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The PROTECT COVID-19 National Core Study on transmission and
environment is a UK-wide research programme improving our under-
standing of how SARS-CoV-2 (the virus that causes COVID-19) is trans-
mitted from person to person, and how this varies in different settings
and environments. This improved understanding is enabling more ef-
fective measures to reduce transmission — saving lives and getting
society back towards ‘normal’.

This report is an extension of the work of PROTECT Phase 2 and covers
the work done under phase 3 of PROTECT, in which researchers devel-
oped simplified models and introduced two different viral mechanisms and
dose-response models. In this report, researchers extend these existing
PROTECT models to account for location in body and infection site incor-
porating wider research.

This report documents research gaps in dose response and within host
modelling. A framework is presented for the viral dynamics in different or-
gans, which is left as a conceptual model due to the limitation of data. In ad-
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dition, researchers adopt previously developed dose-response models and
consider the infectiousness and infectious window. Good fits to the human
challenge data from PROTECT can be seen in two-compartment within
host models. For two-compartment models involving nose and throat, dif-
ferent scenarios have been developed. In each scenario, researchers ob-
served the corresponding model can explain the available human challenge
data. Whilst methods can be derived to explain data available, gaps remain
in key processes such as transfer from host to contacts.

This report and the research it describes were funded by the PROTECT
COVID- 19 National Core Study on transmission and environment, which
is managed by the Health and Safety Executive (HSE) on behalf of HM
Government. Its contents, including any opinions and/or conclusions ex-
pressed, are those of the authors alone and do not necessarily reflect UK
Government or HSE policy.
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Executive Summary

Introduction

Within host model has been widely applied to study the viral mechanism of
SARS-CoV-2 from the individual level. Studying viral dynamics in different
body locations (i.e. organs) can be useful, especially in determining the
mechanism of infection and evaluating infection severity.

Methodology

Based on the work of PROTECT Phase 2 (also see Xu et al. (2022)) and
other literature, we develop meta-population models. These stochastic
multi-compartment models include infection sites such as nose, throat, and
lungs. Infection characteristics such as coughing and sneezing are simu-
lated to see their impacts on viral load in each compartment. As with phase
2 work the data from the human challenge study Killingley et al. (2022)
has been used to pursue model fitting. A framework is presented for the
viral dynamics in different organs (eyes, nose, throat, lungs and stomach),
which is left as a conceptual model due to the limitation of data. In addi-
tion we adopt the dose-response models developed in Xu et al. (2022) and
consider the infectiousness and infectious window.

Conclusions

Good fits to the human challenge data from PROTECT can be seen in
two-compartment within host models. Model selection cannot be decided
on data calibration alone and requires other data and information. For
multi-compartment models covering different organs, extra data is essen-
tial, hence, we only present it as a conceptual model. When standard-
ised for ‘distance’ (i.e. for common scaling factor on shed viral load) the
dose-response models under competing risk and logistic growth frame-
works show different infectious windows. We also observe that in cali-
brating to the human challenge data a small number of participants shed
majority of detectable virus suggesting these would be more efficient dis-



seminators of virus (though the potential spread is contingent on whether
they would have met more people than others).

Key findings

» For two-compartment models involving nose and throat, different sce-
narios have been developed. In each scenario, we can see the corre-
sponding model can explain the available human challenge data.

» Whilst methods can be derived to explain data available, gaps remain
in key processes such as transfer from host to contacts requiring fur-
ther integration of PROTECT research across themes.
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1 Introduction

This report covers Objective 2.1: Extension of in-host modelling and dose response, incor-
porating emerging data and models from other studies. It is an extension of the work of
PROTECT Phase 2 and covers the work done under phase 3 of PROTECT. In the previous
year, we developed simplified models and introduced two different viral mechanisms Xu et al.
(2022) based on the mechanism model developed in Goyal et al. (2021)(also see Goyal et al.
(2020)). Also, we developed dose-response models under the competing risk framework
(Haas et al. (2014)) and logistic framework used in literature such as Goyal et al. (2021) and
Ke et al. (2021).

