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1 Executive Sumary

The events industry in the UK is a major contributor to GDP. The Business Visits & Events Part-
nership (BVEP) estimates the value to the economy (pre-COVID19) at £70 billion. In addition,
the industry provides 700,000 jobs .

A business survey conducted in Aug 2020 2, reported that due to a significant reduction in de-
mand for events due to the pandemic, 40 % of all those surveyed suggested that the business
they are involved in may not exist in its current form within the next 6 - 12 months and urged

that alterations to the realignment of their costs are imperative in order to stay afloat.

The UK Government (BEIS, DHSC, and DCMS) in mid 2021 led the he Events Research Pro-
gramme (ERP)E. ERP aimed to examine the risk of transmission of COVID19 from attendance
at events and explore ways to enable people to attend a range of events safely. To achieve this,
the ERP explored how a combination of testing and non-pharmaceutical interventions (NPIs)
can inform decisions on safely lifting restrictions at events. This was run primarily through

the delivery of a pilot programme of large events.

Guidance was published by the UK Government “ prior to the general unlocking of restriction
on the 19th July 2021. There are still hard questions for the industry (and in particular, indi-
vidual organisers) to consider, and how might they translate this guidance into their particu-

lar settings?

In July 2021, the International Centre for Mathematical Sciences (ICMS) held a three day Virtual
Study Group (VSG) which bought together around 40 university researchers and events ex-
perts to consider topics which mathematical modelling could provide insight into. For the pur-
poses of the YSG, the group considered topics in; indoor events, outdoor (ticketed), and out-

door (unticketed).

The organisers are grateful to all those list in the contributors listed in previously. In particu-
lar, we would like to thank ASM Global, Edinburgh Fringe Festival, Church of England and Bath
Rugby Club for enlightening discussion. In addition, the VSG was fortunate to have received

input from experts on topics such as crowd psychology, test & trace, events management, vi-

ral load dynamics. The YSG thanks them also for their contributions.

Lhttps:#/www.businessvisitsandeventspartnership.com/news/bvep-press-releases/801-bvep-launches-report-

focused-on-70bn-events-industry
Zhttps:#/www.eventindustrynews.com/news/covid-19-business-impact-study-global-perspective
3https:#/www.gov.uk/government/publications/information-on-the-events-research-programme/information-on-

the-events-research-programme
4https:#/www.gov.uk/guidance/working-safely-during-covid-19/events-and-attractions
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= Indoor events

1. the queuing section considers how arrival profiles, and queuing designs can be
modelled so as to minimise the risk of exposure where queuing is necessary. We
tentatively suggest that designing queues in longer, fewer rows could reduce the
number of individuals at risk from COVID19. Future work might consider more re-
alistic social groupings for arrivals and suggest the use of events data to parama-

terise the model.

2. the testing section seeks to address the incoming viral load at a venue with a num-
ber of occupants given some pre-screening regime through lateral flow devices.
This estimated load could be used to inform models which calculate risk from aerosol
spread. the proof of principle shows how this could be done with more time, and
suggests the integration of data around age demographic, prevalence, variant types

etc.)

3. the ventilation section considers how mathematical modelling can provide a frame-
work to optimise the placement of ventilation to minimise the virus concentration in
a room containing a number of people, some infectious. A draft formulation is pre-

sented, but has not been simulated.
= Qutside & ticketed events.

1. considering the arrival at the venue, a model to rationalise seat allocation (based
on vaccination status) is introduced. The impact of this approach suggests a mini-
mal effect on transmission risk. Queuing types are considered to demonstrate the
impact of pre-checking, arrival profiles etc. Pre-checking is shown to be useful in

reducing the waiting time if temperature checks are required.

2. mitigation effects in stadium are modelled considering the journey of uncontrolled
event attendees to bars situated around a stadium interior. The interaction of the
agents is modelled by way of the contacts made. During breaks, visitors should be
encouraged to go to the bar at different times as this can reduce the transmission
risk. The effective use of signage to reduce confusion is explored and suggests this

is another useful mitigation factor.

< Qutside & unticketed events.

1. the person-to-person modelling derives an approximation which provides a 'quanta
of infection’ which allows for simple, diffusion type modelling on how virus dissi-

pates for use in the rest of the section.
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2. the audience modelling section uses a lattice based model to simulate movement of
individuals in an open space over time whilst watching a street performer. The rel-
ative impact of wearing a mask in an audience compared with shortening the show
is considered. A tentative conclusion is that mask wearing during a performance is

the most effective measure to reduce risk.

3. the crowd dynamics section considers how dynamic crowd measures (such as
redirection) could be used to minimise congestion of crowds (therefore infection
of risk). Future work would need to consider a more sophisticated behavioural un-

derstanding of these crowds.
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2 Indoors

This section considers topics of importance to hosting large event in indoor settings. In par-
ticular, this section discusses the role of ~ queue design, testing regimes and ventilation opti-
misation on possible COVID19 risk.

