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Abstract

Objective

We aimed to use mathematical models of SARS-COV-2 to assess the potential efficacy of
non-pharmaceutical interventions on transmission in the parcel delivery and logistics sector.

Methods

We devloped a network-based model of workplace contacts based on data and consulta-
tions from companies in the parcel delivery and logistics sectors. We used these in stochas-
tic simulations of disease transmission to predict the probability of workplace outbreaks in
this settings. Individuals in the model have different viral load trajectories based on SARS-
CoV-2 in-host dynamics, which couple to their infectiousness and test positive probability
over time, in order to determine the impact of testing and isolation measures.

Results

The baseline model (without any interventions) showed different workplace infection rates
for staff in different job roles. Based on our assumptions of contact patterns in the parcel
delivery work setting we found that when a delivery driver was the index case, on average
they infect only 0.14 other employees, while for warehouse and office workers this went up
to 0.65 and 2.24 respectively. In the LIDD setting this was predicted to be 1.40, 0.98, and
1.34 respectively. Nonetheless, the vast majority of simulations resulted in 0 secondary
cases among customers (even without contact-free delivery). Our results showed that a
combination of social distancing, office staff working from home, and fixed driver pairings
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(allinterventions carried out by the companies we consulted) reduce the risk of workplace
outbreaks by 3-4 times.

Conclusion

This work suggests that, without interventions, significant transmission could have occured
in these workplaces, but that these posed minimal risk to customers. We found that identify-
ing and isolating regular close-contacts of infectious individuals (i.e. house-share, carpools,
or delivery pairs) is an efficient measure for stopping workplace outbreaks. Regular testing
can make these isolation measures even more effective but also increases the number of
staff isolating at one time. It is therefore more efficient to use these isolation measures in
addition to social distancing and contact reduction interventions, rather than instead of, as
these reduce both transmission and the number of people needing to isolate at one time.

Introduction

Demand for home-delivery services spiked globally during the COVID-19 pandemic, as peo-
ple stayed at home to reduce transmission [1]. In the UK, non-essential retail shops were
closed for much of 2020 and 2021, increasing the demand for online retail and home delivery.
Additionally, stay-at-home orders brought new demand for large items such as furniture and
white goods as many people adjusted to spending more time at home [2]. This new and dis-
placed demand has, on the whole, been successfully absorbed and managed by the delivery
and logistics sector, due in no small part to the efforts of the key workers in those sectors to
keep business moving, while adapting to a changing work environment. Meanwhile, key work-
ers in all sectors were disproportionately exposed to transmission of SARS-CoV-2 [3]. In the
delivery sector, drivers and warehouse workers were also at risk, given their exposure to a large
number of contacts, the likelihood of asymptomatic transmission in SARS-CoV-2, and the
potential economic impact of absence due to the prevalence of flexible or zero-hours contracts
in this sector. Furthermore, studies from other countries indicate that delivery drivers there
could be at much greater risk [4] than the general population, and so is a sector that requires
greater attention.

Mathematical models have been central to understanding transmission of SARS-CoV-2
and in predicting the impact of various interventions. As more data has become available,
models have been developed for a number of specific settings, including schools, hospitals, pri-
sons and workplaces [5-8], to take into account the nuances and unique features of each set-
ting. In this paper we present a model of delivery sector that has been uses to assess the impact
of various measures that some companies have taken, as well as measures that were under con-
sideration. One unique feature of these settings is the high number of brief contacts that deliv-
ery drivers have with members of the public, who themselves may otherwise have very limited
contacts. Another feature in the delivery of heavy or large items is the safety requirement for
employees to handle and deliver goods in pairs, often requiring prolonged close contact and
entry into customers’ properties. Finally, there is still the poorly understood route of fomite
transmission that has the potential to be important in this setting, due to the large volume of
packages being handled. The model we present considers all of these aspects, and where data is
unavailable or uncertain (e.g. for risk of fomite transmission), we consider a wide range of pos-
sible scenarios.
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We have developed an agent-based network model with stochastic transmission. Therefore,
each realisation of the simulation represents a possible chain of transmission within a work-
place, and so conclusions can only be drawn from the aggregated results of many simulations.
There are commonalities with several models in the literature, including the network models
for COVID-19 transmission in workplaces [8]. The stochastic infection and isolation model is
similar to other agent-based and branching process models [7, 9]. The model was developed
based on a combination of epidemiological data and qualitative information gained from con-
sultations with companies in the logistics sector in the UK.

With global rollout of SARS-CoV-2 vaccines, the most severe impacts of COVID-19 on
public health to be curtailed and so have most of the restrictions and measures in place to
reduce transmission. However, containing the spread of new variants is likely to require good
surveillance testing. There has been considerable debate around the usefulness of Lateral Flow
Device (LFD) antigen tests that can be self-administered and give rapid results [10-12]. Pri-
marily, this centres around the lower sensitivity of LFD antigen tests against Polymerase Chain
Reaction (PCR) testing, particularly at low viral loads [13], and the potential impact of false
positives. However, recent data suggests that LFD antigen test specificity may be at least 99.9%
[14], suggesting that false positives will have a negligible impact. Furthermore, culturable
SARS-CoV-2 virus is only found, at most, in the first 8-10 days following symptom onset [15-
17], when viral load is higher. This suggests that lower sensitivity tests may still be useful at
detecting people when they are most infectious. However, the way tests are performed (e.g.
self-administered vs. trained tester) can have an impact on sensitivity [18], plus the method of
rollout (e.g. supervised vs. unsupervised testing) can affect the adherence to the testing policy.
The model we present accounts for these various factors.

The aim of this paper is to estimate the efficacy of different workplace interventions with a
model particularly tailored to the home-delivery sector. We considered several interventions
and scenarios based on formal consultations with company representative from this sector. A
secondary aim is to estimate the potential impact of presenteeism (working while sick) with
COVID-19 symptoms. Flexible or ‘gig’ contracts are common in the home delivery sector, as
well as the use of self-employed couriers, all of which are factors associated with increased pre-
senteeism [19], so this is an important factor to consider.

Materials and methods

The project was reviewed and approved by the University Research Ethics Committee at Uni-
versity of Manchester, Ref: 2020-9787-15953. Consent to participation was verbally obtained
before the commencement of the interviews. Written informed consent for participation was
not required for this study in accordance with the national legislation and the institutional
requirements.

Data collection and company consultations

We carried out recorded consultations via teleconference with representatives from six compa-
nies between July and August 2020 (Round 1), and May and June 2021 (Round 2), three of
these companies were interviewed in both rounds. Companies were recruited via engagement
e-mails (via University of Manchester Business Engagement Services). Companies that volun-
teered then elected representatives to participate in the studies. Participants’ contact details
were retained by the researchers for communication purposes but no other personal informa-
tion was collected or stored. Each semi-structured interview lasted 60-90 mins and was based
around a set of open-ended questions regarding how the pandemic had impacted on the oper-
ations of the business and what measures had been put in place to protect staff and customers.
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As part of these consultations we asked questions regarding the number of staff working at
typical sites and the frequency of contacts between employees and the public. Additionally,
two companies provided data on staff numbers and deliveries, which are detailed in S1.1 in S1
Text. A summary report was sent to each company for comments and corrections to verify
that we had interpreted their answers accurately, and the data correctly. Further details on the
consultations are published in [2]. Fitted data regarding the number of deliveries per day over
time from these companies is displayed in S1 Fig.

We also used data from an online contact survey aimed at delivery drivers in the UK [20],
which received 170 responses (104 of which were from the workers involved in the delivery of
small packages and/or large items). This survey was elective so was not statistically representa-
tive. The results of this survey are to be published elsewhere but a few results are utilised in this
paper. Namely, only 5.3% reported working while having symptoms of COVID-19 or with a
member of their household having a suspected or confirmed case of COVID-19. Conversely,
17.2% reported having isolated with symptoms of COVID-19 or due to a member of their
household having a suspected or confirmed case of COVID-19. This suggests approximately 1
in 4 failing to isolate for one of these reasons. For this reason we consider two p;s, values (0.5
and 0.9) as ‘low’ and ‘high’ isolation rates, noting the likely caveat of reporting biases. Staff
reported large numbers of daily contacts (mean 15.0) at their place of work, which, tallying
with the results of consultations, we interpreted as a result of repeated interaction within a
work cohort (with only rare random interactions on top). Hence our assumed cohort size for
drivers of ~ 13.

Finally, fitted community incidence levels for March-June 2020 were used to mimic work-
place ingress rates during an active pandemic, see S2 Fig.

Workplace network model

In this section we present an overview of the model details, with further details supplied in
$1.2in S1 Text. The model we use is a stochastic agent-based network model of disease trans-
mission. The parameters and symbols used in the following section are all described in

Table 1.

The model is parameterised to represent two archetypal delivery workplaces, a Small Parcel
Delivery Depot (SPDD) and a Large-items Delivery Depot (LIDD). These represent depots
that ship directly to customers. The SPDD is representative of a typical depot for (inter)
national couriers shipping small packages that can be handled by a single person. The LIDD
case represents a depot for logistics companies that specialise in items such as furniture and
white goods, and may also offer installation/assembly of the products as part of delivery. As
shown in Table 1, the LIDD model has fewer staff, longer delivery times (as the deliveries tend
to be more spatially separated), longer customer contact durations (because items tend to be
delivered into the home and may be assembled/installed) and thus an order of magnitude
fewer deliveries per day than the SPDD model.

