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OPEN A biomathematical model of SARS-

CoV-2 in Syrian hamsters

Sibylle Schirm*?, Geraldine Nouailles?, Holger Kirsten®, Jakob Trimpert3, Emanuel Wyler*,
Luiz Gustavo Teixeira Alves*, Markus Landthaler*>, Peter Ahnert?, Norbert Suttorp?,
Martin Witzenrath?® & Markus Scholz?

When infected with SARS-CoV-2, Syrian hamsters (Mesocricetus auratus) develop moderate disease
severity presenting key features of human COVID-19. We here develop a biomathematical model of
the disease course by translating known biological mechanisms of virus-host interactions and immune
responses into ordinary differential equations. We explicitly describe the dynamics of virus population,
affected alveolar epithelial cells, and involved relevant immune cells comprising for example CD4+ T
cells, CD8+T cells, macrophages, natural killer cells and B cells. We also describe the humoral response
dynamics of neutralising antibodies and major regulatory cytokines including CCL8 and CXCL10. The
model is developed and parametrized based on experimental data collected at days 2, 3, 5, and 14 post
infection. Pulmonary cell composition and their transcriptional profiles were obtained by lung single-
cell RNA (scRNA) sequencing analysis. Parametrization of the model resulted in a good agreement

of model and data. The model can be used to predict, for example, the time course of the virus
population, immune cell dynamics, antibody production and regeneration of alveolar cells for different
therapy scenarios or after multiple-infection events. We aim to translate this model to the human
situation in the future.

Keywords SARS-CoV-2, Mathematical model, Immune response, T-cells, Macrophages, Natural killer cells,
B cells, Neutralising antibodies, CCL8, CXCL10

Due to continued high disease burden, there is pressing need to understand the pathomechanisms of SARS-
CoV-2. This includes mechanistic disease models to simulate and predict new therapy paradigms or schedules.
Difficulties lie in the high complexity of immune responses following SARS-CoV-2 infection and the heterogeneity
of disease manifestations in patients, reaching from no or mild symptoms to life-threatening disease conditions.

The quality and accuracy of prospective biomathematical models of virus-host interactions depend on the
quality and level of detail provided by the input data. A challenge remains here that particularly human lung
tissue, representing the site of infection, can usually only be sampled post mortem. Often, only viral load data are
available from patients to inform model parameters. Despite these limitations, some in-host models have been
developed since the disease emerged in 2019. For example, Hernandez-Vargas and Velasco-Hernandez! reviewed
existing work comprising models of target cells only or simple models of immune response. Model results were
partly compared with patient’s viral load data from literature resources. Another target cell limited model can
be found in Abuin et al.%, and the effect of different antivirals on viral load is modelled in®. Several modelling
approaches were also discussed in Perelson and Ke*. The modelling of Sanche et al.® considers infected cells
carrying pathogen-associated molecular patterns and damaged cells producing damage-associated molecular
patterns regarding severe or mild disease progression. Models of SARS-CoV-2, MERS-CoV, and SARS-CoV
with different therapy approaches are analysed and compared with patient’s viral load data in Kim et al..

The model analysed by Almocera et al.” describes interactions of the virus and effector T cells. Du and Yuan®
proposed a model of COVID-19 including interactions between host innate and adaptive immune responses
without experimental data and compared it with an influenza virus disease model. The impact of different virus-
host interactions on the outcome was also modelled in Sahoo et al.® without supporting data.
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Mochan et al. study an ordinary differential equation model of interactions between virus, infected and
healthy epithelial cells in the upper and lower respiratory tracts, global levels of pro-inflammatory and anti-
inflammatory mediators, and damage. The effects of anti-inflammatory and antiviral drugs were simulated.
Parameters were fitted to experimental data (viral RNA levels in nasal cavity and lungs, IL-15, and clinical
symptoms scores from rhesus macaques.

Reis et al.!” propose a comprehensive model of immune response and cytokine release in severe disease,
supported by patient data of viral load, IL-6, IgG and IgM. Voutouri et al.!! developed a comprehensive model of
SARS-CoV-2 infection, including the renin-angiotensin system and ACE2, viral load, immune cells, cytokines,
oxygen saturation and the coagulation cascade. This model is compared with clinical data of serum Ang-2 and
IL6 levels, neutrophils, CD8™ T cells, and viral load.

Li et al.!> developed a within-host viral dynamic model of SARS-CoV-2, compared results with chest
radiograph score data and estimated the basic reproductive number in hosts. This model is further analysed by
Nath et al.'>. Sumi and Harada!* presented a comprehensive model of SARS-CoV-2 infection including innate
and adaptive immunity. This model considers age-related risk factors for the development of severe COVID-19,
supported by patients viral load and immunoglobulin concentration data from the literature. Another model
of innate and adaptive immune response, antiviral treatment and vaccination is proposed by Ghosh!>. Model
results were again compared to viral load data from the literature.

Challenger et al.'é described a mechanistic model of the upper respiratory viral load dynamics during SARS-
CoV-2 based on viral load data from the literature. A model of interactions between susceptible epithelial cells,
infected epithelial cells, viral load, natural killer cells, and T-lymphocytes is analysed by Chowdhury!”. Chatterjee
etal.'® modelled infected cells, the strength of CD8 T-cell response, the strength of the cytokine-mediated innate
immune response, and tissue damage in mild or severe disease course. The model was adapted to time series
of viral load data from human and can explain heterogeneity of infection outcomes. Sazonov et al.!? develop
a stochastic model based on a Markov Chain Monte Carlo approach to analyze statistical characteristics of
the SARS-CoV-2 life cycle, including the probability for a non-degenerate infection process and the effects of
IFN and ACE2 binding affinity. Grebennikov et al.?® developed an ordinary differential equation model of the
SARS-CoV-2 intracellular life cycle based on cell culture data, which provides a kinetic description of the major
replication stages of SARS-CoV-2 and the identification of the life cycle stages that have the strongest impact
on viral replication. An agent based model, supported by patients viral load data, is presented by Moses et al.?!.
Getz et al.?? present an open-source community approach to SARS-CoV-2 modelling including several immune
cells and cytokines. Sego et al.>* build an open-source, extendable, multiscale platform for the modelling of tissue
response to viral infections. The model was introduced using hepatitis C as an example and it was proposed that
it could be adapted to other hosts and virus types.

In the present paper, we consider a specific experimental setting for which we aim at identifying a quantitative
model that can be parametrized based on the collected data and which allows verifiable predictions. This requires
a compromise between model complexity and considered model features for which quantitative information is
available. In particular, we want to demonstrate how single-cell RNA sequencing (scRNA-Seq) data as a novel
important data resource for systems-medicine applications can be utilized to establish such a quantitative model.

Several studies used Syrian hamsters as animal models for COVID-19%*"?. Trimpert et al. compare the
susceptibilities of three dwarf hamster species®® showing that Roborowski hamsters expressed the highest
severity while Syrian hamsters express moderate infections. Other species were also considered, e.g., rhesus
macaques’’, 3 different non-human primates®, ferrets>>4, mice?*3¢ or cats®’.

To generate high-quality data for modelling, we performed SARS-CoV-2 infection experiments and collected
viral and cellular readouts at five time points. In particular, we applied scRNA-Seq to identify the dynamics
of relevant cell populations at the site of infection. Data are used for model parametrization and validation.
Our proposed model describes dynamics of the virus, alveolar epithelial cells, and cells and humoral factors of
the innate and adaptive immune response to SARS-CoV-2 including important cytokine signalling feedbacks,
where we pay particular attention to the early times post infection.

Results
We developed a biomathematical model of Sars-CoV-2 infection in Syrian hamsters based on mechanistic
assumptions about the interplay between virus, epithelial cells, immune cells and humoral factors of the immune
response including different types of chemokines and antibodies. Assumptions are explained and discussed in
detail in the methods section. There, we also derive the model equations.

Major cell and cytokine compartments, feedbacks and actions of our model are presented in Fig. 1. Model
components and their biological counterparts are summarized in Table 1.

Parameter estimates

Unknown parameters of the model were estimated to optimize the agreement of model predictions and
experimental data. Data were collected at days 2, 3, 5, and 14 after infection and comprise viral loads, cell
counts of CD4T T cells, CD8' T cells, macrophages, natural killer cells and B cells, as well as antibodies.
Most importantly, lung homogenates were subjected to scRNA-sequencing analysis to determine immunce-cell
fractions and their expression profiles. Readouts of the model and corresponding experimental data are shown
in Table 1.

Estimated parameter values and initial values are presented in Tables S1-S2 in the supplement material (S1_
File). For model calculations, we considered dimensionless parameters. We use steady state values of “1” (or
zero) for the model compartments. For the sake of comparisons with the data, model output is multiplied by the
mean of respective measurements at time zero.
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Fig. 1. Structure of the model. The model describes the dynamics of epithelial cells (EU), activated epithelial
cells (EA), infected epithelial cells (EI), activated CD4™ T cells (CD4 4)» activated CDS8™ T cells (CD8;§),
monocyte-derived macrophages in lungs (IM), activated natural killer cells (NK 4), neutralising antibodies
of IgM type (IgM), neutralizing antibodies (AB), B cells (B), the chemokines C-C motif ligand 8 (CCL8),
and C-X-C motif ligand 10 (CXCL10), and viral load (V). Type and direction of arrows indicate cell fluxes or
actions.

