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ARTICLE INFO ABSTRACT

Keywords: Within-host SARS-CoV-2 modelling studies have been published throughout the COVID-19 pandemic. These
SARS-coV-2 studies contain highly variable numbers of individuals and capture varying timescales of pathogen dynamics;
V‘ial loai some studies capture the time of disease onset, the peak viral load and subsequent heterogeneity in clearance
Eclipse phase

dynamics across individuals, while others capture late-time post-peak dynamics. In this study, we curate
multiple previously published SARS-CoV-2 viral load data sets, fit these data with a consistent modelling
approach, and estimate the variability of in-host parameters including the basic reproduction number, R,
as well as the best-fit eclipse phase profile. We find that fitted dynamics can be highly variable across data
sets, and highly variable within data sets, particularly when key components of the dynamic trajectories (e.g.
peak viral load) are not represented in the data. Further, we investigated the role of the eclipse phase time
distribution in fitting SARS-CoV-2 viral load data. By varying the shape parameter of an Erlang distribution,
we demonstrate that models with either no eclipse phase, or with an exponentially-distributed eclipse phase,
offer significantly worse fits to these data, whereas models with less dispersion around the mean eclipse time
(shape parameter two or more) offered the best fits to the available data across all data sets used in this work.
This manuscript was submitted as part of a theme issue on “Modelling COVID-19 and Preparedness for Future
Pandemics”.

In-host model
Reproduction number
TEIV model

Structural identifiability
Practical identifiability

1. Introduction

Since late 2019, the SARS-CoV-2 virus has significantly disrupted
life globally (Pokhrel and Chhetri, 2021; Xiong et al., 2020; Burki,
2020). Two years later, many countries are moving to consider SARS-
CoV-2 and the resulting COVID-19 infection to be endemic (Liew and
Robinson, 2022), which will require new strategies for forecasting,
management and control. An endemic state will necessitate a sustained
reliance on data fitting (Liew and Robinson, 2022), and on analytical
tools, as public health authorities manage risk and allocate resources
in future years.

Mathematical modelling has been employed in the estimation of
key parameters of the evolution of SARS-CoV-2 outbreaks at the pop-
ulation level. Important predicted parameters have included the time
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dependent epidemiological reproduction number (Betti and Heffernan,
2021), the effects of quarantine and risk of importation (Arino et al.,
2020; Moyles et al., 2021), the effects of aggregate non-pharmaceutical
intervention (Betti and Heffernan, 2021), the risks associated with
relaxing interventions competing with increasing vaccination (Betti
et al.,, 2021b), and the effects of vaccination waning and boosting on
case loads (Childs et al., 2021). All of these estimates can then be used
with mathematical models that estimate the impact of COVID-19 on
healthcare systems (Betti et al., 2021a).

Mathematical modelling has also been used to model SARS-CoV-2
in-host infection dynamics. Mathematical models at the in-host level
can estimate parameters and outcomes that may be difficult to measure
at the population level. For example, SARS-CoV-2 in-host models have
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been used to model the immune response generated by vaccines, to
predict which populations vaccines are likely to impact most (Korosec
et al., 2022) as well as determine significant immunological timescales
of the vaccines (Moyles et al., 2022), to estimate the efficacy of vac-
cines in individuals (Farhang-sardroodi et al., 2021), model T cell and
cytokine dynamics (Gholami et al., 2023), and model T cell dynamics
and cytokine secretion in mild, moderate and severe cases of COVID-
19 (Lin et al., 2022). A major focus of SARS-CoV-2 in-host modelling
has been understanding viral load dynamics: examples include cor-
relating viral load with mortality (Néant et al., 2021); linking viral
load dynamics with host transmission (Goyal et al., 2021; Marc et al.,
2021); understanding the effects of antiviral therapy on the shedding
dynamics (Goyal et al., 2020); assessing individual-level heterogeneity
in mild cases (Ke et al., 2022); and relating viral load with viral
replication and the immune response (Challenger et al., 2022).

Recent studies have found that viral load levels in the upper respira-
tory track are similar in symptomatic and asymptomatic individuals (Ra
et al.,, 2021), and further, that viral load can vary by five orders
of magnitude and yet still display no correlation with disease sever-
ity (Challenger et al., 2022). In contrast, others have reported that
high viral load titres are correlated with an increase in mortality as
well as disease severity (Pujadas et al., 2020; Fajnzylber et al., 2020;
Huang et al., 2020; Tsukagoshi et al., 2021; Westblade et al., 2020),
suggesting that case severity (hospitalized versus non-hospitalized) may
be an important factor in viral load. Furthermore, the time-to-peak, as
well as magnitude of peak viral load, are informative in understanding
the probability of transmission and when transmission is likely to occur
throughout the course of the disease (Pan et al., 2020; Pujadas et al.,
2020; Singanayagam et al., 2022). Correctly characterizing viral load
dynamics with an accurate mathematical model is critical in accurately
predicting disease outcomes and transmission dynamics.

It is important to note that SARS-CoV-2 in-host viral load studies can
include cohorts of various sizes, in which individual shedding dynamics
are collected at various points in time throughout the disease time-
course and across the pandemic, both temporally and geographically.
In addition, due to difficulties inherent in early data collection, many
studies capture limited dynamics of the trajectory of viral load within
a single individual. Using mathematical modelling and statistical fit-
ting methods, in-host models and parameter estimation, relationships
between different viral load data sets can be uncovered.