The model considers contacts between all employees working in a home delivery depot (i.e.
engaged in business-to-consumer delivery or B2C) that has a warehouse and onsite offices.
The workplace is populated by 3 groups: drivers, who deliver packages from the warehouse to
customers; pickers, who transport and load packages within the warehouse; and office/admin
staff, who work in the same building but in shared offices. There exists a pool of Np, drivers, Ny
pickers and N office staff available for work each day. Workforce turnover is ignored, as it is
assumed negligible over the time scales considered, however it may play a role over long time
periods.
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Table 1. Model parameters for workplace contacts and transmission. The values given are the values used unless otherwise stated for a given figure or section. The “per-
ceived uncertainty” is simply to indicate the level of confidence we have in the parameter values—Low: based on primary data or peer-reviewed sources; Moderate: based
on literature reviews, surveys, or specific consultation questions; High: assumed or extrapolated from consultation answers.

Parameter | Description Value Source Perceived uncertainty
Np, N1, No | Total number of drivers, pickers, and office staff employed in the SPDD: {50, 25, 15} Company data and Low
workplace respectively. LIDD: {20, 10, 5} consultation
Tp, T, To | Total number of driver, picker, and office staff cohorts/teams. SPDD: {3, 2, 1} LIDD: Consulations and survey Moderate
{2,2,1}
np(t), nr(t), | Number of drivers, pickers, and office staff working on day ¢ Variable Company data and Low
no(t) respectively. consultation
Dp(t) Total number of packages delivered on day t. Variable Company data Low

Pe Probability of two individuals at work having a random F2F 2/(Np + No + Nyp) Consultation and survey High

contact in a given day.

PD For contacts including drivers, p, is scaled by this factor. 0.05 Consultation Moderate

fe Cohort flux rate. The probability each day of a worker switching to 0.01 per day Consultation High

a different cohort.

Braor Infection rate for F2F contact at 1m distance while speaking (with 0.15h™ A plausible range of 0.03- Moderate
a person with unit infectiousness) 0.24 was inferred from [21-

23]
¢ Modifier for exposure due to type of contact i 1 (inside, talking) x0.2 [21] Moderate
(outside) x0.2 (not
talking)

Bss Infection rate via room-sharing (with a person with unit 0.002h™" See S1.4in S1 Text High
infectiousness)

Xss Effective distance for room-sharing interaction 4.3m (shared spaces), see S1.41in S1 Text Moderate

3.6m (office)
Brom Package-mediated fomite infection rate (from a person with unit 0.001 per contact Assumed Very high
infectiousness) if time between handling is 0.

A Half-life of virus deposited on packages. 3h7 [24] Low
Toffice Time office staff spend in shared office each day. 6h Consultation Low
Threak Time office and picker staff spend in shared break rooms 1h Consultation Moderate

H Average number of employees per employee household minus 1 0.05,0.5 Assumed High

(H = 0 means no employees live together, H = 1 means the average
household has two employees)
C Number of cars/shared commutes per households minus 1. 0.05,0.5 Assumed High
Tl Vi(t = t]) | Relative infectiousness of person k with viral load V infected at See S1.3in S1 Text, S3 [26] Moderate
time t;. Fig, and [25]
St — ) Relative susceptibility of person k infected at time f. Skt — te < 0) =1 8(t — | Basic SIR model assumption Low
$%>0)=0
Psymp Probability that an individual develops symptoms relevant for self- 0.5 [3] Moderate (is age, variant,
isolation guidance. and guidance dependent).
Pisol Probability that an individual adheres to self-isolation guidance. 0.5,0.9 [19] and Survey Moderate.
Priss Probability that an ‘adherent’ person misses a test. 0.4 Based on adherence rates in Moderate.

the UK public sector.

https://doi.org/10.1371/journal.pone.0284805.t001

Employee work schedules. The model network consists of all within-workplace contacts
between employees, as well as contacts between employees due to house-sharing or carpooling,

in order to simulate workplace outbreaks in detail. Thus we assume, unless they share a house-
hold, employees only make contact with other employees if they are both at work on that day.
We use an idealised model for the work schedule, whereby the number of employees in work
depends on the day of the week, this pattern was calculated from data from two UK logistics
firms (see S1.1 in S1 Text for details). For all pickers and drivers, we randomly assign consign-
ments (i.e. deliveries/packages) for loading and delivery (as detailed in S1.4 in S1 Text). We
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Table 2. Summary of the direct contact routes simulated and the associated transmission rate modifier, duration of contact, and contact distance. These are the val-
ues used in all simulations in the main text unless explicitly stated otherwise. Note that this table does not include fomite transmission routes, which are simulated and are

described in detail S1.4 in S1 Text.

Contact- | Description Transmission modifier (c;) Duration (1;) Distance
type
Cohort F2F contacts that occur within a team or cohort (see S1.5in S1 | 0.4 (either indoor or “loud-talking” Drivers: 7., = 15min | 1m
Text for more information). outdoors, 25% of time) Pickers/Office: 7.0, =
1h
Random | F2F contacts that occur randomly in the workplace with 0.4 (25% of time talking) Trand = 15 min 1m
weighted probability towards contacts between same job roles
(see S1.5in S1 Text for more information).
Large-item | Time spent lifting and moving packages in pairs (see section 0.08 (outdoor, 25% of time talking) Than = 5 min per Im
handling | S1.5 in SI Text for more information). delivery
Pair delivery | Contact via sharing a cabin while delivering large-items (see 0.4 (window closed) 0.08 (window Teap = 10 min per Im
S1.5in S1 Text for more information). open) delivery
Pair dropoff | Contact between driver pairs during dropping large-item off | 0.4 (25% of time talking) Trop = 5 Min per 1m
at customer’s property (see S1.5 in S1 Text for more delivery
information).
Customer | Contact between driver(s) and customer during item delivery | SPDD: 0.08 (outside, talking 25% of SPDD: 30s per Im
time) LIDD: 0.24 (Inside 50% of time, delivery LIDD: 5min
talking 25% of time) per delivery
Room-share | Aerosol-mediated contact in poorly ventilated rooms 0.2 (no talking) Toff = 6h Ty, = 1h ~ 6m (see S1.4 in
S1 Text based on
[27-29])
Car-share | Contact via carpooling to and from work. 0.4 (25% of time talking) 0.5h 1m
House-share | Contact via shared accommodation. 1 0.5h 1m (see S1.4 in S1

https://doi.org/10.1371/journal.pone.0284805.t1002

Text based on [21,
30-32]))

assume that each consignment is first handled by pickers, then subsequently by drivers, and
finally by the customer. Drivers are the only group of employees that have direct contact with
members of the public while on shift. For simulation efficiency, repeat interactions with cus-
tomers are not considered (as contacts via this route have a very low probability of infection,
so double counting of infections is very unlikely), but these contacts are simulated and infec-
tion ingress/egress through this route is included in the model.

We also consider the case where drivers and pickers work in pairs (i.e. large goods delivery),
we round the number of staff required in these roles to the nearest even number, and then
assign pairings randomly each day. One intervention simulated is fixed pairings; in this case,
these are assigned a priori and we pick the pairs working on a given day at random from those
available. A pair is unavailable if either worker in that pair is isolating, therefore this interven-
tion is always used alongside “pair isolation”, where one member of the fixed pair isolates for
the same period as their partner (whether or not they develop symptoms).

Workplace contacts and infections. Infections are modelled to occur via three routes;
face-to-face (F2F) contact with infectious individuals, indirect contact via sharing a space with
infectious individuals, and fomite transmission via goods handling.

The model generates direct F2F contacts between employees through three different mech-
anisms, summarised in Table 2. Table 2 also lists the parameters for the different contact routes
simulated. Contacts made via these routes are assumed to be dominated by face-to-face
transmission.

Indirect aerosol-mediated transmission is taken to occur on a one-to-all basis. Given the
well-ventilated nature of warehouses, we assume that this kind of transmission only occurs in
offices, or in lunch/break rooms. Finally, fomite transmission via package handling is
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Shared
office

Shared

indoor
spaces

Drivers ———— ——— i ——— - Pickers

Packages

Customers

Fig 1. Sketch of workplace staff groups and the potential transmission routes between them. Blue lines indicate face-to-face contacts, with dashed
lines indicating transmission routes with either a lower contact rate or less contact time. Orange arrows are fomite transmission routes (via packages)
and green indicates aerosol transmission in shared rooms. Arrows indicate direction of transmission.

https://doi.org/10.1371/journal.pone.0284805.9001

simulated as a decaying random process, such that the probability of onward transmission
depends on the time between package handling events by infectious and susceptible individu-
als. See S1.4 in S1 Text for the justification of the various transmission parameters used.

The transmission routes between different groups are illustrated in Fig 1.
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Individual characteristics: Viral load, infectiousness, and test positivity

Viral load trajectories are generated from the individual level data in [26]. The algorithm to
generate individual viral load and infectiousness profiles is described in further detail in S2
Text and in [33] is available at [34]. The method is detailed in [25] and summarised in S1.3 in
S1 Text.