Model component | Biological meaning Corresponding experimental readouts
EU Unaffected alveolar epithelial -
Cells type 2 (AT2)
EA Activated AT2 cells -
EI Infected AT2 cells SARS-CoV-2 positive AT2 cells per lung lobe
IM Inflammatory macrophages Monocyte derived macrophages per lung lobe
CDSX Activated CD8™T T cells Gzma positive CD8™ T cells per lung lobe
CD4X Activated CD4 ™ T cells Ifng positive CD4 ™ T cells per lung lobe
NK 4 Activated natural killer cells Ifng positive natural killer cells per lung lobe
IgM Antibodies of IgM type Protein expression values for IgM heavy chains in lung
AB Neutralizing antibodies Serum neutralization titers
B B cells B cells per lung lobe
CCL8 Chemokine CCL8 No direct data available, production assumed to be proportional to gene-expression of AT2 cells (scRNAseq)
CXCL10 CXC chemokine ligand 10 (CXCL10) | No direct data available, production assumed to be proportional to gene-expression of macrophages (scRNAseq)
v Virus Virus titers in lung homogenates

Table 1. Model compartments and data. We present major model compartments and respective available
readouts from animal experiments. GzmA = Granzyme A, Gzma positive cells = cells expressing Granzyme A,
IgM = Immunglobulin M, IFN~ = Interferon gamma, Ifng positive cells = cells expressing interferon gamma

Confidence intervals of parameter estimates are determined with bootstrapping. We created virtual random
data points using the empirical distribution of measurements and fitted parameters to these virtual data.
Resulting distributions of parameter values are used to define empirical confidence intervals (see Fig. 2, see
methods for details). Since data are retrieved within the first two weeks of infection, specific antibody waning
das could not be estimated with high precision, and the confidence interval is very large. Therefore, we decided
to set the parameter to 0.01 and to study corresponding model behaviour in the results section. Confidence
intervals of parameters kga ~Nk and kg4 cps+ are also large because these parameters could compensate
each other to some extent. B

Results of sensitivity analysis are shown in S1_File, Figure S1. Parameters showed a reasonable identifiability
(Figure S1). Parameters affecting growth, spread and degradation of virus or target cells are particularly sensitive.
This comprises the parameters susceptible cells infection rate keu v, infected cells removal rate dgi, free virus
degradation dv, and virus growth rate kv.

Finally, we analysed the correlations between the parameter estimates. As expected, a few parameter
estimates are correlated because mechanisms acting in opposite directions can compensate each other to some
extent. Estimates of correlations are displayed in Figure S2. The median of the absolute values of the correlations
was 0.072 and the interquartile range was 0.030-0.14. Stronger correlations were observed for only four of our
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Fig. 2. Estimates and confidence intervals of model parameters. We show parameters and corresponding 95 %
confidence intervals derived from simulation. The parameter d4p could not be estimated with a high accuracy,
and therefore, was set to 0.01.

parameters, namely dgr, dv, kev_v and kv, all relevant for the description of virus dynamics. Thus, it is
possible to replace these parameter estimates by suitable literature findings if available. Correlations of all other
parameters were low to moderate ensuring good identifiability.

General model behaviour

To analyse the general behaviour of our model, we simulate its dynamics over 100 days after infection. In this
time frame, all model components return to normal values except for the specific antibodies, which continuously
decrease but remain elevated until the end of the simulated period.

While the virus is removed after about five days, cell counts of activated CD8T T cells, CD4™ T cells,
monocyte derived macrophages and NK cells return to normal levels within about three to six weeks after
infection. The numbers of B cells and antibodies remain elevated for a longer time. With our parameter setting,
after about 10 to 12 weeks, 50% of neutralising antibodies are still present (see Fig. 3). However, it needs to be
acknowledged that the specific antibody waning rate d 4 could not be estimated with sufficient accuracy since
extrapolation is difficult and longer data time series were not available.

Comparison of model and data

Parameter estimates resulted in a good agreement of model and data (see Supplemental Table S3 for fitness
values and information criteria, see also confidence bands of Figure 4). To compare model results and data,
we use plaque-forming units (PFU) as a proxy for viral load. Starting the infection at day zero with 10° PFU,
maximal viral load is reached at days two and three post infection. Early infection markers are rising levels
of IgM and monocyte derived macrophages with maximum concentrations already achieved at day four. Cell
counts of activated CD4™" T cells, CD8" T cells and NK cells reach their maximum values at about day five
and six, and neutralising antibodies peak at about day seven and eight. About two weeks after infection, the
maximum number of B cells is predicted (see Fig. 4).

Model predictions

Since the antibody waning parameter dap could not be estimated with sufficient accuracy, we simulated
reinfection scenario for different parameter settings providing predictions verifiable in future animal studies.
Initial infection starts at day zero with 10° pfu, and a reinfection attempt with the same viral load was modelled
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Fig. 3. Long-term behaviour. We present results of long term simulation (100 days) of our model of moderate
SARS-CoV-2 in Syrian hamsters. Black curves represent model simulations of (a) unaffected epithelial cells, (b)
infected epithelial cells, (c) virus load, (d) activated CD8™ T cells, () activated CD4™ T cells, (f) B cells, (g)
activated NK cells, (h) monocyte derived macrophages, (i) antibodies of IgM type, (j) neutralizing antibodies,
(k) CCL8 production by activated epithelial cells, (I) CXCL10 production by macrophages.

at day 270. Waning rates are set to 0.001, 0.01 and 0.02, respectively. With a small waning rate of 0.001, antibody
concentration is sufficiently high to prevent the reinfection. With waning rates of 0.01 and 0.02, we see an
increasing immune response to the second infection attempt (see Fig. 5).

In another simulation analysis, we varied the time point of reinfection attempts to study the resulting immune
response assuming an antibody waning of dag = 0.1. For this purpose, we re-challenged our model with the
same virus load, at 270, 300, or 330 days after first infection. In all simulations, immune response was reduced
compared to the first infection. Peaks of activated T and NK cells, B cells, monocyte derived macrophages,
CCL8—and CXCLI10 production are clearly lower than at the initial infection event. This is mainly due to the
neutralising antibodies remaining elevated for a longer time period, and with it, diminishing overall immune
response. Accordingly, a trend towards higher immune response maxima was observed for later occuring
secondary infection events Fig. 6.

Finally, we simulated repetitive reinfection events. For this purpose, we assumed infections with 10° pfu at
day 0 and every 10 days after day 50. Antibody waning das is set to 0.1. Of note, a larger immune response is
only evoked at time point 200 at which antibodies dropped below a critical limit of about 30, which is about 7%
from its maximum value (Fig. 7).

Discussion

Understanding the mechanisms of SARS-CoV-2 infection and induced immune responses is important for the
development of improved and individualized therapies of COVID-19. We here proposed a model of SARS-CoV-2
in Syrian hamsters mirroring mild to moderate COVID-19. Our model was parametrized on the basis of our
own experimental data obtained from SARS-CoV-2 or mock infected animals. Model parametrization resulted
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Fig. 4. Model and data. We compare simulations of our model with available data. Blue: data points, red:
mean and standard deviation of experimental data. Black curves represent model simulations of (a) unaffected
epithelial cells, (b) infected epithelial cells, (c) virus load, (d) activated CD8™ T cells, (e) activated CD4 ™"

T cells, (f) B cells, (g) activated NK cells, (h) monocyte derived macrophages, (i) antibodies of IgM type,

(j) neutralizing antibodies, (k) CCL8 production by activated epithelial cells, (1) CXCL10 production by
macrophages. Blue points show data, and 95% confidence bands of model predictions are displayed with green
dashed lines.

in a good agreement of model predictions and data and a well-identifiable set of parameters. We demonstrated
how the model can be used to provide verifiable predictions e.g., of repeated infections.

We used a dataset of SARS-CoV-2 infection of Syrian hamsters to have a sufficiently rich data base for
our modelling efforts. In particular, with the help of single-cell analyses, we established data of the dynamics
of major immune cell populations and their chemokine expressions relevant to understand the intercellular
communications between major players of the immune response. To our knowledge, this is the first model of
SARS-CoV-2 infection in hamsters using single-cell data as primary learning resource. Although there are other
biomathematical models of SARS-CoV-2 infections proposed in the literature, these models were developed for
other species, other areas of applications or are based on other data resources so that translation of these models
to our situation is not straight-forward.

In our modelling framework, we included major physiological players of the immune response and their
interactions including virus population, affected alveolar cells, activated T cells, macrophages, activated natural
killer cells and B cells, neutralising antibodies of IgM type, neutralizing antibodies, and the chemokines CCL8
and CXCL10. Selection of major players and mechanisms was based on proposed major (patho-)physiological
processes and literature data.

We refrained from considering differentiation of subtypes of CD4™ T cells such as Th1, Tth, CD4 T and
CD4-CTL!*38, This differentiation is more likely to take place in the lymph nodes and respective data were
not available in our experimental setting. In our data, dendritic cells showed no significant dynamics. Thus,
we decided to neglect them in our model. CXCL10 and CCL8 transcripts displayed the strongest increase in
pulmonary expression levels in response to SARS-CoV-2 infection®. They are also known to be intensively
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Fig. 5. Reinfection attempt at day 270 after the first infection simulated with different parameter settin%s for
antibody waning das. We performed model simulations with a first infection event at day zero with 10° pfu,
and a reinfection event at day 270 with the same viral load. Lines (waning rates 0.001—green, 0.01—black and
0.02—blue) represent model simulations of (a) unaffected epithelial cells, (b) infected epithelial cells, (c) virus
load, (d) activated CD8™ T cells, (e) activated CD4™ T cells, (f) B cells, (g) activated NK cells, (h) monocyte
derived macrophages, (i) antibodies of IgM type, (j) neutralizing antibodies, (k) CCL8 production by activated
epithelial cells, (I) CXCL10 production by macrophages. Lower waning rates ameliorate or even prevent the
secondary infection event.

involved in the recruitment of immune cells. Therefore, we included these two chemokines in the model. To
avoid increasing the complexity of the model, we do not include further cytokines.