2.1 Can we control the length and geometry of a queue to minimise infec-

tion risk?

Aim: Here we consider people arriving to a ticketed event. Upon arrival individuals have their
tickets and SARS-CoV-2 test results checked. This is likely to cause a queue. Large venues
may have multiple 'gates' in which people enter. Here we consider one 'gate’, however the
model could be for each gate to allow for heterogeneities in footfall. We examine two event
management techniques for potentially minimising attendees' risk of exposure of SARS-CoV-2
whilst queuing to enter an event. Firstly, we analyse the potential of having tickets with ‘time
slots' for entry. This method is an attempt to minimise the number of people in the queue in or-
der for social distancing to be maintained. We also consider the geometry of the queue design.
We access three types of risk:

1. Risk to attendees to other attendees in the queue.
2. Risk to attendees from an infected ticketer.

3. Risk to ticketer from infected attendees.

2.1.1 Methods

Queue Positions: The following schematic describes the basic design of our model. We have

individuals entering a ticket queue waiting to be served by one of multiple ticketers.

There are two possible events which change the positions of individuals in the queue:
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" Arrival - Individuals are given a time to arrive. This could be one time or multiple slots.

People arrive according to a normal distribution around their given time slot.

Exit - Individuals leave the queue according to the length of time taken to check their
ticket. This is modelled by a Cauchy distribution. This distribution (shown below) can be

given a minimum / maximum to make it more realistic.

Our model uses a stochastic time-step which is the time until the next arrival or exit.

Spatial layout: We explore di erent queue geometries inspired by the ndings of Ref. [4]. Within
our work, we compare the e ects of having many short rows or fewer long rows on the num-
ber of individuals exposed to SARS-CoV-2.

Figure 1: Image source, Ref. [4]

We assume individuals in the queue socially distance where possible, but if the queue is busy,
then they may not. Therefore if the queue is not 'full' we simplify the pedestrian dynamics sug-
gested in Ref. [4], assuming a lattice model where all the individuals stay a xed distance d=

2 m apart.

Viral spreading: Individuals are assigned a positive or negative SARS-CoV-2 status dependent
on the expected proportion of positive individuals. Given N individuals attend an event, if the
proportion in infected individuals was estimated to be p, a binomial distribution of N trials and
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probability pis used to determine the number of positive cases. This method is also used to

assign ticketers as positive.

Each time-step the positions of individuals in the queue changes. Therefore, we calculate the
x and y coordinates for each individual each time step. The euclidean distance between in-
fected individuals and others is then calculated. The distance from an infected individual and
the duration of the time step are then used to calculate the 'viral dose' received. The cumula-
tive viral dose from each infected individual at each time step is then used to estimate the risk
of infection. When modelling the airborne viral spread we follow the approach in Ref. [6]. For
each susceptible individual i we compute the cumulative viral dose

X Z
Qi =

j 2 infectious’

(O %O

where ¥%; is the spatial position of individual i and it is understood that the transmission oc-
curs ifand only if both i and j are present in the queue. Note that we assume that equal emis-
sion strength  for all the infectious people, but in a more realistic model it could be modelled

as a random variable.

The units of Q are emission quanta (EQ) [5] . For simplicity, we x = 16[EQ]m’h L and we
assume that an individual is at a signi cant risk if Q > 1EQ. This estimate is based on some
back-of-envelope calculations (note that Q = 1 EQ corresponds to 15 minutes spent 2m away
from an infectious person), but in a future work a more careful treatment would be desirable

(see Ref. ??7?). We estimated the risk from an infected ticketer to an attendee by assuming that
the queuer stands 0.5m from the ticketer while being served.

Parameters: The following parameters are needed to run our model. We assign default val-
ues, but note that venue / event-speci ¢ information is required.

Table 1: Parameters for queuing model.

Parameter De nition Values
N people going into gate 900
Groups No. of time slots 1:10
TicketRate Mean time taken to process ticket (minutes) 15/60
TicketRateScale Cauchy scale parameter for processing ticket time 0.05
minTicketRate Minimum ticket processing time (minutes) 10/60
maxTicketRate Maximum ticket processing time (minutes) 2
Ticketers No. of ticket processors 4
OpenEarly Venue opens x minutes before rst ticket time 15
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Start Time before event of rst ticket

ArrivalSd Arrival standard deviation

Prevalence Percentage of people we expect to be positive
N_QueueRows Number of rows in the queue

N_QueueRowLength  Length of each row in the queue

60
15
0.02

2.1.2 Results

Queue length: Fig. 2 (left) shows the average time spent in the queue according to the number

of distinct time slots / groups that we allocate. This shows that more time slots result in indi-

viduals spending less time in the queue. With those venues with limited space in mind, Fig. 2

(right) shows the maximum number of people in the queue given a number of distinct time

slots / groups.

Figure 2: (left) Average time spent in queue according to the number of distinct time slots allocated.
(Right) Maximum number of people in the queue given a number of distinct time slots.

