Fomite dose at 95th percentile. In each figure, the colour scale is different. White seat positions receive no dose at that
percentile. Default parameter conditions in Table 1 are used, including Full Seat Loading. The shapes (but not colours) for surfaces and seat positions
are same as in Fig. 2(a).

3.10. The impact of seating position

Fig. 13 explores the doses received by passengers based on their seating positions under default conditions (such as Full Seat
loading). For close doses (Fig. 13(a)), at the 95th percentile of passengers who sat each position, the lowest doses are at the front (blues
and greens), where they have the fewest neighbours within 2m, with the seat directly behind the driver having less than 5% non-zero
doses. The highest doses (dark reds, reds and oranges) seem to correspond to those passengers in aisle seats in middle rows, being the
ones that have the most neighbours. The difference between dark red and dark blue is at least a factor of 150.

For fomite doses, we explore both the 75th and 95th percentiles (Fig. 13(b) and (c)). Seats nearer the back receive higher doses,
especially for the 75th percentile where the doses vary by several orders of magnitude. This is consistent with the higher surface
concentrations predicted on seat handrails nearer the back of the bus in the previous subsection. At the 75th percentile, two doorside
folding seats have no dose. This suggests that seat position can have a significant impact on exposure risk, especially as these seats
require few traversal touches. However, the driverside folding seats near the front receive higher doses, as they have traversal poles
(which have higher surface concentrations) as positional surfaces whereas the doorside seats do not (in fact the middle doorside folding
seat has no positional surface). Likewise, the front row passengers also have high fomite doses as the aisle seats have traversal poles as
their positional surface, which also means that window seats touch these traversal poles when boarding and alighting. Another local
effect that becomes apparent here is that the middle back seat seems to have lower fomite doses than others at the back, which makes
sense as it is a seat without a positional surface.

Overall, close dose is highest (especially on number of non-zero doses) for seats with most near-neighbours (i.e. aisle seats in middle
rows). For fomite, a general pattern of higher fomite doses the further to the back of the bus is seen as a result of more traversal surfaces
touched; however this effect can be small compared to local issues like positional surfaces, with the highest fomite doses at seats that
have traversal poles as positional surfaces.

4. Discussion

In this paper, we investigate exposure to SARS-CoV-2 during a bus journey and show through a QMRA model how exposure via
three different routes: long-range airborne, close-range and fomite, can be explored. The results throughout show a high degree of
variability that reflect both the virus parameters and the different human interactions in the transport environment. Similar levels of
variability are seen in other QMRA studies including Jones (2020), Lei et al. (2018) and Azimi et al. (2021). Exposure distributions are
analysed according to several different measures. Some of these were similar to those in Miller et al. (2022), such as arithmetic mean,
median and percentage of non-zero doses. However, when accounting for variability in viral load, these measures do not sufficiently
cover the shape of the exposure distribution and in particular do not place sufficient emphasis on the highest doses which may pose the
highest risk for infection. As such, we also make use of the non-zero geometric mean as a central estimate less affected by outliers and
the 75th and 95th percentiles to analyse the distribution of doses received by susceptible passengers in a range of scenarios.

Given the very wide viral load distribution, our concern is not on doses so small that the risks are negligible, but on the high-dose
tail instead. If we assume every infected passenger has the moderately large fixed viral load from Miller et al. (2022), no passenger
received an airborne dose over 1 PFU, whereas allowing for very high viral loads can result in cases where many passengers received
airborne doses over a reasonable estimate of the ID50 (7 PFU) (Fig. 3(a)). This means that viral load is by far the biggest driving factor
to infection through airborne doses in a well-mixed air environment, which is consistent with current knowledge that infrequent but
significant superspreading events often involve airborne transmission (Cheng et al., 2021; Miller et al., 2021; Zhang et al., 2021).
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Conversely, close-range and fomite doses over 7 PFU were more likely with this fixed viral load than with the variable viral load,
suggesting a moderately large viral load is more than sufficient for large doses and that a wide viral load distribution dilutes this.