Here we extend these existing PROTECT models to account for location in body (local sat-
uration of immune response) and infection site incorporating wider research. The report
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documents research gaps in dose response and within host modelling and further work is
part of existing project proposals and PhD studentships.

In recent years, a series of studies have adopted the within-host model to investigate the viral
mechanism of SARS-CoV-2 infection. The work of Abuin et al. (2020) considers the simplest
target cell limited model from the analytical perspective, which focuses on the equilibrium
points with respect to virus extinction and its relations with the initial conditions. Similar ana-
lytical studies can also be seen in Nath et al. (2021) that pursue stability analysis and derive
the within-host reproduction number for the simplest target cell limited model with the regen-
eration of targeted cells adopted in Li et al. (2020). In the mechanistic model of Challenger
et al. (2022), the late immune response is triggered by a large magnitude of infected cells
and reaches maturity via a series of equations, which does not wane once reaches matu-
rity and provides accelerated clearance of infected cells. Gongalves et al. (2021) assumes
that the productively infected cells will produce infectious virus and non-infectious virus with
probability. Gongalves et al. (2021) further considers an additional model that incorporates
the antigen-dependent immune response, however, this more complicated structure reduces
the accuracy of parameter inference despite reduced BIC. Hernandez-Vargas & Velasco-
Hernandez (2020) adopted several models to describe the viral load of hospital individuals
from a study in Germany. These models include the simplest targeted cell limited model, its
extension with an eclipse phase (also eg. Beauchemin et al. (2008), Holder et al. (2011),
Madelain et al. (2018), Gongalves et al. (2020), Wang et al. (2020), Baccam et al. (2006),
and Smith & Perelson (2011)for similar application), and a model where the growth rate of
virus depends on the virus density and maximum carry capacity of the virus. While adopting
the targeted cell limited model with an eclipse, Néant et al. (2021) introduces an antigen-
dependent response that enhances the clearance of productively infected cells and this al-
lows the biphasic decay of viral load.

SARS-CoV-2 has been confirmed that can infect mucous membranes in direct or indirect
ways Dawood (2021). The work of Wolfel et al. (2020) indicates that SARS-CoV-2 infects
both the upper respiratory tract and lower respiratory tract. Hence, extending the within-
host model to the multi-compartment case will help us further understand viral mechanisms
in different organs and the migration between them. Dogra et al. (2020) develops a multi-
compartment model to interpret the viral mechanism in different organs including the upper
and lower respiratory tract, kidneys, brain, gastrointestinal tract, mononuclear phagocytic



system, heart, and plasma, in which the simplest SIV model is adopted to describe the viral
dynamics in each compartment and plasma is different as it is only used to describe the
viral migration between each compartment. Ke et al. (2020) develops a within-host model
that describes the one-way transport of virus particles from upper respiratory tracts to lower
respiratory tracts. Similar applications of multi-compartment within-host model can be seen
in Li et al. (2022), and Afonyushkin et al. (2022).

In the work of PROTECT Phase 2 Xu et al. (2022), we have stated that in the model of
Goyal et al. (2021), the infected cells are cleared by early immunity response and late T
cell response, in which the late T cell response is driven by the SARS-CoV-2-specific effort
cells raising from two stages of precursors cells. The SIV system fitted in Goyal et al. (2020)
suggests viral load is quickly removed which suggests the viral load can be seen as a scaling
of infected cells. Based on the observation, our previous work Xu et al. (2022) simplifies the
model of Goyal et al. (2021) and extends it to two scenarios where the decay of the viral
load is driven by the depletion of susceptible cells and adaptive response respectively, which
reduces uncertainty in parameter inference and gives more insights into considering the viral
shedding.

In Phase 3 of PROTECT, we aim to extend the simplified model in Xu et al. (2022), the one
that interprets the decay of viral load by the depletion of susceptible cells, to different organs
or regions of the body, including nasopharynx, oropharynx, lung, etc., and consider viral
migration between each compartment. Viral load of the lung is correlated to the severity of
lung damage and illness Williamson et al. (2020). Developing a multi-compartment model
will help us better understand the viral load in each organ and evaluate the severity (i.e.
if overwhelming infection locally, or moderate infection in a single organ, triggers adverse
outcomes rather than global viral load).