Simulation algorithm

The simulations employ an individual-based network model approach with daily contact net-
works randomly generated using the parameterisations in Table 2. The algorithm updates con-
tacts and infection events at discrete intervals of one day. This was chosen as the most natural
option because the contact network changes from day-to-day. Additionally, the data collected
to parameterise the model (including viral load data) is all defined at the scale of 1 measure-
ment per day. However, this “synchronous” updating does introduce some error into the
dynamics of the simulated epidemiology. It is known that in generic individual-based models
synchronous updating can cause spurious oscillations in the dynamics compared to asynchro-
nous methods such as a Gillespie algorithm or Markov Chain model [35]. Here a synchronous
method was employed to make the model more transparent and generalisable (e.g. to non-
Markovian processes), and to avoid the complexity of specifying the timings of shift and con-
tact patterns over the course of a single day. This is similar to other recent network or IB epi-
demic models [5, 7, 9]. We justify this by reasoning that the error introduced is likely to be
insignificant for transmission of SARS-CoV-2 as a newly infected individual is effectively non-
infectious for the first day. Therefore, events where one worker is infected and then infects a
co-worker within the same shift, which are missed by the synchronous update model, are van-
ishingly rare. Thus, there is no mechanism to trigger oscillations in this system at the timescale
of the discretisation. Also, any potential effects of the artificial periodicity introduced by the
simultaneous updates are obscured by the population-scale heterogeneity in infectiousness as
a function of time since infections. The algorithm is outlined in detail in S2 Text.

We use the model to simulate two types of scenario:

« Point-source outbreak: A single index case is chosen and we assume that there are no other
introductions during the simulation. All other employees are susceptible at the simulation
start (i.e. zero prevalence). The simulation terminates when there are no infectious cases
remaining. This type of scenario is modelled in Impact of mass testing on point-source out-
breaks and in S3 Text.

« Continuous-source outbreak: No index cases are chosen initially and introductions occur
randomly (Poisson process) based on the community incidence and prevalence in March-
June 2020 (see S2 Fig). The simulation runs for a fixed time window, and the number of cus-
tomer contacts and packages delivered follow the pattern of demand experienced during
that period of time (see S1 Fig). This scenario is modelled in Impact of testing in the presence
of household transmission.

In the point-source outbreak scenarios, in order to define a ‘successful’ outbreak we arbi-
trarily set a threshold of a final attack rate of 5%. Note that we choose this as it is a low-thresh-
old, like the epidemiological definition of an outbreak as a single linked secondary case.
However, by defining it as a percentage of workplace size this makes the results from the two
different settings more comparable. Therefore, if R — 1 > 0.05(Np + Ny + Np), where R is the
number of recovered individuals at the end of the simulation, then we record this simulation
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as a successful outbreak. The fraction of simulations where a successful outbreak occurs is then
used as an estimate of the probability of an index case resulting in an outbreak.

For continuous-source outbreaks, there is random ingress of new cases, so instead we com-
pare the number of workplace infections (ignoring introductions) as well as the number of iso-
lation days to measure impacts on productivity. Introductions can occur in these simulations
through two routes:

o Community ingress: Each susceptible individual in the workplace has probability I(t) of
being infected outside of work, where I(¢) is the community incidence at time ¢.

o Customer ingress: For each delivery a driver makes, there is probability P(¢) that the cus-
tomer is currently infectious, where P(f) is the community prevalence at time t. When a sus-
ceptible driver interacts with an infectious customer, there is probability p . = 1 — exp
(=€iBr2FTdoorstep) Of an infection.

This is a very simple model of case ingress and does not account for household structure,
the geographical/individual variability in the wider population, or repeat deliveries to
customers.

The testing strategy we model here is non-directed mass testing, i.e. all employees are tested
regularly every 7, days. A random day in the period [1,7,] is drawn as the first test day, and all
subsequent test days follow sequentially 7, days after the previous. Following a positive test, an
individual cannot be tested again for 7p,ys. days after their positive test. Other testing strategies
may be beneficial, particularly if looking to reduce the burden on employees or because of
affordability, and we address some of these in the discussion.

The simulation follows an SIR-type structure, such that individuals who have previously
been infected cannot be re-infected. This is a reasonable assumption over the timescales of up
to 3 months that we consider here. An example visualisation of a single realisation of the simu-
lation is shown in Fig 2. The source code for the simulations can be found at [36].

(a)

20 —— Recovered

—— Infectious
15 f—— ;
g Qlfarantlned @ s o
Qe Drivers %a
= 10 :
O " | Pickers 09}
= .
QGQ
O Q 0 Plp)P
P
0 10 20 30 40 5 60 70 @@G’g o %
Day o0 Q
© %00
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Fig 2. Example outbreak in a SPDD workplace, where the simulation terminates when no infectious cases remain. (a) The evolution of the number
of recovered, infectious and quarantined (isolated) people in the model on each day (dashed and dotted lines indicate the same quantities for each
subgroup as labelled). (b) Example network of the “cohort” contacts, each cohort has edges between all member nodes, additionally each driver cohort
(blue D nodes) is supervised by a member of staff from the warehouse (red P nodes). Office staff are disconnected (green O nodes), but make contact
through random interactions, break rooms, and house/car sharing arrangements.

https://doi.org/10.1371/journal.pone.0284805.9002
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Results

The baseline transmission rates are summarised in S4 and S5 Figs, which show a breakdown of
the mean number of staff infected by the various infection routes of the SPDD and LIDD
model respectively.

S6 Fig shows the effect of the choice of work cohort size in the SPDD setting, where we pre-
dict that office size and occupancy is a more important potential factor in workplace outbreaks
than transmission between drivers at the workplace, even though office workers are in the
minority.

In the LIDD setting, close-contact working pairs (primarily delivery pairs, who share a vehi-
cle for much of the day) were predicted to be very important, and keeping these pairs fixed
had a significant impact on reducing workplace spread (S7(a) Fig). S7(b) Fig shows that this is
also predicted to have a knock-on effect for customer infections, making them approximately
as rare as in the SPDD setting.

Finally, we also present the effect of presenteeism, which in this model we define as workers
with symptomatic COVID-19 attending work, which we find can have a notable effect on
transmission, particularly when coupled with other measures to isolate close-contacts of symp-
tomatic individuals (S8 and S9 Figs). S10 Fig compares the effect of presenteeism on different
transmission routes and how this interacts with the fixed pairings policy.

These results (S4 Fig through to S10 Fig) are summarised in greater detail in Supplementary
S3 Text.

Furthermore, S11 Fig through to S14 Fig show the sensitivity of the outbreak size to various
model parameters that have significant uncertainty (namely aerosol and F2F transmission
rates, fomite transmission rates, workplace size, and mixing rates between job roles). These
results are summarised in Supplementary.

In this following section, we focus on the impacts of testing and the combination of differ-
ent workplace interventions to analyse their potential effectiveness.

Impact of mass testing on point-source outbreaks

Given the long incubation period of COVID-19 (compared to flu) and the significant propor-
tion of asymptomatic cases, regular mass testing has been proposed and deployed in various
settings to screen asymptomatic and pre-symptomatic cases. Figs 3 and 4 show the reduction
in outbreak probability resulting from testing at different frequencies with different test types
in the SPDD and LIDD work settings respectively. Overall, the results show that LFD antigen
tests have a similar effect to PCR with a 2-day turnaround (given that lab turnaround targets
were 24h in the UK, a 2-day turnaround was typical for much of the pandemic). Therefore,
considering the relative low cost of LFDs, this suggests that they are a better option for mass
testing [37]. Note this estimate for the sensitivity of LFD antigen tests is based on estimates
sensitivity in phase 3b testing in [18] adjusted for the relative error induced by self vs. trained
swabbing (see [25] for further details).

In each figure, two cases, representing idealised behaviours, are shown. In the first case test-
ing is voluntary meaning 90% of people do 60% of the required tests on average (missing tests
at random), while the other 10% do no tests (Figs 3(a) and 4(a)). This therefore reduces the
potential benefits of testing. In the second case testing is enforced (Figs 3(b) and 4(b)) meaning
that all workers test and report their results. This is the theoretical maximum effect that we
could expect testing to have.

Comparing Figs 3 and 4(a), 4(b) shows that testing has a similar proportional impact in the
LIDD setting. However, in the LIDD case testing has a more noticeable effect even when per-
formed as infrequently as 14 days. With total compliance to testing, the probability of
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Fig 3. Probability of an outbreak in the model SPDD setting from a single introduction (selected at random), where the black line is the mean
baseline case (no testing, estimated from 10,000 simulations). Each coloured marker shows the mean result of 10,000 simulations with the labelled

testing intervention. In (a) testing is not enforced so pyiss = 0.0 and and in (b) it is S0 pyiss = 0.0 and all people isolate with a positive test. In both cases
we use piso1 = 0.9 for symptomatic isolation.

https://doi.org/10.1371/journal.pone.0284805.9003

outbreaks in both workplaces is reduced by approximately 80%, by LED antigen tests every 4
days (which have been deployed in other sectors), see Fig 4(c). Note that this intervention is
not as effective in the LIDD setting when fixed-pairing and pair isolation policies are not in
place (approximately 75% reduction from a higher baseline without the fixed pairings policy,
Fig 4(c)). Therefore, targeted isolation policies can improve the efficacy of testing, as well as
reducing transmission rates.

To conclude, we have found that regular testing, particularly in combination with close-
contact isolation, can have a very significant effect on workplace transmission. Any testing
intervention needs to be weighed against potential costs, at low community prevalence the vast
majority of tests are likely to be negative, and those that are positive are more likely to be false
positives and so the intervention may not represent good value for money. Alternatively, at
high community prevalence, testing and close-contact isolation could result in many isola-
tions, some of which are only precautionary, which can have a huge impact on business. The
latter case is not well described by the point-source outbreak considered in this section, as
introductions into the workplace are more likely to occur in quick succession. Therefore in the
following section we look at the impacts of a range of interventions in the case of a continu-
ous-source outbreak.