Due to short time series of our data, specific antibody waning parameters could not be identified. We therefore
performed simulations assuming different values of this parameter demonstrating that it considerably affects
dynamics after re-infections. Longer time series or repeated infection challenges of the system are required
to assess antibody waning and effectiveness and to improve our model in this regard. As a notable finding,
we predict that there is a critical limit of specific antibodies evoking an immune response after re-infections
while higher values immediately stop the infection. Further experiments are required to validate our long-term
predictions and to improve our model. In principle, our model can also be used to perform simulations of
short-term interventions such as medication. This, however, would likely require additional model assumptions
regarding drug pharmacokinetics and -dynamics.

In our model, we only considered a single variant, namely ancestral SARS-CoV-2 variant B.1 (SARS-CoV-2
isolate BetaCoV/Germany/BavPat1/2020). Generalization of our model to other variants is not straightforward.
But, it is likely that this can be achieved by adjusting a limited set of model parameters. We are also interested
in studying more severe disease conditions of COVID-19 as in'*. This would require considering other animal
models such as the Roborovski dwarf hamster*’.

We conclude that we established a comprehensive biomathematical model of SARS-CoV-2 in Syrian
hamsters. The selected immunologic mechanisms considered in our model proved to be sufficient to explain the
data of our experiments also allowing estimating a set of physiological parameters. We aim to validate our model
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Fig. 6. Reinfection at different time points of antibody waning. We present model simulations of a second
infection event at different time points after the first infection event at day zero with 10° pfu and dag = 0.1.
Reinfection events were modelled at days 270 (green), 300 (blue), and 330 (red), again with 10° pfu. Black lines
correspond to a simulation without reinfection. Lines represent model simulations of (a) unaffected epithelial
cells, (b) infected epithelial cells, (c) virus load, (d) activated CD8™ T cells, (e) activated CD4™ T cells, (f) B
cells, (g) activated NK cells, (h) monocyte derived macrophages, (i) antibodies of IgM type, (j) neutralizing
antibodies, (k) CCL8 production by activated epithelial cells, (I) CXCL10 production by macrophages.

on the basis of future experimental data. We also plan to translate the model to more severe disease conditions
and to include therapy options such as Nirmatrelvir/Ritonavir.

Methods

In the following, we present and briefly discuss our model hypotheses required to derive the model equations.

Model assumptions and equations

The basic model structure is based on the following mechanisms. After infection, type 2 alveolar epithelial cells
(AT2) are targeted by the virus*’. Infection of AT2 cells results in virus production and CCLS release. Activated
T cells and natural killer (NK) cells are attracted by CCL8 and destroy virus-infected epithelial cells*!. The
presence of viruses is assumed to activate further T—and NK cells**~**. Virus sensing or phagocytosis of viruses
by macrophages results in CXCL10 production. In addition to attracting activated T and NK cells, CXCL10
recruits B cells?®, which can differentiate into IgM secreting plasma cells when encountering their cognate
antigen. With the help of CD4™" T cells, B cells undergo class switch reactions, and affinity maturation, thus
differentiate into plasma cells producing antibodies neutralizing free viruses®. Based on these assumptions, we
derive our model equations in the following. Dimensionless parameters are used because most of our data are
semi-quantitative.
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Fig. 7. Repeated contact to the virus. We present a model simulation of repeated infections with 10% pfu

at day zero, and after 50 days repeatedly every 10 days, antibody waning das is set to 0.1. Black curves
represent model simulations of (a) unaffected epithelial cells, (b) infected epithelial cells, (c) virus load, (d)
activated CD8™ T cells, (e) activated CD4™ T cells, (f) B cells, (g) activated NK cells, (h) monocyte derived
macrophages, (i) antibodies of IgM type, (j) neutralizing antibodies, (k) CCL8 production by activated
epithelial cells, (1) CXCL10 production by macrophages. Immune response is predicted to occur only
occasionally if neutralising antibodies drop below a critical level.

Virus dynamics

Infection is initiated by aspirating a certain amount of virus particles modelled as an injection function Vtart. In
our experiments, we a}gplied an initial dose of 10° infectious virus particles intranasally, which infect epithelial
cells EI The dose of 10° plaque-forming units (pfu) of SARS-CoV-2 was already used in other studies?>-272%30, A
lower dose of 5,000 pfu of SARS-CoV-2 was tested in dwarf hamsters®’. Infected cells produce new virus particles
with replication rate kv. Free viruses are cleared with rate dyv or neutralized by IgM-type and neutralising
antibodies at rates kv _IgM and kv AB, respectively.

%/ =ky -EI— (ky _AB-AB+ky IgM-IgM +dy) -V + Vatare (1)
with
N
dose_V, - .
Vtars = Z; — (Hv(t — ;) — Hv(t — £; — tv)) )
where Hv is the Heaviside-function Hv = { (1) ﬁ ; 8 , i are the time points at which viruses at dose

dose_V, are administered within time ¢v. Equation (2) results in function which is constant and non-zero
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between the time points t; and ; + tv, where tv is the application time of the virus. The function is zero outside
of application windows. The injection dose dose_ V, corresponds to the area under the curve of the given
application window. This injection function is convenient to simulate multiple infection events. The value of
dose_V, was set to 0.1 [x10° pfu], and tv was set to 6 min. The injection time is virtually irrelevant for model
dynamics and was set, i.e. no additional parameter is introduced by our injection function. The part of viruses
which is cleared by macrophage phagocytosis is assumed to be very small in comparison to the neutralisation by
antibodies and therefore neglected in Eq. 1.

Epithelial cells

In our model, we distinguish between unaffected (EU), SARS-CoV-2 infected (EI) and activated epithelial cells
without SARS-CoV-2 infection (EA). Unaffected type 2 alveolar epithelial cells (EU) are targeted by SARS-
CoV-2%, become infected and produce new viruses. Respective transition of EU towards EI is modelled
proportional to contacts of EU and V. Epithelial cells can be activated by pathogens, cytokines or other
impairments, and in response, produce several cytokines®. Similar to*®%, we normalize AT2 cells to 100 %, and
we assume that 1% of AT2 cells are activated in equilibrium, caused by general stress from interferon response
and apoptosis. We here assume a constant transition of EU towards EA with rate kg . Loss of epithelial cells
is caused by damage induced by immune cells invading the alveolus and is assumed proportional to NK 4 and
CD8Y cell counts®®°. Moreover, CD87;, T cells actively attack infected cells with the help of CD4% T cells. We
also assume an unspecific loss of cells from EI and EA with rates dgg respectively dea. In our model, there is no
cell flux from EA to EU, i.e. EA cells are not infectable.

% = Ppu —keu_V-EU-V —kgs cps+ - EU-CD8} — kea_NK-EU-NKa —kgu -EU ~ (3)
Pou = kpa_cps+ - CD8%, - EUo + kea_NK - NKao - EUo + kpu - EUo
% =kguy _V-EU.V — kEAicDSJr .EI. Cngg 1+ CD4X) — kpa NK-EI.NKyu (4)
— dgr - EI
ddEtA = kpu - BU — kpa_cps+ - EA - CD8} — ksa _NK-EA-NK4 — dpa - EA (5)

dea = (kpv - EUo — kga_cps+ - EAo - CD8, — kea_nk - NKao - EAo) /EAo

where Pgu represents production of EU balancing cell loss in steady-state. Likewise, dea is constructed in
such a way that a constant steady-state is established. The index ”0” always represents steady-state values in the
following equations.

Inflammatory macrophages in the lung

Pulmonary monocyte-derived macrophages (IM) play a key role in immune defense. Usually, monocytes and
macrophages are activated by cytokines. According to our data®, infected epithelial cells show low cytokine
release, while macrophages early and strongly respond to viral RNA by producing pro-inflammatory cytokines.
Therefore, we assume that activation of macrophages occurs through contact with the virus itself. Detection of
viral RNA in monocytes and macrophages supports this hypothesis®>1-%,

dIM
T divy - (IMo — IM) + kpy_ v -IM -V (6)
where kv v-IM-Vis the recruitment rate of IM due to virus attack, div represents the natural decay and
baseline production rate of IM to ensure a constant steady-state IMo = 1. For comparison of model and data,
model output of IM is multiplied by the observed value of inflammatory macrophages in control group.

