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ARTICLE INFO ABSTRACT

Keywords: Repeat asymptomatic testing in order to identify and quarantine infectious individuals has become a widely-
COVID-19 used intervention to control SARS-CoV-2 transmission. In some workplaces, and in particular health and
SARS-CoV-2

social care settings with vulnerable patients, regular asymptomatic testing has been deployed to staff to
reduce the likelihood of workplace outbreaks. We have developed a model based on data available in the
literature to predict the potential impact of repeat asymptomatic testing on SARS-CoV-2 transmission. The

Lateral-flow testing
Asymptomatic testing

Viral load
Transmission potential results highlight features that are important to consider when modelling testing interventions, including
Workplace population heterogeneity of infectiousness and correlation with test-positive probability, as well as adherence

behaviours in response to policy. Furthermore, the model based on the reduction in transmission potential
presented here can be used to parameterise existing epidemiological models without them having to explicitly
simulate the testing process. Overall, we find that even with different model paramterisations, in theory, regular
asymptomatic testing is likely to be a highly effective measure to reduce transmission in workplaces, subject to
adherence. This manuscript was submitted as part of a theme issue on “Modelling COVID-19 and Preparedness
for Future Pandemics”.

1. Introduction et al.,, 2021) and so they were more likely to miss true positives.

Furthermore, in some cases, extremely low values for their specificity

In the early stages of the COVID-19 pandemic, many countries had
limited capacity for SARS-CoV-2 diagnostic testing, and so a large pro-
portion of asymptomatic or ‘mild’ infections were not being detected. At
this stage in the UK, testing was primarily being used in hospitals for
patient triage and quarantine measures. By late 2020, many western
countries had greatly increased their capacity to perform polymerase
chain reaction (PCR) tests, which sensitively detect SARS-CoV-2 RNA
from swab samples taken of the nose and/or throat. Importantly,
several types of antigen test in the form of lateral flow devices (LFDs)
came to market, promising to detect infection rapidly (within 30 mins
of the swab) and inexpensively in comparison to PCR. In the UK, many
of these devices underwent extensive evaluation of their sensitivity and
specificity in lab and real-world settings (Peto, 2021), and several were
made freely available to the general public.

Nonetheless, there was significant concern surrounding the sensitiv-
ity of LFD tests (Deeks and Raffle, 2020; Wise, 2020), their sensitivity
was observed to be low relative to PCR in early pilot studies (Dinnes
et al., 2020; Ferguson et al., 2021; Garcia-Fifiana et al., 2021; Mina
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were reported (Armstrong, 2020; Kanji et al., 2021; Gans et al., 2022),
suggesting that false positives may be common, although this later
appeared not to be the case for the devices that were systematically
tested and rolled out to the wider public in the UK (Peto, 2021; Wolf
et al.,, 2021). Models of SARS-CoV-2 testing and observational studies
predicted that regular asymptomatic testing and contact-tracing could
significantly reduce transmission rates in the population (Hellewell
et al., 2021; Ferretti et al., 2021; Fyles et al., 2021; Lee et al., 2021).
Furthermore, specific studies on hospitals (Evans et al., 2021), care-
homes (Rosello et al., 2022), and schools (Asgary et al., 2021; Leng
et al., 2022) have demonstrated the impact that regular LFD testing
can have and has had on reducing transmission in these vital settings.
However, studies have also highlighted the potential pitfalls and ineffi-
ciencies of such policies (Tulloch et al., 2021), in particular around the
factors affecting adherence to these policies. Testing can only reduce
transmission if it results in some contact reduction or mitigation be-
haviour in those who are infectious. Therefore, studies have shown the
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importance of ensuring that isolation policies in workplaces are coupled
with measures to support isolation, such as paid sick-leave (Ahmed
et al., 2020; Patel et al., 2021; Daniels et al., 2021).

The focus of this paper is modelling the potential impact of testing in
workplaces and in particular its effect on reducing the transmission of
SARS-CoV-2 in these settings. We consider several of the confounding
factors already discussed, including test sensitivity and adherence to
policy, as well as highlighting some other important features including
the impact of population heterogeneity. These questions are addressed
using data on the within-host dynamics of SARS-CoV-2 viral load as
well as data on test sensitivity and infectiousness that is available in the
literature. The model we present is generic, and similar to those used
in Hellewell et al. (2021), Quilty et al. (2021), Ferretti et al. (2021) and
Fyles et al. (2021), in order to be applicable to a wide range of settings
and scenarios. However, we also extend some of these findings to the
care home setting, to understand its implications for evaluating and
comparing potential testing policies in care homes. To give context, the
results presented in Section 3.3, were used to inform policy advice for
staff testing in social care from the Social Care Working Group (a sub-
committee of the Scientific Advisory Group for Emergencies — SAGE)
which was reported to Department for Health and Social Care (DHSC)
and SAGE in the UK (Social Care Working Group, 2021). This paper
takes a more detailed look into the predictions of this model and its
implications for implementing testing policies in workplaces in general.

2. Methods

We focus on quantifying the effects of testing and isolation on a
single individual, for which we use the concept of an infected person’s
“infectious potential”. This is then extended to investigate the impact
of testing in a generic workplace setting on transmission of SARS-CoV-2
making some basic assumptions regarding contact and shift patterns.

Table 1 provides a list of all the symbols we use to represent the
parameters and variables in this section, alongside a description of
each.

2.1. Infectious and transmission potential

Without loss of generality, we define the time an individual k gets
infected as r = 0. Assuming non-repeating contacts at rate c,(r) then the
expected number of transmission events from that infected individual
(or their Transmission potential Quilty et al., 2021) is

RY = /0 ¥ e, ¢h)

Initially, we aim to gain generic insights into how testing can impact
on transmission, and so we consider one other simplifying assumption,
that the contact rate ¢, () can be described by a simple step function,
such that the contact rate is reduced by a factor X when an individual
self-isolates

. (k) (k)
ifr<t jort>t  + T

o
(D) = { ) ® 2)
(A =X)ey ift, ) St <t 0+ Tyl

where the parameters are as defined in Table 1(a).

Finally, we suppose that the probability of transmission per contact
event is p,(t) = fyJ (1) where f, is a constant. We define the (arbi-
trary) scaling of the infectiousness J(¢) by setting ( f0°° J(dt) = (Tine)s
where (-) denotes a population average such that (x) = Zlfl:l x;/N.
The parameter (r;,;) is the average period for which a person can
test positive via PCR (i.e. how long they have a detectable COVID
infection). Therefore, ignoring isolation, if the contact rate ¢, is the
same for all individuals (note that this is not a necessary assumption,
variations in contact rate between individuals can be absorbed into the
infectiousness by a simple scaling factor) then the population baseline
reproduction number without any isolation will be Ry = fyco(Tins)-
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Then we can rewrite Eq. (1), the individual reproduction number for
individual k, as

ind — isol” “isol

R [so]
RY = ﬁ /0 T () [1 - X1(5;6% P +r§fo)l)] dr = RyIP, ®)
1n|

where I(x;a,b) = H(x — x;) — H(x — x,) is an indicator function for
the range x; < x < x, such that H(x) is the Heaviside step function.
The quantity IP, we define as the individual’s infectious potential and
under these simplifying assumptions is proportional to the individual’s
reproduction number in a fully susceptible population. More generally
IP is the relative infectiousness of an individual (omitting any isolation)
integrated over the infectious period, and so still has epidemiological
relevance beyond the case of a fully susceptible population.

Throughout this paper, we will use the relative reduction in IP
vs. some baseline scenario (generally a scenario with no testing), to
measure the impact of testing regimes, such that

(IP)
(IPg)’
where (IP,) is the population average IP for the baseline scenario.

AIP =1 - ()]

2.2. Model of viral-load, infectiousness and test positive probability

We use a RNA viral-load based model of infectiousness and test
positive probability, similar to those used in Quilty et al. (2021) and
Ferretti et al. (2021) to calculate the reduction in IP for different
testing and isolation behaviour. Individual viral-load trajectories V,(t)
are generated to represent the concentration of RNA (in copies/ml) that
should be measured in PCR testing of a swab of the nasal cavity. In
turn these are used to calculate an infected individual’s infectiousness
J(V (1)) and probability of testing positive P(V (¢)) over time.

We assume, as in Kissler et al. (2021), that the viral load trajectory
can be described by the following piecewise exponential (PE) model

Vo) = {Vp exp[r(t, — 1] iftr<z,

. ()
V,expl—d(t —t,)] ifr > th

where the parameters are as defined in Table 1(b). We use two different
datasets to parameterise the PE model, which are laid out in the
following sections.

2.2.1. Parameterisation of RNA viral-load model

Ke et al. (2022) data:

The PCR-measured viral-load trajectories (in RNA copies/ml) are
generated at random based on the mechanistic model fits in Ke et al.
(2022). That dataset consists of the results of daily PCR and virus
culture tests to quantify RNA viral-load (in RNA copies/ml) and infec-
tious viral load, in arbitrary units akin to plaque-forming units (PFUs)
respectively. There were 56 participants who had been infected by
different variants of SARS-CoV-2 (up to the delta strain, as this dataset
precedes the emergence of omicron). In order to use this data, we first
simulated the “refractory cell model” (RCM) described in Ke et al.
(2022) for all 56 individual parameter sets given in the supplementary
information of that article. Note that in Ke et al. (2022) these were
based on nasal swabs, we did not use the data from throat swabs.

We found that, at long times, the RCM would show an (unrealistic)
second growth stage of the virus. To remove this spurious behaviour
from these trajectories, we fitted the parameters of the PE model
(described by equation Eq. (5)) to the data around the peak viral load.
To do this, we truncated the data to only consist of only viral load
values around the first peak that was above a threshold of V.., =
max V03 (i.e. half of the maximum viral load on a log-scale, measured
empirically from the generated trajectory). The data for each trajectory
was then truncated between two points to avoid fitting this spurious
behaviour. The first point was when the viral load first surpassed Vi, cqh-
The second point was either when viral load fell below V., or the
data reached a second turning point (a minimum) — whichever occurred
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Table 1
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Symbols used in this paper to represent various mathematical variables and parameters and their interpretation, broken down by category.

Symbol

Description

(a) Transmission modelling

Basic reproduction number and expected reproduction number of individual k respectively.
Basic contact rate and contact rate of individual k respectively.
Probability of a contact between infectious individual k and a susceptible individual at time ¢

Baseline probability of a contact resulting in an infection and relative infectiousness of individual k at

Fractional reduction in contact rate due to isolation (X =1 used throughout).

k
Ry, Rmd
co> (D)
pi(0)
resulting in an infection.
Bo» i@
time 1.
X
(k)
Lol Tisol

(k)
Tinf

The time since infection when the individual begins isolation and the duration of the isolation period
respectively.
Duration of infection of individual &, defined as infectious when nasal viral load is detectable by PCR.

(b) Viral load models

Vi@

Y,

P P

re, dy

Viea» 4Ct, @, o,

Nasal viral load of individual k at time ¢ since infection.

Peak viral load value of individual k and the time since infection it occurs respectively.
Exponential rate of viral growth and decay respectively in individual k.

Viral load parameters in Kissler et al. (2021)

(c) Infectiousness model

J®

2

hy

K

m

P,

AIP

Theoretical maximum infectiousness (at high viral load) and steepness of Hill function relating
infectiousness to viral load respectively for individual k.

Threshold parameter for Hill function of viral load vs. infectiousness (same for all individuals).
Infectious potential of individual &, a values of 1 indicates the same overall infectiousness as the
population mean without any isolation.

Relative reduction in IP compared to some baseline case.

(d) Testing models

PPCR(V)’ PLFDh(V)’ PLFDI(V)

Probability of positive test result given a viral load of V for PCR, high-sensitivity LFD, or
low-sensitivity LFD respectively.
PCR sensitivity parameters: maximum sensitivity, slope of logistic function, and threshold viral load

LFD “high sensitivity” parameters (relative to PCR sensitivity): maximum sensitivity, slope of logistic
function, and threshold viral load for logistic function respectively.

Parameters of adherence: the proportion of people who do no tests and the proportion of tests missed

Composite adherence parameter (i.e. the proportion of tests that get performed,

Pras 55 Vil
for logistic function respectively.
()
4 81, Vst)
Pnol Pmisa
by those who do test respectively.
A
A= (1= Po)(d = Pyo))-
Z, Py Tpos

T

Parameters of simple testing model: fractional impact of isolation on infectiousness, test sensitivity in
window of opportunity, and duration of window of opportunity respectively.
Time between tests for a given regular mass testing policy.

(e) Workplace models

W, (®
N,, N,

Sos Pe

a, b

Shift pattern indicator (= 1 when individual k is at work, and = 0 otherwise).

Number of employees in a model workplace and the number of residents in the care-home model
respectively.

Fraction of days staff spend on-shift (9/14 used here) and probability of them making a contact
during a shift with a particular co-worker who is also in work that day respectively.

Fractional contact probabilities (relative to p,) in model care-home between staff and between

residents respectively.

first. We then used a simple least-squares fit on the log-scale to fit the
PE model to this truncated data. In order to set realistic initial values for
the non-linear least-squares fitting method, we estimated the peak viral
load and time by taking the first maximum of the viral load trajectory
and the time it occurred. Then estimated the growth and decay rates
by simply taking the slope of straight lines connecting the viral load at
the start and end of the truncated data to this peak value.

Fig. 1 shows all of the PE fits against the original RCM model
fits. We can see that the PE model captures the dynamics around the
peak well (which, for our purposes, is the most important part of the
trajectory as it is when individuals are most likely to be infectious
and test positive). However, this fitting comes at the expense of losing
information about the changing decay rate at longer times (which has
a much smaller effect on predicting testing efficacy).