Impact of testing in the presence of household transmission

There are a number of confounding factors in reality that mean testing interventions may not
be as effective as outlined in the previous section. One of these is the potential for household
transmission between co-workers who share accommodation. In the previous sections we
have considered 5% of worker households in the model to be shared, which is a significant
fraction but not enough to have a large effect on transmission dynamics. It was suggested in
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Fig 4. (a) and (b) show the probability of an outbreak in the model LIDD setting from a single introduction (selected at random), where the black line
is the mean baseline case (no testing, estimated from 10,000 simulations). Each coloured marker shows the mean result of 10,000 simulations with the
labelled testing intervention assuming that the fixed pairings and pair isolation interventions are in place for drivers and loaders. In (a) testing is not
enforced sO ppiss = 0.4 and and in (b) it is 50 pmiss = 0.0 and all people isolate with a positive test. In both cases we use p;so = 0.9 for symptomatic
isolation. (c) Bar graph comparing the outbreak of LFD antigen testing every 4 days in this setting showing both voluntary and enforced cases and both
when the fixed pairings and pair isolation policies are and are not in place.

https://doi.org/10.1371/journal.pone.0284805.9004

consultations that it is likely that this will vary widely by workplace location and recruitment.
Therefore, in this section we test what effects changing this fraction has on these predictions.
Fig 5 shows that increasing the household sharing factor H from 0.05 to 2.0 increases trans-
mission but the relative effect of testing (regular LFD antigen testing every 3 days) remains
approximately unchanged. Interestingly, a household isolation policy (i.e. the whole household
isolates if one member isolates due to symptoms or a positive test) only has a minor effect for
H < 0.5 and this is because we assume that a household transmission event between two
cohabiting employees can still occur even if both are isolating (and this still contributes to the
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Fig 5. Mean number of secondary cases resulting from a single random introduction plotted against the house share factor H. Different colour
lines show the different intervention scenarios as labelled where “Testing” means LFD antigen testing every 3 days (with default adherence rates) and
“HS isol.” means that the household isolation policy was implemented. (a) and (b) show the results for the two workplace types, as labelled. Each point
plotted shows the mean of 10,000 simulations, with shaded error region estimated using a bootstrapping process [38].

https://doi.org/10.1371/journal.pone.0284805.9005

total number of infections). In reality it is likely that this risk of household transmission may
reduce during the shared isolation period if the cohabiting employees are able to remain physi-
cally separate, however it is also possible the risk will increase as they would spend more time
in the shared accommodation during isolation. At very high rates of house sharing (H > 1 i.e.
2 or more employees in the average household), household isolation has a larger impact as this
mode of transmission is prominent enough to dominate the workplace chains of transmission
and household isolation can break a significant fraction of those transmission chains.

To conclude, we see that in cases where there is high rates of household-sharing (or, more
generally, any contacts between employees outside of work during isolation) then this can con-
tinue to drive transmission between employees and is difficult to distinguish from workplace
transmission. Nonetheless, for all values simulated, regular mass asymptomatic testing has a
sizeable effect on transmission rates.

Impact of interventions in a real-world context. In this section we model each work-
place in the context of realistic community SARS-CoV-2 incidence rates. We used incidence
rates inferred from deaths and hospitalisations in the UK during the period 1st March 2020
until 31st May 2020 (see S1.2 in S1 Text). We then applied ran simulations with different inter-
ventions in place, for each scenario we added an extra intervention to the ones applied before,
the interventions are:

1. Symptom isolation only: People who develop symptoms self-isolate with probability p;s =
0.5.

2. Improved isolation: To mimic the impact of pandemic messaging, isolation probability is
increased to pjso = 0.9.

3. Distancing: All F2F interactions, except those involved in pair work, have interaction dis-
tance x = 2m.

4. Cohort Size Reduction: In the SPDD setting, the number of cohorts for all job types is
doubled.
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5. House share isolation: All employees who share a household isolate when one self-isolates.

6. Fixed-pairings: In the LIDD setting, driver and picker pairs are fixed and both self-isolate if
one self-isolates.

7. Office WFH: Office staff do not enter work, they only make contact other employees if they
share a household.

8. Testing: Twice weekly lateral flow testing is introduced for all employees.
9. Enforced testing: Testing becomes mandatory so no tests are missed.

10. Car share isolation: If a person travels to work with someone who self-isolates, they self-
isolate.

11. Cohort isolation: If one member of the cohort isolates, all people in the cohort isolate.

In the model, introductions due to customer interactions only had a small but noticeable
effect meaning that drivers were slightly more exposed than other employees (mean 0.11 intro-
ductions per driver for both work settings, averaged over all scenarios vs. 0.09 for other staff
respectively). Nonetheless, over the period, around 10% of the workforce is infected purely
due to the imposed prevalence and incidence.

Fig 6 shows the cumulative impact of interventions on secondary cases and isolations in the
SPDD setting. The interventions are applied in approximately the sequence that was reported
by companies we consulted. The intervention “Distancing” increases all “cohort” and “ran-
dom” contacts to 2m interactions and has a large effect. Reducing cohort size and office staff
working from home (“Office WFH”) have a big impact on reducing transmission since this
model predicts that outbreaks are most likely to start in this group. Interventions beyond
“enforced testing” are predicted to increase isolation levels without much greater impact on
transmission, particularly “cohort isolation” which likely causes a great deal of disruption
despite these groups being unlikely to be infected. Note this becomes a much more viable
option though if cohorts are much smaller, which is one major benefit of reducing cohort size
if possible. Comparing the two graphs in Fig 6 we see that is a slightly more efficient to have
contact reduction measures in place before adding isolation-based measures, as these reduce
the number of workers who will need to isolate. When isolation measures are implemented
alone, we see an increase in the predicted number of isolations even though the relative reduc-
tion in transmission is similar.

As shown in Impact of mass testing on point-source outbreaks, moving from voluntary to
mandatory testing has a sizeable impact on transmission risk and this is reproduced here
(compare “testing” to “enforced testing” in Figs 6 and 7). Interestingly, we also see it has only a
small impact on the number of isolations. This is because the reduction in transmission means
fewer cases, which acts to counteract the increased rate of people entering isolation. This effect
is even more stark if testing is enforced in the absence of other measures (see Fig 8). In that
case, the imapct of testing is significant enough to mean that the number of isolations actually
reduces by switching from voluntary to mandatory testing.

The impact of interventions in the LIDD setting is very similar (see Fig 7). We see that the
“fixed pairings” intervention (which includes pair isolation) has a marked effect on transmis-
sion. The extra benefit gained from testing is clearly visible too, but again isolation measures
beyond this appear have little further effect.

To conclude, Figs 6 and 7 demonstrate some of the trade-offs for different intervention
measures in terms of their impact on transmission and their impact on the number of isolating
employees. Certain interventions act to reduce both (social distancing, Office staff WFH) but
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Fig 6. Boxen plots [38] of the number of secondary cases divided by the number of introductions in a SPDD workplace over a 3 month period.
Each distribution shows all the simulations (from 10000) with more than one introduction. The labels on the x-axis indicate the addition of an
intervention (in-tandem with all the interventions to the left). In (a) the measures restricting contacts are introduced first and in (b) the isolation-based
measure.

https://doi.org/10.1371/journal.pone.0284805.9006

potentially have other costs for business/feasibility issues that need to be considered. When
there are employees that still need to be in close-contact (e.g. driver and picker pairs in this
model) the combination of fixed pairings, pair isolation, and regular testing is highly effective
for reducing transmission.

Discussion

In this paper we have developed a stochastic model of SARS-CoV-2 spread in small/medium
size workplaces. The contact patterns simulated were designed to represent warehouses/depots
in the home-delivery sector, particularly those focusing on B2C delivery. To our knowledge
this is the first model to consider SARS-CoV-2 transmission in this sector specifically. While
the parameterisation of these models has significant uncertainty, we have been able to test the
relative impact of various interventions that companies in this sector deployed to reduce
SARS-CoV-2 transmission over a range of scenarios and parameter regimes.

The results predict that workplace transmission in this sector is modest, due to the bulk of
the staff, drivers, working alone most of the day. Without any interventions there is predicted

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 15/25


https://doi.org/10.1371/journal.pone.0284805.g006
https://doi.org/10.1371/journal.pone.0284805

PLOS ONE

Modelling SARS-CoV-2 transmission in a home-delivery workplace

Secondary cases/Introductions

0.20

o
-
)]

0.10

0.05

Isolation Days/Work Days

0.00

Symptom Isolation only 'III" <

+ Distancing uly »

(a) Non-isolation measures first

+Office WFH ulp -

+Improved Adherence ‘IIII‘ »

(b) Isolation measures first

! ¢
5|
o |
$ I
10 ¢ )
$ ¢ 9
¢ ¢ ¢
¢ l l ¢ ¢
¢ 5 4
¢ |
9 [
= [ |
- . _ = m— 0 [ ] [E=] [ ] !—— . em— —
Conditions Conditions
» 020
>
©
o
X 0.15
s i B
w2010
8 |
;s ‘ ' c 4 ‘ ¢ - .
S 005 i B m
e s S A i = '
& = E - L - — —
il T 8 . ElI
c (%) )] o = e ’ > 0] e 7] )] o)) om c © T
o o c c () o I o <] o c <] <] I<BT
& £ 9 ® & ® ¢ 8 = ©» ® ® ®W 2 =
o © |°_-’ 2 o] ¢] S o ¢] © ,2 2 [¢] +] © ©
2 o T g 2 2 2 £ 2 o B 5 2 2 7 &
= ®
e 3 8 o <t 2 2 ¢ 3 8 o £ 0 §
[ o [ (7 B o X o © = + +
£ T 2 < re} o o < ir 2 < I}
n c » § g z @O i 2 o
+ [T — o + w —
g + © + -9 = 8 & © +
5 o =3 g— 3 o
] + g £ s} +
> + o
+ n +
Measures Measures