Activated natural killer cells

Natural killer cells, as part of the innate immune system, are recruited early upon infection. NK cells have the
task of eliminating infected cells limiting the viral spread®. We assume recruitment of activated NK cells (NK)
by CXCL10°*>> and CCL8°® with rates kxnk cxcrio and kxk ccLs respectively. Several additional activators
of NK cells are known, e.g., type 1 interferons, IL-2, IL-12 and IL-15, which are produced by a variety of cell
types in reaction to viral activity*?~**. This complex network cannot be modelled here. In our expression data
in the lungs, CXCL10 and CCL8 show comparatively strong dynamics®’, hence we decided to include these two
chemokines in the model. For the sake of simplicity, we further assume that the presence of viral RNA directly
activates NK cells. This is motivated by the correlation of gene sets related to response to interferon-gamma with
the presence of viral RNA?. We include it in our model via an additional virus-induced activation rate knx v
of NK cells, which were also recruited by CCL8 and CXCL10, and contribute to the (activated) NK compartmgnt
NK 4 fighting virus-infected EI cells.
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dNK 4
dt

= knk_coLs - CCL8 + knk_cxcrio - CXCL10 + knk v - (knk_ccrs - CCL8 + knk_cxcrio - CXCL10) - V
— dnx - NKa 7)
dnk = (knk_ccrs - CCL8g + kxk_coxcrio - CXCL10o)/NKag

Here, dnk denotes the natural decay rate. Compartment NK 4 is normalized by NK 4o = 1. To compare the
simulated time course of activated NK cells with observations, model output of NK 4 is multiplied by mean of
Ifng positive NK cells in control group. IFN7y itself is not explicitly modelled.

T cells

T-cells activate innate effector cells, eliminate damaged cells and destroy pathogens by various mechanisms.
We here consider the classes of T helper cells (CD4™) and cytotoxic T cells CD8™, while their subtypes are
not distinguished for simplicity. We assume recruitment of activated T cells by CCL8°"%® and CXCL10.
Activated CD8™ T cells express Granzyme A (GzmA), which can induce cell death in target cells*’, and activated
CD4™ T cells express IFN. In our model, the compartment CD8% describes Gzma positive CD8™ T cells, and
CD47 contains Ifng positive CD4™ T cells. The presence of viral RNA is assumed to activate GzmA expression
respectively IFN~ expression in T cells®®. In analogy to the NK compartment, this additional activation is
modelled by delayed virus-induced activation compartments CD8Y; ,, respectively CD4y}; ,, whose effluxes
contribute to the respective T cell compartments.

dCD8™ ela
y7 A = kopst ccrs - COL8 + kapg+ oxorio - OXCL10 + ky™™ - CD8Y; 5 — dopg+ - CD8Y ®)
dCD8+ = (kCD8+7CCL8 : CCL80 + kCDS*ﬁCXCLlO . CXCLlOO)/CDgzO
dCD8Y;s _ E E CCL8 + k CXCL10) - V — k2 . CD8{ )
T - CDS+_V : ( CDS+_CCL8 ° + CD8+_CXCL10 ° ) ) - hy : ViA
dCD4™% cla
dt A = kCD4+fCCL8 N CCL8 + kCD4+7CXCL10 . CXCLIO + ke 1 Y. CD4$1A - dCD4+ N CD4X (10)

depa+ = (kepa+_cors - CCL80 + kepa+ _cxcrio - CXCL100)/CDA4},

dCD47. ol
T\M = kopa+ v+ (kepat+ _ccrs - CCL8 + kopa+ _cxcrio - CXCL10) -V — by - CD4Y;, (1D
Here, dopg+ respectively depy+ denote respective natural decay rates. T cell compartments are normalized
by steady state values CD8XO =1 and CD4:‘;O = 1. To compare model prediction of activated T cells and
experimental results, we use the data of respective Gzma or Ifng positive T cells from single-cell analysis and
multiply model output by the respective value observed in control group.

B cells

B cells differentiate into IgM producing plasma cells following antigen recognition by their receptors, and, with
the help of CD4™ cells, undergo affinity maturation resulting in neutralising antibodies. We assume that B cells
are recruited into alveolar space by CXCL10.

% =kp_cxcrio - CXCL10 — dgp - B

ds = kp_cxcrio - CXCL10/Bo

(12)

The efflux rate dp includes migration into secondary lymphatic organs to mature into plasma cells, natural decay
and other processes, where the value of dp results from equilibrium conditions.

Antibodies of IgM type

In the early acute phase of infection, activation of plasma cells results in IgM type antibodies (IgM) production in
blood and lymph fluid!>¢!. Here we assume increased production of IgM in the presence of the virus, modelled
with rate kigv v. We also assume that the total IgM production is limited, realized in our model by a sigmoid
function ZIgMT

max_ pmin b
dleM . —(n (BN ) ) (krgm+hrgm V) 18M
575 =Zigm — (Zignt — Zigm) - 6[ ( (ZIgM “ram )) ¢ - } — digm - IgM (13)

The decay rate dignm is calculated from steady state condition.
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Neutralizing antibodies

Signals from CD4" T cells promote maturation of B cells in secondary lymphatic organs into plasma cells®>.
Simplifying this complex mechanism, we assume in our model affinity maturation by introducing a delay
compartment Cap, depending on the presence of CD4;§ T cells and the virus. With rate kEgay, mature
cells transfer into the plasma cell compartment PC. This happens primarily in the germinal center reaction
in secondary lymphoid organs, such as spleen and lymph nodes, and, only to a very small extent, at sites of
infection when eventually tertiary lymphoid structures such as bronchus-associated lymphoid tissues are
formed. Therefore, we refrain from including B cells in alveolar space into the equation of antibody formation.

dCas
dt

=kp pc-CD4Y -V — ko™ - Can (14)

dPC
= = ERe® . Cap — dpc - PC (15)
The compartment PC contains mature plasma cells, which produce neutralizing antibodies AB. dpc denotes the
degradation rate of plasma cells. Production capacity is limited by a sigmoid function Zas.

gmax _ ymin Zb
[—(ln (%))‘(PC) AB}
AB AB

dAB max

T = IR (2R - 2R e —dan - AB (16

Here, das denotes the decay rate of neutralizing antibodies.

Chemokine CCL8 (MCP-2)

The chemokine CCL8 (Monocyte Chemoattractant Protein 2 (MCP-2)) is involved in inflammatory processes
and recruits various immune cells, e.g., T cells or NK cells’-38. CCL8 shows strong changes in the expression
data in the lungs®. Not only the infected EI cells alone produce CCL8, but also cells surrounding EI, especially
endothelial cells, are activated and participate in the production. This process is not considered in our model,
for simplicity, we assume a delayed additional production by EI only. This is modelled by a delay compartment.
Furthermore, we assume secretion of CCL8 by activated alveolar cells EA%.

dCéIC)LS _ Delay (1)
Tat kccrs_e1_v - El = kcors - Cocws
1 Dela; 1
C<cc>:L8_out = kccrs - CéC)LS 17)
17
dCCL8
a kcors Ea - EA + C((jl()JLsiout — dccrs - CCL8
kccrs Ea - EAg
docLg = —

CCL8q

Due to insufficient availability of antibodies in hamsters, ELISA or FACS are not possible. Outside of proteomics,
no protein measurement was carried out. From our single-cell data, we retrieved normalized CCL8 gene
expressions of alveolar epithelial cells type 2. This gene-expression was related to the modelled relative CCL8
production as described by the following equation.

kcoLs ma - EA + Célc)LS_out

(18)
kccrs Ea - EAg

CCL8proa =

CXC chemokine ligand 10 (CXCL10, IP-10)

Chemokine CXCL10 is produced by a wide spectrum of cell types®*. CXCL10 shows strong changes in the
expression data in the lungs and can serve as a marker for pulmonary inflammatory processes®® and attracts
different immune cells, e.g., NK cells®* or B cells*®. In our model, CXCL10 is only produced by IM. The production
is increased due to virus contacts (including phagocytosis®®) with some delay. The delay is again modelled by
a compartment. Epithelial cells are assumed irrelevant for CXCL10 production due to a weak reaction of these
target cells as described in*.

ZZCXCL10 _ kCXCL1071M7V -IM-V — kgxlc}]:lo ' Oél))(CLlo

dt
(1) _ 1.Dela; (1)
CCXCLIO_out - kcxc{w - Cxevio (19)
19
dCXCL10
—a - kcxcrio v - IM + Cé1>)<CL1070ut — dcxcrio - CXCL10
d _ kexcrio_v - IMo
CXOL10 = —— 5T 100
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As for CCL8, we used single-cell gene-expression of CXCL10 in macrophages as comparative data for the
modelled CXCL10 production. This is achieved by the following equation.

kcxcrio v - IM + Cg))wmoiout

CXCL10prod = (20)

kcxcrio v - IMo

Numerical methods for simulation

Differential equations are implemented in MATLAB 9.6.0.1072779 (R2019a) using the SIMULINK toolbox (The
MathWorks Inc., Natick, MA, USA). Numerical solutions of the differential equation system are obtained using
the variable step solver from Adams and Bashford (ode113, SIMULINK toolbox).

Data

Model simulations are compared with data from Syrian hamsters comprising time series of monocytic
macrophages, activated T/NK cells, B cells, type 2 alveolar epithelial cells, single-cell derived CXCL10 gene-
expression by macrophages, CCL8 gene-expression by epithelial cells, neutralizing serum antibodies, pulmonary
IgM levels, virus titers in lung homogenates, and viral RNA content in epithelial cells.

Experiments

Ethics statement

The here described animal studies, including all animal protocols were approved by the regulatory state authority
named “Landesamt fiir Gesundheit und Soziales” from Berlin in Germany (permit number 0086/20). All animal
experiments were performed in accordance with appropriate guidelines. In agreement with the 3R principle, no
additional animal experiments were conducted solely for this study. All experimental data were derived from our
previous publications and are reported in accordance with the ARRIVE guidelines®*>?.