Queue design:

The black dot in Fig. 3 represents an infectious individual and the grey dots represent people

at (highest) risk. Unsurprisingly, the most exposed individuals are the immediate neighbours
of the infected agent. Less obviously, the second most vulnerable group are the people two

rows away. Indeed, their motion is by design correlated with the motion of the infected individ-

ual. Therefore, their cumulative viral dose is likely to be higher than the viral dose absorbed

by the people one row away, who come into close contact with the infectious person only peri-

odically. This observation suggests that the overall risk may be mitigated by choosing a partic-
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Figure 3: Example of a queue with N =50 people with n =5 ‘rows'and N=5 = 10 people in each row.

ular shape of the 'queueing snake'. Fig. 4 shows the number of people at risk given a number
of distinct time slots/groups for di erent queue designs.

Figure 4: Number of people at risk given a number of distinct time slots for di erent queue designs.

This shows that the single le (1 row) solution is the best. This is to be expected as we do not
have any cross-row spreading. Our simulations suggest also that the number of people at risk
is usually reduced if the queue is arranged into a few long rows (as opposed to many short
rows). This trend can be plausibly explained by thinking about the people one row away from
the infectious individual. If the rows are short, they continually stay in the vicinity of the infec-
tious individual. If the rows are long, they spend most of their time in the queue away from the
source of infection (c.f. 'spatial layout' section).

Notably, [4] reach the opposite conclusion, i.e. they nd that many short rows may reduce the
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overall risk. One important di erence is that in their simulation the motion of queuers is not
strictly correlated. However, a comprehensive understanding of this discrepancy would re-
quire a much more thorough analysis.

2.1.3 Key ndings

The contributions to the cumulative 'viral dose' are generally much lower from infected
ticketers apposed to infected attendees nearby in the queue. This is because queuers
spend relatively little time with the ticketer.

As each ticketer meets many people, this risk can rise to signi cant levels if the preva-

lence is high.

Introducing multiple entry time slots may reduce the risk of SARS-CoV-2 infection of
event attendees while queuing by reducing the number of individuals in the queue. In
our simulations four time slots seem to signi cantly reduce risk. However, this may be

parameter dependant.

Our model suggests that fewer long rows reduce the number of individuals at risk of

SARS-CoV-2 infection. However, this is likely to be dependant on the choice of cumulative

'viral dose' which determines whether an individual is at risk.

2.1.4 Caveats

Here we conclude that an individual is 'at risk' if there cumulative risk is above a set

value. However, the probability of infection is likely to increase with viral dose, with some

people becoming infected with low levels of exposure to the virus.

Our assumption that a critical viral load must be reached for an individual to become
at risk of infection may underestimate the ability of an infected ticketer to transmit the
virus to attendees. For an interaction to be dangerous the serving time would need to
last almost a minute. The distribution of ticketing times means this is extremely rare

within our model.

Here we set the probability of an individual attending the event to 2%, however this is

likely to be dependent on the demographic of the event and testing regimes prior to the

event. Work from the testing group could therefore probably improve the accuracy of
this estimate.

Version 01 September 1, 2021.
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2.1.5 Future work

Some individuals pay no attention to time slots.

Un-ticketed event - This work could easily be adapted to model an unticketed event. Here
the distribution of expected arrival times and time taken to process a ticket could be
adapted to explain a di erent event type.

Grouped attendees Individuals may be more likely to arrive at an event in groups op-
posed to individuals. The size of the groups arriving could be assigned by the distribution

of the number of tickets bought together.

Many events will be recurring. We can improve our model for future events using data
from prior events through the use of statistical inference.

2.2 Can we estimate the viral load at a venue given a certain testing regimes?
2.2.1 Venue viral load calculator
Aim: We estimate the incoming viral load at a venue with N occupants given pre-event screen-

ing with lateral ow device (LFD) tests for input into calculations for the expected transmis-

sion risk due to aerosolised virus [8].

Methods: We estimate the expected number of incoming infected individuals | in quanta of
individuals at peak viral load of an unvaccinated symptomatic person Q.
Il =n vQ;

where n is the vector of numbers of classes of people admitted to the event, and Vv is the vector
of mean viral loads of those classes of people as a fraction of the peak viral load of an unvac-
cinated symptomatic person. We take the classes to be unvaccinated symptomatic, unvacci-

nated asymptomatic, single-vaccinated and double vaccinated people.

We calculate the number of people admitted in each class after lateral ow testing, using COVID19
prevalence rates in each class [9], test sensitivity data and viral load pro les over the days of

infection [9] for the di erent classes. (Lateral ow testing can be switched o in the model.)
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We include the impact of an exponentially growing or decaying epidemic (with up to 10% daily
changing in the numbers of new infections) on the distribution of people in di erent stages of
their infection, and hence on the likelihood that they will be screened out by testing.

ny = rifiLiN;

where r is the vector of COVID19 prevalence [10], f is the vector of fractions of the population
in each class estimated for England from [11; 12; 13], L is the vector of proportions of infected
people who fail to be screened out by testing, and N is the total number of people attending
the event.