In Section 2, we first extend the simplified model in Xu et al. (2022) to two compartments,
which are nose and throat, and consider the two-way stochastic migration between nose
and throat. This two-compartment model has been fitted to the nose and throat data from
the Human Challenge Study (Killingley et al. (2022)). We introduce the compartment for
the lung, in which we apply a branching process to present the viral load in the lung to
avoid the unidentifiability issue due to the limited data. These model has been considered
under different scenarios of coughing, inhalation, and sneezing. In Section 3, we present
a conceptual model that describes the viral mechanism in the nose, throat, lungs, eyes,



and stomach. Since we only have data for the nose and throat, we can not make further
progress on this model. In Section 4, we sample viral trajectory from the posterior prediction
of Section 2 for each patient and recall the dose-response model developed in Xu et al. (2022)
to investigate the infectiousness and infectious window.

2 Mathematical Analysis of Models

2.1  Multi-compartment within host model: nose and throat only

The model developed in Goyal et al. (2021) is based on the SIV equation system where the
virus is cleared by innate immunity response and adaptive immunity response respectively,
which has been studied and simplified in our previous study Xu et al. (2022). Hence, we have
the simplified model:

S =—0SI (1)
I=08I—6I—puH(t—71)I )
V=wl (3)

where 7 is the timescale for adaptive response to become effective and H is a Heaviside
function (so zero when the argument is negative and 1 otherwise).

Note this is mathematically similar to a SIR compartment epidemic model Keeling & Rohani
(2007) (but the R state is not relevant as the removal does not affect the replication process).
V is then the free virus that may be emitted (and may be calibrated to the human challenge
data). If we assume this virus is infectious material then the V' state can directly be fitted to
the PFU dataset.

Based upon Goyal et al. (2021) and Xu et al. (2022), we further develop a meta-population
model to consider the viral shedding in the nose and throat and the migration between two
compartments. In the following part, we will consider different scenarios to fully understand
this model.



2.2 Scenario 1: Variant susceptibility model (different values of p)

According to the simplified model (1), we can develop a meta-population model, which is
given by:

dSy = —01511 (4)
dl; =0:511) — 6 — pH(t — 7)1 — a1l + aoly

Vo =wil

dSs = —02521

dly = 03551 — 61y — pH(t — 7)1 + a1y — ol

Vo = woly

In this model, S; and S» are the susceptible cells in nose and throat respectively, and I;,i =
1,2 are infected cells in the corresponding compartment. Parameters 6;,i = 1,2 repre-
sents the infection rate of susceptible cells S;,i = 1,2 respectively. The infected cells are
cleared with rate ¢ by early immunity response and by adaptive immunity response with rate
wH(t — 7). In this situation, we assume that both early immunity respnse and adaptive im-
munity response are consistent for nose and throat. To non-dimensionalize the model, we
assume S; = NX,;, I, = NY;, and V; = w;NY; = ¢;Y where i = 1,2. Hence, after non-
dimensionalisation, we have:

1)
X, = -2 x v (5)
P1
dVy = 6p1 XaVi —6Vi — pH(t — 7)Vi — oy Vi + QQ?VQ
2
op2

dXQ = —EX2V2

d%zwﬂwyw%—wm—ﬂ%+m?m—m%
1



where p; = Q%N for i = 1,2. From equation (5), we note that oy V7 = a1 22V, if and only if

b1
®1 = ¢, which leads to:

dX, = _521X1V1 (6)

dV1 = (5p1X1V1 — 5V1 — ,LLH(LL — T)Vl — 051V1 + 042‘/2
1)
dXs = — L2 X, V3
¢
dVo = 6p2X2‘/2 — (5V2 — ,LLH(t — T)Vg + a1 Vi — asVy

in which p;, i = 1,2, includes the information of variant susceptibility, i.e. different growth
rates, of two compartments respectively. Note that § represents the viral clearance rate by
innate immunity response and we assume that it is homogeneous for both compartments.
Based on model (6), we further introduce stochasticity into the migration between compart-
ments:

5

Vi = (0p1X1Vi = OVi — pH (t = 7)Vi = n Vi + aoVa)dt — arVidW)! + /oy Vad WY
5

dX2 = _%XQVQ

dVa = (6p2XaVo — Vo — pH(t — 7)Va + an Vi — apVa)dt + v/ Oé12V1th1 — 0421‘/2th2

We use the throat and nose data from the human challenge study Killingley et al. (2022) to
pursue parameter inference. For model (7), Figure 1 shows the corresponding model fits for
both nose and throat data for the 17 volunteers whilst Figure 2 shows the participant merged
posterior distribution plots for each of the parameters of model (7).
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Figure 1: (Scenario 1) Posterior predictions of infectious virus (PFU/mL) from mid-
turbinate and throat for 17 participants from the Human Challenge Study. Model is
that derived in equation (7). Shaded regions represent the 95% credible interval.
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Figure 2: (Scenario 1) Approximate participant-merged Posterior distribution of
parameter values from the result of ABC-SMC with model from equation (7) using
both mid-turbinate and throat data

2.3 Scenario 2: dimensionalised migration between compartment (different
values of ¢)

In the simplified model, the super-parameter ,¢, represents the magnitude of viral load, and it
is reasonable to consider that different compartments will have different values of ¢. Hence,
to further investigate this situation, we assume that the migration between two compartments
are dimensionalised. Re-calling model (1), we can construct that:

dS, = —60:511 (8)
Al = 0151y — 611 — pH(t — 7)1

Vo =wilh

dSy = —055:1,

dly = 09591y — 615 — pH(t — 7)1

Vo = wols



To non-dimensionalize the model, we assume S; = NX;, I; = NY;, and V; = w; NY; where
i = 1,2. In this case, we assume that ¢; = w;N,7 = 1,2 and ¢1 # ¢2. Hence, after non-
dimensionalisation, we have:

dX, = —‘5—”)(11/1 9)
o3}

dVi = (6pX1Vi — 6V — pH(t — 7)Vi
iXs = — 22 x,v,
o))

AV = (5pXoVa — 6Va — pH(t — 7)Va

Based on equation (9), we further introduced viral migration between each compartment,
which is dimensionalised in this case, and stochastic noise into this model. The model is
given by:

)
ax; = -2 x,v (10)
b1
dVi = (6pX1Vi — 6V — pH(t — 7)V1 — a12V1 + aanVa)dt — v/ a12VidWy + v/ a1 Vad Wy
1)
Xy = — L X,V
P2

d‘/g = (6pX2‘/2 — (5‘/2 — ,uH(t — 7_)‘/2 + 0612‘/1 — 0121V2)dt + \ oz12V1th — 1\ 0421‘/2th

Different from model (7), we assume that ¢ takes different values for nose and throat com-
partments in this model, which determines the magnitude of the peak of viral load in different
compartments.

2.4 Scenario 3: dimensionalised migration between compartment (different
values of ¢) with coughing and sneezing

Cough and sneeze are two of the major symptoms of SARS-CoV-2 infection and are playing
a significant role in transmission. Studies have linked the viral dynamic to aerosol transmis-
sion Heitzman-Breen & Ciupe (2022). Hence, in this scenario, we introduce random events to
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Figure 3: (Scenario 2) Posterior predictions of infectious virus (PFU/mL) from mid-
turbinate and throat for 17 participants from the Human Challenge Study. Model is
that derived in equation (10). Shaded regions represent the 95% credible interval.
In this figure, the values of phi; and phi, are different.
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Figure 4: (Scenario 2) Approximate participant-merged Posterior distribution of
parameter values from the result of ABC-SMC with model from equation (10) using
both mid-turbinate and throat data