Animal husbandry

Female and male Syrian hamsters (Mesocricetus auratus; RjHan:AURA, Janvier Labs, Saint-Berthevin, France)
were housed in a BSL-3 facility in individually ventilated cages (IVCs; Tecniplast, Buguggiate, Italy) with bountiful
enrichment (Carfil, Oud-Tunrhout, Belgium) and ad libidum access to food and water. Cage temperature and
relative humidity were recorded daily and ranged from 22 to 24 °C and 40-55%, respectively. A minimum of 7
days was allowed for acclimatization of animals prior to start of experiments.

Virus stocks and PFU determination

SARS-CoV-2 isolate (BetaCoV/Germany/BavPat1/2020)%, was kindly provided by Drs. Daniela Niemeyer und
Christian Drosten, Charité Berlin, Germany. Virus stocks for animal experiments were obtained by propagating
virus under BSL-3 conditions on Vero E6 cells (ATCC CRL-1586) in minimal essential medium (MEM; PAN
Biotech, Aidenbach, Germany) supplemented with 10% fetal bovine serum (FBS, PAN Biotech), 100 TU/mL
penicillin G and 100 ug/mL streptomycin (Carl Roth, Karlsruhe, Germany). Prior to animal experiments, low
passage stocks were titrated on Vero E6 cells under semi-solid overlay medium as described®. Briefly, Vero E6
cells were incubated with serial 10-fold virus stock dilutions for 2 hours. Following this, the virus inoculum
was replaced by an overlay medium comprised of Dulbeccos modified Eagle’s medium (DMEM, PAN Biotech,
Aidenbach, Germany), 2.5% microcrystalline cellulose (Avicel RC-591, DuPont, Wilmington, DE, USA) and
10% FBS. After seventy-two hours of incubation at 37 °C in 5% CO2 atmosphere, cells were fixed with 4%
formaldehyde for 24 hours and plaques were visualized by crystal violet counterstaining. Sequence integrity
of virus stocks was determined by Illumina sequencing as described®® and aligned against the isolate reference
sequence (GenBank: MT270101 and GISAID: EPI_ISL_406862). To determine viral burden, lung homogenates
were stained with crystal violet and plaques are counted by eye as described in¥.

Animal infection and collection of materials

10- to 12-week old female and male Syrian hamsters (Mesocricetus auratus; breed RjHan:AURA, Janvier Labs,
France) were intranasally infected with 1 X 10° plaque forming units (pfu) SARS-CoV-2 (variant B1, isolate
BetaCoV/ Germany/ BavPatl/ 2020) under anesthesia as described previously®’. Twice-daily clinical scoring
of hamsters was performed to prevent any prolong suffering. Animals with >15% body weight loss for over 48
h were euthanized in accordance with the animal use protocol. A total of 39 hamsters were evaluated for our
modelling distributed over the following experimental groups: (1) Control subjects (n=3), (2) SARS-CoV-2
infected subjects at four time points (2-, 3-, 5- and 14 p.i.), six animals per time point (n=24), (3) Mock-infected
subjects at these time points, three animals per time point (n=12).

Timepoints of measurements were chosen to capture the early immune response as best as possible but
also limiting the number of animals. We focussed on the earlier inflammatory phase characterized by higher
dynamics of viral load, cell recruitment and activation. Viral load already dropped at d5, while re-convalescence
was achieved at d14. Details of the choice of measurement points are explained in*. Euthanasia prior analysis
occurred by cervical dislocation and exsanguination under anesthesia as previously described?’. Among other
materials, 1 ml cardiac blood (anticoagulated with EDTA) and lung lobes were collected for down-stream
analyses. Specifically, the left lobe was used for histopathology, the right caudal lobe for single-cell analysis, the
right cranial lobe for virological measurements and the right medial lobe for bulk RNA and proteomics analysis
as described®. 3 naive and 12 mock-infected animals were combined for IgM measurements at t=0. Additional,
proteomics measurements of 22 animals (d2:6, d3:5, d5:6, d14:5) were performed. For viral load determination,
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material of 6 infected hamsters per time point (2,3,5,14) was included. For scRNAseq and serum neutralization
experiments, only 3 hamsters per time point (0,2,3,5,14) were analysed.

Single cell isolation from hamster lungs

Established cell isolation protocols were modified to suit BSL3 facility regulations. Lobus caudalis of the right
lung was stored in 1x PBS, 0.5 % BSA containing 2 ug/ml ActinomycinD for single cell isolation. The lobes
were dissociated mechanically and enzymatically, 2 min of clapping with tweezer in specific digestion medium
(3,4 mg/ml Collagenase Cls II (Merck), 1 mg/mL DNase I (PanReac AppliChem), in 2 mL Dispase medium per
lung lobe (Corning), 50 Caseinolytic Units/mL was executed, followed by 30 min incubation at 37 °C and 5%
CO2. Next the cell suspension were further dissociated by pipetting and filtered through 70 pum cell strainers.
Suspensions were spun at 350 x g for 6 min at 4 °C, pellets were subjected to red blood cell lysis by resuspension
in corresponding buffer (BioLegend). The reaction was interrupted by washing with PBS/BSA bufter and cells
were spun down by centrifugation. Prior subjection to 10x chips, cells were resuspended in low-BSA buffer
(1x PBS, 0.04 % BSA), followed by filtration with 40 um FloMi filters (Merck), cell number and viability
determination was performed microscopically in trypan blue.

Single cell RNA expression quantification and assignment of cell types and proteomics

RNA isolation, sequencing and processing of and quantification of gene expression was done as described
previously®. Filtered cells were adjusted to a final concentration of ca. 1000 cells/pL in 1x PBS with 0.04%
BSA. 3° GEM, Library & Gel Bead Kit v3.1 was used to partition cells into Gel-Beads-in-Emulsions (GEMs),
aiming to recover 6000 single cells per hamster and organ. These single-cell libraries (quantified with Qubit,
ThermoFisher, quality check with Agilent) were then sequenced on a Novaseq 6000 device (Illumina), with SP
or S1 flow cells (readl: 28 nucleotides, read2: 64 nucleotides). Raw single-cell sequencing data were processed
using CellRanger 3.1.0, and raw feature barcode matrices were read into Seurat. Cells were subjected to quality
control, normalized, and integrated via function IntegrateData to eliminate batch effects, then subjected to PCA
and UMAP dimensional reduction analyses, as well as Louvain clustering. Cell types were assigned through a
combination of marker expression and label transfer from available mouse and human datasets. The expression
of cell type-specific activation markers was quantified using Seurat’s DotPlot function with scaling of the data.

Marker genes of CD4+ T cells (Cd3e+Cd4+), CD8+ T cells (Cd3e+Cd8a+), NK cells (Cd3e-Nkg7+),
monocytic macrophages (Ccr2+, Ccr5+, Argl+), B cells (Cd79b+, Ms4al+), and alveolar epithelial cells type 2
(Lamp3+) defined the Seurat cluster and thus the proportion of individual cell types. Cell counts of monocytic
macrophages, activated (Gzma+ or Ifng+) T—and NK cells, B cells and type 2 alveolar epithelial cells are
calculated as proportion of total cell number per lung lobe. Thereby, GZMA positive CD8+ and IFNG positive
CD4+ cells are considered as proxies to assess immune response. Production of chemokines CCL8 and CXCL10
was determined as percent expressed in cluster.

IgM heavy chain was determined by using LC-MS/MS proteomics. Lung tissue was added to lysis and
inactivation buffer (RIPA) and boiled at 95 °C for 10 min. The samples were then stored at — 80 °C. The samples
were thawed on ice, the volume was adjusted to 50 ul with water and 25 ul of 50 U benzonase, 50 mM ABC,
and 2 mM MgCl> were added. This was followed by a 30-min incubation at 37 °C. Lysates were handled on a
Biomek i7 workstation using the SP3 protocol with one-step reduction and alkylation. The samples were used
for LC-MS/MS analysis.

Neutralizing antibodies

Serum neutralization was tested with serial dilutions (1:4 to 1:512) of inactivated serum, plated on sub-confluent
monolayers of Vero E6 cells. 50 pfu SARS-CoV-2 were added per well and incubated for 72 h at 37 °C, fixed with
10% formalin for 24 h and stained with crystal violet. The highest effective dilution without cytopathic effect
was counted.

Estimation of parameters

We estimated 39 free model parameters by optimizing the agreement of simulation results and experimental
data with the help of the following objective function.

i { i (fdatai (tj) — In(fmodel, (5, k) - Cinor))2} — min (21)
g; k

i=1 ~ j=1

Here, fmodel; (t;,k)) denotes simulation results of variable i; faata;(t;) are the means of logarithmized
measurements of quantity i at time points ¢;. Since we see no connection between signal strength and standard
deviation, we average the standard deviation of the individual variables over the measurement points, where
o; is the mean of standard deviations of the logarithmized measurements of variable i at time points ;.
k = ki1, ...k, are the model parameters. Fitness function results of the different variables are summarized. For
calculation of the fitness function of EU and EI, the same data of frequencies (%) of SARS-CoV-2 positive cells
amongst alveolar epithelial cells type 2 were used. Since we want to avoid the same data contribute twice in the
calculation of the summarized objective function, we use weighting factors of 0.7 for EI respectively 0.3 for EU.
Cinor are geometric means of measured quantities that resulted from data of pooled control groups. As in our
previous work*’, the optimization problem is approximately solved using (1+3)-evolutionary-strategies with
self-adapting mutation step size®®. Opimization was stopped after 200 generations without improvements. To
increase the chance of finding the global optimum, we started optimization multiple times with different initial
parameter settings.
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Confidence intervals of parameter estimates are determined with the bootstrap method described in”%72. In

brief, for each data point, we created a virtual random data point using the distribution of measurements and
fitted parameters to these virtual time series data. Based on 1000 repetitions, we determined confidence ranges
of the resulting parameter estimates. We consider parameters as well identifiable if the 95%-confidence interval
is confined within a range less than one order of magnitude.