Table 2: Prevalence and sensitivity estimates adopted. Note that the viral load de ning the lateral ow

test (LFT) sensitivity is marked in the gure below.

Parameter Estimate  Source
Unvaccinated prevalence Iy 1.16% [10]
Single-vaccinated prevalence ri 0.82% [10]
Double-vacccinated prevalence ra 0.33% [10]
Low LFT sensitivity 10% [14]
Medium LFT sensitivity 60% [14]
High LFT sensitivity 90% [14]
Proportion unvaccinated asymptomatic fa 0.3 [13]
Duration of infection 15 days

We assume piecewise linear viral load pro les over the course of infection following [9]. For
unvaccinated individuals we parameterise these using the central estimates from [9] for the
duration of the proliferation and clearance phases and the peak Ct value. Pro les for vacci-
nated individuals use the same values for the duration of the two phases as for asymptomatic
unvaccinated individuals (from [9]) but the peak  Ct value is increased by 2 [11] for single (dou-
ble) dose vaccinated individuals. The increased  Ct value for a single dose is broadly in line
with [15] [which found viral load to be 4-fold smaller after 1 dose of P zer vaccine, with mean

Ct values in singly vaccinated individuals approximately 27 compared to 24.8 in unvaccinated.
We could not nd dataon Ct values in doubly vaccinated individuals and assumed a further
increase of 2 in the peak Ct value.

Results: In Fig. 6 we plot the contribution of each host type to the incoming viral load the be-
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Figure 5: Assumed viral load pro les as measured by quantitative polymerase chain reaction (qPCR) Ct
values (left) and ribonucleic acid (RNA) concentration (right), assuming conversion between the two from

[9]. LFT sensitivity regimes are delineated by the dashed grey lines.

ginning of the event (panels a and b) and the total incoming viral load across all participants
types (panel c), each in units Q. As anticipated from the input viral load trajectories, unvacci-
nated hosts provide the largest contribution and double-vaccinated hosts the smallest contri-
bution.

Daily growth rates, with central estimates between -7% and +9%, have been reported approx-
imately fortnightly for the UK epidemic since May 2020 [19]. Given the relatively slow clear-
ance times in the adopted viral load curves, we may expect a higher viral load in a growing
epidemic when there are more recently infected participants. We nd that for perfect testing
uptake, incoming viral load can almost double if the community growth rate is +10% compared
to -10% per day. However, poor testing uptake has a relatively larger impact on incoming vi-
ral load for xed prevalence: when the epidemic growth rate is zero the total incoming viral
load is almost 9 times higher with no testing compared to perfect testing uptake in our simple
model.

Extensions: This preliminary work is intended as a proof of principle and would need more
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Figure 6: Incoming infectious quanta for event with N=10,000. In (a) we assume perfect testing uptake
with lateral ow tests on the day of the event, and show the e ect of community growth rate. In (b) we x
the growth rate to zero and explore testing uptake assuming uniform uptake across participant symp-
tomatic and vaccination status. In (c) we plot total incoming viral load across participant types by testing
uptake and growth rate. Quanta ( Q) are measured in units of the maximum viral load of symptomatic

participants.

work before it could be used in practice. There are many sensitivity analyses that warrant
further attention, including:

The age demographic of di erent events may vary widely, and future extensions of this
model could consider this in conjunction with age-dependent vaccine uptake data (see

Age Group Vaccination Status section below).

Prevalence estimates can be rapidly evolving and now-casting may be useful to estimate
the current prevalence in di erent participant types from recent infection data.

Viral load dynamics are particularly uncertain for vaccinated hosts, and likely need to be
re-evaluated for new variants. If the viral load is signi cantly higher for delta then this
potentially aids detection with LFT but worsens the consequences of poor testing uptake.
The shape of the viral load curve over the infection period in vaccinated hosts could be

informed by considering the in-host viral dynamics (see section. 2.2.3 below).

We have ignored delays from test result to entering the venue. This could be incorpo-
rated in an extension of the model.

We have assumed that symptomatic participants only cancel their attendance if they test
positive with a LFD, and the consequences of this assumption could be further explored.
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2.2.2 Age Group Vaccination Status

The proportion of the population vaccinated with one or two doses varies considerably across

age groups. We could use this information in an age-strati ed extension of the venue viral

load calculation above to explore how the viral load varies with the demographic pro le of

event attendees.