model (10) aiming to consider viral dynamics when there is viral shedding caused by cough
and sneeze. Simulating cough and sneeze can be challenging as there is insufficient evi-
dence to inform how much virus will release when the patient sneezes or coughs and how
frequent the cough and sneeze can be. In striving for a reasonable simulation, we consider
the work of Kelsall et al. (2009) and Lee et al. (2013) which studies chronic cough. Both stud-
ies give 10 to 20 coughs per hour. However, it should be noticed that coughs are unlikely to
be evenly distributed as patients tend to cough multiple times in a short period of time. Also,
Kelsall et al. (2009) indicates that males and females have different cough frequencies when
the cough is chronic. The latter paper Lee et al. (2013) suggests that patient would have 85
coughing bouts per day, which may be more evenly distributed over waking hours, and so a
Poisson distribution with a variable rate of 40 to 200 per day might be a reasonable place to
start. Compared with cough, there is no study to suggest a proper sneeze rate.

Hence, to simulate the random events of cough and sneeze, we assume that the frequency
of cough and sneezing are driven by Poisson distribution with different values of mean, and
when the patient will shed a certain percentage of viral load from nose and throat respec-
tively. The fitting results of this scenario are illustrated in Figure 5 and 6. Remember that this

11
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Figure 5: (Scenario 3) Posterior predictions of infectious virus (PFU/mL) from mid-
turbinate and throat for 17 participants from the Human Challenge Study. Model is
that derived in equation (10) by adding random events: cough and sneeze during
the time. Shaded regions represent the 95% credible interval. In this figure, the
values of ¢; and ¢, are different.

is based on studies investigating chronic cough which may be different from the acute respi-
ratory cough of SARS-CoV-2, there is no data on sneezing rate nor emmission volume. Also
note that some cases are largely asymptotmatic and so coughing and sneezing is not univer-
sally reported in clinical symptoms. As such this is presented as a conceptual framework in
the absence of further data.
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2.5 Scenario 4: three compartment models under different values of ¢

Studies report symptoms of SARS-CoV-2 beyond coughing and sneezing, such as fatigue,
fever and following the invasion of virus into the lung space difficulty of breathing, pneumonia
and even death of Canada (2020). Hence, understanding the viral dynamics in lungs is likely
important. Since the human challenge study does not contain data from lower respiratory
tract, we aim to develop a simple model with minimal new parameters to avoid unidentifibility
issue. Assume that there are always substantial susceptible cells in lungs before the adaptive
immunity kKicks in and there is no susceptible cells after activating the adaptive immunity
response, which means X; = 1for0 <t¢ < 7 and X; = 0 for 7 < t. We construct a branching
process to describe the viral dynamics in lungs, and the model is given by:

)
aXi = — X0V (11)
o1
dvi = (0pXaVi — Vi — pH(t — 7)Vi — c12Vi + a1 Va)dt — / a1aVidWi + v/ a1 VadWy
1)
Xy = — L X505
®2
dVy = (0pXoVo — 0Vo — pH (t — 7)Vo + a2V — a1 Va)dt + / a12VidWy — /a1 Vad W,
dVe — (5,0V3 — V3 + aogVy — OégQVg)dt + VaogVodWy — v/ aga VsdWy ift <7
(—(5‘/3 — uV3 + aozVo — 0532V3)dt + VasVodWy — JasoVadWy  ift > 1

One advantage of model (11) is that it does not involves unidentifiable parameters. The fitting
results are shown in Figure 7 and 8

2.6 Model calibration method

Approximate Bayesian Computation Sequential Monte Carlo (ABC-SMC) algorithm is adopted
to conduct parameter inference (cf. Toni et al. (2009), and Minter & Retkute (2019)), in which
a multivariate normal distribution with optimal local covariance matrix is used as the pertur-
bation kernel Filippi et al. (2013). For ABC-SMC algorithm, the distance function is defined