We estimated the sensitivity of each parameter by modifying their individual values by +10% keeping all
other parameters constant. Then, deteriorations of the objective function were studied. Results are shown in S1_
File, Figure S1. Sensitivity is interpreted in a relative way, i.e., by comparing them between parameter estimates.
Figure S2 in S1_File shows changes in the objective function, if two parameters are deflected simultaneously by
+10%.

We determined bivariate correlations between parameter estimates by drawing from their univariate 95%
confidence intervals (N=200 repetitions) and discarding values resulting in a significant deterioration of the
likelihood (likelihood ratio test). Remaining parameter combinations were used to calculate the correlation of
the respective parameter estimates.

Finally, to assess overall model fitting, we simulated scenarios with and without infective event and calculated
values of the fitness function, Bayesian information criterion and Akaike information criterion using the same
data of infected animals (Table S3 in S1_File).

Data availability
All relevant data are within the manuscript and its Supporting Information file S2_File.xIsx. Sequencing data are
available at https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE162208.

Code availability

The R code for initial sequencing analysis is available at github.com, https://github.com/Berlin-Hamster-Sin
gle-Cell-Consortium/Single-cell-sequencing-of-COVID-19-pathogenesis-in-golden-Hamsters. Code of our
model will be made publicly available after acceptance.

Received: 12 April 2024; Accepted: 19 November 2024
Published online: 18 December 2024

References

1. Hernandez-Vargas, E. A. & Velasco-Hernandez, J. X. In-host mathematical modelling of covid-19 in humans. Annu. Rev. Control
448-456 (2020). https://doi.org/10.1016/j.arcontrol.2020.09.006.

2. Abuin, P, Anderson, A., Ferramosca, A., Hernandez-Vargas, E. A. & Gonzalez, A. H. Characterization of sars-cov-2 dynamics in
the host. Annu. Rev. Control. 50, 457-468. https://doi.org/10.1016/j.arcontrol.2020.09.008 (2020).

3. Abuin, P, Anderson, A., Ferramosca, A., Hernandez-Vargas, E. A. & Gonzalez, A. H. Dynamical characterization of antiviral
effects in covid-19. Annu. Rev. Control. 52, 587-601. https://doi.org/10.1016/j.arcontrol.2021.05.001 (2021).

4. Perelson, A. S. & Ke, R. Mechanistic modeling of sars-cov-2 and other infectious diseases and the effects of therapeutics. Clin.
Pharmacol. Ther. 109, 829-840. https://doi.org/10.1002/cpt.2160 (2021).

5. Sanche, S. et al. A simple model of covid?19 explains disease severity and the effect of treatments. Sci. Rep. 12 (2022). https://doi.o
rg/10.1038/541598-022-18244-2.

6. Kim, K. S. et al. A quantitative model used to compare within-host sars-cov-2, mers-cov, and sars-cov dynamics provides insights
into the pathogenesis and treatment of sars-cov-2. PLoS Biol. 19, €3001128. https://doi.org/10.1371/journal.pbio.300112 (2021).

7. Almocera, A. E. S., Quiroz, G. & Hernandez-Vargas, E. A. Stability analysis in covid-19 within-host model with immune response.
Commun. Nonlinear Sci. Numer. Simul. 95 (2021). https://doi.org/10.1016/j.cnsns.2020.105584.

8. Du, S. Q & Yuan, W. Mathematical modeling of interaction between innate and adaptive immune responses in covid-19 and
implications for viral pathogenesis. J. Med. Virol. 1-14 (2020). https://doi.org/10.1002/jmv.25866.

9. Sahoo, S., Jhunjhunwala, S. & Jolly, M. K. The good, the bad and the ugly: A mathematical model investigates the differing outcomes
among covid-19 patient. J. Indian Inst. Sci. 100, 673-681. https://doi.org/10.1007/s41745-020-00205-1 (2020).

10. Reis, R. F et al. A validated mathematical model of the cytokine release syndrome in severe covid-19. Front. Mol. Biosci. 8 (2021).
https://doi.org/10.3389/fmolb.2021.639423.

11. Voutouri, C. et al. In silico dynamics of covid-19 phenotypes for optimizing clinical management. Proc. Natl. Acad. Sci. USA 118,
€2021642118. https://doi.org/10.1073/pnas.2021642118 (2021).

12. Li, C, Xu, J, Liu, J. & Zhou, Y. The within-host viral kinetics of sars-cov-2. Math. Biosci. Eng. 17(4), 2853-2861. https://doi.org/10
.3934/mbe.2020159 (2020).

13. Nath, B. ], Dehingia, K., Mishra, V. N., Chu, Y.-M. & Sarmah, H. K. Mathematical analysis of a within-host model of sars-cov-2.
Adv. Differ. Equ. 2021 (2021). https://doi.org/10.1186/s13662-021-03276-1.

14. Sumi, T. & Harada, K. Immune response to sars-cov-2 in severe disease and long covid-19. iScience 25 (2022). https://doi.org/10.1
016/j.i5¢i.2022.104723.

15. Ghosh, I. Within host dynamics of sars-cov-2 in humans: Modeling immune responses and antiviral treatments. SN Comput. Sci.
2, 482. https://doi.org/10.1007/s42979-021-00919-8 (2021).

16. Challenger, J. D. et al. Modelling upper respiratory viral load dynamics of sars-cov-2. BMC Med. 20 (2022). https://doi.org/10.118
6/512916-021-02220-0.

17. Chowdhury, S. M. E. K. et al. Mathematical modelling of covid-19 disease dynamics: Interaction between immune system and
sars-cov-2 within host. AIMS Math. 7, 2618-2633. https://doi.org/10.3934/math.2022147 (2022).

18. Chatterjee, B., Sandhu, H. S. & Dixit, N. M. Modeling recapitulates the heterogeneous outcomes of sars-cov-2 infection and
quantifies the differences in the innate immune and cd8 t- cell responses between patients experiencing mild and severe symptoms.
PLoS Pathogens 18 (2022). https://doi.org/10.1371/journal.ppat.1010630.

19. Sazonov, I, Grebennikov, D., Meyerhans, A. & Bocharov, G. Sensitivity of sars-cov-2 life cycle to ifn effects and ace2 binding
unveiled with a stochastic model (2022).

20. Grebennikov, D. et al. Intracellular life cycle kinetics of sars-cov-2 predicted using mathematical modelling. Viruses 13 (2021).
https://doi.org/10.3390/v13091735.

Scientific Reports |

(2024) 14:30541 | https://doi.org/10.1038/s41598-024-80498-9 nature portfolio


https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE162208
https://github.com/Berlin-Hamster-Single-Cell-Consortium/Single-cell-sequencing-of-COVID-19-pathogenesis-in-golden-Hamsters
https://github.com/Berlin-Hamster-Single-Cell-Consortium/Single-cell-sequencing-of-COVID-19-pathogenesis-in-golden-Hamsters
https://doi.org/10.1016/j.arcontrol.2020.09.006
https://doi.org/10.1016/j.arcontrol.2020.09.008
https://doi.org/10.1016/j.arcontrol.2021.05.001
https://doi.org/10.1002/cpt.2160
https://doi.org/10.1038/s41598-022-18244-2
https://doi.org/10.1038/s41598-022-18244-2
https://doi.org/10.1371/journal.pbio.300112
https://doi.org/10.1016/j.cnsns.2020.105584
https://doi.org/10.1002/jmv.25866
https://doi.org/10.1007/s41745-020-00205-1
https://doi.org/10.3389/fmolb.2021.639423
https://doi.org/10.1073/pnas.2021642118
https://doi.org/10.3934/mbe.2020159
https://doi.org/10.3934/mbe.2020159
https://doi.org/10.1186/s13662-021-03276-1
https://doi.org/10.1016/j.isci.2022.104723
https://doi.org/10.1016/j.isci.2022.104723
https://doi.org/10.1007/s42979-021-00919-8
https://doi.org/10.1186/s12916-021-02220-0
https://doi.org/10.1186/s12916-021-02220-0
https://doi.org/10.3934/math.2022147
https://doi.org/10.1371/journal.ppat.1010630
https://doi.org/10.3390/v13091735
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

21. Moses, M. E. et al. Spatially distributed infection increases viral load in a computational model of sars-cov-2 lung infection. PLoS
Comput. Biol. 17, €1009735. https://doi.org/10.1371/journal.pcbi.100973 (2021).

22. Getz, M. et al. Iterative community-driven development of a sars-cov-2 tissue simulator. https://www.biorxiv.org/content/10.1101
/2020.04.02.019075v5, preprint (2021). https://doi.org/10.1101/2020.04.02.019075.

23. Sego, T. J. et al. A modular framework for multiscale, multicellular, spatiotemporal modeling of acute primary viral infection
and immune response in epithelial tissues and its application to drug therapy timing and effectiveness. PLoS Comput. Biol. 16,
€1008451. https://doi.org/10.1371/journal.pcbi.1008451 (2020).