We find that masks can have a major impact in reducing exposure, especially on close-range doses, with a relatively limited impact
on fomite doses. This is consistent with other modelling studies, such as Wilson et al. (2021) that show the significant effects of masks
on inhalation dose but also an impact on fomite risks. We also find that mask wearing by infected passengers can have a bigger impact
than a mask worn by the susceptible as the mask worn by infected passengers reduces all emissions at source, whereas a susceptible
passenger wearing a mask would not get protection from potential deposition of large droplets to their eye membranes. Unlike Miller
et al. (2022), this paper assumes masks are imperfect with respect to larger droplets (and therefore do not completely remove
close-range exposure) and considers a number of mask types. With respect to smaller droplets, we also assume that masks other than
FFP2 masks are worn with some gaps.

Our results show that loading and prevalence have a significant impact on the level of exposure. At high prevalence levels,
encountering infected passengers is highly likely. However, it is worth noting that this risk is not unique to bus travel, as other settings
such as workplaces, schools, shops, and pubs also become riskier during high prevalence periods. While bus encounters are typically
short and in reasonably well-ventilated areas, the variability of viral load means there exists a risk of encountering highly infectious
individuals, with the risk increasing at high prevalence and loading. Because the aggregated risk of multiple short encounters is still
uncertain, we have chosen to assume that doses received during the timescales of a journey may be added together.

Regarding fomite doses and surface contamination, we found that they are widely distributed, and seat choice can greatly affect
exposure, especially with traversal poles being highly and frequently contaminated. This is consistent with surface sampling results
from Aranega-Bou et al. (2024), where they found traversal poles (they call ‘handholds’) were among the surfaces most likely to be
contaminated with SARS-CoV-2. We treated all mucosal membranes as equal and well-mixed for face touches and have set rules for
surface touching when boarding, alighting and seated, such as boarding and alighting had the same distribution of traversal surfaces
touched. However, in reality, passengers may touch more traversal surfaces when alighting (when the bus is potentially moving) than
when boarding (when the bus is static). We also assumed that passengers do not touch surfaces they bring onto the bus, such as
shopping, luggage, or mobile devices. These assumptions may limit the generalisability of our findings.

In this paper, we applied our model to SARS-CoV-2, with assumptions and parameterisation applied accordingly. However, similar
assumptions and methodologies could be applied to many other important diseases (especially respiratory) to establish the size of
airborne, close-range and fomite doses; in fact, this model was inspired by Lei et al. (2018), where they consider SARS, influenza and
norovirus. Different parameterisation will be needed for aspects such as viral load, viral decay rates, hand hygiene efficacy, the RNA to
PFU scaling factor and symptoms like coughing frequency. Moreover, the relative importance of these doses, as the contribution of
each dose route to the dose-response for different pathogens, will likely differ greatly.

The study results provide important information for policy makers, transport operators and the public travelling by bus. The
approach can be used to assess the relative impact of different mitigation measures which enables decision making for both individual
exposure risks and the operation of transport services during outbreaks of infectious disease. This may enable different strategies to be
taken during different phases of an outbreak, with for example greater emphasis on messaging to wear masks or not travel when sick
during higher periods of prevalence. Similarly the results support the need to ensure the travel environment on a bus is well ventilated,
informing future vehicle design as well as operating conditions on existing vehicles.

4.1. Strengths and limitations

Our multi-route QMRA approach allows one to assess the role played by each transmission route (close-range, long-range airborne,
fomite), as well as the impact of environmental factors, passenger behaviour, and mitigations on exposure. Although our approach in
public transport settings is novel in many aspects, such as with respect to incorporating specific passengers’ behaviours in these
settings, the methodologies described in detail in the Supplementary Material to estimate exposure through each particular trans-
mission route are based on well-established methods in the literature (e.g. fomite contamination equations (King et al., 2020; Wilson
et al., 2020); state-space approach to estimate long-range airborne exposure (Parker et al., 2014), or main assumptions around droplet
evaporation and deposition (Lei et al., 2018)).

Undoubtedly, this multi-route approach comes with some drawbacks. In particular, some simplifying assumptions need to be made
for model tractability, such as the consideration of well-mixed air beyond 2m of the infectious passenger. Alternative approaches to
estimate close-range and long-range airborne exposure, such as CFD simulations (Wang et al., 2022; Arpino et al., 2022; Cheng et al.,
2022), can be considered instead, which allow one to estimate exposure at an increased spatial resolution. However, the capabilities of
those models (in terms of incorporating complex behaviour, running multiple simulations under different conditions, incorporating
population heterogeneity or stochasticity) are typically limited due to computational constraints. Alternative approaches such as the
Wells-Riley framework have also been considered in this area (Cummings et al., 2024), but they typically only focus on airborne
transmission and thus the comparison with other routes (e.g. fomite) is not as clear, and the possibility of differentiating between
close-range and long-range exposure is typically more limited.

