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Abstract

Human airway epithelium (HAE) represents the primary site of viral infection for SARS-CoV-2.

Comprising different cell populations, a lot of research has been aimed at deciphering the

major cell types and infection dynamics that determine disease progression and severity. How-

ever, the cell type-specific replication kinetics, as well as the contribution of cellular composition

of the respiratory epithelium to infection and pathology are still not fully understood. Although

experimental advances, including Air-liquid interface (ALI) cultures of reconstituted pseudostra-

tified HAE, as well as lung organoid systems, allow the observation of infection dynamics under

physiological conditions in unprecedented level of detail, disentangling and quantifying the con-

tribution of individual processes and cells to these dynamics remains challenging. Here, we

present how a combination of experimental data and mathematical modelling can be used to

infer and address the influence of cell type specific infectivity and tissue composition on SARS-

CoV-2 infection dynamics. Using a stepwise approach that integrates various experimental

data on HAE culture systems with regard to tissue differentiation and infection dynamics, we

develop an individual cell-based model that enables investigation of infection and regeneration

dynamics within pseudostratified HAE. In addition, we present a novel method to quantify tis-

sue integrity based on image data related to the standard measures of transepithelial electrical

resistance measurements. Our analysis provides a first aim of quantitatively assessing cell

type specific infection kinetics and shows how tissue composition and changes in regeneration

capacity, as e.g. in smokers, can influence disease progression and pathology. Furthermore,

we identified key measurements that still need to be assessed in order to improve inference of

cell type specific infection kinetics and disease progression. Our approach provides a method

that, in combination with additional experimental data, can be used to disentangle the complex

dynamics of viral infection and immunity within human airway epithelial culture systems.
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Author summary

The cells of the human airway epithelium are one of the first cells that get into contact

with SARS-CoV-2 during infection. To which extent the different cell types that reconsti-

tute the epithelium contribute to the infection dynamics and also influence tissue pathol-

ogy and regeneration is still not fully understood. While advanced experimental systems,

such as air-liquid interface (ALI) cultures of reconstituted human airway epithelium,

allow a detailed experimental investigation of the infection dynamics under physiologi-

cally relevant conditions, disentangling the contribution of the various intra- and intercel-

lular processes to the progression of infection and disease severity remains complicated.

Here, we combined experimental data on SARS-CoV-2 infection within ALI-cultures

with a detailed individual-cell based model of the pseudostratified epithelium to reveal

and quantify the role of cell-type specific infection kinetics for disease progression and tis-

sue integrity. We can show how tissue composition and altered cell differentiation dynam-

ics affect the regeneration capacity of the airway epithelium and, thus, disease severity.

We highlight key processes that still need to be determined in order to reliably assess the

interplay between cell differentiation, infection and pathology during SARS-CoV-2 infec-

tion, and provide a method to quantitatively evaluate infection dynamics within tissues.

Introduction

Deciphering the main target cells and viral replication dynamics of the novel SARS-CoV-2

corona virus is an essential prerequisite for understanding infection kinetics and disease pro-

gression within patients. Being mainly transmitted via the respiratory route, the human airway

epithelium (HAE) represents the primary site of viral infection for SARS-CoV-2 [1,2]. Once

inhaled and entering the respiratory system, viral particles infect cells of the airway epithelium

and release new progeny viruses propagating this infection throughout the tissue.

HAE is composed of different cell types that form a pseudostratified epithelium with each

of them contributing to the functionality of the tissue [3,4]: Basal cells that are located close to

the basal membrane represent a stem-cell like population of the tissue, which proliferate and

differentiate into other cell types, enabling tissue regeneration upon injury [3,5]. Secretory

cells, such as club and goblet cells, secrete mucous that contributes to epithelial protection by

engulfing inhaled particles and microbes. Removal of these particles is then mediated by cili-

ated cells, the third major cell type of the HAE. These cells contain numerous cilia on their sur-

face which beat rhythmically to allow a coordinated transport of the mucous out of the

respiratory tract [6].

Human airway epithelial cells line all parts of the respiratory system including the nasal cav-

ity and throat of the upper respiratory tract, as well as the trachea, bronchi and bronchioles of

the lower respiratory tract. Each of these parts differs in the specific composition of the differ-

ent cell types within the respective epithelium. Ciliated cells are the dominant cell population

comprising between 50 to 70% of the cells [7], while secretory and basal cells comprise up to

11–36% and between 6–31% of the cells [3,8–10], respectively. Thereby, the actual frequency

depends on the localization within the respiratory tree [7].