Table 3: Age banded vaccination proportion in England, estimated as at 13 July 2021 using data from

[11] and [12].
2020 2021 Proportion of Population

Age groups  Estimated population  Vaccinated Vaccinated 1st dose only  Vaccinated double dose
Under 25 16,802,877 0.1833 0.1292 0.0541
25-29 3,771,493 0.6596 0.4236 0.2360
30-34 3,824,652 0.7514 0.4442 0.3072
35-39 3,738,209 0.8027 0.4042 0.3985
40- 44 3,476,303 0.8721 0.2385 0.6335
45 - 49 3,638,639 0.8780 0.1322 0.7458
50-54 3,875,351 0.9282 0.0457 0.8825
55 - 59 3,761,782 0.9533 0.0354 0.9179
60 - 64 3,196,813 0.9724 0.0267 0.9457
65 - 69 2,784,300 0.9582 0.0199 0.9383
70-74 2,814,128 0.9682 0.0167 0.9516
75-79 2,009,992 0.9970 0.0205 0.9765
80+ 2,855,599 0.9696 0.0376 0.9320

Uncertainties

~ We used the estimated population in 2020 to calculate these age banded vaccination

proportions. The population estimates themselves are subject to uncertainty and the

population will also have changed since 2020. Unreported vaccinations: in a day - 9.7%,

within 7 days -2.9% [11]

~ The vaccination data [11] gives the number of vaccinations administered in England, in-

cluding individuals without an NHS number or no longer resident in England.

~ The vaccination data [11] includes all individuals identi ed in the relevant age bands. In
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particular the under 25 age group includes some children under 18 who have been vac-

cinated owing to risk factors or as a carer or health or social care worker.

2.2.3 In-host Viral Load Dynamics

The following set of ordinary di erential equation (ODE) equations describe a TIVA model for
modelling the in-host dynamics of viruses. The model described below is a simpli ed version
of the TIVA model outlined in [16] that doesn't consider the eclipse phase of infected cells, nor
does the model consider long term antibodies, memory cells or executor cells.

The model could be integrated to examine viral load dynamics over time with the ultimate aim
of providing more detailed information on how this is a ected by vaccination.

TIVA Model

daT
o VT (1)

The number of transfer cells ( T) that are infected by virus particles (V) increases at a rate
Possible to include an eclipse phase where infected cells don't shed virus particles for some

amount of time.

dl

G VT oA )

The number of cells ( I') infected by virus particles (V) increases atarate  and decreases
(through cell death) atarate . Antibodies (A) remove infected cells at a rate

WY,
L A\ ©)

The number of virus particles (V) created by infected cells ( |) increases at arate of  and de-

creases (through shedding) at a rate . Antibodies (A) remove virus particles at a rate
dA
— =V 4
at 4)

The number of antibodies ( A) created in response to virus cells (V) increases atarate . Some
example solution trajectories are shown below.
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Extensions

Integrate model with trustworthy initial condition and rate parameters (such as those
estimates by previous studies, e.g. [17])

The current model assumes that cells generate new viral particles as soon as they be-
come infected, which is not realistic. An  eclipse phase can be introduced to account for

this behaviour as in [16].

Model the evolution of long term antibodies and memory cells and their e ect on future
viral infection.

Separate the responsibility of removing viral particles and infected cells between anti-
bodies and executor cells respectively.

De ne model in a probabilistic programming language (PPL) such as Stan [18] and t to
real data, such as that presented in Ref. [9].

2.3 Can ventilation be designed to minimise the virus concentration in a

room?

Aim: We consider the problem of ventilating indoor spaces when people infected with COVID19
may be present. We present the beginning of a theoretical framework which could be opti-
mised to advise on the best placement of ventilation units to minimise the COVID19 concentra-
tion in an events space.

2.3.1 Governing equations for the ventilation problem

Let x = (x;y;z) denote the spatial variable associated with the principle X ,y andz direc-

tions. We consider a su ciently large room de ned according to
= f(xy;2):0<x<L; O<y<W; 0<z<H g;
and having volume V = WLH .

We assume for simplicity that there is one person in the room breathing constantly or talking.
This person is infected with COVID19 and emits the virus at a rate R. We treat the person as
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a source in the mathematical problem. Note the model described below can be generalised to
the case when there are multiple people in the room and a distribution characterising their

positions is known.

Additionally, separated from the lateral walls and the ceiling of the the room are ventilators
that extract air from the room as well as supplying fresh air. Due to the size of the ventilators
in comparison with the room, we will model their e ect as point sinks.

The concentration of the virus ¢ within the room is treated as a function of x and t. It satis es

the partial di erential equation:

@c

—+r (uc

ot " o

R X

= V(x Xp) icx;) (X x;) forx 2 ;t> 0: (5)
j=1

Here, ;,1 | N, are the air exchange rates owing to the ventilators we assume are known.
Further, u is a velocity pro le for the air contained in the room, having density and subjected

to gravity. The pressure inside the roomis  p(x).

We assume the ow inside the room corresponds to a small Reynolds number regime. Addi-
tionally, we assume the typical air ow attributed to an air conditioning unit is small in com-
parison to the speed of sound [ ? ], allowing us to model the air as an incompressible uid.