Fig 7. Boxen plots [38] of the rates of onward transmission (number of secondary cases divided by the number of introductions, top) and rates of
isolation (number of isolation day divided by scheduled work days, bottom) in a LIDD workplace over a 3 month period. Each distribution shows all
the simulations (from 10000) with more than one introduction. The labels on the x-axis indicate the addition of an intervention (in-tandem with all the
interventions to the left). In (a) the measures restricting contacts are introduced first and in (b) the isolation-based measures.

https://doi.org/10.1371/journal.pone.0284805.9007

to be a small risk to customers for an individual delivery, but in workplaces undergoing an out-
break, home-installation of items can pose a risk to customers without other interventions.
The companies we consulted discontinued home-installation during in the spring of 2020, but
later re-introduced it with social distancing measures. Parcel delivery companies switched to
“contactless” delivery, meaning that signatures are no longer required, essentially eliminating
the only route of transmission to customers. Overall, this suggests that this sector played a key
role in reducing community transmission of SARS-CoV-2, as it allowed people to stay at home
during periods of high-prevalence. Quantifying this impact is more difficult though as the
counterfactual situation (i.e. how people would have behaved if this sector failed to keep up
with increased demand or shops had remained open) is unknown.

Safeguarding the key workers in this sector was a broader challenge and companies
reported implementing multiple measures based on government guidelines and their own
judgement. A key result of this paper is that identifying high-risk contacts (due to e.g. shared
accommodation or work tasks requiring prolonged close-contact) is very important and forms
the basis of contact-tracing interventions. Workplaces have an extra advantage over contact-
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Fig 8. Boxen plots [38] of the rates of onward transmission (number of secondary cases divided by the number of introductions, top) and rates of

isolation (number of isolation day divided by scheduled work days, bottom) over a 3 month period in (a) the SPDD work setting and (b) the LIDD
work setting. Each distribution shows all the simulations (from 10000) with more than one introduction. Each distribution represents the case with
application of a single intervention, as labelled on the x-axis.

https://doi.org/10.1371/journal.pone.0284805.9008

tracers in that they have control and knowledge over some of the contacts that employees are
required to make in their line of work. In this case, high-risk contacts can be limited by using
fixed pairs for large-item delivery, reducing then number of people sharing an office, and
reducing the occupancy in shared spaces. This then allows efficient isolation policies to be
implemented based on knowledge of the limited number of high-risk contacts people have
made (e.g. workers are given paid isolation leave if they share accommodation or work in a
delivery pair with an employee who has tested positive or reported COVID-like symptoms).
S7 Fig and Fig 4 show that this combination can be very effective in small workplaces.

Rates of presenteeism, which in this case we define as those who do not self-isolate when
they develop symptoms, has been shown to be much less likely if fully-paid sick leave is offered
[39, 40]. Therefore, in order to be effective, such isolation policies could incur considerable
costs to a business as well as reducing productivity. Similarly, company-backed testing and
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isolation interventions will incur further costs and mean that asymptomatic cases are detected,
potentially resulting in even more isolations. Therefore, companies may be apprehensive
about deploying such strategies. Here, we showed that these strategies are more efficient when
close-contacts of index cases can be identified and isolated too, particularly when such contacts
are necessary for the job. This can mean that chains of transmission are quickly shut down,
and outbreaks are much less likely to occur. Furthermore, combining these measures with
social distancing, WFH, and similar interventions that reduce transmission (e.g. masking) can
reduce the number of isolations since workplace outbreaks become less likely. Combining test-
ing measures with these can reduce risk of infection in the workplace and therefore reduce the
costs of employee isolation (as fewer people will need to isolate).

The model developed has several limitations which are important for the interpretation of
the results presented. First, the contact model has been developed based on a mix of quantita-
tive (survey data, staff numbers and demand levels) and qualitative data (consultations). Novel
insight was gained by speaking directly to representatives from the sector, but their position
was not objective and so there may have been implicit biases in the descriptions of the nature
of workplace contacts and some potential routes of infection contacts could have been missed.
Furthermore, simplifying assumptions, such as all contact durations being identical for the
same mode of contact, mean that this model is idealised compared to reality. This could be
improved if data were available from e.g. wireless proximity sensors, as have been used in
other studies to reconstruct social contact networks [41, 42], including in workplaces [43].
These provide much more high-fidelity data but when data is collected during an epidemic or
while restrictions are in place, these devices can themselves affect behaviour and encourage
greater distancing/policy adherence with a number of devices deployed during the pandemic
actively designed to have this effect [44, 45]. Therefore, empirical contact networks in the
absence and presence of restrictions are difficult to ascertain. Third, the transmission rate and
the modifiers used for different types of contact are uncertain, and is based on a combination
of peer-reviewed [22, 23, 29] and non-peer-reviewed literature [21]. Improvements to this
transmission model from the adaption of more mechanistic modelling approaches that predict
explicitly the infectious dose associated with different modes of contact [23, 29, 46-52], as well
as updating with data on new variants and vaccines, will mean that this model could be applied
to numerous future workplace scenarios to test the impact of different non-pharmaceutical
interventions.

There are also some complicating factors we choose to ignore in this model, that may be
important to consider when interpreting these results. First, we do not model severe illness,
which can impact results by increasing the time away from work of individuals with COVID-
19. Second, we do not model the complex relationship between interventions and behaviour.
It is possible that as more interventions are introduced, adherence with other interventions
wanes so the expected impact of combined interventions may not be as high as predicted. This
behavioural change is difficult to predict, and so would need to be monitored by companies to
gauge whether interventions are working as expected. Furthermore, even with high adherence
there is no guarantee that people will use the test as intended. For example, people may be
inclined to test more regularly when feeling ‘run down’ or ‘paucisymptomatic’, i.e. exhibiting
very mild COVID-19 symptoms, whereas in the absence of testing they may have simply iso-
lated from work. In this case, much of the benefit of testing can be lost [53] because asymptom-
atic carriers will be less likely to be detected while symptomatic carriers who would have
otherwise isolated may be given a false negative and choose not to. For this reason, in some
sectors, mandatory regular testing (i.e. carried out by trained swabbers at the workplace) may
be the preferred option, because with the adherence rates assumed in this paper, one manda-
tory test per week has a similar impact to two voluntary ones (see Figs 3 and 4). To address this
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shortcoming of the model, surveys of staff or test reporting rates in relevant sectors where reg-
ular testing has been deployed may inform changes. In particular, data around when and how
tests were being used would be useful (as well as rates of symptomatic isolations). Survey infor-
mation regarding contact frequency with other employees while off-work or in isolation
would also inform the model assumptions around the effectiveness of isolation measures in
reducing contacts. Finally, data from workplaces that monitor adherence to other intervention
policies (such as mask-wearing) could inform the adherence rates simulated here. However
with all behavioural and survey data, there is the risk of reporting bias and behavioural changes
in response to observation.

One major benefit of the model presented here is that it incorporates the dynamics and var-
iability in individual viral load, and simulates its impact on test sensitivity and infectiousness.
This, means that the correlation between test-positivity and infectiousness is incorporated,
meaning that impacts of these interventions can be more accurately estimated. Thus we were
able to estimate not only the effect on average transmission rates, but also the frequency of rare
superspreading events. This has highlighted the importance of stacking interventions that
reduce transmission through different mechanisms. The source code is open access [36] and
the underlying network transmission model is malleable enough to be applied to any small
closed populations.

Conclusion

This paper has shown that the multiple interventions put in place by the logistics and home
delivery sector during the early stages of the pandemic are likely to have reduced the risk of
workplace transmission and onward transmission into the community by safeguarding cus-
tomers and staff. The availability of lateral flow tests is another valuable layer of protection that
could have been added, and that this would have been most effective when combined with iso-
lation measures that target the most high-risk contacts.
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S5 Fig. Breakdown of mean secondary cases by infection route in a LIDD work setting.
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S6 Fig. Baseline outbreak probability in a SPDD work setting. Estimated probability of out-
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against the cohort flux f. in days™". Each marker shows the mean of 10,000 simulations, with
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infected per point-source outbreak simulation in the LIDD setting with either no or both inter-
ventions and the parcel delivery setting with default parameters.

(PDF)

S8 Fig. Effects of presenteeism on transmission in the SPDD work setting model. Depen-
dence of simulated outbreak probability on the self-isolation adherence probability p;s.;. The
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S9 Fig. Effects of presenteeism on transmission in the LIDD work setting model. Depen-
dence of mean number of simulated secondary cases from a single index case on the self-isola-
tion adherence probability p;,. The different curves show the effect of adding a fixed-pairs
isolation intervention.
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$10 Fig. Breakdown of transmission routes for varying presenteeism in the LIDD work set-
ting model. Mean number of infected drivers per simulation with a single driver index case
plotted against symptomatic isolation probability p;s,. The infections are broken down by
those cased by close contact pair work, and all other contact routes. (a) The case with no fixed
pairing intervention so pairs switch randomly each day. (b) The case with fixed pairings a pair
isolation policy. Dots show the mean number of infections while shading shows 95% confi-
dence in the mean calculated via bootstrapping methods.
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S11 Fig. Sensitivity to face-to-face and aerosol mediated transmission rates. Histograms of
secondary cases resulting from a single index case in the two work settings simulated for differ-
ent rates of F2F and aerosol transmission. The top row shows the parcel work setting, while
the bottom row is the large-item setting. For each set of simulations, the transmission rate for
F2F contacts is multiplied by “F2F scale factor”, and the transmission rate for aerosol contacts
is multiplied by “Aerosol scale factor”. Note that for the large-item workplace we assume that
the fixed-pair isolation intervention is applied and in both cases p;s = 0.9. We also assume
that the index case is selected randomly.