In the current study, we curated three previously published viral
load data sets for which temporal viral load trajectories were avail-
able (Néant et al., 2021; Jones et al., 2021; Goyal et al., 2020), and fit
each data set to a series of target-cell limited in-host models. The data
sets used consist of primarily hospitalized individuals, and vary in size
from 25 to 4344 individuals. Fitting these data sets to the same set of
in-host models allows us to quantify the reliability and reproducibility
of fitted parameter values, both within and among studies. We are also
able to address how real-world constraints such as data sets containing
fewer individuals, or data sets in which the peak response was not
captured, affect the uncertainty of the fitted parameters and estimated
reproduction number, R,

Previous SARS-CoV-2 in-host studies have employed an
exponentially-distributed eclipse phase to describe viral load dynam-
ics (Néant et al., 2021; Goyal et al., 2020; Gongalves et al., 2020, 2021;
Wang et al., 2020; Marc et al., 2021). The eclipse phase is included
to model the delay between successful target cell infection and the
production of virus; biologically, the input virion is “eclipsed” by the
cell, initiating a multitude of processes that ends when the cell is able
to productively bud new virions. The mean duration of this process,
referred to as the mean eclipse time, varies between diseases, cell
types, and most likely across various strains of the same virus. For
example, the length of the eclipse phase for influenza virus has been
found to vary between 6 to 12 h depending on the strain (Baccam
et al., 2006a; Holder and Beauchemin, 2011; Pinilla et al., 2012; Simon
et al.,, 2016). The probability distribution for duration of the eclipse
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phase takes into account the multiple timescales for the succession of
biological mechanisms that end in viral budding, and also accounts for
the stochastic variability inherent to these processes (Kakizoe et al.,
2015). Incorporating a single eclipse compartment, as done in previous
SARS-CoV-2 viral load studies (Néant et al., 2021; Goyal et al., 2020;
Goncalves et al., 2020, 2021; Wang et al., 2020; Marc et al., 2021),
implicitly assumes an exponentially-distributed eclipse duration. Bio-
logically, this corresponds to the unrealistic situation in which some
cells will instantaneously enter a budding state at the moment of infec-
tion, neglecting eclipse dynamics entirely. The probability distribution
for the eclipse phase duration for SHIV, for example, has been found to
best be described by a fat-tailed distribution (Beauchemin et al., 2017),
and for influenza by a normal or log-normal distribution (Holder and
Beauchemin, 2011). Therefore, another focus of this work was to fit
multiple published SARS-CoV-2 data sets to models with varying eclipse
time distributions to assess via log-likelihood estimators (including
penalties for additional parameters) if a particular model is preferred.
We further explore how the probability distribution of the eclipse phase
affects the reported R;, both through considering many different fits
to data with varying resolution, as well as analytically as the eclipse
phase distributions are varied from exponential to Erlang, including
comparing to no eclipse stage.

The main questions we address in this study are then two-fold: (1)
by taking viral load data sets of varying resolution, how well can one
estimate the standard parameters of the within-host model; in other
words, to what extent do these parameters suffer from practical iden-
tifiability concerns previously not discussed in the literature, and (2)
across all the data sets is there a preferred eclipse profile (as measured
by AIC/BIC) whereby the eclipse stages are chained together through k
exponentials with the mean eclipse time fixed to a literature-informed
value. Thus, (2) seeks to answer whether or not an exponential or
Erlang distribution is better suited to describe the eclipse profile.

2. Methods
2.1. Clinical data acquisition and summary

All viral load data sets used in this work were previously pub-
lished, the details of which are summarized in Table 1. At the time
when we initiated this study, an exhaustive literature review was
completed to find longitudinal, within-host SARS-CoV-2 data sets that
were either accessible through their published supplementary files or
easily digitizable (clearly resolved data points). If unavailable directly
from the published source, we digitized the data using the software
WebPlotDigitizer (version 4.5) (Rohatgi, 2021). All data sets are in
units of log;, copies per mL. For all data sets we fit to cohorts of
individuals, that is, viral load measures were grouped and fit separately
for each study, but not for each individual within a study.

The Goyal data set (Goyal et al., 2020), consisting of 25 individuals
whose viral load time courses were collected from a mix of throat
and nasopharyngeal swabs, was obtained from various sources: 11
hospitalized individuals from Singapore, median age 47 (31-73), symp-
tom onset ranging from January 14-30, 2020 (Young et al., 2020); 9
hospitalized individuals from Munich, Germany, described as young to
middle aged, symptom onset occurring in January, 2020 (Wolfel et al.,
2020); 1 hospitalized individual from South Korea, aged 35 years old,
symptom onset 18th of January, 2020 (Kim et al., 2020); 4 hospitalized
individuals from Paris, France, median age 46, symptom onset mid-
January, 2020 (Lescure et al., 2020). Measurement times in this data
set correspond to days after first positive test. For the fits to this data set
completed in this work, all values below the limit of 2 log;, copies/mL
were considered below the detection threshold and censored.

The Néant data set (Néant et al., 2021) includes data obtained
from 655 hospitalized individuals with a median age of 60. Viral load
measurements were collected via nasal swabs from February 5 to April
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Table 1
Summary of individual SARS-CoV-2 viral load cohorts used in this work.
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Reference Néant et al. (2021) Jones et al. (2021) Goyal et al. (2020)

Timeframe Feb. 5-April 1, 2020 Feb. 24, 2020-April 2, 2021 Jan. 23-Feb 23, 2020

Location France Germany (Berlin) Singapore, Germany, South Korea, France
Cohort size 655 4344 25

Number hospitalized 655 3475 25

Median age (range) 60 (48-72) 52 (29-74) 47

Acquisition method Nasal Sputum Nasal & Sputum

1 2020 in France, where measurement times correspond to days since
symptom onset.