Thus, u satis es the Stokes problem:

X
ge,+ rlu=rp+ V| (x Xx) for x 2 ;
j=1
r u=0 forx 2 ; (6)
where V;j,1 | N, represent the forcing orientation and intensity connected with the j

ventilator, which we assume can be speci ed. Finally, we close the system corresponding to
this approximate model by supplying boundary conditions on the velocity u and ¢, and where

relevant, initial conditions.

We assume the air cannot penetrate the walls and thus we set

u=0; X2 @ ;

@C:

0; X 2 1> 0;
@ @
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where n is the unit outward normal to the room walls. Finally, we assume their is no concen-
tration of the virus initially, i.e.:
c(x;0)=0; X 2

2.3.2 Solution to the Stoke's problem

To facilitate the solution to the viral load problem, we now present the solution to the Stoke's
problem which can then be readily inserted into (6). This eld utilises the solutions to model
problems which are described below. The velocity eld u admits the form:

X
u(x) = up(x) + G(x;xj)Vj -
j=1

Here, ug is the solution (6) in the absence of the point sources, i.e. no ventilators. The matrices
G represents Green's tensor for the domain

Green's tensor in : We introduce the Green'stensor G for the Stokes's problem:
r2GoGy)=(r  pOGy)T+ (x yls  forx2
r G(x;y)= 0"
where p = (p1;p2;ps)", having entires py, p> and ps representing the pressure elds for the

rst, second and third columns of ~ G. This tensor also satis es the homogeneous boundary

conditions

G(x;y)=0Iz; x2@ :

Further, G may be written as

G(x;y)=J(x y) H(xyy)

where H is the regular part of G and J is the Oseen tensor satisfying:

r2x)=(r  p;)"T+ X)ls3 for x 2 R%:

()
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Here, the Oseen tensor has the form:

1 XX
J(x) = 8 ix] I3+J_x7
with p; being
X
pa(x) = m :

The function ug: Additionally, require the solution to the problem involving a gravitational load:

ge,+ r2up=r po for x 2 ;
r ug=0 for x 2 ;
Uup=0; forx2 @ :
In fact, the solution to this problem for any takes the form:
Up=0; Po= 0z:

Substitution of into allows us to update the velocity eld to

X
u(x) = G(x;xj)V; :
j=1

where it remains to construct G.

2.3.3 Further work

it is intended to use the representation of  u in (9) to lighten the required computational

load via numerical approaches to investigating the concentration caccording to (6).

step for advancing this problem for the room represented by a rectangular prism.

~ the eventual aim of the above model would be to attempt to engage optimisation prob-
lems whereby the ventilator properties and their positions can be optimised to minimise
the virus concentration over the entire room in time t for a group of people distributed

across the room.

it seems possible to compute G for relatively simple geometries , which will be a next

(8)

9)
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2.4 Conclusions & Future work

Can we control the length and geometry of a queue to minimise infection risk?

The risks of queuing to those in a queue and serving queues are considered. The contri-
butions to the cumulative 'viral dose' are generally much lower from infected ticketers
(those serving queues) apposed to infected attendees nearby in the queue. This is be-
cause queuers spend relatively little time with the ticketer. However, as each ticketer

meets many people, this risk can rise to signi cant levels if the prevalence is high.

Introducing multiple entry time slots may reduce the risk of infection of event attendees
while queuing by reducing the number of individuals in the queue. In our simulations
four time slots seem to signi cantly reduce risk. However, this may be parameter de-
pendant.

The model suggests that fewer long rows reduce the number of individuals at risk o in-
fection. However, this is likely to be dependant on the choice of cumulative 'viral dose'
which determines whether an individual is at risk.

In the models we conclude that an individual is "at risk' if there cumulative risk is above
a set value. However, the probability of infection is likely to increase with viral dose, with

some people becoming infected with low levels of exposure to the virus.

Our assumption that a critical viral load must be reached for an individual to become
at risk of infection may underestimate the ability of an infected ticketer to transmit the
virus to attendees. For an interaction to be dangerous the serving time would need to
last almost a minute. The distribution of ticketing times means this is extremely rare
within our model.

We set the probability of an individual attending the event to 2%, however this is likely to
be dependent on the demographic of the event and testing regimes prior to the event.
Work from the testing group could therefore probably improve the accuracy of this esti-

mate.

In future work, we would need to account for the fact some individuals pay no attention
to time slots.

This work could easily be adapted to model an unticketed event. Here the distribution of
expected arrival times and time taken to process a ticket could be adapted to explain a
di erent event type.
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Individuals may be more likely to arrive at an event in groups opposed to individuals. The
size of the groups arriving could be assigned by the distribution of the number of tickets
bought together.

Finally, many events will be recurring. We can improve our model for future events using

data from prior events through the use of statistical inference.

Can we estimate the viral load at a venue given a certain testing regime?

Unvaccinated hosts provide the largest contribution to incoming viral load and double-
vaccinated hosts the smallest contribution.

We may expect a higher viral load in a growing epidemic when there are more recently
infected participants. In our simple model we nd that for perfect testing uptake, incom-
ing viral load can almost double if the community growth rate is +10% compared to -10%
per day. However, poor testing uptake has a relatively larger impact on incoming viral
load for xed prevalence.