14
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Figure 7: (Scenario 4) Posterior predictions of infectious virus (PFU/mL) from mid-
turbinate and throat for 17 participants from the Human Challenge Study. Model is
that derived in equation (11). Shaded regions represent the 95% credible interval.
In this figure, the values of ¢; and ¢, are different.
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Figure 8: (Scenario 4) Approximate participant-merged Posterior distribution of
parameter values from the result of ABC-SMC with model from equation (11) by
adding random events: cough and sneeze during the time and using both mid-
turbinate and throat data

as:

d(M, 02 =" [(logmv}@ (£) — 10g1Vi™ ()% + (logioVs (1) — logioVa™ (1))

teT

in which 7" represents the set of time points of the data, and Vi(o) and Vi(M), represent the
observations and simulated outputs respectively, and subscript i = 1,2 represent the nose
and throat data. For each generation of iterations, 250 particles are collected and the number
of generations is 5 for improving accuracy. For each generation, we arrange the values from
the cost function from smallest to largest and set the value of the 1st quartile as the tolerance
level for the next generation.

In this section, we considered four scenarios, and for most of parameters, the corresponding
prior distributions do not change in different scenarios. The prior distributions are given by:

6 ~U(0,5) pr2 ~U(1,2) logiod12 ~U(4,8)  pn~U(0,3)
7 ~ U(min(r7eek 7Pk 1y 14) a; ~U(0,1)  logig Vo~ U(—1,2)

nose’ "throat
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Note that 77¢?* represents the point of time of peak viral load and «; represents the migration
between each compartment. For cough and sneeze in Scenario 3, we assume they are driven
by Poisson distribution with different values of mean, which are 80 and 30 respectively. The
data from Human Challenge Study has been used to carry out parameter inference Killingley
et al. (2022). Posterior distributions and predictions for these four scenarios can be seen
from Figure 1 to 8.

2.7 Conceptual model for multi-compartments: nose, throat, eyes, lung, and
stomach

As we mentioned in above, a within-host model that can predict the viral trajectory of different
organs such as lungs can help us efficiently evaluate the severity. Hence, based on Scenario
2 in the previous section, we further develop a model that contains five compartments, eyes,
nose, throat, lungs and stomach, and assume there exist stochastic viral migration between
each compartment. The conceptual model is given by:

dX, = —j)anVn (12)

AV, = 6pXn Vi — 6V — pH(t — 1)V + M1 (Vy, Vi) + Ma(Via, Vi)

)
dXp = =2 X, Vin
bih,
dVin = 6p X Vi — 0Viy — pH(t — 7)Viy, — Ma(Vi, Vi) + M3(Vin, Vi) — Mgio(Vin)
op
dXe = _7Xe‘/e
¢

e

dV, = 6pX Ve — 6V — pH(t — 7)Ve — My (Vyy, Vo)

1)
dx; = —Lxv;
o)

AV, = 6p XV, — 8V, — pH(t — 7)V, — Ms(Vip, Vi)
1)

dXsto = —iXstoV:stO
¢sto

dVito = 6pXstoVisto — Visto — nH (t — 7)Viro
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M; functions represent migration between different compartments, which are given by:

Mi(Vp, Ve) = —anese Vi + aesn Ve

M (Va, Vin) = —anesinVa + qthesnVin
M3(Vin, Vi) = —anesiVin + c1sn Vi
Misto(Vth) = —atnesstoVin

In this model, the subscript i = n, th, e, l,and sto of X and V represents the susceptible cells
and viral load in nose, throat, eyes, lungs, and stomach. In this model, parameters p, § and
7 retain their biological interpretation of viral kill rates and timescale for adaptive response. p
and ¢ are super parameters, which contain implicitly information of the virus. We assume that
for different compartments, p, 6,1, are consistent and ¢ will vary. Note that we assume there
is only one way migration between throat and stomach, and there is no migration between
stomach and lungs. Since we only have the throat and nose data from human challenge study
Killingley et al. (2022), it is impossible for us to verify this model as most of the parameters
will be unidentifiable. Hence, we only present equation 12 as an conceptual model for future
study.