The Jones data set (Jones et al., 2021) consists of viral load mea-
surements from 4344 individuals, 3475 of which were hospitalized,
with a median age of 52. Viral load measurements were acquired by
sputum swabs from February 24, 2020, to April 2, 2021 in Berlin,
Germany. Measurement times correspond to days since peak viral load.
We note that Jones et al. (2021) report on a much larger data set
consisting of 25,381 individuals, but for this work we only considered
the subset of those (n = 4344) for which viral load time courses
were available. Jones et al. (2021) report that 80% of the 4344 were
hospitalized.

The measurement times in the Goyal data set, Neant data set, and
Jones data sets are “days after first positive test”, “days since symptoms
onset”, and “days since peak viral load”, respectively. To estimate the
initial time of infection, ¢, for each data set, the data points are shifted
such that the first data point is at time 0. Therefore, 7;,, is such that
Linp <O.

2.2. Target-cell limited model

To model the within-host dynamics of SARS-CoV-2 viral shedding
we use a target-cell limited model similar to that previously used to
model influenza A (Sigal et al., 2018) and SARS-CoV-2 (Néant et al.,
2021; Gongalves et al., 2020). The model includes target cells (y,),
productively infected cells (y5) capable of budding infectious virus (v)
and non-infectious virus (w), and non-productively infected cells in
the eclipse state, which is extended to include k eclipse stages (y;).
Target cells are assumed to be infected by infectious virus at rate «
(mL d~! copies™!). Newly infected cells enter the eclipse phase. We
consider a range of eclipse time distributions, each of which has a
mean duration that is fixed to % days. In particular, we extend the
typical one-compartment model, which yields exponentially-distributed
eclipse durations, to a linear chain of k eclipse stages (Hurtado and
Kirosingh, 2019), yielding Erlang-distributed eclipse durations with
shape parameter k. At the end of the eclipse phase, infected target
cells enter the productively infected cell class, yp. These cells have
a constant loss rate D (d~') and produce virions at rate B (%)
Following the SARS-CoV-2 modelling work of Néant et al. (2021), we
assume that a fraction, e, of virions are infectious, and the remaining
(1-¢) are non-infectious. Both infectious and non-infectious virions are
cleared at a constant rate of C (d~'). Similar to previous SARS-CoV-2
modelling work (Goncalves et al., 2020), we include in our model a
term for loss of infectious virus due to virus entry, ay;v. A schematic
of this target-cell limited model is shown in Fig. 1a, and is given by the
following system of ordinary differential equations:

d
Target cells : % = —ayrv (1a)
. . dy
Eclipse stage 1 : - Savrv- (D + kE)y, (1b)
. dy; .
Eclipse stage 2..k : a =kEy;_; —(D+kE)y;, j=2.k (1)
d
Budding : % =kEy, — Dyg 1d

Infectious Virions : % =eByp —ayrv—Cv (1e)

Non-infectious Virions : a;—l;} =(1-€)Byg —Cuw. (@8))

We also consider a reduced model with no eclipse phase; in this
case newly infected cells instantaneously become productively infected
(budding) cells. The no-eclipse model is:

Target cells : dstT = —ayrv (2a)

Budding : ddLIB =ayrv— Dyp (2b)

Infectious Virions : d_lt] =¢eByg —ayyv—Cv (20)
Non-infectious Virions : a;—l:) =(l —¢e)Byg — Cuw. (2d)

2.3. Assumptions on initial conditions and parameter values

For each cohort fit, we assume an initial time of infection #;,¢ (days),
where t;,¢ < 0, and where 7,¢ is determined through fitting with bounds
on the fit of 0-14 days. Thus f;,; represents an expected initial time of
infection for the cohort and the standard error in the estimate of this
parameter may reflect heterogeneity in initial times across individuals.
We assume an initial target cell concentration of 1.33 x 10° cells mL~!
as used in previous studies (Gongalves et al., 2020; Néant et al., 2021;
Baccam et al., 2006b). This value is obtained by assuming the upper
respiratory tract contains 4 x 108 cells distributed evenly in a volume
of 30 mL, and where only 1% of the cells express the ACE2 receptor
associated with viral entry (Dinh et al., 2021). We assume an initial
condition of one productively infected cell in the upper respiratory tract
(yg =1 cell/30 mL). The initial condition for all y i eclipse states is 0.
The initial number of infectious and non-infectious virus particles is
assumed to be 0.

We assume the proportion of produced infectious virions to be
fixed at ¢ = 10~*, which was determined to be the upper bound in
SARS-CoV-2 infection in non-human primates (Gongalves et al., 2021);
non-infectious virions are therefore produced at rate (1—¢). SARS-CoV-2
viral titres have been measured as soon as 2 h post infection (Agostini
et al., 2018); as not all parameters in the model can be fit, we fix the
mean eclipse duration to 1/E = 0.2 days, which corresponds to viral
production beginning, on average, 4.8 h after cell infection. For each
cohort we fit the parameters a, B, C, and D. A summary of all parameter
assumptions and initial conditions can be found in Table S1.