Supplementary Table S1 summarises the mean and covariance of
the maximum likelihood multivariate lognormal distribution of the
PE model parameters. We use this distribution to generate random
parameter sets for the PE model which are used to simulate different
individuals.

Kissler et al. (2021) data:

The data from Kissler et al. (2021) consists of 46 individuals iden-
tified to have “acute” SARS-CoV-2 infections while partaking in reg-
ular PCR tests. To simulate the data from this paper, we sample the
individual-level posteriors (available at Kissler, 2021) directly. First,
we converted the parameters contained in that dataset (ACt, difference
between minimum Ct and the limit of detection (LoD); @, length of
growth period from LoD to peak viral-load; and w, length of decay
period from peak viral-load to LoD) as follows

ACt

log(V,) =1ogo(Vieq) + 360971 6)
I V) —1 12
r = log(10) [ ogio(Vp) — 0gj( lod)] ’ o
P
log,o(V,) = log,o(V;
d =1og(10) [ ogio(V) _ 0810 1"")] . ®)

The parameter V.4 = 10>%7%! copies/ml is the viral load corresponding
to a Ct-value of 40 and 3.60971 is the fitted slope between Ct-value
and RNA viral-load in log,(copies/ml) in that study. Finally, in order
to determine the final parameter #,, we used the result from Ferretti
et al. (2021) based on the same dataset that the viral load at time of
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Fig. 1. Left: Spaghetti plot of the 56 RCM model paramterisations given in Ke et al. (2022). Right: the same plot but showing the PE model parameterisations fitted in this paper.
Note that the point-wise median and mean profiles shown here were computed on the scale of log,,copies/ml.
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Fig. 2. Spaghetti plot of trajectories generated using random samples of the posterior distribution of PE parameters in Kissler et al. (2021). The point-wise mean and median lines
are computed using 10,000 samples. Note that, for the purposes of this plot, the trajectories are truncated so that any values below V,, are set to V|, (so that spuriously small
values on the log-scale do not affect the averages. The left graph shows samples from the symptomatic population in that study and right the asymptomatic.

infection is ¥ = 10°32% copies/ml, such that

.= logV, logVo. ©
r

We separated the converted datasets into those individuals who were
labelled as “symptomatic” and those who were not, as there was shown
to be statistically significant differences in these populations in Kissler
et al. (2021). Then, to generate a new viral load trajectory a single
parameter set is sampled from one of these two datasets, depending
on whether the trajectory corresponds to a simulated individual who
would develop symptoms or not. Example trajectories for the two cases

are shown in Fig. 2.

2.2.2. Parameterisation of infectiousness as a function of RNA viral load
In order to model infectiousness, we use “infectious virus shed” as
fitted in Ke et al. (2022) as a proxy. In Ke et al. (2022) infectious virus
shed is a Hill function of viral load
h
IV,

Pk 10$)
h
VivK,

S Vi) =
We found that neither of the random parameters J, nor h (as given in
Ke et al., 2022) were significantly correlated to any of the PE model
parameters fitted for the same individuals. Therefore, we used the
maximum likelihood bivariate lognormal distribution of the random
parameters of this model {J,, s}, given in Supplementary Table S1.
These infectiousness parameters are generated independently of the
individual’s RNA viral-load parameters {V),?,,r,d}. Examples of J;(x)
are shown in Fig. 3(a) as well as the mean relationship.

Note that, in Ke et al. (2022), the magnitude of J, is given in
arbitrary units and so we normalise IP as shown in Eq. (3). Thus, we
present results in terms of a relative reduction in IP (4IP), which is
independent of the choice of infectiousness units.

2.2.3. Parameterisation of test sensitivity as a function of RNA viral load

The probability of testing positive is also assumed to be determin-
istically linked to RNA viral load. Note that we assume this because
of the data available on LFD test sensitivity as a function of RNA
viral load measured by PCR, however several studies have suggested
that LFD test sensitivity is actually more closely linked to infectious
viral load or culture positive probability (Kirby et al., 2022; Pekosz
et al., 2021; Pickering et al., 2021; Killingley et al., 2022). Furthermore,
the sensitivity relationships used here imply that the outcomes of
subsequent tests are independent. This is likely to be an unrealistic
assumption in practice since factors other than viral load may also
influence test outcome, and these may vary between individuals.

To model PCR testing, we use a logistic function with a hard-cutoff
to account for the cycle-threshold (Ct) cutoff

0 if Vi < Vi

= -1
Pocr (Vi) = 4 ooz Viozio V2) an

P, i Ve > Vi

max

The parameters P, Vs, and s, are extracted by a maximum-likelihood
fit of the data on the “BioFire defense” PCR test given in Smith
et al. (2020), and are given in Supplementary Table S1. Note that we
fitted to logistic, normal cumulative distribution function (CDF), and
log-logistic functions and chose maximum likelihood fit.

To model LFD testing, we use two data sources to establish a ‘low’
and ‘high’ sensitivity scenario. In the ‘high’ sensitivity case we use the
phase 3b data collected in Peto (2021). We fitted logistic, normal CDF
and log-logistic models to the data using a maximum likelihood method
and chose the most likely fit (which was the logistic model). The
phase 3b results in this study came from community testing in people
who simultaneously tested positive by PCR. Therefore, the overall LFD
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Fig. 3. (a) The deterministic relationship between infectiousness and RNA viral load used here. Grey lines show individual samples as each individual is assumed to have a
different random value of J, and h. The red line shows the population mean. (b) The different relationships between test-positive probability and RNA viral load used in this
paper. The blue line shows the assumed PCR test sensitivity, while orange shows the ‘high’ sensitivity (HS) LFD case and green shows the ‘low’ sensitivity (LS) case (note that the

peak sensitivity is actually higher in the LS case, but overall sensitivity is lower).

sensitivity is given by the logistic function multiplied by the fraction
who would test positive by PCR, i.e.

Piron (Vi) = APocp (V) |1+ e s1(ogio Vi=logyo V5<r11)) 12)
The parameters s, and Vs((l)) are determined by maximum likelihood fit,
which the relative sensitivity A is included to account the difference
in sensitivity between self-testing and testing performed by lab-trained
staff (Peto, 2021).

In the ‘low’ sensitivity LFD case, we use data from regular LFD and
PCR testing in the social care sector in the UK (NHS Test and Trace,
2021). Since this data is based on positive PCR results, we assume again
Pirpi (Vi) = 0V )Pocr(Vy). The function 6(V) is a stepwise function,
and is parameterised in Supplementary Table S1. All of the test-positive
probability relationships are shown in Fig. 3(b).

2.3. Adherence to policy

In this paper we consider a number of testing policies which take
the form of instructions to employees in the workplace regarding the
number of tests to carry out per week. In general, we assume that PCR
tests were typically carried out with 100% adherence, as these are as-
sumed to be ‘enforced’ (our reference example is PCR testing of hospital
and care home staff in the UK, which are carried out at the workplace
by trained staff). LFD tests on the other hand are assumed voluntary,
as these are carried out at home and reported online. We consider
two behavioural parameters to model how individuals may choose to
adhere with LFD testing policies, P,, and P, (see Table 1(d)). In
Section 3.2 we explicitly model two behavioural extremes,

+ “All-or-nothing”: P,,, = 1— A and P, = 0, i.e. a fixed fraction
of people complete all tests, while the rest complete none.

» “Leaky” P, = 1 — A and P, = 0, i.e. all people miss tests at
random with the same probability.

These cases demonstrate how the same overall adherence to testing (0 <
A < 1) can lead to different testing outcomes, depending on behaviour.
The difference between these two behaviours can be captured by a
simple model of AIP (relative to the case with no isolation) by making
the following assumptions. Suppose each individual is supposed to test
every 7 days and there is some window t,,,, when they can test positive
with probability p. If they do test positive, it will reduce their overall
infectiousness by a factor Z. Then, for the average individual, the

relative reduction in IP will be
AP, zAZ(l —a —p)TP"S/T), (13)

APy & Z (1= (1 = p /). a4)

Thus, AIP is expected to scale linearly with adherence for the ‘all-or-
nothing’ case, since testing will only impact a fixed fraction of the
population, while in the ‘leaky’ case AIP will scale non-linearly with A
as it will change the expected number of tests a person will take during
the period when they can test positive (Az,,/7).

2.4. Workplace contact, shift and testing patterns

To simulate the impact of testing in a workplace setting we model
some simplified examples of contact and work patterns.

2.4.1. Modification of infectious potential to account for shift patterns

Eq. (2) supposes that the contact rate is constant over time unless
the individual is isolating. When modelling a workplace intervention,
we are generally interested in the effect on workplace transmission.
Therefore, to generate the results in Section 3.3, we consider a modified
contact pattern that is proportional to work hours ¢ (1) = W (t)c(t)
where W () = 1 during scheduled work hours and 0 otherwise. Note, we
also take X = 1, as we assume work contacts are completely removed
by isolation. This parameterisation therefore ignores potential contacts
with colleagues outside of work hours, which may also be relevant.

For simplicity, we assume that all workers do the same fortnightly
shift pattern, shown in Table 2, so that all employees work, on average,
4.5 days per week, based on average working hours in the UK social
care sector.

2.4.2. Definition of testing regimes simulated

Table 2 defines the shift and testing patterns that we consider. Note
that tests are assumed to take place only on work days. The numerical
implementation of calculations of AIP is detailed in Appendix A.2.

2.5. Models of transmission in a closed workplace

To demonstrate the impact of testing interventions in a closed pop-
ulation, we consider two simple model workplaces. The algorithm to
simulate transmission in these workplaces is detailed in Appendix A.3.

For ease of comparison, we measure the impact of testing in these
workplaces by the final outbreak size resulting from a single index
case in a fully susceptible population. However in reality, mass asymp-
tomatic testing is more useful when there is high community preva-
lence, and so we would expect repeated introductions over any pro-
longed period. We do not consider the case of repeated introductions
here, nor immunity in the population, but these methods can readily
be extended to that case.
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Table 2
Visual representation of the shift and test-
ing patterns considered in Sections 3.3, 3.4,
and 3.5. Within each row, squares from left
to right indicate days of the week, upper
squares indicate the first week of the pattern,
and the lower squares indicate the second
week. A red square means there is a shift/test
scheduled for that day, while a white square
indicates there is not.

Pattern

Shift
pattern
Daily
testing

3 LFDs
per week
2 LFDs
per week
1 PCR
per week
1 PCR per
fortnight

2.5.1. A single-component workplace model

We consider a workplace of N; fixed staff, all of whom work the
same shift pattern given by Table 2. Each individual’s shift pattern
starts on a random day (from 1 to 14) so it is assumed that approx-
imately the same number of workers are working each day. Contacts
for each infectious individual on shift each day are drawn at random
from the rest of the population on shift that day with fixed probability
p.. Each contact is assumed to have probability of infection

P (1) =1 —exp [=fpJ (D)5 (D] (15)
where f, is the (average) transmission rate for the contact, J,(?) is the
infectiousness of the infectious individual (k € {1,..., N,}), s, € {0,1}

is the susceptibility of the contact (k' € {1,..., N,} # k).
An upper bound for the approximate reproduction number in this
workplace can be calculated as follows

Ryp S f7Bope(Ng = 1)(zipe)(1 — AIP) (16)

where f; is the fraction of days on-shift (9/14 here) and 1 — AIP is the
relative infectious potential after taking into account any testing and
isolation measures.

2.5.2. A two-component model to represent transmission in a care-home

We also extend the model in the previous section to a basic model
of contacts in a care home consisting of two populations: staff and
residents. We assume the same shift patterns apply for the staff as in
the previous section, but that residents are present in the care home
on all days. As in the previous section, we assume that contacts are
drawn at random each day for infectious individuals from the pool of
other individuals at work that day. However, the contact probability
is different for resident-resident, staff-resident, and staff-staff contacts
such that it can be expressed by the following matrix

P, =p, <‘1’ ;) a7

such that p,, ap,, and bp, are the staff-resident, staff-staff, and resident—
resident contact probabilities respectively. We assume that transmission
dynamics are the same for all groups but that testing and isolation
measures can be applied separately. It is important to note that here
we only consider the case of a closed population with a single (staff)
index case, which is most similar to the early pandemic (i.e. a fully
susceptible population, low incidence, and staff ingress is more likely
than patient ingress due to limits on visitors). The situation becomes
complex in more realistic scenarios (e.g. Rosello et al., 2022) however
many of the lessons we can learn from this simple case are transferable
(at least qualitatively).
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In Section 3.5 we consider two cases to measure the impact of
mass asymptomatic testing of staff. First, to mimic the impact of social
distancing policies for staff we vary a while keeping p. and b constant
(i.e. minimising disruption for residents) and compare the absolute and
relative impacts of testing interventions. Second, to show the effect of
the relative contact rates, which may vary widely between individual
care-homes, we vary a and b such that the average number of contacts
an infectious person will make is fixed, meaning that we impose the
following constraint

N f(Nyfs—1)
N.(N, - 1)

b=1- (a-1 (18)
where N, is the size of the fixed resident population, and N is the size
of the fixed staff population. We will use this to investigate how testing
policies can have different impacts in different care-homes even if they
have similar overall transmission rates or numbers of cases.

3. Results
3.1. Role of population heterogeneity in testing efficacy

The individual viral-load based model introduced here accounts
for correlations between infectiousness and the probability of testing
positive both between individuals and over time. For example, people
with a higher peak viral load are more likely to be positive and more
likely to be (more) infectious. In this section we demonstrate how the
model assumptions around heterogeneity in, and correlations between,
peak viral load and peak infectiousness affect predictions of testing
efficacy. To do this, we first calculate a population average model,
which uses the time-point average of the population of N individuals
for the infectiousness and test-positive probability

N
1
)=~ kgl IV, (). (19)
1 N
(Pep®) = ~ ; PLrp (Vi (). (20)

These profiles are then assigned to all individuals in a parallel popu-
lation of N individuals so that the impact of population heterogeneity
can be compared directly.