3 Dose-response model and Probability of Infection

Dose-response models have been playing an important role in mapping viral load over time to
infectiousness. The work of Protect Phase 2 Xu et al. (2022) presents three dose-response
models under two mechanisms, the competing risk framework based on Haas et al. (2014)
and the logistic growth framework used in viral load models such as Goyal et al. (2021),
Heitzman-Breen & Ciupe (2022), and Ke et al. (2021). In the following part, we will first intro-
duce the dose-response models from Xu et al. (2022) briefly and consider the infectiousness.

Assume that the expected inhaled dose of an exposed contact is x = v, in which 3 is a scal-
ing factor measuring the reduction in viral load due to environmental factors and v is the viral
load estimated from the within-host model representing the viral load from a transmitter. In
this situation, the chance of the exposed contact to getting infected driven by the exponential
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dose-response model is given by:
p(z;dsp) =1—Q =1—exp(—1n(2)z/dso) (13)

in which we assume that d5(, the median infecting dose, equals to 10TCID50=50PFU. More-
over, for the approximate beta-Poisson dose-response model, the probability of infection is
defined by:

x it 4
pABP($§ V) d50) - 1 - <1 + <21/y - ].) 50) . (14)

Note that in Equation (14), the new parameter v acts to model between host variation in
response. If v > 1 then papp(z;v,dso) — p(x;dso). This is used to motivate further thinking
on dose and we prefer the use of alternate functions such as in Pratt et al. (2020).

Aside from the competing risk framework, the logistic dose-response model has been used
in literature. Recalling Xu et al. (2022), the logistic dose-response model is given by:

1
= 15
pL(.%') 1+ (d50/1:)77 ( )
so as ¢ — oo then pr(z) — 1 and when x = 0 we have p;(0) = 0. In the case when
n = v = 1, we see that equations (14) and (15) are identical. Further details can be seen in

Xu et al. (2022).

3.1 Results of linking in host models and dose-response models

To achieve results from the dose-response models, the key step is choosing a reasonable
proxy for ID50. In the work of Killingley et al. (2022), 53% of patients developed PCR-
confirmed infection under the inoculation of 10TCID50 (TCID50 is the median tissue culture
infectious dose) of SARS-CoV-2 with 95% confidence interval is (35,70). Hence, in the follow-
ing part, we will set 10TCID50=50PFU. To illustrate the result, we randomly sample one viral
trajectory from the posterior predictions generated from fit to mid-turbinate data of each of
the 17 patients (using model described in Scenario 2 of Section 2). We further assume that
the scaling factor g = 0.001 in the following part. Also, we set » = 0.1 for the approximate
beta-Poisson dose-response model 14 and n = 1 for the logistic dose-response model 15 as
illustrative values noting that v = 1 choice means this is equivalent to and ABP model with
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n=1.

In Figure 9, we see that for most of patients, their maximum probability of infection during the
entire 14 days will be less than or equal to 20%, however, 2 of 17 patients show a much higher
probability to infect exposed contacts. Figure 10 demonstrates the impact of host variation
in the model; compared with Figure 9, with patients showing higher infectiousness. The
maximum probability of infection of most patients is over 30%. For each patient, they show
a longer infectious window and most patients still have more than 10% of chance to infect
exposed contact. This observation indicates that the variation at a host level in deposition,
germination and removal rates does have impacts on infectiousness. The result from Figure
15 is very similar to Figure 13, suggesting that the v value would have to be made smaller
and we will omit further details in this case.

Studies He et al. (2020) and Walfel et al. (2020) have shown that SARS-CoV-2 can reach
high viral load and transmit widely, which is consistent with results from our does-response
model. In the dose-response model, viral load peak naturally leads to the highest proba-
bility of infection, which may lead to substantial secondary infection. Also, dose-response
models can help us to estimate the infectious window, however, as mentioned in Carruthers
et al. (2022), the infectious period relies on how we define infectiousness. By setting the
threshold as 10% of the maximum probability of infection, Ke et al. (2021) observes that the
estimated infectious window is from 1.9 days to 7.9 days with a mean of 5.5 days. Under
the same assumption, we notice that the exponential dose-response model shows estimated
infectious windows from 3.95 days to 8.43 days with a mean of 5.46 days. The approximate
beta-Poisson dose-response model shows estimated infectious windows from 5.13 days to
11.13 days with a mean of 9.00 days, which is significantly larger than the results from the
exponential dose-response model. The logistic dose-response model shows an estimated
infectious window from 4.17 days to 8.43 days with a mean of 5.78 days. Whilst comparable
with the literature this definition of infectiousness as 10% of peak probability of infection is
variable by individual and relative to viral load so may need refinement in future study.