We note the lack of parameter assumptions regarding SARS-CoV-
2 virion clearance, captured by parameter C, in this work. Previous
SARS-CoV-2 target-cell limited modelling work typically fix C to 10
d~! (Ke et al., 2022; Gongalves et al., 2020; Néant et al., 2021; Marc
et al., 2021; Goncalves et al., 2021) or 15 d~! (Goyal et al., 2020). In
these previous studies, the justification for fixing C is not made explicit,
and often the trail of references for justification lead to confusing
justification for SARS-Cov-2. For example, Ref. Gongcalves et al. (2021)
fix C to 10 d~! citing consistency with human influenza virus data
fits from Ref. Baccam et al. (2006c), despite the fact that Ref. Baccam
et al. (2006¢) find an average C of 3 d~! ranging from 2.1-4.2 d~!
without delay, and 5.2 d-! ranging from 2.2-13.5 d~! with delay.
Ref. Gongalves et al. (2020), a study on humans with SARS-CoV-2, fix
C =10 d-! citing consistency with Zika virus clearance in nonhuman
primates (Best et al., 2017). However, Ref. Best et al. (2017) in turn
fixed C to 10 d~! in their work citing C = 10 d~! had the lowest BIC
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Schematic of target-cell limited model (Eq.1)
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Fig. 1. Schematic of target-cell limited model described in Section 2.2.

when varied across the range 5-15 d~1, thus, they perform an informed
model-fit approach to estimate a physiologically reasonable value of C
for Zika virus in order to fix that value in subsequent fits reported in
the main text. We find no strong structural or practical identifiability
arguments in the literature requiring C to be fixed when fitting to viral
load data. Therefore, a secondary goal of this work is to determine
how data resolution, e.g. whether or not peak or pre-peak dynamics
are resolved, affect how well the parameter estimates are constrained
to the data sets, and further, to determine if fixing C = 10-15 d~! is
reasonable for SARS-CoV-2 in humans.

2.4. Parameter estimation and fitting assessment

All fits to Eq. (1) were performed in Monolix 2020R1 (2020) (Ver-
sion 2020R1) using non-linear mixed-effects models. Individual param-
eters for each data set are determined by the maximum likelihood es-
timator Stochastic Approximation Expectation-Maximization (SAEM),
and all fits met the standard convergence criteria (complete likelihood
estimator). For all data sets we fit the parameters a, B, C, D and
tint> and all parameters were assumed to be log-normally distributed.
Further details of the fits, including priors, population values, and
random effects, are given in Table S1.

2.5. Sensitivity and error analysis

We report residual errors assuming a ‘combined’ error model,
whereby the error term in the observation model is composed of a con-
stant fitted term and a term proportional to the structural model (Mono-
lix 2020R1, 2020).

We perform sensitivity analysis to characterize the response of
model outputs to variation in the fitted parameters as well as the
fixed parameter, E. Latin Hypercube Sampling (LHS) and Partial Rank
Correlation Coefficient (PRCC) (McKay et al., 2000) are employed to
study the effects of model outcomes on the peak value of each state
variable.

An independent error analysis is also completed to complement the
fit errors found by Monolix. Here we compute the mean standard error
between the curve produced by the target-cell limited models and the
Jones data set (Jones et al., 2021). For each set of fitted parameters,
for each value of k, the mean standard error is computed by

osg =V, =J ), 3

where V; = log [v(r) + w(?)] and J(7) is the average value from the Jones
data set at time 7. To compute o5, we bin the Jones data in 0.5 day
intervals, where the data in each interval is averaged.

k =1 (exponential) =

=[2...10] (Erlang) |
>
=
7]
c
(3]
©
>
=
=
3]
sl
o
o

| |
0.00 0.05 0.10 0.15

Eclipse phase duration

Fig. 2. Eclipse duration distributions are shown for k = 1 (exponential, red line) and
k =2...10 (Erlang, grey lines). For k = 1, a substantial fraction of cells have near-zero
eclipse times; this issue is resolved for k > 1.

3. Results
3.1. Cohort-dependent variation in viral load dynamics

A schematic illustrating our model for k > 0 is shown in Fig. 1.
Differences in eclipse duration distributions are shown in Fig. 2 for
all kK models. Fig. 3a depicts the timeline of the studies used in this
work, which range from January 2020, to April 2021, and also vary
both geographically and in cohort size (details provided in Table 1).

Examples of fits to all data sets are shown in Fig. 3b-d. In Fig. 3e we
report, as a function of k, three different log-likelihood fit criteria: AIC
(Akaike information criterion), BIC (Bayesian information criterion),
and BICC (corrected Bayesian information criterion). Noting that a
lower log-likelihood criterion suggests a more preferred model, we find
non-monotonic behaviour in all criteria as a function of increasing k.
The BIC, BICC, and AIC all increase from k = 0 to k = 1, and then
decrease to a minimal plateau from k = 2 to k = 8. We find that
from k = 8 to 10 the BIC and BICC values are approximately constant,
while the AIC displays a slight increase at k = 9. Irrespective of the
log-likelihood criterion used, the best fit occurs when k = 3. However
values of all the log-likelihood parameters are within ~2 units of the
minimum log-likelihood for k = 2 through k = 8, suggesting that models
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Fig. 3. (A) Timeline of viral load studies used in this work. Further details about each
study can be found in Table 1. (B)-(D) log,, viral load and examples of cohort fits for
each data set used in this work. (E) Log-likelihood criteria for best fit as a function of
number of eclipse stages, k. The value of each criterion at k = 0 has been subtracted
for visual comparison.

with two through eight eclipse stages cannot be rejected as being the
most appropriate model to fit these data (see Discussion for further
details).

In Fig. 4 we plot the best fit parameter values as a function of k for
the Goyal data set, Jones and Néant cohorts, while Fig. S1 displays the
estimated time of infection, ;. The error bars in Fig. 4 show the resid-
ual error for each parameter determined by the fit (Monolix 2020R1,
2020), and open symbols give the mean and standard deviation of best
fit parameters across all accepted models (k = 2...8). The best fit values
of each parameter for each data set, as well as the mean and standard
deviation across all k values, are provided in Table S2.