Fig. 4 compares the relative overall change in infectious poten-
tial (4IP) for a population of infected individuals performing LFDs at
varying frequency for the heterogeneous models vs their homogeneous
(population average) counterparts. This is shown for several cases; in
Fig. 4(a) the Ke et al. based model is used, which has low population
heterogeneity in the PE parameters. Therefore, we see little difference
between the full model prediction and the population average case.
The ‘high’ sensitivity testing model outperforms the ‘low’ sensitivity
model, as expected. However, the difference is proportionally smaller
for high testing frequencies because frequent testing can compensate
for low sensitivity to some extent. Furthermore, in the ‘high’ sensitivity
model subjects are likely to test positive for longer periods of time and
so retain efficacy better at longer periods between tests.

Comparing this to Fig. 4(b) we see that there is a much larger
discrepancy between the Kissler et al. model and its population average.
This is because there is much more significant population heterogeneity
in this model, and the correlation between infectiousness and test
positive probability means that individuals who are more infectious are
more likely to test positive and isolate. Therefore the effect of testing is
significantly larger than is predicted by the population average model.
This effect is also much larger in the ‘low’ sensitivity model, because
in this model the test-positive probability has a very similar RNA
viral load dependence to the infectiousness (with approximately 10°
copies/ml being the threshold between low/high test-positive probabil-
ity and infectiousness). This means there is greater correlation between
these two properties and so this effect is amplified.
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Fig. 4. Plots of AIP, the relative change in IP due to regular asymptomatic testing with LFDs vs. the time between tests. (a) Results using the Ke et al. based model of RNA viral
load and (b) using the Kissler et al. based model. Blue lines show the results using the ‘high’ sensitivity model for LFD testing and orange the ‘low sensitivity model’. Dashed lines
show the results using a population average model, based on using the population mean infectiousness and test-positive probability for all individuals. In all cases the reduction is
calculated as in Eq. (4) relative to the baseline case with no testing and no isolation at symptom onset (P, = 0). Total adherence to all testing regimes is assumed in this case,
and each point is calculated using the same population of 10,000 generated individuals. The shaded areas show the 95% confidence intervals in the mean of AIP, approximated

by 1000 bootstrapping samples.

The between-individual relationship of infectiousness and viral load
for SARS-CoV-2 is still largely unknown. While studies have shown a
correlation between viral load and secondary cases (Marks et al., 2021;
Lee et al.,, 2021), this could also be affected by the timing of tests
(which may also be correlated to symptom onset) and therefore the
within-individual variability in viral load over time. We found in this
section that even though the two models of RNA viral load we use
predict very similar testing efficacy, they highlight important factors
to consider when modelling repeat asymptomatic testing:

1. Population heterogeneity: greater heterogeneity means poorer
agreement between the individual-level and population-average
model predictions.

2. Between individual correlation of infectiousness and
test-positive probability: the greater this correlation is the more
important the heterogeneity is to predictions of test efficacy.

Thus, quantifying population heterogeneity in infectiousness (i.e. super-
spreading) and likelihood of testing positive while infectious and the
correlation between the two can significantly affect predictions of
efficacy of repeat asymptomatic testing.

3.2. Modelling the impact of non-adherence

In Fig. 5 we calculate the two extremes of adherence behaviour
considered here, comparing the “all-or-nothing” and “leaky” adherence
models. We see that these different ways of achieving the same overall
adherence only differ noticeably when testing at high frequency (as
shown by the results for daily testing in Fig. 5). At high frequency,
‘leaky’ adherence results in a greater reduction in IP, because even
though tests are being missed at the same rate, all individuals are still
testing at a high-rate and so have a high chance of recording a positive
test. Conversely, in the ‘all-or-nothing’ case, obstinate non-testers can
never isolate, so the changing test frequency can only impact that
sub-population who do test.

We also see from Fig. 5 that the relative reduction in IP (4IP) is
well approximated by fitting the reduced model of testing in Egs. (13)
and (14) to the data for AIP. The fitted parameters for the two viral load
models are given in table. We fit the models for the ‘all-or-nothing’ and
‘leaky’ cases separately to the AIP data using a least-squares method.
Table 3 shows that the two cases give very similar testing parameters,
suggesting that the simple model captures the behaviour well. The solid
lines in Fig. 5 show the simple model results (Eqgs. (13) and (14)) using
the mean fitted parameters from the final column of Table 3.

To summarise, a single adherence parameter may be sufficient to
capture how adherence affects the impact that regular testing has on

infectious potential, but only when the testing is not very frequent
(e.g. every 3 or more days). When testing is frequent, the very simple
model of Egs. (13) and (14) can be used to estimate the potential
impact of testing at different frequencies on infectious potential for two
extreme models of behaviour. Namely, when adherence is ‘leaky’ or
‘all-or-nothing’.

3.3. Comparison of staff testing policies for high-risk settings

In the previous sections we have considered simple testing strategies
consisting of repeated LFDs at a fixed frequency. In this section we
consider scenarios more relevant to workplaces, outlined in Table 2.
Due to the mix of test types, it is less clear a priori how the regimes will
compare in efficacy. A key question we consider is whether substituting
a weekly PCR test with an extra LFD test results in the better, worse,
or similar AIP, depending on the underlying assumptions.

Fig. 6 shows the main results comparing the various regimes. At
100% adherence and high LFD sensitivity (Fig. 6(a)), we find some
interesting results, primarily that “2 LFDs + 1 PCR” and “3 LFDs”
perform similarly, as do “3 LFDs + 1 PCR” and “Daily LFDs”, suggesting
that, in theory, substituting PCR tests for LFD tests does not have a large
impact on transmission reduction. This is because, even though PCR
tests are more sensitive than LFDs, the turnaround time from taking
a PCR test to receiving the result limits the potential reduction in IP
that can be achieved by these tests. This is demonstrated in Fig. 7 by
the change in AIP as we change the mean PCR turnaround time. In the
low sensitivity case (Fig. 6(b)), there is a larger difference between “2
LFDs + 1 PCR” and “3 LFDs”, but again “Daily LFDs” outperform “3
LFDs + 1 PCR” (at 100% adherence) since the high-frequency of testing
counteracts the low sensitivity by providing multiple chances to test
positive.

Another important implication of Fig. 6 is the effect of varying
LFD adherence (in this case assuming ‘leaky’ adherence behaviour).
Naturally, this impacts much more strongly on the LFD-only regimes
demonstrating the usefulness of the PCR tests as a less-frequent but
mandatory and highly sensitive test as a buffer in case LFD adherence
is low or falling. Another factor to consider when changing between
testing regimes is how this will affect adherence levels. For example, if
the workforce is performing 60% of the LFD tests that are set out by
the testing regime, but then the regime is changed from ‘2 LFDs + 1
PCR’ to ‘Daily LFDs only’, the adherence rates are likely to fall. In this
case, the results in Fig. 6 can be used to estimate how much they would
need to fall for AIP to go down (for this example, only in the region of
approx 5%-10%, assuming high LFD sensitivity and ‘leaky’ adherence).
Note that, if ‘all-or-nothing’ adherence was used instead, the impact of
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Fig. 5. Relative reduction in IP (4IP) vs. adherence calculated for the (a) Ke et al. based model of RNA viral load and (b) Kissler et al. based model. The circles show the results
when adherence is ‘all-or-nothing’ while squares show the case when it is ‘leaky’. Error bars show the 95% confidence intervals of the mean approximated by 1000 bootstrapping
samples. Additionally, the solid lines show Eq. (13) while the dashed lines show Eq. (14) with parameters given by the final column of Table 3. The dot and line colours correspond
to different testing frequencies, as labelled in the captions. In all cases the reduction was calculated as in Eq. (4) relative to the baseline case with no testing and no isolation at
symptom onset (P, = 0). Each point was calculated using the same population of 10,000 generated individuals and the ‘high’ sensitivity model of LFDs was used.
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Fig. 6. Reduction in population infectious potential expressed as a percentage relative to a baseline case with no testing and symptom isolation with probability P, = 1.0. Testing
regimes simulated are from left to right in order of their effectiveness at 100% adherence. (a) and (b) only differ in the model of LFD sensitivity used, as labelled. Each bar is
calculated using 10,000 samples, lighter coloured bars are used to show the extra AIP gained by increasing LFD adherence from a baseline of 40%. A mean PCR turnaround time
of 45 h is assumed. Error bars indicate 95% confidence intervals of the mean, approximated using 1000 bootstrapping samples.
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Fig. 7. The same plot as Fig. 6 except the lighter bars show the effect of reducing PCR turnaround time (TaT) from a baseline of 72 h. A ‘leaky’ adherence of 70% is assumed.
Error bars indicate 95% confidence intervals of the mean, approximated using 1000 bootstrapping samples.
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Table 3
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Parameters of the simplified models of AIP given in Eqgs. (13) and (14) fitted to the scatter plot data in Fig. 5.
The parameters were fitted separately for each viral load model and each model of adherence behaviour. The final
column shows the mean parameters from the ‘all-or-nothing’ and ‘leaky’ model fits, which were used to generate the

line data in Fig. 5.

RNA viral load Adherence Fitted parameters Mean of fitted parameters
model behaviour 7z P . (days) 7 " oo, (days)
‘All-or-nothing’ 1.0 0.562  4.47
Ke et al. 1.0 0.558  4.37
eeta ‘Leaky’ 1.0 0.555  4.26
. ‘All-or-nothing’ 0.958 0.561 4.38
Kissler et al. 0.945 0.562 4.28
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Fig. 8. Population mean values (J,) under different testing and isolation regimes. The blue line shows the baseline infectiousness, with no isolation, and the orange line shows

the case with symptomatic isolation with perfect adherence P,

1 = 1.0. The testing regimes simulated are labelled in the caption and are all simulated assuming ‘leaky’ adherence

at 70%. (a) Shows the results using the Ke et al. model of RNA viral load and (b) the Kissler et al. model. All curves are calculated using 10,000 samples and the 95% confidence

intervals on the mean is given by the shaded area (when this is thicker than the line).

non-adherence for the ‘LFD only’ regimes would be even greater than
shown in Fig. 6, due to the arguments outlined in Section 3.2.

Finally, Fig. 8 shows what happens to the population average in-
fectiousness under different testing regimes. As testing frequency is
increased, the bulk of infectiousness is pushed earlier in the infection
period, as individuals are much more likely to be isolated later in the
period. This is an example of how testing and isolation interventions
can not only reduce the reproduction number, but also the generation
time, as any infections that do occur are more likely to occur earlier in
the infectious period.

To summarise, we find that the effect of LFD and PCR tests are
comparable when PCR tests have a ~ 2-day turnaround time, in
line with other studies (Hellewell et al., 2021; Quilty et al., 2021;
Larremore et al., 2021). However, differential adherence is likely to
be the key determinant of efficacy when switching a PCR for LFD.
Observed rates of adherence to workplace testing programmes will
likely depend on numerous factors including how the programme is
implemented, the measures in place to support self-isolation and the
broader epidemiological context (i.e. prevalence and awareness).

There is uncertainty in the parameters used to make these predic-
tions, so to quantify the impacts of parameters uncertainty on AIP by
performing a sensitivity analysis, which is presented in Appendix B.
This shows that certain parameters are less important, such as the
coupled timing on peak viral load and symptom onset, or the viral load
growth rate. Unsurprisingly, the AIP predictions for 2 LFDs per week
is most sensitive to LFD sensitivity parameters A and y,. However, the
daily LFDs case is most sensitive to the infectiousness parameter 4. This
is because the sensitivity of individual (independent) tests becomes less
important as they are repeated regularly, and a key determinant of IP
then is the proportion of infectiousness that occurs in the early stages
of infection, before isolation can feasibly be triggered, which increases
with smaller A. Interestingly however, the infectiousness threshold
parameter K,, does not seem to have as large an effect. In part this
is because it has less uncertainty associated with it, but 4 also has a
more profound effect because not only does decreasing it increase pre-
symptomatic infectiousness (as does decreasing K,,), it also reduces the

relative infectiousness around peak viral load, thereby decreasing the
value of LFD-triggered isolation (which is mostly likely to start near to
peak viral load).

PCR tests for SARS-CoV-2 generally come at a much higher financial
cost than LFD tests because of the associated lab costs, and so are
not feasible for sustained deployment by employers or governments.
In this context, the potential impact of regular LFD testing is clear
and sizeable, so long as policy adherence can be maintained. The two
models of LFD test sensitivity change the results, but qualitatively we
see that if all people perform 2 LFDs per week (either ‘2 LFDs’ regime at
100% adherence or '3 LFDs’ at ~ 70% adherence), then the reproduction
number can be halved (at least) and potentially reduced by up to 60%—
70%. This is a sizeable effect and so regular asymptomatic testing with
LFDs is potentially a cost-effective option at reducing transmission in
workplaces.

3.4. Infectious potential as a predictor of transmission in a simple workplace
model

It is shown in Eq. (3) how IP is related to the reproduction num-
ber under some simplifying assumptions about transmission. Fig. 9
demonstrates that this relationship is well approximated even in the
stochastic model outline in Section 2.5.1. It compares the probability
distributions of outbreak sizes (resulting from a single index case) in a
closed workplace of 100 employees under the different LFD only testing
regimes. These are presented next to the same results for a model with
no testing, but with a reduced contact rate p, — (1 — AIP)p, where AIP
is the reduction in IP predicted for the corresponding testing regime.
In other words, the baseline R, value of the workplace is adjusted to
match what would be expected if a particular testing regime was in
place.