Since the beginning of the SARS-CoV-2 pandemic, a lot of effort has been made in deci-

phering the cellular and molecular details that determine infection kinetics and disease pro-

gression within tissues. Air-liquid-interface (ALI) cultures of human airway epithelium have

been an essential tool for studying SARS-CoV-2 infection dynamics under physiological-like
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conditions [1,11–15]. By providing a pseudo-stratified epithelium grown from HAE cells,

these cultures allow examining infection dynamics at various level of detail within manipula-

tive conditions. However, disentangling the contribution of cell types and tissue composition

to infection, as well as quantifying cell type specific infection kinetics is often difficult given the

complexity of the various molecular and cellular processes involved and the available experi-

mental measurements.

In this study, we present a method to combine experimental data of SARS-CoV-2 infection

within HAE culture systems with mathematical modelling to quantify cell-type specific infec-

tivity and to determine the interplay between disease pathology and tissue regeneration

dynamics. To this end, we developed an individual cell-based model that provides a detailed

representation of pseudo-stratified HAE-culture systems accounting for individual cell-types

and their interactions. The model is based on the cellular Potts modelling framework [16] and

explicitly accounts for a layered tissue structure, as well as target cell heterogeneity and dynam-

ics in comparison to previous approaches modelling the spread of viral infection, and even

SARS-CoV-2, within tissues [17–19]. By parameterizing the individual processes of cell differ-

entiation, infection kinetics and cellular turnover using different published experimental mea-

surements, as well as developing a method to quantify tissue integrity based on image data, we

could investigate the role of individual cell types on infection dynamics and tissue pathology.

With this we are able to show how differences in epithelial composition and regeneration

capacity, as observed in nasal or smoking exposed tissue, influence infection and tissue

pathology.

Results

Modelling cell turnover within Air-liquid interface cultures of human

airway epithelium

To determine and evaluate how cell-type specific infectivity might influence SARS-CoV-2

infection within HAE cultures, we developed a mathematical model that describes the cellular

turnover and tissue differentiation within the HAE-culture system (Fig 1A). The model distin-

guishes between the three main cell types observed within human airway epithelium, including

basal (B), secretory (S) and ciliated (C) cells. Basal cells continuously proliferate at a rate α
dependent on the total cell density in the system (N = B+S+C). They follow a linear differentia-

tion pathway into secretory and subsequently ciliated cells at rate λs and λc, respectively [20],

with each cell type experiencing a cell type-specific death rate δx (Fig 1B,Materials and Meth-
ods). By fitting our model to experimental data on cell differentiation of ALI cultures of bron-

chial epithelial tissue [21], we estimated the rates of cellular turnover and differentiation,

assuming that the system reaches confluence at around ~45 days after seeding (Fig 1C and

Table 1). Given the complexity of the model and the available data, multiple parameter combi-

nations are able to explain the observed dynamics with dependencies preventing individual

parameter identifiability (S1 Fig). Nevertheless, we estimate consistently that basal cells have a

longer half-life than ciliated and secretory cells, with the latter one having a ~3 (ciliated) to ~6

(basal)-fold shorter lifetime compared to the other two cell types (t1/2b = 49.9 days vs. t1/2s = 8.4

days vs. t1/2c = 24.2 days). The observation that secretory cells have the shortest half-life of the

considered cell types is in line with observations in vivo [20]. With our best parameterization,

the bronchial epithelial tissue at confluence is dominated by ciliated cells, as generally observed

[21], comprising ~46.9% [19.9%, 60.6%] of the cells, followed by basal (39.7% [28.4%, 60.2%])

and secretory cells (13.4% [9.4%, 22.0%]) (Numbers in squared brackets denote the 90%-pre-

diction intervals).
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Using the parameterization obtained above, we developed an individual cell-based model to

account for the spatio-temporal dynamics of epithelial regeneration and cell differentiation.

The model is based on a cellular Potts modeling (CPM) framework [22] which enables us to

simulate inter- and intracellular dynamics on a local level by accounting for the polarized orien-

tation of cells, i.e., basal and apical side of the epithelium, and varying morphologies of individ-

ual cells with increasing cell densities (Fig 1D). Our model is able to mimic the development of

Fig 1. Cell differentiation dynamics in ALI-culture systems of human airway epithelium. (A) Sketch of human airway epithelial culture system. (B)