A general conclusion from Fig. 4, consistent with the results from
the log-likelihood criteria, is that best-fit parameter values for k = 0
and k = 1 can vary substantially from best-fit values obtained for
k > 2. Focusing on the results from accepted models (open symbols)
we see that the estimated budding rate, ¢B, is fairly similar across
cohorts, and is relatively insensitive to k for k > 2. The best-fit values
of « and D are also relatively robust to changes in k for k > 2, but
vary substantially across the different cohorts. Finally, the parameter
C shows substantial variability among cohorts, and within each cohort
shows a high sensitivity to k.

The estimated initial infection times, #,,,, for each model are pro-
vided in Fig. 1. Little variability is found amongst the Goyal and
Jones data sets, however, the estimated 7, for the Goyal data sets are
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consistently near the allowed boundary for #,,, at 14 days prior to the
initial measurement. #,, » for the Neant data set is found to vary between
11 and 13.5 days prior to the initial data point.

A Partial Rank Correlation Coefficient sensitivity analysis is per-
formed to assess how model fit parameters affect the peak response
from each state variable, the result of which is shown in Figure S5.
We find the sensitivity analysis to reveal intuitive trends based on
the model structure for all fitted parameters. LHS parameters close
to +1/-1 indicate strong influence on the outcome measure, where
negative values suggest the parameter is inversely proportional to the
outcome measure, and PRCC values whose magnitude is greater than
0.5 are considered important (GomeroBoloye, 2021). We find peak v
and w have positive PRCC values of ~1 for the budding rate, B, and
less than —0.5 PRCC values for the clearance and cell removal rates C
and D, respectively. We also find the y, peak to have a PRCC value of
less than —0.5 for the cell removal rate, D.

To qualitatively visualize parameter influence on viral load esti-
mates, we vary each parameter around the mean-determined values
across all accepted fits, keeping each parameter within physiologically
reasonable bounds. The result of which is shown in Fig. 6.

3.2. R, Analysis

The basic reproduction number, R, is defined by the average
number of secondary infected cells resulting from a single infected cell
in a population of susceptible cells at the beginning of infection (Diek-
mann and Heesterbeek, 2000; Diekmann et al., 2010; Heffernan et al.,
2005). Following the method of Diekmann and Heesterbeek (2000)
and Diekmann et al. (2010), we derive R, for our target-cell limited
model (Eq. (1)) for k eclipse phases (k > 1) assuming initial disease-free
equilibrium conditions (see supplementary material for calculations of
the disease-free equilibrium). For R, corresponding to Eq. (1) we use
the notation R{>". We find RS> to be

eaByr, (KE)* eaByr,

k>0 _ =
Ry = D(ayr, +C) (D +kE)* — D(ayr, +C)S(k) @

where S(k) denotes the probability that an infected cell survives all k&
eclipse stages, since the probability of maturing through a single eclipse
stage rather than dying is given by kE/(kE + D). In the limit of k =0,
corresponding to Eq. (2), R(’;:O is found to be
eaByry,

Rk=0

0 7 Dlayy, +C) )

Thus, Rg>0 = RSZOS(k). Therefore, the effect of the eclipse phase on the
basic reproduction number is simply to reduce R, by S(k).

Fig. 7a displays RE=" and R} as a function of the number of eclipse
stages, k, for all three data sets. We find the Néant and Jones data sets
to have estimated R, values of ~10 and ~17.5 across all accepted model
fits (k = 2...8). As reflected in the best-fit parameter estimates, the use
of k = 0 or k = 1 can result in markedly different predictions for R; this
is particularly striking in the Néant data set. The R, estimate obtained
for the Goyal data set shows substantial sensitivity to the choice of k,
which may be a result of the small cohort size, and limited number of
data for this study.

To gain further insight into the influence of the fitted parameters a,
B, C, and D on R, with increasing k, we compute R}’ = lim,_,, R(’;>0.
Using a straightforward application of L’Hopital’s rule, we obtain

(KE)*

RY = lim RE™0 = R{™ lim S(k) = R{™ lim ———— = R

D
k=0,=F .
0 k-0 k—oo (D + kE)k 0

e

(6)

Fig. 7b shows the approach of S(k) to the limiting value of e_%
given parameter values D and E of 0.32 and 5 d~!, respectively.
This figure shows that as the number of eclipse stages increases, S(k)
monotonically decreases towards the e” £ limit.
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Fig. 5. Estimated time of infection, #,,,, for the Neant, Goyal, and Jones data sets for
all k eclipse stages.

We point to the narrow y-axis scale in Fig. 7b, showing that, for
the parameter values illustrated here, varying the number of eclipse
stages over a large range has a negligible effect on R,. In particular,
fixing E = 5 d~!, and taking D = 0.29, 0.32, or 0.48 as estimated for
the Néant, Jones and Goyal studies respectively (Table S2), changing k
from O to the limit as k — oo, we find a maximum percent reduction in
R, of 5.3, 5.8 and 8.3% in these three studies, respectively.

Although R, is relatively insensitive to k at fixed parameter values,
we also note that as k changes, the best-fit parameter values may also
change. Nonetheless as seen in Fig. 7a, estimates for R, are relatively

insensitive to k for the Jones and Néant data sets across the accepted
models (k = 2...8).