We see that the final outbreak sizes are fairly well predicted, even
though temporal information about infectiousness (shown in Fig. 8)
is not captured by the simpler model. The key difference between
explicit simulations of the testing regimes (in blue) and the approxi-
mated versions (in orange) is the heterogeneity in outcomes. Testing
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Fig. 9. Violin plots showing the distribution of the outbreak size in a workplace of N = 100 people given a single index case. Blue violins show the cases where testing is modelled
explicitly (except in the ‘no testing’ case), while orange violins show cases with no testing but where the contact rate p, is reduced by a factor AIP to mimic the testing regime in
question. Each violin consists of 10,000 simulations and the white dot shows the median of the distribution. A ‘leaky’ adherence to testing at 70% was assumed. The case shown
uses the Ke et al. model of RNA viral load and the ‘high’ sensitivity model of LFD testing. The transmission parameters used were p, = 0.296 and f, = 0.0265 giving an approximate
R,, value of 3 (with symptom isolation). Note that the ‘no testing’ case still includes symptomatic isolation with P, = 1.0, and so the baseline R, is not realised.
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Fig. 10. Average number of false positives per new infection in the population at different rates of incidence. (a) 99.5% specificity, similar to that reported in Peto (2021). (b)

99.95% specificity, similar to that reported in Wolf et al. (2021).

is a random process and leads to greater heterogeneity in infectious
potential, by simply scaling transmission by the population level AIP,
that heterogeneity is lost.

Nonetheless, these results demonstrate the usefulness of AIP as a
measure. All of the testing regimes simulated in Fig. 9 reduce the
workplace reproduction number to less than the critical value for this
stochastic model with N = 100 employees, and this is matched by
the predictions given by AIP. Therefore, given some data or model
regarding the baseline transmission rate in the setting of interest,
calculating AIP is an efficient way of approximating the impact of
potential testing interventions and predicting how frequent testing will
have to be to reduce the reproduction number below a threshold value
(generally > 1 for finite-population models Ball and Nésell, 1994).

False-positives are also an important factor when considering the
costs of any repeat testing policies as even tests with relatively high
specificity performed frequently enough will produce false-positive
results. Fig. 10 shows a direct calculation of the number of false
positives per actual new infection in the population for the testing
regimes considered here. The figure demonstrates how a small change
in specificity greatly changes the picture. The case in Fig. 10(b) is
close to more recent estimates of LFD specificity (Wolf et al., 2021),
suggesting that the rate of false-positives will only become comparable
to the number of new infections at very low incidence. Imposing some
threshold on this quantity is a measure of how many false positives
(and impacts thereof) the policy-maker is willing to accept in search of
each infected person.

10

3.5. Testing to protect vulnerable groups in a two-component work-setting

The simple picture of IP o R,,, becomes less straight-forward as
we consider workplaces of increasing complexity. In this section we
consider the reduced model of a care-home outlined in Section 2.5.2.
We model the case where the index case is a staff member (as generally
residents are more isolated from the wider community Rosello et al.,
2022) and testing policy only applies to staff.

Fig. 11 shows the effect of varying the staff-staff contact rate a. As
expected, reducing a reduces the reproduction number and therefore
the final outbreak size, demonstrating how social distancing of staff
alone would reduce both staff and resident infections, but have a
larger effect on staff infections (Fig. 11(a)). Regular asymptomatic staff
testing is predicted to have a sizeable effect on resident infections,
reducing them by 50%-60% across the whole range of a. Interestingly,
in the presence of this effective staff testing intervention, staff social
distancing is predicted to have a minimal effect on resident infections.
When « is very small (i.e. staff do not interact) most transmission
chains will have to involve residents to be successful, hence we see
similar infection rates for both groups. At large a, staff outbreaks
become more common than resident outbreaks (Fig. 11(b)), however
by both reducing staff-staff transmission, and screening residents from
infectious staff, staff testing has a larger relative effect on infections in
both groups.

In Fig. 12 we focus on the dependence of resident infections on
the underlying contact structure, by varying a and b simultaneously
to maintain a constant reproduction number in the care-home (see
Eq. (18)). Interestingly, under these constraints, when staff undergo
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Fig. 11. Summary of staff and resident infections in the two-component model of care-home contacts while varying the relative staff-staff contact rate a and fixing the relative
resident-resident contact rate b = 1. The index case for the outbreak was assumed to be a staff member. (a) The mean number of residents and staff infected in simulations given
the staff-staff contact rate a, with and without staff testing of 2 LFDs per week (as labelled). The shaded area indicates the 95% confidence intervals in the mean. (b) Violin plots
of the resident and staff infections in the same scenarios, divided by the total number of residents and staff respectively, for select values of a. The parameters used to generate
these plots were: total number of residents N, =30 and staff N, = 50, contact probability p, = 0.296, and transmission rate f, = 0.0265. Also, the Ke et al. model of RNA viral load
and the ‘high’ sensitivity model of LFD testing. 10,000 simulations were realised for each parameter set to generate these results and a ‘leaky’ adherence to testing at 70% was
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Fig. 12. Summary of resident infections in the two-component model of care-home contacts where the staff-staff and resident-resident contact rates (a and b respectively) are
varied simultaneously as shown in Eq. (18). The index case for the outbreak was assumed to be a staff member. (a) The mean number of residents infected in simulations given
the staff-staff contact rate a, with (blue) and without (orange) staff testing of 2 LFDs per week. The shaded area indicates the 95% confidence intervals in the mean. (b) Violin
plots of the resident infections in the same scenarios, for select values of a. All parameters other than a and b are the same as in Fig. 11.

regular testing (in this case the ‘2 LFDs’ regime), there is a much
stronger (negative) dependence of resident infections on a observed.
This is because infectious staff are more likely to isolate due to the
testing and so then resident-resident contacts become the key route
for resident infections. Therefore, with staff testing, higher resident—
resident contact rates (decreasing a) increases resident cases because
outbreaks can occur in this population relatively unchecked.
Therefore, while AIP is a useful measure for comparing different
testing regimes, in the more complex setting of a care home an un-
derstanding of the underlying transmission rates between and within
staff and resident populations is required to understand how this affects
the probability of an outbreak. Nonetheless, given knowledge of these
underlying contact/transmission rates, AIP can still be very useful as a
measure of efficacy. In the case presented here, only staff undergo test-
ing and so only staff—staff and staff—resident transmission are reduced
by a factor of approximately AIP. This means that while staff testing
will reduce the number of resident infections resulting from a new
staff introduction of SARS-CoV-2 into the workplace, the relationship
between AIP and resident infections is more complex, limiting the scope
of policy advice that can be given for this setting based on AIP alone.

4. Discussion
This paper presents a simple viral load-based model of the impact of

asymptomatic testing on transmission of SARS-CoV-2, particularly for
workplace settings, by using data from repeat dual-testing data in the
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literature. The results here highlight several important aspects for both
modelling testing interventions and making policy decisions regarding
such interventions.

In terms of modelling implications, in Section 3.1, we highlighted
that a combination of population heterogeneity and correlation be-
tween test-positive probability and infectiousness will increase the
overall predicted effect of testing interventions. In short, this is because
if people who are more infectious are also more likely to test positive
then testing interventions become more efficient at reducing transmis-
sion. In Section 3.2 we also showed that model predictions can be
affected by assumptions around adherence behaviour. In an analogy to
models of vaccine effectiveness, we consider two extremes of adherence
behaviour, “all-or-nothing” and “leaky” adherence. Testing is always
more effective in a population with leaky adherence (assuming the
same overall adherence rate) but the difference between the two cases
is only predicted to be significant when testing very frequently (every
1-2 days). Real behaviour is more nuanced than these extremes, and
in a population at any one time will likely consist of a continuum of
rates of adherence. Nonetheless, highlighting these extremes is impor-
tant for giving realistic uncertainty bounds for cases when only an
overall adherence rate is reported, and for understanding the impact
of assumptions that are implicit in models of testing.

As for policy implications, in Section 3.3 we demonstrate that
regular testing can be highly effective at reducing transmission as-
suming that adherence rates are high. This work suggests that regular
testing with good adherence could control outbreaks in workplaces
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with a baseline R, ~ 3 (Sections 3.4 and 3.5). Estimates of the basic
reproduction number for SARS-CoV-2 are in the range 2-4 for the
original strain Du et al. (2022) and up to 10 for Omicron variants (Liu
and Rocklov, 2022). Of course the effective reproduction number in
specific work-settings is likely to be lower, depending on the frequency
and duration of contacts and symptom isolation behaviour.

This paper also highlights that the level of adherence with testing
interventions is crucial to their success and also one of the most difficult
factors to predict in advance. Numerous factors determine how people
engage with testing and self-isolation policies including the cost of
isolation (e.g. direct loss of earnings) (Smith et al., 2021) and perceived
social costs of a positive test (e.g. testing positive may require co-
habitants to isolate too) (Michie et al., 2020; Blake et al., 2021). In
studies of mass asymptomatic testing of care-home staff it was found
that increasing testing frequency reduced adherence (Tulloch et al.,
2021), and also added to the burden of stress felt by a workforce
already overstretched by the pandemic (Kierkegaard et al., 2021).
Therefore the results of modelling studies such as this paper need to be
considered in the wider context of their application by decision makers,
and balanced against all costs, even when these are difficult to quantify.

Comparing our results to other literature, we see that estimates of
the effectiveness of LFD testing vary widely, and are context dependent.
In large populations (e.g. whole nations or regions), regular mass
testing for prolonged periods is likely prohibitively expensive and so
test, trace and isolate (TTI) strategies are more feasible. In studies of
TTI, timing and fast turnaround of results is key (Fyles et al., 2021;
Grassly et al.,, 2020), overall efficacy is lower than predicted here
due to the targeted nature of testing (and the inherent ‘leakiness’ of
tracing contacts), however it is much more efficient than mass testing,
particularly when incidence is low. Even without contact tracing, other
‘targeted’ testing strategies, while not as effective as mass testing,
can reduce incidence significantly (Gharouni et al., 2022) for a lower
cost. Similarly, surveillance testing, of a combination of symptomatic
and non-symptomatic individuals, is an efficient way to reduce the
importation of new cases and local outbreaks (Lovell-Read et al., 2021).
Focusing on mass LFD testing, as studied here, we predict a greater
impact than the model (Hellewell et al., 2021) and more similar to the
model (although measured differently here) in Ferretti et al. (2021)
as we also use a viral load based model. Models fitted to real data
in secondary schools suggests that twice weekly LFD testing would
have reduced the school reproduction number by ~ 40% (if adherence
reached 100%), which is less effective than the 60%-80% (Section 3.3)
estimate provided here. As shown in Table B.2, uncertainty in a number
of parameters could explain this difference. The simplifying assump-
tions in this model are also likely to result in an over-estimate of
effectiveness. For example, testing behaviour could be correlated with
contact behaviour (Berrig et al., 2022) and could provide false reassur-
ance to those who are ‘paucisymptomatic’ which would greatly reduce
its benefit (Skittrall, 2021) for the population as a whole. Similarly,
infectiousness or testing behaviour may be correlated with symptoms,
which could also skew these predictions depending on symptomatic iso-
lation behaviours. Therefore, there is a need for integration of models
of behaviour and engagement with testing policies into testing models
to better predict its impact. There are other limitations of the models
used in this study which need to be highlighted in order to interpret
the results. First, the RNA viral load, testing and infectiousness data
all pre-dates the emergence of the omicron variant (BA.1 lineages),
which are characterised by higher reproduction numbers, shorter serial
intervals, and less severe outcomes (Tanaka et al., 2022; Backer et al.,
2022; Del Aguila-Mejia et al., 2022). The shorter incubation period
means repeat asymptomatic testing for omicron is likely to be less
effective than predicted here, especially for PCR testing with a high
turnaround time. On the other hand, if more people asymptomatically
carry omicron (Garrett et al.,, 2022), then this will increase testing
impact. Second, the relationships used to relate RNA viral load, in-
fectiousness, and test positive probability are not representative of the
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mechanistic relationships between these quantities. Therefore, the test
sensitivity relationship used will likely marginally overestimate the
impact of very frequent testing (e.g. daily testing) since it does not take
into account possible interdependence of subsequent test results (except
for the correlation with RNA viral load). Other determinants can effect
sensitivity and some studies suggest culture positive probability is a
better indicator of LFD positive-probability than RNA viral load (Kirby
et al., 2022; Pekosz et al., 2021; Pickering et al., 2021; Killingley
et al., 2022). Similarly, while “infectious virus shed” is undoubtedly
a factor in infectiousness, it is not the only determinant (as is assumed
here). Other determinants of infectiousness (independent of contact
rate) such as symptomatology, mode of contact, etc. mean that the
relationship between viral load and infectiousness measured in contact
tracing and household transmission studies can be much less sharp than
used here (e.g. Lee et al., 2021), although as discussed in Ferretti et al.
(2021) both sharp and shallow relationships are plausible depending
on the dataset used and different infectiousness profiles can change the
relative impact of testing and symptomatic isolation (Hart et al., 2021).
The sensitivity analysis presented in Appendix B shows that decreasing
the parameter 4 (which results in a less sharp relationship between
viral load and infectiousness as well as a broader infectiousness profile,
see Fig. B.1) significantly decreases the impact of testing. This change
essentially increases the proportion of infectiousness that occurs before
an individual is likely to test positive and isolate. Therefore, it is impor-
tant to compare multiple different models starting with different sets
of reasonable assumptions to generate predictions that inform policy
and so models based empirical measures of infectiousness or different
within host models will be a useful area of future research. Finally,
we have not carried through the results on testing policies to their
implications on epidemiological outcomes, such as hospitalisations and
deaths, which would be required to perform a full cost-benefit analysis
of different testing outcomes.