24. Deng, W. et al. Syrian hamsters as a small animal model for sars-cov-2 infection and countermeasure development. Nat. Commun.
11, 4400. https://doi.org/10.1038/s41467-020-18149-6 (2020).

25. Chan, J.E-W. et al. Simulation of the clinical and pathological manifestations of coronavirus disease 2019 (covid-19) in a golden
syrian hamster model: Implications for disease pathogenesis and transmissibility. Clin. Infect. Dis. 71, 2428-2446. https://doi.org/
10.1093/cid/ciaa325 (2020).

26. Imai, M. et al. Syrian hamsters as a small animal model for sars-cov-2 infection and countermeasure development. Proc. Natl.
Acad. Sci. USA 117, 16587-16595. https://doi.org/10.1073/pnas.2009799117 (2020).

27. Kreye, J. et al. A therapeutic non-self-reactive sars-cov-2 antibody protects from lung pathology in a covid-19 hamster model. Cell
183, 1058-1069.€19. https://doi.org/10.1016/j.cell.2020.09.049 (2020).

28. Sia, S. E et al. Pathogenesis and transmission of sars-cov-2 in golden hamsters. Nature 583, 834-838. https://doi.org/10.1038/s415
86-020-2342-5 (2020).

29. Osterrieder, N. et al. Age-dependent progression of sars-cov-2 infection in syrian hamsters. Viruses 12, 779. https://doi.org/10.33
90/v12070779 (2020).

30. Trimpert, J. et al. The roborovski dwarf hamster is a highly susceptible model for a rapid and fatal course of sars-cov-2 infection.
Cell Rep. 33 (2020). https://doi.org/10.1016/j.celrep.2020.108488.

31. Yu, P. et al. Age-related rhesus macaque models of covid-19. Anim. Models Exp. Med. 3, 253-262. https://doi.org/10.1002/ame2.12
108 (2020).

32. Lu, S. et al. Comparison of nonhuman primates identified the suitable model for covid-19. Signal Transduct. Target. Ther. 5, 157.
https://doi.org/10.1038/541392-020-00269-6 (2020).

33. Kim, Y.-I. et al. Infection and rapid transmission of sars-cov-2 in ferrets. Cell Host Microbe 27 (2020). https://doi.org/10.1016/j.ch
om.2020.03.023.

34. Richard, M. et al. Sars-cov-2 is transmitted via contact and via the air between ferrets. Nat. Commun. 11, 3496. https://doi.org/10.
1038/541467-020-17367-2 (2020).

35. Bao, L. et al. The pathogenicity of sars-cov-2 in hace2 transgenic mice. Nature 583, 830-833. https://doi.org/10.1038/s41586-020-2
312-y (2020).

36. Sun, J. et al. Generation of a broadly useful model for covid-19 pathogenesis, vaccination, and treatment. Cell 182, 734-743.e5.
https://doi.org/10.1016/j.cell.2020.06.010 (2020).

37. Shi, J. et al. Susceptibility of ferrets, cats, dogs, and other domesticated animals to sars-coronavirus 2. Science 368, 1016-1020.
https://doi.org/10.1126/science.abb7015 (2020).

38. Sette, A. & Crotty, S. Adaptive immunity to sars-cov-2 and covid-19. FASEB J. 184, 861-880. https://doi.org/10.1016/j.cell.2021.01
.007 (2021).

39. Nouailles, G. et al. Temporal omics analysis in syrian hamsters unravel cellular effector responses to moderate covid-19. Nat.
Commun. 12 (2021). https://doi.org/10.1038/s41467-021-25030-7.

40. Calkovska, A., Kolomaznik, M. & Calkovsky, V. Alveolar type ii cells and pulmonary surfactant in covid-19 era. Physiol. Res.
70(Suppl. 2), S195-S208 (2021). https://doi.org/10.33549/physiolres.934763.

41. Singh, L. et al. Modulation of host immune response is an alternative strategy to combat sars-cov-2 pathogenesis. Front. Immunol.
12 (2021). https://doi.org/10.3389/fimmu.2021.660632.

42. Bryceson, Y. T., March, M. E., Ljunggren, H. & Long, E. O. Activation, coactivation, and costimulation of resting human natural
killer cells. Immunol. Rev. 214, 73-91. https://doi.org/10.1111/j.1600-065X.2006.00457.x (2006).

43. Biron, C. A, Tarrio, M. L. & Long, E. O. Immunoregulatory cytokine networks: 60 years of learning from murine cytomegalovirus.
Med. Microbiol. Immunol. 204, 345-354. https://doi.org/10.1007/s00430-015-0412-3 (2006).

44. Masselli, E. et al. Nk cells: A double edge sword against sars-cov-2. Adv. Biol. Regul. 77 (2020). https://doi.org/10.1016/j.jbior.2020
.100737.

45. Hay, Z. L. Z. & Slansky, ]. E. Granzymes: The molecular executors of immune-mediated cytotoxicity. Int. J. Mol. Sci. 23 (2022).
https://doi.org/10.3390/ijms23031833.

46. Skinner, D., Marro, B. S. & Lane, T. E. Chemokine cxcl10 and coronavirus-induced neurologic disease. Viral Immunol. 32 (2019).
https://doi.org/10.1089/vim.2018.0073.

47. Hou, Y. J. et al. Sars-cov-2 reverse genetics reveals a variable infection gradient in the respiratory tract. Cell 182, 429-446.e14.
https://doi.org/10.1016/j.cell.2020.05.042 (2020).

48. Schirm, S. et al. A biomathematical model of pneumococcal lung infection and antibiotic treatment in mice. PLoS ONE 11(5)
(2016). https://doi.org/10.1371/journal.pone.0156047.

49. Schirm, S. et al. A biomathematical model of immune response and barrier function in mice with pneumococcal lung infection.
PLoS ONE 15, €0243147. https://doi.org/10.1371/journal.pone.0243147 (2020).

50. Schiuma, G., Beltrami, S., Bortolotti, D., Rizzo, S. & Rizzo, R. Innate immune response in sars-cov-2 infection. Microorganisms 10
(2022). https://doi.org/10.3390/microorganisms10030501.

51. Knoll, R., Schultze, J. L. & Schulte-Schrepping, ]. Monocytes and macrophages in covid-19. Front. Immunol. 12, 720109. https://d
0i.org/10.3389/fimmu.2021.720109 (2021).

52. Lv, J. et al. Distinct uptake, amplification, and release of sars-cov-2 by m1 and m2 alveolar macrophages. Cell Discovery 7(24)
(2021). https://doi.org/10.1038/s41421-021-00258-1.

53. Lian, Q. et al. Differential effects of macrophage subtypes on sars-cov-2 infection in a human pluripotent stem cell-derived model.
Nat. Commun. 13 (2022). https://doi.org/10.1038/s41467-022-29731-5.

54. Karimabad, M. N. et al. The involvement of cxc motif chemokine ligand 10 (cxcl10) and its related chemokines in the pathogenesis
of coronary artery disease and in the covid-19 vaccination: A narrative review. Vaccines 9 (2021). https://doi.org/10.3390/vaccines
9111224.

55. Karin, N. & Razon, H. Chemokines beyond chemo-attraction: Cxcl10 and its significant role in cancer and autoimmunity. Cytokine
109, 24-28. https://doi.org/10.1016/j.cyt0.2018.02.012 (2018).

56. Allavena, P. et al. Induction of natural killer cell migration by monocyte chemotactic protein-1, -2 and -3. Eur. J. Immunol. 24,
3233-3236. https://doi.org/10.1002/eji.1830241249 (1994).

57. Gong, W. et al. Monocyte chemotactic protein-2 activates ccr5 and blocks cd4/ccr5-mediated hiv-1 entry/replication. J. Biol. Chem.
273, 4289-4292 (1998).

58. Loetscher, P, Seitz, M., Clark-Lewis, L., Baggiolini, M. & Moser, B. Monocyte chemotactic proteins mcp-1, mcp-2, and mcp-3 are
major attractants for human cd4+ and cd8+ t lymphocytes. FASEB J. 8, 1055-1060 (1994).

59. Jie, X. et al. Targeting kdm4c enhances cd8+ t cell mediated antitumor immunity by activating chemokine cxcl10 transcription in
lung cancer. J. Immunother. Cancer 10, €003716. https://doi.org/10.1136/jitc-2021-00371 (2022).