Schematic of a mathematical model describing cell differentiation and turnover for human airway epithelial cell cultures distinguishing between basal (B),

secretory (S) and ciliated (C) cells. For details seeMaterials and Methods. (C) Relative proportion of each cell type during differentiation of ALI-cultures of

bronchial epithelium. Mean and standard deviation of the experimental data from [21] (dots/whiskers), with the predicted dynamics obtained when fitting the

model shown in (B) to these data. The best fit (solid line) and 90%-prediction intervals for each cell type are shown (basal-green, secretory-blue, ciliated-

orange). (D) Cellular Potts model of ALI-culture system mimicking pseudo-stratified epithelium at different time points during differentiation. Basal cells

(green) are “overgrown” by secretory (blue) and ciliated (orange) cells. For graphical clarity, a reduced cell culture system is simulated starting with only ~1265

cells in total withNmax = 4085 cells. The average and range of n = 10 individual simulations using the best parameterization (Table 1) are shown with numbers

indicating the average frequency of each cell type around day 80 post seeding (basal: 40.3% [39.3%, 42.5%], secretory: 13.6% [12.7%, 14.8%], ciliated: 46.1%

[44.3%, 47.8%] (mean [min-max] across 10 simulations) (see also Movie1 at https://github.com/GrawLab/SARS-ALIculture).

https://doi.org/10.1371/journal.pcbi.1011356.g001

Table 1. Parameter estimated for development and differentiation of bronchial epithelial ALI-culture systems.

Parameters were estimated by fitting the model for epithelial differentiation dynamics (Eqs (1) and (2), Fig 1B) to the

data for untreated ALI-cultures [21]. Values indicate best estimate and 90%-credible intervals (CrI) of estimates using

an Approximate Bayesian Computation approach (pyABC, [23]) (see also S1 Fig).

Parameter Unit Value (90%-CrI)

Maximal proliferation rate of basal cells, α d-1 0.34 (0.15, 0.77)

Differentiation rate basal-secretory, λs ×10−2 d-1 8.41 (7.18, 9.86)

Differentiation rate secretory-ciliated, λc ×10−2 d-1 16.23 (11.93, 21.10)

Loss rate of basal cells, δb ×10−2 d-1 1.39 (0.10, 2.10)

Loss rate of secretory cells, δs ×10−2 d-1 8.28 (3.01, 16.07)

Loss rate of ciliated cells, δc ×10−2 d-1 2.86 (2.02, 6.99)

Maximal capacity of ALI-culture, Nmax relative to N0 = 1 1.29 (1.08, 1.97)

https://doi.org/10.1371/journal.pcbi.1011356.t001
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pseudo-stratified epithelium with basal cells slowly being overgrown by secretory and ciliated

cells that will dominate the apical side of the culture (Fig 1D, see also Movie1 at https://github.

com/GrawLab/SARS-ALIculture). Thus, we developed a model system that allows us to simu-

late and analyze the spatio-temporal dynamics of HAE cultures on a single-cell level.

Determining cell-type specific SARS-CoV-2 infection dynamics within

bronchial human airway epithelium

To extend our framework for determining cell-type specific infection kinetics of SARS-CoV-2

among human airway epithelial cells and analyze their influence on the progression of infection,

we followed a two-step approach. In a first step, we extended our cell population-based mathe-

matical model (Fig 1B, Eq (1)) to additionally account for the infection dynamics (Fig 2A).

Analogous to standard models of viral dynamics [24,25], we distinguish between uninfected

(X), infected (XI) and infectious cells (XJ). Each of the different cell types considered (basal, B,

Fig 2. Cell-type specific infection kinetics. (A) Schematic of a viral dynamics model for SARS-CoV-2 infection within human airway epithelium considering

uninfected (X), infected (XI) and infectious/productively infected cells (XJ) for each of the different cell types X2{B,S,C}. In addition, a population of cells being

refractory to infection (XR) is considered for each cell type to account for spatial separation and possible innate immune protection of cells (grey arrows). (B-D)

Measured (dots) and predicted (lines/shaded area) for the viral load (B), relative proportion of infected cell types (C) and total cell count for each cell type (D)

by fitting the model shown in (A) to data on SARS-CoV-2 infection of ALI-cultures of bronchial epithelium analyzed by scRNA-seq [27] are shown. Model

predictions for the best estimate (solid line) and prediction bands (shaded area) based on the 90%-credible intervals of parameter estimates in the last ABC-

generation (Table 3) are shown. (E-G) Predicted long-term oscillatory dynamics of the individual components. (H) Snapshots of the individual-cell based

model simulating SARS-CoV-2 infection dynamics within bronchial epithelial tissue considering ~4.7×104 cells in total (see also Movie2 at https://github.com/