In conclusion, repeat asymptomatic testing with LFDs appears to
be an effective way to control transmission of SARS-CoV-2 in the
workplace, with the important caveat that high levels of adherence to
testing policy is likely more important than the exact testing regime
implemented. Specificity of the particular tests being used must be
taken into consideration for these policies, as even tests with high
specificity can result in the same number of false positives as true
positives when prevalence is low. The code used for the calculation
of AIP (Whitfield, 2022b) and the workplace simulations (Whitfield,
2022a) is available open-source. As we have shown, the detailed model
of AIP developed here can be used to simulate both the population-
level change in effective infectiousness due to a change in testing
policy, but also the individual-level effect. Direct interpretations of AIP
should be made with caution because they only quantify the personal
reduction in transmission risk. While testing can reduce both ingress
into and transmission within the workplace, repeated ingress and in-
ternal transmission could still result in a high proportion of individuals
becoming infected (albeit at with a slower growth rate than the no
testing case) even with testing interventions present and functional,
depending on community prevalence and the length of time for which
this prevalence is sustained. Nonetheless, calculations of AIP have the
potential to be used in existing epidemiological simulations to project
the impact of testing policies without having to simulate the testing an
quarantine explicitly, simply as a scale factor on the individual-level
or population-level infectiousness parameters, depending on the model
being used.
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Appendix A. Data and simulation methods

A.1. Parameter values

Supplementary Table S1 gives the parameter values used in the
models of viral load, infectiousness and test sensitivity as described in
Sections 2.2.1, 2.2.2, and 2.2.3 derived from sources (Peto, 2021; Ke
et al., 2022; Smith et al., 2020; NHS Test and Trace, 2021; Overton
et al., 2020; Pouwels et al., 2021).

A.2. Calculation of infectious potential

To calculate IP for each individual we discretise equations (3), (5)
and (10). We choose a time-step of 1 day for computational efficiency
and because this is the shortest time between tests that we consider.
In practice, this means we assume that the viral load on day ¢ € Z is
given by V(¢) for the whole day. Since the viral load can actually vary
quickly, and therefore the infectiousness can vary between the start and
end of a day, we account for this by discretise equation (10) as follows

" t+0.5
Jf)=/05 J IV (O)]dr (A1)
1—0.

where the integral is computed analytically using Egs. (5) and (10).
Thus, the infectiousness on day ¢ is given by the average infectiousness
over the 24 hour period. This means that the integral in the calculation
of IP (in Eq. (3)) is discretised as

S i (1-19)s® (A2)

P, ~
k (Tint) =0

where [ t(k) = 0 if individual & is at work that day, and It(k> =1 if not.
The day #%) is the last day for which an individual has a viral load
exceeding V.

To model isolation, test results and symptom isolation are drawn
with the relevant probabilities for individual & and if any trigger an
isolation, the earliest isolation day becomes ’1(:21' Note that symptomatic
isolation is assumed to begin on the nearest whole number day to
the randomly drawn symptom onset time. Similarly, for positive PCRs,
isolation begins on the nearest whole number day from the test result
(see Fig. A.1 for a summary of the turnaround times used). For positive
LFDs, people isolate on the day they perform their test (so it is assumed
to be taken at the start of the day, before any workplace exposure).
Once tffgl has been determined for an individual, we set I, = 1 for
lisol St < tisol + Tisol and re-calculate their IP.
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Fig. A.1. Probability distribution of PCR turnaround times used in this paper in hours.
Vertical lines show the median, mean and 95% central interval of this distribution, as
labelled. This distribution was created to imitate data collected by NHS Test-and-Trace
in October 2021, based on weekly PCR testing of staff working in high-risk public
sector jobs. The times quotes are measured from the time the test was taken (at work)
until the result was received (electronically) by the member of staff.

To calculate (z,,;) we generated 5 x 10° trajectories and calculated
the average number of days for which individuals had a viral load
V, > V. i.e. the period of time they could test positive via PCR. These
values are therefore different for the two viral load models, and are
given in Supplementary Table S1. The code used to perform all of these
calculations is available at Whitfield (2022b).

A.3. Workplace outbreak simulations

We use the same Julia program to simulate both workplace trans-
mission scenarios outlined in Section 2.5 (Whitfield, 2022a). The sim-
ulations proceeds as follows.

At initialisation, the following model features are generated

1. Agents are assigned roles and shift patterns

+ All staff have the same role and boolean shift pattern.
Each is drawn a random permutation number from 1-14
to determine when their shift pattern starts.

+ In the two-component model, all patients are also assigned
a nominal “shift pattern”, however this has value ‘true’ for
every day.

2. If there is a testing regime for staff:

« Staff are selected at random with probability P, to be
‘non-testers’.

+ Testing staff are assigned a boolean testing pattern which
has the same start day as their shift pattern.

+ For all days labelled as a testing day, each is changed to a
non-testing day with probability P,;g-

3. An index case is chosen at random and infected. Upon infection,
an agent is assigned the following:

+ Viral load and infectiousness trajectories (Eqgs. (5) and
(10)).

+ Symptom onset time.

 Boolean adherence to symptomatic isolation (true with
probability p;.)-

- If testing: a test positive probability trajectory (Eq. (12) or
Supplementary Table S1).

The main simulation loop is executed for each day of the simulation,
and proceeds as follows:

1. Update infectious state of all individuals moving any to ‘Re-
covered’ status who have reached the end of their infectious
period.
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Table B.1
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List of parameters varies in the elementary effects sensitivity analysis. The ‘distribution’ column shows the assumed parameter distribution that the parameters are evenly sampled
across, where U denotes a uniform distribution. The ‘range’ column gives the maximum and minimum values of these distributions used in the sensitivity analysis. The final column
provides some justification for the ranges used. Note that only studies where nasal viral load data was collected in the incubation period was used to inform the ranges for peak

viral load, timing and growth rate parameters.

Parameter Distribution Range Literature values

Median peak VL V, Ullog(V,)] 10%4-1088 copies/ml 1076-1070 (Ferretti et al., 2021), ~ 107 (Kissler et al., 2021) ~ 107 (Ke et al.,
2022), ~ 1080 (Singanayagam et al., 2022), ~ 10%° (Killingley et al., 2022).

Median peak VL time 7, ulz,] 3.0-5.0 days 3.2 (Kissler et al., 2021), 4.0 (Ke et al., 2022), 5 (Killingley et al., 2022)

Median VL inv. growth 1/r u(l/r) 0.25-0.35 days 0.17-0.23 (Ferretti et al., 2021), ~ 0.25 based on (Killingley et al., 2022),
0.29 (Kissler et al., 2021), 0.3 (Ke et al., 2022)

Median VL inv. decay 1/d U(l/d) 0.41-1.0 days Biased towards longer shedding durations than used here (He et al., 2020;
Singanayagam et al., 2022; Cevik et al., 2021; Killingley et al., 2022)

Median inf. sigmoidal slope A U(h) 0.27-3.0 Lower (not quantified) (Lee et al., 2021; Marc et al., 2021; Marks et al., 2021).
Similar/higher (not quantified) (Goyal et al., 2021; Ferretti et al., 2021)

Inf. scale param. K,, Ullog(K,,)1 10%4-107# copies/ml Lower (Lee et al., 2021; Marc et al., 2021), Higher (Goyal et al., 2021)

LFD max. sens. 4 U 0.54-0.84 Varying between two sources used and incorporating lower values

LFD sens. cutoff VS(lI\) U[log,O(VS(l']))] 10>4-10°* copies/ml Varying between two sources used.

LFD sigmoidal slope s, Ullog(s))] 0.67-2.2 Chosen to vary between 2 sources used.

Symp. prob. Py, U(Pymp) 0.20-0.80 Dependent on symptomatic isolation criteria vaccination status.

Mean symp. onset y, U(u,) 3.3-6.3 Near to peak viral load (Walsh et al., 2020; Benefield et al., 2020). ~ 5 (Overton

et al., 2020)

2. Perform testing for all agents testing that day. For all positive
tests generate an isolation time from the current day as |z, +u, |
where u,, ~ U(0,1) is a number uniformly distributed between
0 and 1, and |.] indicates rounding to the nearest integer (to
simulate tests being performed before or after shifts, at random).

3. Update isolation status for any who are due to isolate on this
day.

4. Identify all agents ‘on shift’ on this day.

5. Generate all workplace contacts of infectious agents:

+ For each infectious agent with role k, generate all contacts
with each job role m by selecting from those on shift with
probability Pi::n .

+ Calculate the probability that each contact results in infec-
tion using the expression in Eq. (15).

6. Generate all successful workplace infection events at random
with the assigned probabilities.

7. For any infectees that are subject to more than one successful
infection event, select the recorded infection event at random.

8. Record all infection events, and for every individual infected
change their status to ‘infected’ and their infection time to the
current day. Their susceptibility is set to 0.

9. Increment the day and return to step 1 unless the maximum
number of days has been simulated or if no infectious agents
remain in the simulation.

Appendix B. Sensitivity analysis

B.1. Method

To estimate the sensitivity of the testing model to various parameter
assumptions, we use an “Elementary Effects” approach (Saltelli et al.,
2007) for the main 11 model parameters used for the LFD testing
model. The prior distributions for these parameters have not been
possible to estimate, given that most of them only come from a single
source and only some of them have been the subject of meta-analyses.
Therefore, using the information available we have set plausible ranges
for the parameters we test in Table B.1, and visualised their effects on
model inputs in Fig. B.1.

The Elementary Effects method was performed as follows. The
chosen (uniform) prior for each parameter k € {1, ..., 11} was split into
p = 8 equal quantiles. We will denote these quantiles for parameter k by
the vector q, =[0,1/7, ..., 1]. Then, r = 50 paths were drawn to sample
the parameter quantile space. This was performed by first randomly
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drawing a starting point q' (i.e. drawing a number from q, for each
of the 11 parameters) from the 8'! possible starting points in parameter-
value space. Then each path consists of 12 points in this parameter
space by taking steps of size 4q in each of the 11 parameter dimensions
in a random order. A step size of 4q = p/(2(p— 1)) = 4/7 was chosen to
give equal probability sampling across the plausible parameter ranges.
The step direction (positive or negative) was determined by the starting
point (since 4q > 1/2 and so if ql((o) > 0.5 the step for the parameter k
has to be negative). The path forms the 11 x 12 matrix Q.

To improve the spread of these r = 40 paths (i.e. ensure they are
well separated in parameter space) we iteratively replaced paths with
new random paths as follows

1. Calculate the distance d;; = 2,1”2:1 ,115:1

for each pair of paths in the r = 40 generated.

I - -
Zk:l (Q([) - ng),k

nyk

)2

3. Generate a new random path QU+D,
4. For each path i = 1,...,r, replace the path i with the path r + 1
and recalculate DI . .
seensi=Li+ 1, e+ 1

5. If any D%,“i—liﬂ > D%mr for i € {1,...,50}, replace the
path i corresponding to the maximum value of D%
with the path r + 1 and return to step 3.

sooni=Li+1, L+l

We repeated this process 2000 times, at which point paths were being
replaced infrequently (approx. every 50 iterations), suggesting that the
paths were somewhat well spread.

For each step on each of the final r = 40 paths, we ran two of
the simulated scenarios considered in Fig. 6, namely the case with 2
LFDs per week and the case with Daily LFDs (with 100% adherence
to testing), using 1000 simulations per scenario. The outcome measure
we use is AIP which was calculated once again by simulating 10,000
realisations.

The elementary effects for each parameter k and path i are then
calculated as follows

—apQ ) - a1PQY)
EE,(Q") = — (B.1)
n+lk Qn,k

where n + 1 is the step in path i where the parameter k changes

(i.e. Q’(:J)r " —QL’?k = +4q). Then the summary statistics of the elementary

effects for each parameter are defined as

Wi =+ 3 [EEe)| (B.2)
i=1
= Z} EE,(Q") (B.3)
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Fig. B.1. Visualisation of the parameter ranges used in the sensitivity analysis. In these figures, parameters are varied independently to show their individual influence across all
of the values they take in the sensitivity analysis. Darker shading indicates higher values and the colour indicates the parameter that has been varied, as labelled. The shaded
area around the curves shows 95% confidence intervals in the mean, estimated using 1000 bootstrapping samples. (a) Population mean viral load trajectories (Ke et al. model —
black line) while varying the peak viral load V,, peak time t,, inverse growth rate 1/r, and inverse decay rate 1/d parameters. (b) Population mean infectiousness relationships
(Ke et al. model — black line) while varying the slope /4 and threshold viral load K, parameters. (c) Test-positive probability relationships (‘high’ and ‘low’ sensitivity models

shown by the solid and dashed black lines respectively) while varying the maximum sensitivity 4, the threshold viral load

Table B.2

yo

<o » and slope s, parameters.