The age demographic of di erent events may vary widely, and future extensions of this

model could consider this in conjunction with age-dependent vaccine uptake data.

Prevalence estimates can be rapidly evolving and now-casting may be useful to estimate
the current prevalence in di erent participant types from recent infection data.

Viral load dynamics are particularly uncertain for vaccinated hosts, and likely need to be
re-evaluated for new variants. If the viral load is signi cantly higher for delta then this
potentially aids detection with LFT but worsens the consequences of poor testing uptake.
The shape of the viral load curve over the infection period in vaccinated hosts could be
informed by considering the in-host viral dynamics.

We have ignored delays from test result to entering the venue. This could be incorpo-
rated in an extension of the model.

We have assumed that symptomatic participants only cancel their attendance if they test
positive with a LFD, and the consequences of this assumption could be further explored.

The model presented on in-host viral dynamics needs further re nement including: in-
troduction of an eclipse phase between cell infection and generation of new viral parti-
cles; modelling the evolution of long term antibodies and memory cells and their e ect
on future viral infection; separation of the responsibility of removing viral particles and

infected cells between antibodies and executor cells respectively; tting to real data.
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" The venue viral load calculator could be developed further including some or all of these
additional features to inform on the relationship between age-strati ed SARS-CoV-2 in-
fection prevalence, event demographics, in-host viral dynamics, test and trace strate-
gies, and their impact on possible total venue viral load at large events.

Can ventilation be designed to minimise the virus concentration in a room?

~ The eventual aim of the ventilation model proposed in this report would be to attempt
to create optimisation problems whereby the ventilator properties and their positions
can be optimised to minimise the virus concentration over the entire room in time t for
a group of people distributed across the room. Further work is needed to validate the
model, and implement it.
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3 Outside & ticketed

This section considers how to limit the risk of COVID19 transmission in events which are out-
side and ticketed. This section considers in particular the speci ¢ use case of Bath Rugby Sta-
dium, shown in Fig. 7.

Figure 7: Bath Rugby Stadium

During the discussion, the group considered two parts of the inside-stadium event which are

most risky; arrival and half-time.  The arrival - because many events are taking place in towns,
people are arriving late (70 % arrive in the last 20 - 30 minutes) which creates large queues

and therefore an increase risk of infection. The other challenge is in stadium - mostly at half
time with people going to the toilet, walking past each other to bars etc, this again creates a
higher risk situation. Another scenario was considered where people leave the stadium at the

end of a match. Speaking with event management professionals, however, it was felt that the
half-time issue was most risky. For both situations we are trying to understand how we can

model the spread of COVID19 and how our actions can limit this risk.

For the arrival scenario, the group considered three aspects; the modelling and reduction of
of queue length, impact of COVID19 checking, and seat allocation depending on COVID19 sta-

tus.

For the half-time scenario, the group considered the ow (and contacts) of people during half-
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time heading to bars, and how to model the impact of good signage.

3.1 Canwe model and mitigate risk from an events arrival process?

Given the potential for a large number of contacts to occur at the arrival stage of a large event,
the below considers some approaches which model the impact of pre-checking and fast-tracking

on gqueue lengths.

3.1.1 Reduction and modelling of queue length

We consider how people might be infected with COVID19 in a long queue, can some of the
ideas below be used to manage an e ective queue system whereby people do not need to be
in the queue for the whole time?

Allocate arrival slots  and gates on ticket booking with possibility of re-booking
Pre-screening o site  hours before a match, fast-track lanes for pre-checked
~ Show live queuing numbers online , register for entering

Incentives to arrive early  , e.g. seat service, which allows to view players warm up

Arrival rate:  given the conversations with the security o cer at the VSG, the group consid-
ered a scenario whereby 70% of the attendees arrive in the last 30 minutes, as such we use
the beta distribution, whose density is shown in Fig. 8 (left) to approximate this arrival rate. In
Fig. 8 (right) we approximate the arrival rate if we allow pre-checking using a fat-beta distri-

bution.

Using the fat-beta distribution for the pre-arrival rate, the group considered the impact this
would have on the length of queue and time taken to admit several hundred into the stadium.
In Fig. 9 (left) the performance of one queue is assessed, which takes over 350 minutes to
admit everyone (assuming a 30 second check per attendee). However, if we use two queues
as shown in Fig. 9 (right) we can reduce the time to check all tickets to around 150 mins, If
we want to get every single audience assuming several hundred for each stands get all the
checking done. within this time, it is not working well - takes over 350 minutes. But if we have
two gs we can check tickets that can reduce to 150 mins.
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Figure 8: (left) 70 % audience arrives before match starts (right) audience arrives for pre-checking

Figure 9: (left) Pre-check 30 second pre-service, 1 line (right) Pre-check 30 second pre-service, 2 line.