Scientific Reports |  (2024) 14:30541 | https://doi.org/10.1038/s41598-024-80498-9 nature portfolio


https://doi.org/10.1371/journal.pcbi.100973
https://doi.org/10.1101/2020.04.02.019075
https://doi.org/10.1371/journal.pcbi.1008451
https://doi.org/10.1038/s41467-020-18149-6
https://doi.org/10.1093/cid/ciaa325
https://doi.org/10.1093/cid/ciaa325
https://doi.org/10.1073/pnas.2009799117
https://doi.org/10.1016/j.cell.2020.09.049
https://doi.org/10.1038/s41586-020-2342-5
https://doi.org/10.1038/s41586-020-2342-5
https://doi.org/10.3390/v12070779
https://doi.org/10.3390/v12070779
https://doi.org/10.1016/j.celrep.2020.108488
https://doi.org/10.1002/ame2.12108
https://doi.org/10.1002/ame2.12108
https://doi.org/10.1038/s41392-020-00269-6
https://doi.org/10.1016/j.chom.2020.03.023
https://doi.org/10.1016/j.chom.2020.03.023
https://doi.org/10.1038/s41467-020-17367-2
https://doi.org/10.1038/s41467-020-17367-2
https://doi.org/10.1038/s41586-020-2312-y
https://doi.org/10.1038/s41586-020-2312-y
https://doi.org/10.1016/j.cell.2020.06.010
https://doi.org/10.1126/science.abb7015
https://doi.org/10.1016/j.cell.2021.01.007
https://doi.org/10.1016/j.cell.2021.01.007
https://doi.org/10.1038/s41467-021-25030-7
https://doi.org/10.33549/physiolres.934763
https://doi.org/10.3389/fimmu.2021.660632
https://doi.org/10.1111/j.1600-065X.2006.00457.x
https://doi.org/10.1007/s00430-015-0412-3
https://doi.org/10.1016/j.jbior.2020.100737
https://doi.org/10.1016/j.jbior.2020.100737
https://doi.org/10.3390/ijms23031833
https://doi.org/10.1089/vim.2018.0073
https://doi.org/10.1016/j.cell.2020.05.042
https://doi.org/10.1371/journal.pone.0156047
https://doi.org/10.1371/journal.pone.0243147
https://doi.org/10.3390/microorganisms10030501
https://doi.org/10.3389/fimmu.2021.720109
https://doi.org/10.3389/fimmu.2021.720109
https://doi.org/10.1038/s41421-021-00258-1
https://doi.org/10.1038/s41467-022-29731-5
https://doi.org/10.3390/vaccines9111224
https://doi.org/10.3390/vaccines9111224
https://doi.org/10.1016/j.cyto.2018.02.012
https://doi.org/10.1002/eji.1830241249
https://doi.org/10.1136/jitc-2021-00371
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

60. Karin, N. Cxcr3 ligands in cancer and autoimmunity, chemoattraction of effector t cells, and beyond. Front. Immunol. 11 (2020).
https://doi.org/10.3389/fimmu.2020.00976.

61. Kopf, M., Brombacher, E & Bachmann, M. E Role of igm antibodies versus b cells in influenza virus-specific immunity. Eur. J.
Immunol. 32, 2229-2236. https://doi.org/10.1002/1521-4141(200208)32:8<2229::AID-IMMU2229>3.0.CO;2-T (2002).

62. Kim, S. T. et al. Human extrafollicular cd4+ t helper cells help memory b cells produce immunoglobulins. J. Immunol. 5, 1359-
1372. https://doi.org/10.4049/jimmunol.1701217 (2018).

63. Garcia-Nicolds, O., Godel, A., Zimmer, G. & Summerfield, A. Macrophage phagocytosis of sars-cov-2-infected cells mediates
potent plasmacytoid dendritic cell activation. Cell. Mol. Immunol. 20, 835-849. https://doi.org/10.1038/s41423-023-01039-4
(2023).

64. Wolfel, R. et al. Virological assessment of hospitalized patients with covid-2019. Nature 581, 465-469. https://doi.org/10.1038/s41
586-020-2196-x (2020).

65. Trimpert, J. et al. Live attenuated virus vaccine protects against sars-cov-2 variants of concern b.1.1.7 (alpha) and b.1.351 (beta).
Sci. Adv. 7, eabk0172. https://doi.org/10.1126/sciadv.abk0172 (2021).

66. Adler, J. M. et al. A non-transmissible live attenuated sars-cov-2 vaccine. Mol. Therapy 31 (2023). https://doi.org/10.1016/j.ymthe.
2023.05.004.

67. Trimpert, J. et al. Development of safe and highly protective live-attenuated sars-cov-2 vaccine candidates by genome recoding.
Cell Rep. 36, 109493 https://doi.org/10.1016/j.celrep.2021.109493 (2021).

68. Rechenberg, I. Evolutionsstrategie 94 (Stuttgart: Frommann-Holzboog, 1994). 978-3-7728-1642-0 (ISBN).

69. Schwefel, H. Evolution strategies: A family of nonlinear optimization techniques based on imitating some principles of organic
evolution. Ann. Oper. Res. 1, 65-167. https://doi.org/10.1007/BF01876146 (1984).

70. Hernandez-Vargas, E. A. et al. Effects of aging on influenza virus infection dynamics. J. Virol. 88, 4123-4131. https://doi.org/10.1
128/JV1.03644-13 (2014).

71. Xue, H., Miao, H. & Wu, H. Sieve estimation of constant and time varying coefficients in nonlinear ordinary differential equation
models by considering both numerical error and measurement error. Ann. Stat. 38, 2351-2387. https://doi.org/10.1214/09-a0s784
(2010).

72. Efron,B.&Tibshirani,R. AnIntroduction to the Bootstrap (Chapmanand Hall/CRC, 1994). https://doi.org/10.1201/9780429246593.

Acknowledgements

This work was supported by the German Federal Ministry of Education and Research (BMBF) within the frame-
work of the e:Med research and funding concept SYMPATH, Grant Numbers 012X1906B, 01ZX1906A, CA-
PSyS, Grant Numbers 01ZX1304A, 01ZX1304B, and PROVID, Grant Numbers 01KI20160A and 01K120160C.
LGTA, EW and ML are supported by the Project “Virological and immunological determinants of COVID-19
pathogenesis—lessons to get prepared for future pandemics (KA1-Co-02 ‘COVIPA)”, a grant from the Helm-
holtz Association Initiative and Networking Fund. Parameter estimations and simulations were carried out using
the compute infrastructure of the Scalable Data Analytics and Artificial Intelligence center Leipzig (ScaDS.AI
Leipzig). ScaDS.Al is financed by the Federal Ministry of Education and Research of Germany and by Siachsische
Staatsministerium fiir Wissenschaft, Kultur und Tourismus in the programme Center of Excellence for Al-re-
search ,,Center for Scalable Data Analytics and Artificial Intelligence Dresden/Leipzig” (project identification
number: SCADS24B). We acknowledge support from the German Research Foundation (DFG) and University
of Leipzig within the program of Open Access Publishing. The funders had no role in study design, data collec-
tion and analysis, decision to publish, or preparation of the manuscript.

Author contributions

G.N., EW. and H.K. delivered experimental data. S.S., G.N., HK,, J.T., EW,, PA., No.S., M.W. and M.S. dis-
cussed model assumptions. S.S. and M.S. developed the model. S.S. estimated parameters, carried out the model
simulations and prepared the figures. S.S. and M.S. wrote the main manuscript text. G.N. and H.K. contributed
to paper writing. All authors contributed to the discussion and read and approved the final manuscript.

Funding
Open Access funding enabled and organized by Projekt DEAL.

Declarations

Competing interests
MS received funding from Pfizer Inc. for a project not related to this research. The other authors have declared
that no competing interests exist.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/1
0.1038/s41598-024-80498-9.

Correspondence and requests for materials should be addressed to S.S.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Scientific Reports|  (2024) 14:30541 | https://doi.org/10.1038/s41598-024-80498-9 nature portfolio


https://doi.org/10.3389/fimmu.2020.00976
https://doi.org/10.4049/jimmunol.1701217
https://doi.org/10.1038/s41423-023-01039-4
https://doi.org/10.1038/s41586-020-2196-x
https://doi.org/10.1038/s41586-020-2196-x
https://doi.org/10.1126/sciadv.abk0172
https://doi.org/10.1016/j.ymthe.2023.05.004
https://doi.org/10.1016/j.ymthe.2023.05.004
https://doi.org/10.1016/j.celrep.2021.109493
https://doi.org/10.1007/BF01876146
https://doi.org/10.1128/JVI.03644-13
https://doi.org/10.1128/JVI.03644-13
https://doi.org/10.1214/09-aos784
https://doi.org/10.1201/9780429246593
https://doi.org/10.1038/s41598-024-80498-9
https://doi.org/10.1038/s41598-024-80498-9
http://www.nature.com/scientificreports

www.nature.com/scientificreports/

Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and
indicate if changes were made. The images or other third party material in this article are included in the article’s
Creative Commons licence, unless indicated otherwise in a credit line to the material. If material is not included
in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy
of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports|  (2024) 14:30541 | https://doi.org/10.1038/s41598-024-80498-9 nature portfolio


http://creativecommons.org/licenses/by/4.0/
http://www.nature.com/scientificreports

	﻿A biomathematical model of SARS-CoV-2 in Syrian hamsters
	﻿Results
	﻿Parameter estimates
	﻿General model behaviour
	﻿Comparison of model and data
	﻿Model predictions

	﻿Discussion
	﻿Methods
	﻿Model assumptions and equations
	﻿Virus dynamics
	﻿Epithelial cells
	﻿Inflammatory macrophages in the lung
	﻿Activated natural killer cells
	﻿T cells
	﻿B cells
	﻿Antibodies of IgM type
	﻿Neutralizing antibodies
	﻿Chemokine CCL8 (MCP-2)
	﻿CXC chemokine ligand 10 (CXCL10, IP-10)


	﻿Numerical methods for simulation
	﻿Data
	﻿Experiments
	﻿Ethics statement
	﻿Animal husbandry
	﻿Virus stocks and PFU determination
	﻿Animal infection and collection of materials
	﻿Single cell isolation from hamster lungs
	﻿Single cell RNA expression quantification and assignment of cell types and proteomics