Sensitivity of the AIP measure to various model parameters in the case of testing with 2 LFDs per week
(with 100% adherence) vs. no testing. Results are sorted in descending order of y* value. Values given are
the mean of 10 repeated sensitivity analyses + the sample standard deviation (estimated by 100 bootstrap

samples).
Parameter AIP (2 LFDs per week)
u Iz 4

LFD max. sens. A 0.200 + 0.004 0.200 + 0.004 0.073 + 0.003
LFD sens. cutoff V;(g) 0.191 + 0.004 —0.188 + 0.005 0.110 + 0.004
Median peak VL V, 0.136 + 0.003 0.121 + 0.004 0.111 + 0.004
Median inf. sigmoidal slope i 0.125 + 0.006 0.113 + 0.006 0.116 + 0.006
Symp. prob. P, 0.096 + 0.004 —-0.078 + 0.004 0.091 + 0.007
Median VL inv. decay 1/d 0.084 + 0.005 0.017 + 0.004 0.108 + 0.007
Inf. scale param. K, 0.067 + 0.004 0.039 + 0.004 0.082 + 0.007
LFD sigmoidal slope s, 0.067 + 0.001 0.049 + 0.004 0.069 + 0.002
Median VL inv. growth 1/r 0.056 + 0.002 0.032 + 0.003 0.073 + 0.005
Median peak VL time 7, 0.047 + 0.002 —-0.002 + 0.003 0.069 + 0.005
Symp. onset y 0.044 + 0.002 —0.005 + 0.002 0.061 + 0.003

r
2 _ 1 () 2
= — EE — B.4
o r-1,§[ 1 (0) = ] (B.4)
Finally, we repeated this process 10 times in total to estimate the

uncertainty in u;, y; and oy.
B.2. Results

The summary statistics for the sensitivity analysis are shown in
Tables B.2 and B.3. For reference, from Fig. 6, we see that the baseline
values of AIP for these cases are in the range 0.6-0.9. Therefore, values
of u* < 0.06 correspond to a < 10% change in the result and can be
treated as not having as significant an effect on the predictions. In both
cases this includes the inverse growth rate (1/r), peak viral load time
1,, mean symptom onset time y,, and the infectiousness scale parameter

K,,. Note that, we do not change the stipulation within the model that
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symptom onset time must occur within 2 days either side of peak viral
load time, which may explain why neither of these parameters have a
large effect (it has been highlighted elsewhere that the relevant timing
of onset of infectiousness and symptoms has important implications for
testing efficacy Hart et al., 2021).

The same 4 parameters also have the largest effect on both cases
simulated, namely the LFD maximum sensitivity A, LFD sensitivity
threshold Vs((l)), the peak viral load V,, and the slope parameter for
the sigmoidal relationship between infectiousness and viral load 4. In
all of these cases, the effects appear to essentially always act in the
same direction (i.e. |u|, =~ - The most obvious effects are the LFD
sensitivity parameters, increasing A and decreasing Vs(([)) improve the
sensitivity of the LFD tests, and so these have a very large impact on
AIP. The increase in AIP is a similar effect, it essentially improves
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Table B.3
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Sensitivity of the AIP measure to various model parameters in the case of daily testing with LFDs (with 100%
adherence) vs. no testing. Results are sorted in descending order of u* value. Values given are the mean of
10 repeated sensitivity analyses + the sample standard deviation (estimated by 100 bootstrap samples).

AIP (Daily LFDs)

Parameter
78 H 4

Median inf. sigmoidal slope h 0.170 + 0.007 0.169 + 0.007 0.132 + 0.006
LFD sens. cutoff V. 0.151 + 0.003 —0.148 + 0.003 0.111 + 0.004
LFD max. sens. A 0.137 + 0.003 0.137 + 0.003 0.076 + 0.009
Median peak VL V, 0.112 + 0.003 0.068 + 0.005 0.124 + 0.004
Symp. prob. Poymp 0.089 + 0.004 —0.079 + 0.004 0.087 + 0.009
Median VL inv. decay 1/d 0.089 + 0.004 —0.035 + 0.004 0.118 + 0.006
Inf. scale param. K,, 0.069 + 0.002 0.056 + 0.003 0.080 + 0.006
LFD sigmoidal slope s, 0.047 + 0.002 0.034 + 0.002 0.054 + 0.005
Median peak VL time ¢, 0.037 + 0.002 —0.010 + 0.002 0.053 + 0.005
Median VL inv. growth 1/r 0.035 + 0.001 0.016 + 0.002 0.047 + 0.002
Symp. onset 0.032 + 0.001 0.006 + 0.002 0.046 + 0.003

the sensitivity of the LFD tests since these are defined as a function
of viral load. The most interesting effect is perhaps the parameter 4. As
shown in Fig. B.1(b) increasing » makes the infectiousness vs. viral load
relationship sharper, in effect this concentrates the infectious period
around the time where testing is most sensitive, and thus increases
AIP. In the opposite case, where h decreases, the infectiousness is more
spread out, and people are more likely to be infectious before they test
positive.

Appendix C. Supplementary data

Supplementary material related to this article can be found online
at https://doi.org/10.1016/j.jtbi.2022.111335. Table S1 contains the
parameters used to model viral load, infectiousness, and test sensitivity
and their sources.

References

Ahmed, F., Kim, S., Nowalk, M.P., King, J.P., VanWormer, J.J., Gaglani, M., Zimmer-
man, R.K., Bear, T., Jackson, M.L., Jackson, L.A., Martin, E., Cheng, C., Flannery, B.,
Chung, J.R., Uzicanin, A., 2020. Paid leave and access to telework as work
attendance determinants during acute respiratory illness, United States, 2017-2018.
Emerg. Infect. Diseases 26 (1), 26-33. http://dx.doi.org/10.3201/eid2601.190743.

Armstrong, S., 2020. COVID-19: Tests on students are highly inaccurate, early findings
show. BMJ 371, m4941. http://dx.doi.org/10.1136/bmj.m4941.

Asgary, A., Cojocaru, M.G., Najafabadi, M.M., Wu, J., 2021. Simulating preventative
testing of SARS-CoV-2 in schools: Policy implications. BMC Public Health 21, 125.
http://dx.doi.org/10.1186/s12889-020-10153-1.

Backer, J.A., Eggink, D., Andeweg, S.P., Veldhuijzen, LK., Maarseveen, N.v., Ver-
maas, K., Vlaemynck, B., Schepers, R., Hof, S.v.d., Reusken, C.B., Wallinga, J., 2022.
Shorter serial intervals in SARS-CoV-2 cases with Omicron BA.1 variant compared
with Delta variant, the Netherlands, 13 to 26 December 2021. Eurosurveillance 27
(6), 2200042. http://dx.doi.org/10.2807/1560-7917.ES.2022.27.6.2200042.

Ball, F., Nésell, I, 1994. The shape of the size distribution of an epidemic in a
finite population. Math. Biosci. 123 (2), 167-181. http://dx.doi.org/10.1016/0025-
5564(94)90010-8.

Benefield, A.E., Skrip, L.A., Clement, A., Althouse, R.A., Chang, S., Althouse, B.M.,
2020. SARS-CoV-2 viral load peaks prior to symptom onset: A systematic review
and individual-pooled analysis of coronavirus viral load from 66 studies. medRxiv,
2020.09.28.20202028. http://dx.doi.org/10.1101/2020.09.28.20202028.

Berrig, C., Andreasen, V., Nielsen, B.F., 2022. Heterogeneity in Testing for Infectious
Diseases. R. Soc. Open Sci. 9, 220129. http://dx.doi.org/10.1098/1505.220129.
Blake, H., Knight, H., Jia, R., Corner, J., Morling, J.R., Denning, C., Ball, J.K,
Bolton, K., Figueredo, G., Morris, D.E., Tighe, P., Villalon, A.M., Ayling, K.,
Vedhara, K., 2021. Students’ views towards sars-Cov-2 mass asymptomatic testing,
social distancing and self-isolation in a university setting during the COVID-19
pandemic: A qualitative study. Int. J. Environ. Res. Public Health 18 (8), 4182.

http://dx.doi.org/10.3390/ijerph18084182.

Cevik, M., Tate, M., Lloyd, O., Maraolo, A.E., Schafers, J., Ho, A., 2021. SARS-CoV-
2, SARS-CoV, and MERS-CoV viral load dynamics, duration of viral shedding,
and infectiousness: A systematic review and meta-analysis. Lancet Microbe 2 (1),
e13-e22. http://dx.doi.org/10.1016/52666-5247(20)30172-5.

Daniels, S., Wei, H., Han, Y., Catt, H., Denning, D.W., Hall, I., Regan, M., Verma, A.,
Whitfield, C.A., van Tongeren, M., 2021. Risk factors associated with respiratory
infectious disease-related presenteeism: A rapid review. BMC Public Health 21,
1955. http://dx.doi.org/10.1186/s12889-021-12008-9.

16

Deeks, J.J., Raffle, A.E., 2020. Lateral flow tests cannot rule out SARS-CoV-2 infection.
BMJ 371, m4787. http://dx.doi.org/10.1136/bmj.m4787.

Del Aguila-Mejia, J., Wallmann, R., Calvo-Montes, J., Rodriguez-Lozano, J., Valle-
Madrazo, T., Aginagalde-Llorente, A., 2022. Secondary attack rate, transmission
and Incubation periods, and serial interval of SARS-CoV-2 Omicron variant, Spain.
Emerg. Infect. Diseases 28 (6), 1224-1228. http://dx.doi.org/10.3201/eid2806.
220158.

Dinnes, J., Deeks, J.J., Adriano, A., Berhane, S., Davenport, C., Dittrich, S., Em-
perador, D., Takwoingi, Y., Cunningham, J., Beese, S., Dretzke, J., Ferrante di
Ruffano, L., Harris, .M., Price, M.J., Taylor-Phillips, S., Hooft, L., Leeflang, M.M.,
Spijker, R., Van den Bruel, A., 2020. Rapid, point-of-care antigen and molecular-
based tests for diagnosis of SARS-CoV-2 infection. Cochrane Database Syst. Rev. 8,
CD013705. http://dx.doi.org/10.1002/14651858.CD013705.

Du, Z., Liu, C., Wang, C., Xu, L., Xu, M., Wang, L., Bai, Y., Xu, X., Lau, E.H.Y., Wu, P.,
Cowling, B.J., 2022. Reproduction numbers of severe acute respiratory syndrome
Coronavirus 2 (SARS-CoV-2) variants: A systematic review and meta-analysis. Clin.
Infect. Dis. 75 (1), €293-€295. http://dx.doi.org/10.1093/cid/ciac137.

Evans, S., Agnew, E., Vynnycky, E., Stimson, J., Bhattacharya, A., Rooney, C.,
Warne, B., Robotham, J., 2021. The impact of testing and infection prevention
and control strategies on within-hospital transmission dynamics of COVID-19 in
English hospitals. Philos. Trans. R. Soc. B 376 (1829), 20200268. http://dx.doi.
0rg/10.1098/1stb.2020.0268.

Ferguson, J., Dunn, S., Best, A., Mirza, J., Percival, B., Mayhew, M., Megram, O.,
Ashford, F., White, T., Moles-Garcia, E., Crawford, L., Plant, T., Bosworth, A.,
Kidd, M., Richter, A., Deeks, J., McNally, A., 2021. Validation testing to determine
the sensitivity of lateral flow testing for asymptomatic SARS-CoV-2 detection in low
prevalence settings: testing frequency and public health messaging is key. PLOS
Biol. 19 (4), e3001216. http://dx.doi.org/10.1371/journal.pbio.3001216.

Ferretti, L., Wymant, C., Nurtay, A., Zhao, L., Hinch, R., Bonsall, D., Kendall, M.,
Masel, J., Bell, J.,, Hopkins, S., Kilpatrick, A.M., Peto, T., Abeler-Dorner, L.,
Fraser, C., 2021. Modelling the Effectiveness and Social Costs of Daily Lateral Flow
Antigen Tests Versus Quarantine in Preventing Onward Transmission of COVID-19
from Traced Contacts. medRxiv http://dx.doi.org/10.1101/2021.08.06.21261725,
2021.08.06.21261725.

Fyles, M., Fearon, E., Overton, C., University of Manchester COVID-19 Modelling
Group, Wingfield, T., Medley, G.F., Hall, I, Pellis, L., House, T., 2021. Using a
household-structured branching process to analyse contact tracing in the SARS-
CoV-2 pandemic. Philos. Trans. R. Soc. B 376, 20200267. http://dx.doi.org/10.
1098/rstb.2020.0267.

Gans, J.S., Goldfarb, A., Agrawal, A.K., Sennik, S., Stein, J., Rosella, L., 2022. False-
positive results in rapid antigen tests for SARS-CoV-2. JAMA 327 (5), 485-486.
http://dx.doi.org/10.1001/jama.2021.24355.

Garcia-Fiflana, M., Hughes, D.M., Cheyne, C.P., Burnside, G., Stockbridge, M.,
Fowler, T.A., Fowler, V.L., Wilcox, M.H., Semple, M.G., Buchan, I., 2021. Perfor-
mance of the innova SARS-CoV-2 antigen rapid lateral flow test in the Liverpool
asymptomatic testing pilot: Population based cohort study. BMJ 374, n1637. http:
//dx.doi.org/10.1136/bmj.n1637.

Garrett, N., Tapley, A., Andriesen, J., Seocharan, 1., Fisher, L.H., Bunts, L., Espy, N.,
Wallis, C.L., Randhawa, A.K., Miner, M.D., Ketter, N., Yacovone, M., Goga, A.,
Huang, Y., Hural, J., Kotze, P., Bekker, L.-G., Gray, G.E., Corey, L., Ubuntu Study
Team, 2022. High asymptomatic carriage with the Omicron variant in South Africa.
Clin. Infect. Dis. 75 (1), €289-€292. http://dx.doi.org/10.1093/cid/ciac237.

Gharouni, A., Abdelmalek, F.M., Earn, D.J.D., Dushoff, J., Bolker, B.M., 2022. Testing
and isolation efficacy: Insights from a simple epidemic model. Bull. Math. Biol. 84,
66. http://dx.doi.org/10.1007/s11538-022-01018-2.