These dose response models have been applied to the Test and Trace
data under an Alan Turing Institute PhD studentship, which suggests that
the models are feasible but that the received dose responds as a square
root rather than linear (i.e. the realized dose at higher doses may be less
than expected). This need further consideration to explain (it may be real
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Figure 9: Viral load dependent probability of infection driven by exponential func-
tion 13 for 17 patients.
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Figure 10: Viral load dependent probability of infection driven by exponential func-
tion 14 for 17 patients.
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Figure 11: Viral load dependent probability of infection driven by exponential func-
tion 15 for 17 patients.

world noise, or perhaps due to deposition of particle sizes or infection site)
and will be considered further on TRACK project.

4 Discussion

Within-host models play an important role in explaining data and making predictions for future
impacts. In this work, we borrowed the previous work in Xu et al. (2022) and developed
the multi-compartment model to consider the viral dynamics in different organs. In Section
2, we assumed different scenarios. Scenarios 1 and 2 only have two compartments, the
nose and throat, both of which can interpret the nose and throat data. Scenario 3 considers
human disease characteristics such as coughing and sneezing using the model in scenario
2, however, it should be noticed that we only assumed the rate of coughing and sneezing and
the percentage of viral shed each time, which requires further study or data to verify. Since
the 14-day nose and throat data from the human challenge study is the only data set we could
access, it is difficult to consider other organs without causing parameter unidentifiability issue.
Based on the assumption in Scenario 2, we attempted to use a Feller process to simulate the
viral trajectory of the lung without introducing a new parameter. Besides, we assumed two-
way migration between each compartment and the current model cannot explain the impact
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of viral migration as the viral migration leaving one compartment can be cancelled by the
viral migration from another compartment. More information of data about the magnitude of
viral migration will be beneficial in this case. Due to the limitation of evidence base, we only
develop a conceptual model in Section 3. This lack of empirical data has also stalled work
on infection site (eye/nose/mouth). The conceptual model contains too many unidentifiable
parameters and changing one or a few of them will significantly change the simulation result.
We will leave it for future study (for example planned collaboration with the University of
Leicester).

Alongside developing multi-compartment models, we also adopted the dose-response model
from Xu et al. (2022) and linked the viral load and infectiousness in a quantitative way. We ob-
served that a larger viral load leads to higher infectiousness. This is consistent with the previ-
ous studies; Ke et al. (2021) notices that the probability of infectiousness becomes high when
the viral load exceeds between 10° and 107 RNA copies/ML. The exponential dose-response
model and logistic model indicate that only a few patients showed high infectiousness during
the infection while the approximate beta-Poisson dose-response model illustrated that most
of the patients will show similar infectiousness and larger infectious window. Another pur-
pose of the dose-response section is to investigate the infectious window. Compared with
the conclusion of Goyal et al. (2021), we noticed that overall, each patient demonstrated a
broader infectious window. However, the infectious window ultimately relies on how we define
infectiousness Carruthers et al. (2022). The work of Ke et al. (2021) defines the 10% of the
maximum probability of infection as the threshold and observed the mean infectious window
is 5.5 days. Under the same assumption, we noticed a similar mean infectious window from
the exponential dose-response model and logistic dose-response model. However, the ap-
proximate beta-Poisson model illustrates a much longer infectious window, up to 9.00 days
but the approximate-Beta Poisson model require careful justification, as it is by definition an
approximation. Continued development of dose response models should consider early inhi-
bition of viral growth inside the host due to Allee type effects this was started in PROTECT
phase 3 and will be continued on the TRACK project.
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