In Fig. 8 we plot Ry as a function of «, ¢B, C, and D. Coloured
regions highlight the standard deviation of parameter estimates across
all models for best-fit parameters for each of the three data sets, while
the solid coloured vertical lines are the mean parameter estimates. The
steepness of the curve in each region thus reflects the sensitivity of
R, to changes in each parameter. For example we find that the best-
fit a values from the Goyal cohort lie in a region of parameter space
where changes in « have little effect on R,, whereas slight changes
in the a value estimated for the Néant cohort may appreciably affect
R, (Fig. 8a). Clearly R8° (Eq. (6)) has a linear dependence on B with
constant slope. Thus, variations in B for any study would lead to a
similar shift in R, (Fig. 7b). Ry monotonically decreases as a function
of both C and D; the Goyal fits are found to have the highest values for
both parameters, whereas the Néant and Jones fits have quite similar
values for all k. Thus, this analysis suggests that the larger values of R,
estimated for the Goyal cohort may be largely attributed to the larger «
values estimated for that data set, as compared to the Néant and Jones
data sets (Fig. 4a).

4. Discussion

We employed a series of target-cell limited models accounting for
infected cell budding, a loss rate of infected cells, differing eclipse
stage dynamics, and infectious and non-infectious virion production
and clearance. We fit these models to three previously published SARS-
CoV-2 viral load cohorts comprised of mostly hospitalized individuals:
Néant et al. (2021) (n = 655), Jones et al. (2021) (n = 4344) and Goyal
et al. (2020) (n = 25). We varied the number of eclipse stages, k, from
0 (Eq. (2)) to 1-10 (Eq. (1)), where all fits consist of the same number
of fitted parameters, and begin with similar priors (See Table S1 for
this information). All fits were completed in Monolix 2020R1 (2020)
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by D.

which employs the SAEM algorithm, and all fits met the log-likelihood
convergence criteria (see Methods for details).

Eclipse dynamics capture the inherent delay between the moment
that a virion infects a target cell and the time at which the cell begins
to bud new virions. A single eclipse compartment (k = 1) yields an
exponentially-distributed eclipse duration, and is often implemented
in in-host models as the simplest way to incorporate an eclipse stage
(see Perelson and Ke (2021)). This “simplest approach” to model
development is an important guiding principle, particularly when faced
with noisy, real-world clinical data. Increasing the number of freely
fit parameters can lead to overfitting and may potentially introduce
identifiability issues; interpreting the biological consequences in the
resulting parameter fits becomes more difficult or impossible. Although
extending the model from k = 0 to k = 1 involves introducing a new
parameter — the eclipse rate E — we fixed this parameter based on
previous SARS-CoV-2 literature (Agostini et al., 2018) for all k¥ > 0 to
allow for a more fair comparison between models for k = 0 and k > 0
and to avoid structural identifiability issues (discussed below). Thus,
we fit the same number of parameters, each with consistent priors, for
all models.

While the lowest AIC obtained among a group of candidate models
(AIC,,;,) indicates the most preferred model, the amount by which the
AIC of a particular model exceeds this minimum (4AIC = AIC - AIC;,,)
is a key parameter in accepting or rejecting candidate models. A value
of AAIC of less than 2 reflects ‘equal support’ for the two models. 4AIC
of 2-10 is considered ‘substantial support’ for the less preferred model,
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while AAIC of 10 or more reflects ‘essentially no support’ (Burnham
and Anderson, 2004). For our models, all three log-likelihood criteria
increase substantially from k = 0 to k = 1, followed by a decrease
to a near-equivalent preference for k > 2. We find that k = 3 is the
most preferred model with the lowest AIC (Fig. 3e). Values of AAIC for
k = 2..10 (excluding 3) vary between 0.4 (k = 4) and 3.4 (k = 9).
Thus, although k = 3 results in the lowest AIC, all ¥ > 1 models
considered in this study are either considered ‘equivalently preferred’
or have ‘substantial support’ as an acceptable model. For k = 0, 4AIC
= 4.8, suggesting that the inclusion of an eclipse phase is justified in
fitting these data. However for k = 1, 4AIC = 24.4; thus the use of a
single eclipse compartment (exponentially-distributed eclipse duration)
can be strongly rejected.

The finding that models containing k > 1 eclipse stages are preferred
over k = 1 suggests that the eclipse duration is not best-described by an
exponential distribution; rather, for k > 1 in Eq. (1) the eclipse stage
duration is described by an Erlang distribution identified by its shape
and scale, with a shape parameter greater than one. For illustrative
purposes, in Fig. 2 we plot the distribution of the eclipse duration
for k = 1 through to k = 10. One can see that the eclipse duration
distribution for k = 2 resolves the major issue raised previously in
modelling SHIV (Kakizoe et al., 2015), namely, that with an exponen-
tial distribution, many cells instantly begin budding at the moment of
virion attachment to the target cell. For k > 1, this issue is resolved
as the probability of an eclipse duration of zero is not possible. We
conclude that the simplest model that provides a statistically acceptable
fit to the data has a shape parameter of at least k = 2, and find the
strongest support for k = 3.

Our finding that a target-cell limited model with £ > 1 has more
support compared to that with k = 1 mirrors findings for model fitting
of other in-host infections (Beauchemina et al., 2012; Rong et al.,
2007; Maziane et al., 2015; Kakizoe et al., 2015). For example, recent
rigorous modelling of the within-host kinetics of Orthohantavirus also
concluded that k > 1 yielded more preferred models, where k = 3
was also found to have the strongest support (Adams et al., 2022).
Further, two-parameter distributions, such as Weibul, are considered
more appropriate when stochastically modelling eclipse waiting times,
where eclipse waiting times have been shown to have a significant
affect on viral co-infection (Vafadar et al., 2021).