Goyal, A., Reeves, D.B., Cardozo-Ojeda, E.F., Schiffer, J.T., Mayer, B.T., 2021. Viral load
and contact heterogeneity predict SARS-CoV-2 transmission and super-spreading
events. ELife 10, e63537. http://dx.doi.org/10.7554/eLife.63537.

Grassly, N.C., Pons-Salort, M., Parker, E.P.K., White, P.J., Ferguson, N.M., Ainslie, K.,
Baguelin, M., Bhatt, S., Boonyasiri, A., Brazeau, N., Cattarino, L., Coupland, H.,


https://doi.org/10.1016/j.jtbi.2022.111335
http://dx.doi.org/10.3201/eid2601.190743
http://dx.doi.org/10.1136/bmj.m4941
http://dx.doi.org/10.1186/s12889-020-10153-1
http://dx.doi.org/10.2807/1560-7917.ES.2022.27.6.2200042
http://dx.doi.org/10.1016/0025-5564(94)90010-8
http://dx.doi.org/10.1016/0025-5564(94)90010-8
http://dx.doi.org/10.1016/0025-5564(94)90010-8
http://dx.doi.org/10.1101/2020.09.28.20202028
http://dx.doi.org/10.1098/rsos.220129
http://dx.doi.org/10.3390/ijerph18084182
http://dx.doi.org/10.1016/S2666-5247(20)30172-5
http://dx.doi.org/10.1186/s12889-021-12008-9
http://dx.doi.org/10.1136/bmj.m4787
http://dx.doi.org/10.3201/eid2806.220158
http://dx.doi.org/10.3201/eid2806.220158
http://dx.doi.org/10.3201/eid2806.220158
http://dx.doi.org/10.1002/14651858.CD013705
http://dx.doi.org/10.1093/cid/ciac137
http://dx.doi.org/10.1098/rstb.2020.0268
http://dx.doi.org/10.1098/rstb.2020.0268
http://dx.doi.org/10.1098/rstb.2020.0268
http://dx.doi.org/10.1371/journal.pbio.3001216
http://dx.doi.org/10.1101/2021.08.06.21261725
http://dx.doi.org/10.1098/rstb.2020.0267
http://dx.doi.org/10.1098/rstb.2020.0267
http://dx.doi.org/10.1098/rstb.2020.0267
http://dx.doi.org/10.1001/jama.2021.24355
http://dx.doi.org/10.1136/bmj.n1637
http://dx.doi.org/10.1136/bmj.n1637
http://dx.doi.org/10.1136/bmj.n1637
http://dx.doi.org/10.1093/cid/ciac237
http://dx.doi.org/10.1007/s11538-022-01018-2
http://dx.doi.org/10.7554/eLife.63537

C.A. Whitfield et al.

Cucunuba, Z., Cuomo-Dannenburg, G., Dighe, A., Donnelly, C., van Elsland, S.L.,
FitzJohn, R., Flaxman, S., Fraser, K., Gaythorpe, K., Green, W., Hamlet, A., Hins-
ley, W., Imai, N., Knock, E., Laydon, D., Mellan, T., Mishra, S., Nedjati-Gilani, G.,
Nouvellet, P., Okell, L., Ragonnet-Cronin, M., Thompson, H.A., Unwin, H.J.T.,
Vollmer, M., Volz, E., Walters, C., Wang, Y., Watson, O.J., Whittaker, C., Whit-
tles, L., Xi, X., 2020. Comparison of molecular testing strategies for COVID-19
control: A mathematical modelling study. Lancet Infect. Dis. 20 (12), 1381-1389.
http://dx.doi.org/10.1016/51473-3099(20)30630-7.

Hart, W.S., Maini, P.K., Thompson, R.N., 2021. High infectiousness immediately before
COVID-19 symptom onset highlights the importance of continued contact tracing.
ELife 10, e65534. http://dx.doi.org/10.7554/¢eLife.65534.

He, X., Lau, E.H.Y., Wu, P., Deng, X., Wang, J., Hao, X, Lau, Y.C., Wong, J.Y., Guan, Y.,
Tan, X., Mo, X., Chen, Y., Liao, B., Chen, W., Hu, F., Zhang, Q., Zhong, M., Wu, Y.,
Zhao, L., Zhang, F., Cowling, B.J., Li, F., Leung, G.M., 2020. Temporal dynamics
in viral shedding and transmissibility of COVID-19. Nature Med. 26, 672-675.
http://dx.doi.org/10.1038/541591-020-0869-5.

Hellewell, J., Russell, T.W., The SAFER Investigators and Field Study Team, The Crick
COVID-19 Consortium, CMMID COVID-19 working group, Beale, R., Kelly, G.,
Houlihan, C., Nastouli, E., Kucharski, A.J., 2021. Estimating the effectiveness of
routine asymptomatic PCR testing at different frequencies for the detection of
SARS-CoV-2 infections. BMC Med. 19, 106. http://dx.doi.org/10.1186/s12916-021-
01982-x.

Kanji, J.N., Proctor, D.T., Stokes, W., Berenger, B.M., Silvius, J., Tipples, G., Joffe, A.M.,

Venner, A.A., 2021. Multicenter postimplementation assessment of the positive

predictive value of SARS-CoV-2 antigen-based point-of-care tests used for screening

of asymptomatic continuing care staff. J. Clin. Microbiol. 59 (11), e01411-21.
http://dx.doi.org/10.1128/JCM.01411-21.

R., Martinez, P.P., Smith, R.L., Gibson, L.L., Mirza, A., Conte, M., Gallagher, N.,

Luo, C.H., Jarrett, J., Zhou, R., Conte, A., Liu, T., Farjo, M., Walden, K.K.O.,

Rendon, G., Fields, C.J., Wang, L., Fredrickson, R., Edmonson, D.C., Baugh-

man, M.E., Chiu, K.K., Choi, H., Scardina, K.R., Bradley, S., Gloss, S.L., Reinhart, C.,

Yedetore, J., Quicksall, J., Owens, A.N., Broach, J., Barton, B., Lazar, P.,

Heetderks, W.J., Robinson, M.L., Mostafa, H.H., Manabe, Y.C., Pekosz, A., Mc-

Manus, D.D., Brooke, C.B., 2022. Daily longitudinal sampling of SARS-CoV-2

infection reveals substantial heterogeneity in infectiousness. Nature Microbiol. 7,

640-652. http://dx.doi.org/10.1038/541564-022-01105-z.

Kierkegaard, P., Micocci, M., McLister, A., Tulloch, J.S.P., Parvulescu, P., Gordon, A.L.,
Buckle, P., 2021. Implementing lateral flow devices in long-term care facilities:
Experiences from the Liverpool COVID-19 community testing pilot in care homes:
A qualitative study. BMC Health Serv. Res. 21, 1153. http://dx.doi.org/10.1186/
$12913-021-07191-9.

Killingley, B., Mann, A., Kalinova, M., Boyers, A., Goonawardane, N., Zhou, J.,
Lindsell, K., Hare, S.S., Brown, J., Frise, R., Smith, E., Hopkins, C., Noulin, N.,
Londt, B., Wilkinson, T., Harden, S., McShane, H., Baillet, M., Gilbert, A., Ja-
cobs, M., Charman, C., Mande, P., Nguyen-Van-Tam, J.S., Semple, M.G., Read, R.C.,
Ferguson, N.M., Openshaw, P.J., Rapeport, G., Barclay, W.S., Catchpole, A.P.,
Chiu, C., 2022. Safety, Tolerability and Viral Kinetics During SARS-CoV-2 Human
Challenge. Tech. rep., http://dx.doi.org/10.21203/rs.3.rs-1121993/v1.

Kirby, J.E., Riedel, S., Dutta, S., Arnaout, R., Cheng, A., Ditelberg, S., Hamel, D.J.,
Chang, C.A., Kanki, P.J., 2022. SARS-CoV-2 antigen tests predict infectivity based
on viral culture: comparison of antigen, PCR viral load, and viral culture testing
on a large sample cohort. Clin. Microbiol. Infect. http://dx.doi.org/10.1016/j.cmi.
2022.07.010.

Kissler, S.M., 2021. Supporting data for “Viral dynamics of acute SARS-CoV-2 infection
and applications to diagnostic and public health strategies”. URL https://github.
com/gradlab/CtTrajectories/blob/main/output/params_df_split.csv.

Kissler, S.M., Fauver, J.R., Mack, C., Olesen, S.W., Tai, C., Shiue, K.Y., Kalinich, C.C.,
Jednak, S., Ott, .M., Vogels, C.B.F., Wohlgemuth, J., Weisberger, J., DiFiori, J.,
Anderson, D.J., Mancell, J., Ho, D.D., Grubaugh, N.D., Grad, Y.H., 2021. Viral
dynamics of acute SARS-CoV-2 infection and applications to diagnostic and public
health strategies. PLoS Biol. 19 (7), €3001333. http://dx.doi.org/10.1371/journal.
pbio.3001333.

Larremore, D.B., Wilder, B., Lester, E., Shehata, S., Burke, J.M., Hay, J.A., Tambe, M.,
Mina, M.J., Parker, R., 2021. Test sensitivity is secondary to frequency and
turnaround time for COVID-19 screening. Sci. Adv. 7, eabd5393. http://dx.doi.
org/10.1126/sciadv.abd5393.

Lee, L.Y.W., Rozmanowski, S., Pang, M., Charlett, A., Anderson, C., Hughes, G.J.,
Barnard, M., Peto, L., Vipond, R., Sienkiewicz, A., Hopkins, S., Bell, J., Crook, D.W.,
Gent, N., Walker, A.S., Peto, T.E.A., Eyre, D.W., 2021. Severe Acute Respiratory
Syndrome Coronavirus 2 (SARS-CoV-2) Infectivity by Viral Load, S Gene Variants
and Demographic Factors, and the Utility of Lateral Flow Devices to Prevent
Transmission. Clin. Infect. Dis. 74 (3), 407-415. http://dx.doi.org/10.1093/cid/
ciab421.

Leng, T., Hill, E.M., Holmes, A., Southall, E., Thompson, R.N., Tildesley, M.J., Keel-
ing, M.J., Dyson, L., 2022. Quantifying pupil-to-pupil SARS-CoV-2 transmission and
the impact of lateral flow testing in English secondary schools. Nature Commun.
13, 1106. http://dx.doi.org/10.1038/541467-022-28731-9.

Liu, Y., Rocklov, J., 2022. The effective reproductive number of the Omicron variant
of SARS-CoV-2 is several times relative to Delta. J. Travel Med. 29 (3), taac037.
http://dx.doi.org/10.1093/jtm/taac037.

Ke,

17

Journal of Theoretical Biology 557 (2023) 111335

Lovell-Read, F.A., Funk, S., Obolski, U., Donnelly, C.A., Thompson, R.N., 2021.
Interventions targeting non-symptomatic cases can be important to prevent local
outbreaks: SARS-CoV-2 as a case study. J. R. Soc. Interface 18 (178), 20201014.
http://dx.doi.org/10.1098/1sif.2020.1014.

Marc, A., Kerioui, M., Blanquart, F., Bertrand, J., Mitja, O., Corbacho-Monné, M.,
Marks, M., Guedj, J., 2021. Quantifying the relationship between SARS-CoV-2 viral
load and infectiousness. ELife 10, €69302. http://dx.doi.org/10.7554/eLife.69302.

Marks, M., Millat-Martinez, P., Ouchi, D., Roberts, C.h., Alemany, A., Corbacho-
Monné, M., Ubals, M., Tobias, A., Tebé, C., Ballana, E., Bassat, Q., Baro, B.,
Vall-Mayans, C., Prat, N., Ara, J., Clotet, B., Mitja, O., 2021. Transmission of
COVID-19 in 282 clusters in Catalonia, Spain: A cohort study. Lancet Infect. Dis.
21 (5), 629-636. http://dx.doi.org/10.1016,/S1473-3099(20)30985-3.

Michie, S., West, R., Rogers, M.B., Bonell, C., Rubin, G.J., Amlét, R., 2020. Reducing
SARS-CoV-2 transmission in the UK: A behavioural science approach to identifying
options for increasing adherence to social distancing and shielding vulnerable
people. Br. J. Health Psychol. 25 (4), 945-956. http://dx.doi.org/10.1111/bjhp.
12428.

Mina, M.J., Peto, T.E., Garcia-Fifiana, M., Semple, M.G., Buchan, LE., 2021. Clarifying
the evidence on SARS-CoV-2 antigen rapid tests in public health responses to
COVID-19. Lancet 397 (10283), 1425-1427. http://dx.doi.org/10.1016/50140-
6736(21)00425-6.

NHS Test, Trace, 2021. Dual-Technology Testing Analysis High-Risk Settings. Tech. rep..

Overton, C.E., Stage, H.B., Ahmad, S., Curran-Sebastian, J., Dark, P., Das, R., Fearon, E.,
Felton, T., Fyles, M., Gent, N., Hall, 1., House, T., Lewkowicz, H., Pang, X., Pellis, L.,
Sawko, R., Ustianowski, A., Vekaria, B., Webb, L., 2020. Using statistics and
mathematical modelling to understand infectious disease outbreaks: COVID-19 as
an example. Infect. Dis. Model. 5, 409-441. http://dx.doi.org/10.1016/j.idm.2020.
06.008.

Patel, J., Fernandes, G., Sridhar, D., 2021. How can we improve self-isolation and
quarantine for COVID-19? BMJ 372, n625. http://dx.doi.org/10.1136/bmj.n625.