(PDF)

S12 Fig. Sensitivity to fomite mediated transmission rates. The mean number of secondary
cases resulting from a single index case in the two workplace types plotted for 3 values of from
at varying levels of demand for deliveries (x-axis). Note that for the large-item workplace we
assume that the fixed-pair isolation intervention is applied and in both cases p;s; = 0.9.
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S$13 Fig. Sensitivity to workplace size. The mean number of secondary cases resulting from a
point-source outbreak in the two workplace types plotted against workplace scale factor. Note
that for the large-item workplace we assume that the fixed-pair isolation intervention is
applied and in both cases p;so) = 0.9. We assume the index case is selected at random.

(PDF)

S14 Fig. Sensitivity to mixing rates between workers in different job roles. Histograms of
the number of secondary cases resulting from a single index case in the two workplace types
plotted for different scalings of p.(Np + N1 + No). The top row shows the parcel delivery set-
ting, while the bottom row is large-item setting, and each column is for the index-case labelled.
Note that for the large-item workplace we assume that the fixed-pair isolation intervention is
applied and in both cases p;so = 0.9. Note also the logarithmic scale.

(PDF)

Acknowledgments

The authors would like to thank the project’s advisory group that consist of Catherine Noakes,
Chris Armitage, Sheena Johnson, Jeanette Edwards, Barbara Hockey, Nina Day, Nick Gent
and Thomas House, for their advice that helped refine the aims and objectives of this article.

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 21/25


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s013
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s014
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s015
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s016
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s017
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0284805.s018
https://doi.org/10.1371/journal.pone.0284805

PLOS ONE

Modelling SARS-CoV-2 transmission in a home-delivery workplace

We would also like to thank Helen Beers and Peter Baldwin from HSE for their advice on the
business engagement and feedback to companies.

In addition Carl A. Whitfield, Yang Han, Lorenzo Pellis and Ian Hall (group lead), the Uni-
versity of Manchester COVID-19 Modelling Group includes the following authors in recogni-
tion of their equal contribution to this work: Jacob Curran-Sebastian, Rajenki Das, Elizabeth
Fearon, Martyn Fyles, Thomas A. House, Hugo Lewkowicz, Christopher E. Overton, Xiaoxi
Pang, Heather Riley, Francesca Scarabel, Helena B. Stage, Bindu Vekaria, Luke Webb, Feng
Xu, Jingsi Xu.

Author Contributions

Conceptualization: Carl A. Whitfield, Martie van Tongeren, Yang Han, Hua Wei, Martyn
Regan, David W. Denning, Arpana Verma, lan Hall.

Data curation: Carl A. Whitfield, Lorenzo Pellis.

Formal analysis: Carl A. Whitfield, Hua Wei, Sarah Daniels.
Funding acquisition: Martie van Tongeren, Arpana Verma, Ian Hall.
Investigation: Carl A. Whitfield, Hua Wei, Sarah Daniels, Ian Hall.

Methodology: Carl A. Whitfield, Martie van Tongeren, Yang Han, Hua Wei, Sarah Daniels,
Martyn Regan, David W. Denning, Ian Hall.

Project administration: Hua Wei.
Resources: Lorenzo Pellis.
Software: Carl A. Whitfield.

Supervision: Martie van Tongeren, Yang Han, Martyn Regan, David W. Denning, Arpana
Verma, Ian Hall.

Validation: Carl A. Whitfield.
Visualization: Carl A. Whitfield.

Writing - original draft: Carl A. Whitfield, Martie van Tongeren, Yang Han, Hua Wei, Sarah
Daniels, Martyn Regan, David W. Denning, Arpana Verma, Ian Hall.

Writing - review & editing: Carl A. Whitfield, Martie van Tongeren, Yang Han, Hua Wei,
Sarah Daniels, Martyn Regan, David W. Denning, Arpana Verma, Ian Hall.

References

1. ApexInsight. UK Parcels Market Insight Report; 2020. Available from: https://www.
researchandmarkets.com/reports/5233840/uk-parcels-market-insight-report-2020.

2.  WeiH, Daniels S, Whitfield CA, Han Y, Denning DW, Hall |, et al. Agility and Sustainability: A Qualitative
Evaluation of COVID-19 Non-pharmaceutical Interventions in the UK Logistics Sector. Frontiers in Pub-
lic Health. 2022; 10. https://doi.org/10.3389/fpubh.2022.864506 PMID: 35719658

3. Pouwels KB, House T, Pritchard E, Robotham JV, Birrell PJ, Gelman A, et al. Community Prevalence of
SARS-CoV-2 in England from April to November, 2020: Results from the ONS Coronavirus Infection
Survey. The Lancet Public Health. 2021; 6(1):e30—e38. https://doi.org/10.1016/52468-2667(20)30282-
6 PMID: 33308423

4. Ortiz-Prado E, Henriquez-Truijillo AR, Rivera-Olivero IA, Lozada T, Garcia-Bereguiain MA. High Preva-
lence of SARS-CoV-2 Infection among Food Delivery Riders. A Case Study from Quito, Ecuador. Sci
Total Environ. 2021; 770. https://doi.org/10.1016/j.scitotenv.2021.145225 PMID: 33513511

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 22/25


https://www.researchandmarkets.com/reports/5233840/uk-parcels-market-insight-report-2020
https://www.researchandmarkets.com/reports/5233840/uk-parcels-market-insight-report-2020
https://doi.org/10.3389/fpubh.2022.864506
http://www.ncbi.nlm.nih.gov/pubmed/35719658
https://doi.org/10.1016/S2468-2667(20)30282-6
https://doi.org/10.1016/S2468-2667(20)30282-6
http://www.ncbi.nlm.nih.gov/pubmed/33308423
https://doi.org/10.1016/j.scitotenv.2021.145225
http://www.ncbi.nlm.nih.gov/pubmed/33513511
https://doi.org/10.1371/journal.pone.0284805

PLOS ONE

Modelling SARS-CoV-2 transmission in a home-delivery workplace

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.
22,

23.

Leng T, Hill EM, Thompson RN, Tildesley MJ, Keeling MJ, Dyson L. Assessing the Impact of Secondary
School Reopening Strategies on Within-School COVID-19 Transmission and Absences: A Modelling
Study. medRxiv. 2021; p. 2021.02.11.21251587.

Malloy GSP, Puglisi L, Brandeau ML, Harvey TD, Wang EA. Effectiveness of Interventions to Reduce
COVID-19 Transmission in a Large Urban Jail: A Model-Based Analysis. BMJ Open. 2021; 11(2).
https://doi.org/10.1136/bmjopen-2020-042898 PMID: 33597139

Kerr CC, Stuart RM, Mistry D, Abeysuriya RG, Rosenfeld K, Hart GR, et al. Covasim: An Agent-Based
Model of COVID-19 Dynamics and Interventions. PLOS Computational Biology. 2021; 17(7):e1009149.
https://doi.org/10.1371/journal.pcbi.1009149 PMID: 34310589

Hill EM, Atkins BD, Keeling MJ, Dyson L, Tildesley MJ. A Network Modelling Approach to Assess Non-
Pharmaceutical Disease Controls in a Worker Population: An Application to SARS-CoV-2. PLOS
Computational Biology. 2021; 17(6):e1009058. https://doi.org/10.1371/journal.pcbi. 1009058 PMID:
34133427

Fyles M, Fearon E, Overton C, null n, Wingfield T, Medley GF, et al. Using a Household-Structured
Branching Process to Analyse Contact Tracing in the SARS-CoV-2 Pandemic. Philosophical Transac-
tions of the Royal Society B: Biological Sciences. 2021; 376(1829):20200267. https://doi.org/10.1098/
rstb.2020.0267 PMID: 34053253

Deeks JJ, Raffle AE. Lateral Flow Tests Cannot Rule out SARS-CoV-2 Infection. BMJ. 2020; 371
(December):1-2. PMID: 33310701

Wise J. Covid-19: Lateral Flow Tests Miss over Half of Cases, Liverpool Pilot Data Show. BMJ. 2020;
371:m4848. https://doi.org/10.1136/bmj.m4848 PMID: 33323368

Houston H, Gupta-Wright A, Toke-Bjolgerud E, Biggin-Lamming J, John L. Diagnostic Accuracy and
Utility of SARS-CoV-2 Antigen Lateral Flow Assays in Medical Admissions with Possible COVID-19. J
Hosp Infect. 2021; p. 18-20. https://doi.org/10.1016/.jhin.2021.01.018 PMID: 33539935

Ferguson J, Dunn S, Best A, Mirza J, Percival B, Mayhew M, et al. Validation Testing to Determine the
Sensitivity of Lateral Flow Testing for Asymptomatic SARS-CoV-2 Detection in Low Prevalence Set-
tings: Testing Frequency and Public Health Messaging Is Key. PLOS Biology. 2021; 19(4):e3001216.
https://doi.org/10.1371/journal.pbio.3001216 PMID: 33914730

Wolf A, Hulmes J, Hopkins S. Lateral Flow Device Specificity in Phase 4 (Post-Marketing) Surveillance;
2021. Available from: https://www.gov.uk/government/publications/lateral-flow-device-specificity-in-
phase-4-post-marketing-surveillance.