When comparing to other multi-route QMRA models in the literature (Azimi et al., 2021; Jones, 2020; Lei et al., 2018), although
results should in principle be broadly comparable since the underlying techniques are similar, it is important to note that exposure risk
is likely to be scenario-dependent. On a bus, individuals share the indoor space for relatively short periods of time, and possibly contact
a relatively small set of common surfaces. This is clearly different to a scenario such as the Diamond Princess cruise ship outbreak that
occurred in early 2020 (Azimi et al., 2021), or interactions in healthcare settings (Jones, 2020). Individuals’ behaviours are also likely
to significantly depend on the particular setting of study. Moreover, we note that in some studies authors differentiate between doses
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received in the lower (LRT) or upper (URT) respiratory tracts, with droplet deposition and fomite transfer typically contributing to URT
doses, while aerosol inhalation contributing to LRT doses (e.g. Azimi et al., 2021; Jones, 2020; Lei et al., 2018). Then, a weighted sum
can be considered depending on the pathogen of interest, in order to estimate infection risk based on a dose-response approach (e.g.
Azimi et al., 2021; Lei et al., 2018). We instead avoided making such assumptions, which can have a significant impact on the model
outputs, by focusing instead on predicted exposure through each particular route, rather than estimating infection risk, and thus our
results (and in particular the total doses) need to be interpreted accordingly.

Instead of explicitly assessing the probability of infection from a given dose, we report number of doses exceeding 7 PFU. The
threshold of 7 PFU was derived from the ID50 (i.e. a dose that infected 50% of individuals) estimate by Killingley et al. (2022), where
they used intranasal inoculation in controlled conditions. Although this value carries a great deal of uncertainty, intranasal inoculation
is probably closer in nature to the airborne and close doses considered in this paper. It should be noted that vaccination and prior
immunity will likely affect the dose required for infection, which is something not explored in this paper. Other studies such as Jones
(2020), Wilson et al. (2021) and Azimi et al. (2021) have attempted to estimate infection risk using a dose-response model, however
there is considerable uncertainty in this approach as the dose-response is estimated, usually from other coronaviruses (Miller et al.
(2022)).

The bus routes we modelled varied in loading patterns and journey timescales, although these loading patterns are idealised and
not directly applicable to any particular bus route. In particular, we did not consider a bus taking multiple journeys in the day, where
surface contamination might accumulate and spread across the bus during the day. This would more comparable with the end-of-day
sampling in Aranega-Bou et al. (2024) and would be a more appropriate timescale when exploring the impact of surface cleaning
routines. Additionally, factors not considered here such as passenger demographics, time of day and purpose of travel (e.g. commuting
vs. leisure) can influence passenger behavior, such as touching patterns, as well as vulnerability which affects susceptibility to infection
and the potential consequences. We also did not account for the possibility of passengers boarding together in groups or families, who
may sit together and have similar disease status.

5. Conclusions

Development of a detailed, mechanistic and agent-based QMRA model for a bus environment has allowed the analysis of exposure
to SARS-CoV-2 and similar viruses within a bus environment. Assumptions about the viral load distribution were found to have a
significant impact on the likelihood of high doses, especially for long-range airborne doses which were found to require significantly
higher viral load for passengers to receive a large dose. Prevalence and loading have similar impacts on the probability of receiving a
dose and the probability of receiving a high dose, through long-range airborne, close-range airborne and fomites. Masks have no real
impact on the probability of receiving a dose but can greatly impact the magnitude of the doses received, especially reducing close-
range doses. The model suggests that traversal poles are typically more likely to be contaminated than other surfaces. The choice of
seat impacts the close-range and fomite doses received as it impacts how many passengers are in proximity and the number and type of
surfaces interacted with. These results are important for considering the relative effectiveness of mitigation measures for policy
development, transport operators and individual passengers.
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