Pekosz, A., Parvu, V., Li, M., Andrews, J.C., Manabe, Y.C., Kodsi, S., Gary, D.S.,
Roger-Dalbert, C., Leitch, J., Cooper, C.K., 2021. Antigen-Based Testing but Not
Real-Time Polymerase Chain Reaction Correlates With Severe Acute Respiratory
Syndrome Coronavirus 2 Viral Culture. Clin. Infect. Dis. 73 (9), e2861-e2866.
http://dx.doi.org/10.1093/cid/ciaal706.

Peto, T., 2021. COVID-19: Rapid Antigen detection for SARS-CoV-2 by lat-
eral flow assay: A national systematic evaluation for mass-testing. medRxiv,
2021.01.13.21249563. http://dx.doi.org/10.1101/2021.01.13.21249563.

Pickering, S., Batra, R., Snell, L.B., Merrick, B., Nebbia, G., Douthwaite, S., Reid, F.,
Patel, A., Ik, M.T.K., Patel, B., Charalampous, T., Alcolea-Medina, A., Lista, M.J.,
Cliff, P.R., Cunningham, E., Mullen, J., Doores, K.J., Edgeworth, J.D., Malim, M.H.,
Neil, S.J.D., Galdo, R.P., 2021. Comparative performance of SARS CoV-2 lateral
flow antigen tests and association with detection of infectious virus in clinical
specimens: a single-centre laboratory evaluation study. Lancet Microbe 2 (9),
e461-e471. http://dx.doi.org/10.1016/52666-5247(21)00143-9.

Pouwels, K.B., House, T., Pritchard, E., Robotham, J.V., Birrell, P.J., Gelman, A.,
Vihta, K.-D., Bowers, N., Boreham, 1., Thomas, H., Lewis, J., Bell, 1., Bell, J.I.,
Newton, J.N., Farrar, J., Diamond, I., Benton, P., Walker, A.S., COVID-19 Infection
Survey Team, 2021. Community prevalence of SARS-CoV-2 in England from April
to November, 2020: Results from the ONS Coronavirus infection survey. Lancet
Public Health 6 (1), e30-e38. http://dx.doi.org/10.1016/52468-2667(20)30282-6.

Quilty, B.J., Clifford, S., Hellewell, J., Russell, T.W., Kucharski, A.J., Flasche, S.,
Edmunds, W.J., CMMID COVID-19 working group, 2021. Quarantine and testing
strategies in contact tracing for SARS-CoV-2: A modelling study. Lancet Public
Health 6 (3), e175-e183. http://dx.doi.org/10.1016/52468-2667(20)30308-X.

Rosello, A., Barnard, R.C., Smith, D.R.M., Evans, S., Grimm, F., Davies, N.G.,
Deeny, S.R., Knight, G.M., Edmunds, W.J., Centre for Mathematical Modelling of
Infectious Diseases COVID-19 Modelling Working Group, 2022. Impact of non-
pharmaceutical interventions on SARS-CoV-2 outbreaks in English care homes: A
modelling study. BMC Infect. Dis. 22, 324. http://dx.doi.org/10.1186/512879-022-
07268-8.

Saltelli, A., Ratto, M., Andres, T., Campolongo, F., Cariboni, J., Gatelli, D., Saisana, M.,
Tarantola, S., 2007. Elementary effects method. In: Global Sensitivity Analysis.
The Primer. John Wiley & Sons, Ltd, pp. 109-154. http://dx.doi.org/10.1002/
9780470725184.ch3, Chapter 3.

Singanayagam, A., Hakki, S., Dunning, J., Madon, K.J., Crone, M.A., Koycheva, A.,
Derqui-Fernandez, N., Barnett, J.L., Whitfield, M.G., Varro, R., Charlett, A.,
Kundu, R., Fenn, J., Cutajar, J., Quinn, V., Conibear, E., Barclay, W., Freemont, P.S.,
Taylor, G.P., Ahmad, S., Zambon, M., Ferguson, N.M., Lalvani, A., Badhan, A.,
Dustan, S., Tejpal, C., Ketkar, A.V., Narean, J.S., Hammett, S., McDermott, E.,
Pillay, T., Houston, H., Luca, C., Samuel, J., Bremang, S., Evetts, S., Poh, J.,
Anderson, C., Jackson, D., Miah, S., Ellis, J., Lackenby, A., 2022. Community
transmission and viral load kinetics of the SARS-CoV-2 delta (B.1.617.2) variant in
vaccinated and unvaccinated individuals in the UK: A prospective, longitudinal,
cohort study. Lancet Infect. Dis. 22 (2), 183-195. http://dx.doi.org/10.1016/
$1473-3099(21)00648-4.

Skittrall, J.P., 2021. SARS-CoV-2 screening: Effectiveness and risk of increasing trans-
mission. J. R. Soc. Interface 18, 20210164. http://dx.doi.org/10.1098/rsif.2021.
0164.


http://dx.doi.org/10.1016/S1473-3099(20)30630-7
http://dx.doi.org/10.7554/eLife.65534
http://dx.doi.org/10.1038/s41591-020-0869-5
http://dx.doi.org/10.1186/s12916-021-01982-x
http://dx.doi.org/10.1186/s12916-021-01982-x
http://dx.doi.org/10.1186/s12916-021-01982-x
http://dx.doi.org/10.1128/JCM.01411-21
http://dx.doi.org/10.1038/s41564-022-01105-z
http://dx.doi.org/10.1186/s12913-021-07191-9
http://dx.doi.org/10.1186/s12913-021-07191-9
http://dx.doi.org/10.1186/s12913-021-07191-9
http://dx.doi.org/10.21203/rs.3.rs-1121993/v1
http://dx.doi.org/10.1016/j.cmi.2022.07.010
http://dx.doi.org/10.1016/j.cmi.2022.07.010
http://dx.doi.org/10.1016/j.cmi.2022.07.010
https://github.com/gradlab/CtTrajectories/blob/main/output/params_df_split.csv
https://github.com/gradlab/CtTrajectories/blob/main/output/params_df_split.csv
https://github.com/gradlab/CtTrajectories/blob/main/output/params_df_split.csv
http://dx.doi.org/10.1371/journal.pbio.3001333
http://dx.doi.org/10.1371/journal.pbio.3001333
http://dx.doi.org/10.1371/journal.pbio.3001333
http://dx.doi.org/10.1126/sciadv.abd5393
http://dx.doi.org/10.1126/sciadv.abd5393
http://dx.doi.org/10.1126/sciadv.abd5393
http://dx.doi.org/10.1093/cid/ciab421
http://dx.doi.org/10.1093/cid/ciab421
http://dx.doi.org/10.1093/cid/ciab421
http://dx.doi.org/10.1038/s41467-022-28731-9
http://dx.doi.org/10.1093/jtm/taac037
http://dx.doi.org/10.1098/rsif.2020.1014
http://dx.doi.org/10.7554/eLife.69302
http://dx.doi.org/10.1016/S1473-3099(20)30985-3
http://dx.doi.org/10.1111/bjhp.12428
http://dx.doi.org/10.1111/bjhp.12428
http://dx.doi.org/10.1111/bjhp.12428
http://dx.doi.org/10.1016/S0140-6736(21)00425-6
http://dx.doi.org/10.1016/S0140-6736(21)00425-6
http://dx.doi.org/10.1016/S0140-6736(21)00425-6
http://refhub.elsevier.com/S0022-5193(22)00326-5/sb44
http://dx.doi.org/10.1016/j.idm.2020.06.008
http://dx.doi.org/10.1016/j.idm.2020.06.008
http://dx.doi.org/10.1016/j.idm.2020.06.008
http://dx.doi.org/10.1136/bmj.n625
http://dx.doi.org/10.1093/cid/ciaa1706
http://dx.doi.org/10.1101/2021.01.13.21249563
http://dx.doi.org/10.1016/S2666-5247(21)00143-9
http://dx.doi.org/10.1016/S2468-2667(20)30282-6
http://dx.doi.org/10.1016/S2468-2667(20)30308-X
http://dx.doi.org/10.1186/s12879-022-07268-8
http://dx.doi.org/10.1186/s12879-022-07268-8
http://dx.doi.org/10.1186/s12879-022-07268-8
http://dx.doi.org/10.1002/9780470725184.ch3
http://dx.doi.org/10.1002/9780470725184.ch3
http://dx.doi.org/10.1002/9780470725184.ch3
http://dx.doi.org/10.1016/S1473-3099(21)00648-4
http://dx.doi.org/10.1016/S1473-3099(21)00648-4
http://dx.doi.org/10.1016/S1473-3099(21)00648-4
http://dx.doi.org/10.1098/rsif.2021.0164
http://dx.doi.org/10.1098/rsif.2021.0164
http://dx.doi.org/10.1098/rsif.2021.0164

C.A. Whitfield et al.

Smith, L.E., Potts, HW.W., Amlét, R., Fear, N.T., Michie, S., Rubin, G.J., 2021.
Adherence to the test, trace, and isolate system in the UK: Results from 37
nationally representative surveys. BMJ 372, n608. http://dx.doi.org/10.1136/bmj.
n608.

Smith, E., Zhen, W., Manji, R., Schron, D., Duong, S., Berry, G.J., 2020. Analytical
and clinical comparison of three nucleic acid amplification tests for SARS-CoV-2
detection. J. Clin. Microbiol. 58 (9), €01134-20. http://dx.doi.org/10.1128/JCM.
01134-20.

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

Tanaka, H., Ogata, T., Shibata, T., Nagai, H., Takahashi, Y., Kinoshita, M., Matsub-
ayashi, K., Hattori, S., Taniguchi, C., 2022. Shorter incubation period among
COVID-19 cases with the BA.1 Omicron variant. Int. J. Environ. Res. Public Health
19 (10), 6330. http://dx.doi.org/10.3390/ijerph19106330.

Tulloch, J.S.P., Micocci, M., Buckle, P., Lawrenson, K., Kierkegaard, P., McLister, A.,
Gordon, A.L., Garcia-Fifana, M., Peddie, S., Ashton, M., Buchan, I., Parvulescu, P.,
2021. Enhanced lateral flow testing strategies in care homes are associated with
poor adherence and were insufficient to prevent COVID-19 outbreaks: Results
from a mixed methods implementation study. Age Ageing 50 (6), 1868-1875.
http://dx.doi.org/10.1093/ageing/afab162.

18

Journal of Theoretical Biology 557 (2023) 111335

Walsh, K.A., Jordan, K., Clyne, B., Rohde, D., Drummond, L., Byrne, P., Ahern, S.,
Carty, P.G., O’Brien, K.K., O'Murchu, E., O’Neill, M., Smith, S.M., Ryan, M.i.,
Harrington, P., 2020. SARS-CoV-2 detection, viral load and infectivity over the
course of an infection. J. Infect. 81 (3), 357-371. http://dx.doi.org/10.1016/j.jinf.
2020.06.067.

Whitfield, C.A., 2022a. Model of SARS-CoV-2 transmission in delivery workplaces. URL
https://github.com/CarlWhitfield/Workplace_delivery_transmission.

Whitfield, C.A., 2022b. Model of SARS-CoV-2 viral load dynamics, infectivity pro-
file, and test-positivity. URL https://github.com/CarlWhitfield/Viral load_testing_
COV19_model.

Wise, J., 2020. COVID-19: Lateral flow tests miss over half of cases, Liverpool pilot
data show. BMJ 371, m4848. http://dx.doi.org/10.1136/bmj.m4848.

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


http://dx.doi.org/10.1136/bmj.n608
http://dx.doi.org/10.1136/bmj.n608
http://dx.doi.org/10.1136/bmj.n608
http://dx.doi.org/10.1128/JCM.01134-20
http://dx.doi.org/10.1128/JCM.01134-20
http://dx.doi.org/10.1128/JCM.01134-20
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://www.gov.uk/government/publications/scwg-chairs-summary-of-role-of-shielding-20-december-2021
http://dx.doi.org/10.3390/ijerph19106330
http://dx.doi.org/10.1093/ageing/afab162
http://dx.doi.org/10.1016/j.jinf.2020.06.067
http://dx.doi.org/10.1016/j.jinf.2020.06.067
http://dx.doi.org/10.1016/j.jinf.2020.06.067
https://github.com/CarlWhitfield/Workplace_delivery_transmission
https://github.com/CarlWhitfield/Viral_load_testing_COV19_model
https://github.com/CarlWhitfield/Viral_load_testing_COV19_model
https://github.com/CarlWhitfield/Viral_load_testing_COV19_model
http://dx.doi.org/10.1136/bmj.m4848
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://www.gov.uk/government/publications/lateral-flow-device-specificity-in-phase-4-post-marketing-surveillance

	Modelling the impact of repeat asymptomatic testing policies for staff on SARS-CoV-2 transmission potential
	Introduction
	Methods
	Infectious and Transmission potential
	Model of viral-load, infectiousness and test positive probability
	Parameterisation of RNA viral-load model
	Parameterisation of infectiousness as a function of RNA viral load
	Parameterisation of test sensitivity as a function of RNA viral load

	Adherence to policy
	Workplace contact, shift and testing patterns
	Modification of Infectious Potential to account for shift patterns
	Definition of testing regimes simulated

	Models of transmission in a closed workplace
	A single-component workplace model
	A two-component model to represent transmission in a care-home


	Results
	Role of population heterogeneity in testing efficacy
	Modelling the impact of non-adherence
	Comparison of staff testing policies for high-risk settings
	Infectious Potential as a predictor of transmission in a simple workplace model
	Testing to protect vulnerable groups in a two-component work-setting

	Discussion
	CRediT authorship contribution statement
	Acknowledgements
	Appendix A. Data and Simulation methods
	Parameter values
	Calculation of Infectious Potential
	Workplace outbreak simulations

	Appendix B. Sensitivity Analysis
	Method
	Results

	Appendix C. Supplementary data
	References