Walsh KA, Jordan K, Clyne B, Rohde D, Drummond L, Byrne P, et al. SARS-CoV-2 Detection, Viral
Load and Infectivity over the Course of an Infection. J Infect. 2020; 81(3):357-371. https://doi.org/10.
1016/j.jinf.2020.06.067 PMID: 32615199

La Scola B, Le Bideau M, Andreani J, Hoang VT, Grimaldier C, Colson P, et al. Viral RNA Load as
Determined by Cell Culture as a Management Tool for Discharge of SARS-CoV-2 Patients from Infec-
tious Disease Wards. Eur J Clin Microbiol Infect Dis. 2020; 39(6):1059—-1061. https://doi.org/10.1007/
5$10096-020-03913-9 PMID: 32342252

van Kampen JJA, van de Vijver DAMC, Fraaij PLA, Haagmans BL, Lamers MM, Okba N, et al. Duration
and Key Determinants of Infectious Virus Shedding in Hospitalized Patients with Coronavirus Disease-
2019 (COVID-19). Nat Commun. 2021; 12(1):8—13. https://doi.org/10.1038/s41467-020-20568-4
PMID: 33431879

Peto T, Affron D, Afrough B, Agasu A, Ainsworth M, Allanson A, et al. COVID-19: Rapid Antigen Detec-
tion for SARS-CoV-2 by Lateral Flow Assay: A National Systematic Evaluation of Sensitivity and Speci-
ficity for Mass-Testing. eClinicalMedicine. 2021; 36. https://doi.org/10.1016/j.eclinm.2021.100924
PMID: 34101770

Daniels S, Wei H, Han Y, Catt H, Denning DW, Hall I, et al. Risk Factors Associated with Respiratory
Infectious Disease-Related Presenteeism: A Rapid Review. BMC Public Health. 2021; 21(1):1955.
https://doi.org/10.1186/s12889-021-12008-9 PMID: 34711208

Bridgen JR, Wei H, Whitfield C, Han Y, Hall |, Jewell CP, et al. Contact Patterns of UK Home Delivery
Drivers and Their Use of Protective Measures during the COVID-19 Pandemic: A Cross-Sectional
Study. medRxiv. 2022; p. 2022.09.09.22279754. https://doi.org/10.1101/2022.09.09.22279754

The microCOVID Project. White Paper. 2020;.

Lee LYW, Rozmanowski S, Pang M, Charlett A, Anderson C, Hughes GJ, et al. Severe Acute Respira-
tory Syndrome Coronavirus 2 (SARS-CoV-2) Infectivity by Viral Load, S Gene Variants and Demo-
graphic Factors, and the Utility of Lateral Flow Devices to Prevent Transmission. Clinical Infectious
Diseases. 2022; 74(3):407—-415. https://doi.org/10.1093/cid/ciab421 PMID: 33972994

Cortellessa G, Stabile L, Arpino F, Faleiros DE, van den Bos W, Morawska L, et al. Close Proximity
Risk Assessment for SARS-CoV-2 Infection. Science of The Total Environment. 2021; 794:148749.
https://doi.org/10.1016/j.scitotenv.2021.148749 PMID: 34225157

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 23/25


https://doi.org/10.1136/bmjopen-2020-042898
http://www.ncbi.nlm.nih.gov/pubmed/33597139
https://doi.org/10.1371/journal.pcbi.1009149
http://www.ncbi.nlm.nih.gov/pubmed/34310589
https://doi.org/10.1371/journal.pcbi.1009058
http://www.ncbi.nlm.nih.gov/pubmed/34133427
https://doi.org/10.1098/rstb.2020.0267
https://doi.org/10.1098/rstb.2020.0267
http://www.ncbi.nlm.nih.gov/pubmed/34053253
http://www.ncbi.nlm.nih.gov/pubmed/33310701
https://doi.org/10.1136/bmj.m4848
http://www.ncbi.nlm.nih.gov/pubmed/33323368
https://doi.org/10.1016/j.jhin.2021.01.018
http://www.ncbi.nlm.nih.gov/pubmed/33539935
https://doi.org/10.1371/journal.pbio.3001216
http://www.ncbi.nlm.nih.gov/pubmed/33914730
https://www.gov.uk/government/publications/lateral-flow-device-specificity-in-phase-4-post-marketing-surveillance
https://www.gov.uk/government/publications/lateral-flow-device-specificity-in-phase-4-post-marketing-surveillance
https://doi.org/10.1016/j.jinf.2020.06.067
https://doi.org/10.1016/j.jinf.2020.06.067
http://www.ncbi.nlm.nih.gov/pubmed/32615199
https://doi.org/10.1007/s10096-020-03913-9
https://doi.org/10.1007/s10096-020-03913-9
http://www.ncbi.nlm.nih.gov/pubmed/32342252
https://doi.org/10.1038/s41467-020-20568-4
http://www.ncbi.nlm.nih.gov/pubmed/33431879
https://doi.org/10.1016/j.eclinm.2021.100924
http://www.ncbi.nlm.nih.gov/pubmed/34101770
https://doi.org/10.1186/s12889-021-12008-9
http://www.ncbi.nlm.nih.gov/pubmed/34711208
https://doi.org/10.1101/2022.09.09.22279754
https://doi.org/10.1093/cid/ciab421
http://www.ncbi.nlm.nih.gov/pubmed/33972994
https://doi.org/10.1016/j.scitotenv.2021.148749
http://www.ncbi.nlm.nih.gov/pubmed/34225157
https://doi.org/10.1371/journal.pone.0284805

PLOS ONE

Modelling SARS-CoV-2 transmission in a home-delivery workplace

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42,

43.

van Doremalen N, Bushmaker T, Morris DH, Holbrook MG, Gamble A, Williamson BN, et al. Aerosol
and Surface Stability of SARS-CoV-2 as Compared with SARS-CoV-1. New England Journal of Medi-
cine. 2020; 382(16):1564—1567. https://doi.org/10.1056/NEJMc2004973 PMID: 32182409

Whitfield CA, University of Manchester COVID-19 Modelling Group, Hall I. Modelling the Impact of
Repeat Asymptomatic Testing Policies for Staff on SARS-CoV-2 Transmission Potential. arXiv. 2022.
https://doi.org/10.1016/j.jtbi.2022.111335 PMID: 36334850

Ke R, Martinez PP, Smith RL, Gibson LL, Mirza A, Conte M, et al. Daily Longitudinal Sampling of
SARS-CoV-2 Infection Reveals Substantial Heterogeneity in Infectiousness. Nat Microbiol. 2022; 7
(5):640-652. https://doi.org/10.1038/s41564-022-01105-z PMID: 35484231

Watanabe T, Bartrand TA, Weir MH, Omura T, Haas CN. Development of a Dose-Response Model for
SARS Coronavirus. Risk Anal. 2010; 30(7):1129-1138. https://doi.org/10.1111/j.1539-6924.2010.
01427.x PMID: 20497390

Zhang X, Wang J. Dose-Response Relation Deduced for Coronaviruses from COVID-19, SARS and
MERS Meta-analysis Results and Its Application for Infection Risk Assessment of Aerosol Transmis-
sion. Clin Infect Dis. 2020. https://doi.org/10.1093/cid/ciaa1675

Poydenot F, Abdourahamane |, Caplain E, Der S, Haiech J, Jallon A, et al. Risk Assessment for Long
and Short Range Airborne Transmission of SARS-CoV-2, Indoors and Outdoors. PNAS Nexus. 2022;
p. pgac223. https://doi.org/10.1093/pnasnexus/pgac223 PMID: 36712338

Madewell ZJ, Yang Y, Longini IM Jr, Halloran ME, Dean NE. Household Transmission of SARS-CoV-2:
A Systematic Review and Meta-analysis. JAMA Network Open. 2020; 3(12):€2031756. https://doi.org/
10.1001/jamanetworkopen.2020.31756 PMID: 33315116

Kuwelker K, Zhou F, Blomberg B, Lartey S, Brokstad KA, Trieu MC, et al. Attack Rates amongst House-
hold Members of Outpatients with Confirmed COVID-19 in Bergen, Norway: A Case-Ascertained
Study. The Lancet Regional Health—Europe. 2021; 3:100014. https://doi.org/10.1016/j.lanepe.2020.
100014 PMID: 33871470

Jing QL, Liu MJ, Zhang ZB, Fang LQ, Yuan J, Zhang AR, et al. Household Secondary Attack Rate of
COVID-19 and Associated Determinants in Guangzhou, China: A Retrospective Cohort Study. Lancet
Infect Dis. 2020; 20(10):1141-1150. https://doi.org/10.1016/S1473-3099(20)30471-0 PMID: 32562601

Social Care Working Group. SCWG Chairs: Summary of Role of Shielding, 20 December 2021; 2021.
Available from: https://www.gov.uk/government/publications/scwg-chairs-summary-of-role-of-
shielding-20-december-2021.

Whitfield CA. Model of SARS-CoV-2 Transmission in Delivery Workplaces; 2022. Available from:
https://github.com/CarlWhitfield/Workplace_delivery_transmission.