Despite these strong arguments for using k > 1 eclipse stages, we
also analytically explored how varying k alters R,. We found that, as
the number of eclipse stages k increased, R, converged to R’(;:Oe_%
We also found that, for our model parameter values for D and E
corresponding to the Jones, Néant, and Goyal data sets, the maximum
decrease in R, as k — oo is ~5%-8%. Thus previous studies of SARS-
CoV-2 that assume a single eclipse compartment (k = 1) may see
little impact on estimated R, values if they were to instead use k > 1
eclipse stages (assuming the values of other fitted parameters remain
constant). Indeed, where we consider fitting models consisting of one
to ten eclipse stages, for our Jones fits (where n = 4344), we find very
little variability in R, across all k eclipse stages (Fig. 7a), and with the
exception to k = 1, we find little variability with k in R, estimated for
the Néant data (n = 655) as well. We discuss the highly variable R,
estimated for the Goyal (n = 25) data set in more detail below.

The Néant data set consists of 655 SARS-CoV-2 positive hospitalized
individuals with samples acquired between February and April of 2020
in France. The Jones data set consists of 4344 individuals from Berlin,
80% hospitalized, with samples acquired over a much longer time
frame from February 2020 to April 2021. Thus, the Jones data set,
consisting of more individuals, will not only have captured greater
heterogeneity in SARS-CoV-2 in-host viral load dynamics (such as
clearance and peak dynamics) but will also reflect a myriad of variants
that swept through Germany over the course of 2020-2021. While the
mean R, we estimate using the Néant data set was 9.4, we find the
mean R, for the Jones data set to be 17.1. Referring to the best-fit
parameter estimates in Fig. 4, we see that the higher R, computed for
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the Jones fits is driven in part by a higher estimate of « for this data set.
This higher attachment rate might be related to the increased infectivity
of variants that emerged later in 2021 (Baric, 2020; Cai et al., 2021).
There are two types of identifiability concerns: structural and prac-
tical. Structural identifiability methods are used to determine whether
each model parameter has an effect on the model output, whereas prac-
tical identifiability attempts to quantify whether the estimated model
parameters are well-constrained by the various data sets to which they
are being fit (Sher et al., 2022). For this work we were particularly
interested in exploring the reliability of model parameter estimation
from low resolution data, where initial and peak dynamics may not
have been captured. Consider the Goyal data set, which includes 25
individuals; times in these data correspond to days after a first positive
test. It is known that symptom onset is correlated with peak infectious
load where for SARS-CoV-2 symptoms have been shown to begin within
1 day of peak viral load (Stankiewicz Karita et al., 2021). Typically
individuals will not seek testing until after symptoms have begun, thus,
the Goyal data set likely captures late-stage dynamics, past the peak
of infection; this conjecture is supported by the fact that the maximum
viral load in this data set is considerably lower than that observed in the
other data sets. This limited data resolution poses an issue when trying
to estimate parameters, such as the budding, clearance and per-target
cell attachment rate, which are particularly important during the early-
stage dynamics, as well as the initial time of infection. To illustrate
the importance of sampling timescales on parameter estimation, we
varied parameters for model Eq. (1) around the mean values estimated
for Jones et al. (2021) to show their relative influence over the viral
load dynamics (see Fig. 6). We observe that parameters B and C have
a very similar influence over the slope of the initial rise in viral load.
Similarly, E and « both influence the time to peak. Finally, we note that

the post-peak slope remains at the same slope when any of these four
parameters are changed; only D changes the slope of viral load decay.
These conclusions are mirrored in the PRCC analysis (Fig.S5), which
demonstrates that B, C and E strongly affect the peak viral load, while
parameter D influences the peak density of budding cells.

If initial and peak infection dynamics are not present, it is therefore
difficult to estimate parameters without also considering parameter
bounds and literature-informed priors: there are considerable practical
identifiability concerns for all parameters that govern the rise towards
the peak, and peak placement in time. For data sets that do not capture
the peak viral load, valid estimates of the parameter D should be
possible, but the other parameters may not be uniquely identifiable.
Practical identifiability issues lead to parameter variations that lead
to considerable variation in R, values, as particularly evident for the
Goyal data set fits, where R, range from 18 to 36.5 as k changes
(see Fig. 7). Such variation in fits from low-resolution data have been
reported in a previous TEIV study comprised of 13 SARS-CoV-2-positive
individuals (Goncalves et al., 2020). Goncalves et al. (2020) determine
an R, of 8.6, but also report a large range of values of 1.9-17.6. We
propose that the large range of R, values is due to the absence of peak
viral load data leading to a myriad of practical identifiability issues
amongst the fitted parameters.

Are the parameters of our model uniquely identifiable in principle,
given enough data? To address this question, we non-dimensionalize
Eq. (1) (Egs. S16). We find, in the limit of infinite data, only three out
of four of the parameters ¢ B, C, D, and E are independently identifiable
where the ratios %, g, and g can be determined. However, in order
to fit the reduced system of equations to data, both the time scaling
(which involves C) and the viral load scaling (which involves a) are
necessary. Thus, all the parameters are, in principle, meaningful to the
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data fitting performed. To improve precision given limited data, one
approach is to place bounds, or simply fix, particular parameters based
on the relevant literature. In this work, for example, we limited #;,¢
to a maximum of 14 days, similar to Néant et al. (2021), and also
fixed the mean eclipse duration, % Placing bounds on 7, implicitly
places bounds on parameters that govern the rise to the peak, such as
B and C (See Fig. 6). Taken altogether, Figs. 6, 4, and our parameter
reduction analysis suggest that C is particularly hard to identify in these
data, and cannot be quantified with precision particularly with both
limited data capturing post-peak dynamics and while also seeking to
fit B and D. We were therefore motivated to study how well we can
reliably determine C from various data sets with varied pre and post-
peak resolution, and to compare our results with previous fitted values
from both the SARS-CoV-2 and influenza literature.