In a case where we do not consider COVID19; there are no temperature checks, LFT checks,
etc, then we can possibly do the remaining checks in 12 seconds per person. In this normal
case Fig. 10 (left) shows that with three queues, the length of each queue is around 9 people,
again assuming the beta arrival distribution in Fig. 8 (left). However, when the longer checks
are required, and the arrival pro le assumes 70% in the 30 minutes building up to a game,

the queue lengths are shown in Fig. 10 (right); around 120 people in each queue, and queuing
extending 50 minutes into the match!

How can we balance a scenario where slow checking (30 second) and pre-checking can be
used together? In Fig. 11 (left) we see the impact of the queue from slow-checking with no
pre-checking done - close to 120 people in a queue. However, if we can manage it so that 40%
of the attendees are pre-checked, then we can reduce the queue length to 35. The queue length
decreases even more if 60% of the audience is pre-checked etc.
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Figure 10: (left) Current check-in time (12 second for check in) (right) Check-in involving temperature

check (30 seconds for check in)

Figure 11: Slow checking (30 seconds per customer) with (left) and without (right) pre-checking

Another question we might reasonably ask is if we can manage to pre-check everyone, and

they all rush back, what will happen to the queue lengths? This assumes 100% of the audience
is pre-checked and walkinana green pass . Fig. 12 (left) shows the situation if 70% the green
pass attendees all arrive back within the 15 minutes building up to a game, causing queues of
up to 60 people. However, if they can be encouraged to stagger their arrival back over the 30
minutes building up to a game, the highest number of people in a queue is around 10 people,
waiting less than half a minute in the queue.

Fig. 13 (left) shows the number of people waiting in a queue [FOR WHICH SCENARIO?] and
for how long they are waiting. People who get before the queue formed can get in in approx-
imately 30 seconds (mean check in time). Fig. 13 (right) shows how the time spent waiting in a
gueue depends on the time at which the queue is join, the waiting time increases signi cantly
the closer to the event you get.

Finally, Fig. 14 shows the average waiting time per person in a queue based on the nhumber of
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Figure 12: 70 % people enter the Green pass within the last (left) 15 minutes and (right) 30 minutes.

Figure 13: (left) the number of people and the time they spend in a queue (right) impact of arrival time on

time spent in a queue.

people who have been pre-checked. In the case where 700 people are being admitted, any-
thing above 400 (even with slow check-in time) results in an average waiting time of around
30 seconds.

3.1.2 Seat allocation to reduce infection risk

This section considers how information around peoples vaccination status could be used in
the allocation of seats. This obviously assumes that attendees are willing to volunteer their
status when buying a seat. Could this information then be used to advise where in the stadium

there is a likely lower risk? Fig. 15 shows diagrammatically how stadium attendees could be
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Figure 14: Average waiting time in queue as a function of pre-checked proportion. Each dot is based on

the mean from 100 Monte Carlo simulations.

depicted.

Figure 15: Unvaccinated and vaccinated attendees at a stadium.

Eq. (10) describes a very simple mathematical model which describes the viral dose which
would be obtained by sitting at a given position. The model uses an inverse square law which
assumes that the amount of infection received decreases as 1=r?, where r is the distance be-

tween someone and an infected person.

X 1 X 1

X Xj)?

(10)
i2vs (

DOSE(X) = pui = (
i2US
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where:

~ pur is the probability that an unvaccinated person is infected
US are the seats occupied by unvaccinated people (red in g. 15)

" pv) is the probability that a vaccinated person is infected

V S are the sears occupied by vaccinated people (blue in Fig. 15)

Preferential allocation?  Is there a preferential allocation of seating so as to advise attendees
which ones should be avoided if you are unvaccinated? For example, in Fig. 16, can we disable

some seats given some expected high viral load?

Figure 16

Fig. 17 shows the risk heatmap for where 0, 10, 50 and 90 % of the seats are disabled for the
unvaccinated people to sit in. Can we suggest that the unvaccinated / potetnially infectious
people to spread across the stadium so that we don't see the heatspots you can see in the

completely random scenario.

However, what is seen in Fig. 18 is that if we increase the number of seats which are disabled
signi cantly, the mean dose received is not increased signi cantly. A tentative recommenda-
tion is that no matter how many groups are vaccinated, allocating based on vaccination status

is not the intervention to be pursued.
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Figure 17: Transmission risk heatmap with 9, 10, 50 and 90 % of the seats disabled.

Figure 18: Mean dose received by unvaccinated people over entire match for (left) 60 % people vacci-

nated (right) 90 % people vaccinated.
3.2 Can we model and mitigate the risk of crowds using events facilities?

This section considers the issue and potential transmission risk of what happens after people
are seated, in particular people going to the bar / toilet at half-time, and when they leave the
stadium. The group discussed the impact of compliance by attendees, whether the home team
wins or loses, number of attendees, proportion vaccinated, the weather. After discussion with
a security expert, it was decided that the focus should be on halftime movement.
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