Caron-Lormier G, Humphry RW, Bohan DA, Hawes C, Thorbek P. Asynchronous and Synchronous
Updating in Individual-Based Models. Ecological Modelling. 2008; 212(3):522-527. https://doi.org/10.
1016/j.ecolmodel.2007.10.049

Whitfield CA. Model of SARS-CoV-2 Viral Load Dynamics, Infectivity Profile, and Test-Positivity.; 2022.
Available from: https://github.com/CarlWhitfield/Viral_load_testing_COV19_model.

Larremore DB, Wilder B, Lester E, Shehata S, Burke JM, Hay JA, et al. Test Sensitivity Is Secondary to
Frequency and Turnaround Time for COVID-19 Screening. Science Advances. 2021; 7(1):eabd5393.
https://doi.org/10.1126/sciadv.abd5393 PMID: 33219112

Waskom ML. Seaborn: Statistical Data Visualization. J Open Source Softw. 2021; 6(60):3021. https:/
doi.org/10.21105/joss.03021

Piper K, Youk A, J AE lii, Kumar S. Paid Sick Days and Stay-at-Home Behavior for Influenza. PLOS
ONE. 2017; 12(2):e0170698. https://doi.org/10.1371/journal.pone.0170698 PMID: 28151940

Ahmed F, Kim S, Nowalk MP, King JP, VanWormer JJ, Gaglani M, et al. Paid Leave and Access to
Telework as Work Attendance Determinants during Acute Respiratory lliness, United States, 2017—
2018. Emerg Infect Dis. 2020; 26(1):26—33. https://doi.org/10.3201/eid2601.190743 PMID: 31855145

Salathé M, Kazandjieva M, Lee JW, Levis P, Feldman MW, Jones JH. A High-Resolution Human Con-
tact Network for Infectious Disease Transmission. Proceedings of the National Academy of Sciences.
2010; 107(51):22020-22025. https://doi.org/10.1073/pnas.1009094108

Hashemian M, Stanley K, Osgood N. Leveraging H1N1 Infection Transmission Modeling with Proximity
Sensor Microdata. BMC Med Inform Decis Mak. 2012; 12(1):35. https://doi.org/10.1186/1472-6947-12-
35 PMID: 22551391

Zivich PN, Huang W, Walsh A, Dutta P, Eisenberg M, Aiello AE. Measuring Office Workplace Interac-
tions and Hand Hygiene Behaviors through Electronic Sensors: A Feasibility Study. PLOS ONE. 2021;
16(1):e0243358. https://doi.org/10.1371/journal.pone.0243358 PMID: 33465139

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 24/25


https://doi.org/10.1056/NEJMc2004973
http://www.ncbi.nlm.nih.gov/pubmed/32182409
https://doi.org/10.1016/j.jtbi.2022.111335
http://www.ncbi.nlm.nih.gov/pubmed/36334850
https://doi.org/10.1038/s41564-022-01105-z
http://www.ncbi.nlm.nih.gov/pubmed/35484231
https://doi.org/10.1111/j.1539-6924.2010.01427.x
https://doi.org/10.1111/j.1539-6924.2010.01427.x
http://www.ncbi.nlm.nih.gov/pubmed/20497390
https://doi.org/10.1093/cid/ciaa1675
https://doi.org/10.1093/pnasnexus/pgac223
http://www.ncbi.nlm.nih.gov/pubmed/36712338
https://doi.org/10.1001/jamanetworkopen.2020.31756
https://doi.org/10.1001/jamanetworkopen.2020.31756
http://www.ncbi.nlm.nih.gov/pubmed/33315116
https://doi.org/10.1016/j.lanepe.2020.100014
https://doi.org/10.1016/j.lanepe.2020.100014
http://www.ncbi.nlm.nih.gov/pubmed/33871470
https://doi.org/10.1016/S1473-3099(20)30471-0
http://www.ncbi.nlm.nih.gov/pubmed/32562601
https://www.gov.uk/government/publications/scwg-chairs-summary-of-role-of-shielding-20-december-2021
https://www.gov.uk/government/publications/scwg-chairs-summary-of-role-of-shielding-20-december-2021
https://github.com/CarlWhitfield/Workplace_delivery_transmission
https://doi.org/10.1016/j.ecolmodel.2007.10.049
https://doi.org/10.1016/j.ecolmodel.2007.10.049
https://github.com/CarlWhitfield/Viral_load_testing_COV19_model
https://doi.org/10.1126/sciadv.abd5393
http://www.ncbi.nlm.nih.gov/pubmed/33219112
https://doi.org/10.21105/joss.03021
https://doi.org/10.21105/joss.03021
https://doi.org/10.1371/journal.pone.0170698
http://www.ncbi.nlm.nih.gov/pubmed/28151940
https://doi.org/10.3201/eid2601.190743
http://www.ncbi.nlm.nih.gov/pubmed/31855145
https://doi.org/10.1073/pnas.1009094108
https://doi.org/10.1186/1472-6947-12-35
https://doi.org/10.1186/1472-6947-12-35
http://www.ncbi.nlm.nih.gov/pubmed/22551391
https://doi.org/10.1371/journal.pone.0243358
http://www.ncbi.nlm.nih.gov/pubmed/33465139
https://doi.org/10.1371/journal.pone.0284805

PLOS ONE

Modelling SARS-CoV-2 transmission in a home-delivery workplace

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

Huang Y, Hammad A, Zhu Z. Providing Proximity Alerts to Workers on Construction Sites Using Blue-
tooth Low Energy RTLS. Automation in Construction. 2021; 132:103928. https://doi.org/10.1016/j.
autcon.2021.103928

Zetterholm MV, Nilsson L, Jokela P. Using a Proximity-Detection Technology to Nudge for Physical Dis-
tancing in a Swedish Workplace During the COVID-19 Pandemic: Retrospective Case Study. JMIR For-
mative Research. 2022; 6(12):€39570. https://doi.org/10.2196/39570

Freeman AL, Parker S, Noakes C, Fitzgerald S, Smyth A, Macbeth R, et al. Expert Elicitation on the Rel-
ative Importance of Possible SARS-CoV-2 Transmission Routes and the Effectiveness of Mitigations.
BMJ Open. 2021; 11(12):e050869. https://doi.org/10.1136/bmjopen-2021-050869 PMID: 34853105

Pitol AK, Julian TR. Community Transmission of SARS-CoV-2 by Surfaces: Risks and Risk Reduction
Strategies. Environ Sci Technol Lett. 2021; 8(3):263-269. https://doi.org/10.1021/acs.estlett.0c00966

Burridge HC, Fan S, Jones RL, Noakes CJ, Linden PF. Predictive and Retrospective Modelling of Air-
borne Infection Risk Using Monitored Carbon Dioxide. Indoor and Built Environment. 2022; 31(5):1363—
1380. https://doi.org/10.1177/1420326X211043564

Buonanno G, Robotto A, Brizio E, Morawska L, Civra A, Corino F, et al. Link between SARS-CoV-2
Emissions and Airborne Concentrations: Closing the Gap in Understanding. Journal of Hazardous
Materials. 2022; 428:128279. https://doi.org/10.1016/j.jhazmat.2022.128279 PMID: 35063838

Miller SL, Nazaroff WW, Jimenez JL, Boerstra A, Buonanno G, Dancer SJ, et al. Transmission of
SARS-CoV-2 by Inhalation of Respiratory Aerosol in the Skagit Valley Chorale Superspreading Event.
Indoor Air. 2021; 31(2):314-323. https://doi.org/10.1111/ina.12751 PMID: 32979298

Azimi P, Keshavarz Z, Laurent JGC, Stephens B, Allen JG. Mechanistic Transmission Modeling of
COVID-19 on the Diamond Princess Cruise Ship Demonstrates the Importance of Aerosol Transmis-
sion. PNAS. 2021; 118(8). https://doi.org/10.1073/pnas.2015482118 PMID: 33536312

Morawska L, Tang JW, Bahnfleth W, Bluyssen PM, Boerstra A, Buonanno G, et al. How Can Airborne
Transmission of COVID-19 Indoors Be Minimised? Environment International. 2020; 142:105832.
https://doi.org/10.1016/j.envint.2020.105832 PMID: 32521345

Skittrall JP. SARS-CoV-2 Screening: Effectiveness and Risk of Increasing Transmission. Journal of
The Royal Society Interface. 2021; 18(180):20210164. https://doi.org/10.1098/rsif.2021.0164 PMID:
34283945

PLOS ONE | https://doi.org/10.1371/journal.pone.0284805 May 5, 2023 25/25


https://doi.org/10.1016/j.autcon.2021.103928
https://doi.org/10.1016/j.autcon.2021.103928
https://doi.org/10.2196/39570
https://doi.org/10.1136/bmjopen-2021-050869
http://www.ncbi.nlm.nih.gov/pubmed/34853105
https://doi.org/10.1021/acs.estlett.0c00966
https://doi.org/10.1177/1420326X211043564
https://doi.org/10.1016/j.jhazmat.2022.128279
http://www.ncbi.nlm.nih.gov/pubmed/35063838
https://doi.org/10.1111/ina.12751
http://www.ncbi.nlm.nih.gov/pubmed/32979298
https://doi.org/10.1073/pnas.2015482118
http://www.ncbi.nlm.nih.gov/pubmed/33536312
https://doi.org/10.1016/j.envint.2020.105832
http://www.ncbi.nlm.nih.gov/pubmed/32521345
https://doi.org/10.1098/rsif.2021.0164
http://www.ncbi.nlm.nih.gov/pubmed/34283945
https://doi.org/10.1371/journal.pone.0284805