Given the above concerns raised with both practical and structural
identifiability in the model fit, we next motivate our findings for the
clearance rate, C (Fig. 4C). We find the mean C values across our
accepted fits (k > 1) to be 34.8 + 8.1, 18.5 + 8.5, and 24.1 + 7.0
for the Goyal, Jones, and Neant data sets, respectively. Pawelek et al.
(2012) fit a TEIV model to influenza viral load data where peak-viral
load dynamics were resolved in n = 6 horses, and fit an average C of
15 d~! ranging 5.8-20 d~!. Similarly, Baccam et al. (2006c) fit a TEIV
model to influenza viral load data where peak-viral load dynamics were
resolved in n = 6 humans and find an average C of 5 d~! ranging from
2.2-13.5 d~'. Thus, a fixing C to 10 or 15 d~! is not unreasonable.
Where the Jones data set contains a full profile of viral load dynamics,
particularly peak and pre-peak resolution, we believe the C estimate of
18.5 + 8.5 to be physiologically reasonable estimate for SARS-CoV-2.
Our full range of viral clearance rates across all fits are also comparable
to HIV-1 and HCV viral load clearance in humans, which has been
found to broadly range from 9.1-36 d~! and 5.5-9.9 d~! for HIV-1 and
HCV, respectively (Ramratnam et al., 1999).

We next compare and discuss our estimated time of infection, t;,,
(Fig. 5, Table S2). A reasonable t,,, can be inferred by computing
the total time of infection, estimated by the difference in estimated
time of initial viral load detection and the time at which viral load
drops below the detection threshold. In the Jones data set, where
viral load data is highly resolved, the total time of infection can be
as long as 40 days (Fig. 3, Jones data). We can also get an estimate
of infection times from the literature. Time to viral clearance from
infection (defined around time of symptom onset) through to first neg-
ative PCR test has been found to be 20(17-21) days amongst children
and 23(20-15) days in adults (Sandoni et al., 2022). In another study
using viral load to estimate incubation periods, 7;,, was found to vary
considerably from 2.65 to 12.99 days, with the total course of the
infection (by a qualitative estimate from Ref. Ejima et al. (2021), Fig.2)
to be approximately 30-35 days. The estimated total time of infection
from our Goyal and Neant fits, where 7,,, is estimated from post-peak
dynamics, are approximately 30 + 1 and 45 + 3 days, respectively,
across all k fits. These total infection times compare well to expected
values from the literature. Our total infection times differ from those
previously published by Goyal et al. (2020) who find ¢, to vary from
1.32 to —7.58 days (demonstrating a total absolute range of 8.9 days).
Differences between our t#,,, estimates as well as variability within
those estimated by Goyal et al. outline practical identifiability concerns
when fitting to low-resolved data, and may further be exacerbated by
differences in model structure. We also note that while the total time of
infection predicted for the Neant data set is reasonable, this is achieved
in the model because #,,, is estimated to be 11-13.5 prior to symptom
onset. This suggests, that #,, , must be more strictly bounded, or fixed, in
the Neant data set where peak dynamics are not resolved. As mentioned
in the methods, we bound 7;,, to be between 0 and 14 days, as done in
previous modelling work (Néant et al., 2021). This boundary is based
on previous work which found the median incubation period of SARS-
CoV-2 in humans to be 5.1 days, with 97.5% of individuals developing
symptoms within 11.5 days (Lauer et al., 2020). Although Néant et al.
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(2021) determine their best-fit (lowest BIC) t,,, s to be 4.8 days, here, we
find for the Neant data set a value closer to 11 days. Since ¢ = 0 in this
dataset corresponds to the time of symptom onset, this would imply
an ~11 day delay between initial infection and symptom onset for
this cohort, which is still physiologically reasonable based on previous
literature (Lauer et al., 2020), however, far from the median value
of 5.1 days. We note, however, that the time between #,,, and our
predicted peak time is approximately 5 days; the peak however does
not align with ‘symptom onset’. We believe this result again suggests
t;,y must be more tightly constrained if it is to be fit for data lacking
viral load peak resolution.

While in-host modelling studies typically report residual errors (sen-
sitivity of parameter estimates to measurement error), here we also
carefully investigated the sensitivity of parameter estimates to model
structure (Fig. 4). We also examined the sensitivity of predicted time
courses (Fig. 6), the compound parameter R, (Fig. 8), the standard
error between model results and data (Fig. S2), and peak densities
(Fig. S3) to variations in parameter estimates. These sensitivity analyses
form a critical context for the interpretation of SARS-CoV-2 within-
host parameter estimates, and should help to inform future modelling
as more data become available. We conclude that cohort-dependent
variation in viral load dynamics can be caused by the quality of the
data set being fit, namely, whether or not peak and pr-peak viral load
trajectory information is present. Inherent differences in virus infection
dynamics amongst infected individuals is then very difficult to quantify
as many a priori assumptions must be made to limit or fix the model
parameters. Comparing fitted parameters across studies is then difficult
due to practical identifiability concerns with many parameters in the
TEIV model when peak viral load is not present. Furthermore, these
practical identifiability issues lead to difficulties reproducing previous
model results, despite employing similar model structures to similar
data sets.
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