GrawLab/SARS-ALIculture). (I-J) Relative proportion of infected cells (I) and viral load dynamics (J) with the mean (solid line) and maximal range (shaded

area) over 10 independent simulated cultures.

https://doi.org/10.1371/journal.pcbi.1011356.g002
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secretory, S, ciliated, C), is assumed to experience cell-type specific rates of cell infection βx, of

turning infectious and productively infected κx, viral production ρx, and cell death of produc-

tively infected cells δIx, with x2{B,S,C}. Infection occurs proportionally to the total viral load, V,

which is cleared from the system at rate c. The model and the mathematical equations are

explained in detail inMaterials and Methods. As an extension of this standard model, and in

accordance with previous observations [12,26], we considered a proportion of each of the con-

sidered cell types to become refractory to infection (Fig 2A). This accounts for the spatial sepa-

ration of cells within the culture and within different cell layers (basal vs. secretory/ciliated) in

the light of the well-mixed assumption of the model, as well as for cells that are protected from

infection, e.g. by innate immune mechanisms [26] or low cilia expression [12].

To provide a first assessment of cell-type specific infection kinetics, the model was fitted to

data published by Ravindra et al. [27] showing time-resolved measurements on viral load and

single-cell sequencing analyses for ALI-culture systems of bronchial epithelial tissue infected

with SARS-CoV-2 (Fig 2B–2D). In accordance with other studies [12,15], Ravindra et al. [27]

found that ciliated cells represent the majority of infected cells, with ~26% of these cells being

infected at 3 days post infection. While our standard model was not able to explain the experi-

mental data as it would predict faster growth kinetics in the frequency of infected cells than

observed experimentally when aiming to match viral load dynamics (not shown), the extended

model with consideration of refractory cell populations provided an appropriate representa-

tion of the observed dynamics of the viral load (Fig 2B) and the relative proportions of cells

being infected (Fig 2C). In accordance with the observation of ciliated cells being the main tar-

get of SARS-CoV2 infection [1,12,27], our model predicts a substantial, rapid loss of this cell

type with only ~50% of them remaining at ~60 hours post infection (Fig 2D). Given tissue

regeneration, the model would predict long-term oscillatory infection dynamics as they have

been observed elsewhere [12,15] that would eventually saturate (Fig 2E–2G). Parameter esti-

mates reveal an average duration of the viral eclipse phase of ~5h (2.9h, 20.0h) and an average

lifetime of productively infected cells of ~12.9 h (6h, 28h) with no indicative differences

between the individual cell types (Table 2). The largest differences between cell types are

observed in the fraction of refractory cells, f, which is due to the model formulation. With the

fraction of refractory cells, f, not being independently interpretable from the viral transmission

rate, β, but the latter ones largely comparable between cell types (Table 2), infectivity is sub-

stantially reduced for basal cells compared to ciliated cells. While this could be due to the dif-

ferent spatial location of these cell types within the pseudo-stratified epithelium, the high

fraction of refractory secretory cells compared to ciliated cells points towards a cell intrinsic

difference in viral infectivity, with ciliated cells being more prone to infection.

Table 2. Parameter estimates for cell-type specific infectivity. Measurements on viral load and cell-type specific infection based on single-cell RNA sequencing data of

SARS-CoV-2 infected ALI-cultures of human bronchial airway epithelium [27] were analyzed using the model shown in Eqs (3) and (4) and Fig 2A. The best parameter

combination and the 90%-credible intervals (CrI) in the last generation of an Approximation Bayesian Computation approach (pyABC) after 50 generations are shown

(*values from literature). Epithelial turnover dynamics were parameterized according to the best estimate shown in Table 1 (see also S2 Fig).

Parameter Unit Cell Type

Basal Secretory Ciliated

Viral transmission rate, β -log10 h-1 9.36 (9.08, 9.63) 9.40 (9.21, 9.73) 9.43 (9.18, 9.70)

Rate of infected cells to turn productively infected, κ h-1 0.19 (0.09, 0.30) 0.18 (0.05, 0.34) 0.22 (0.16, 0.31)

Viral production rate, ρ log10 copies h-1 4.38 (4.05, 4.98) 4.61 (4.16, 5.00) 4.69 (4.32, 4.94)

Death rate of productively infected cells, δI ×10−2 h-1 8.09 (4.08, 10.96) 7.70 (3.54, 16.50) 7.43 (5.75, 9.96)

Proportion of refractory cells, f 0.91 (0.90, 0.95) 0.86 (0.80, 0.90) 0.57 (0.51, 0.60)

Additional infection parameters

Viral clearance rate, c h-1 0.63* [29,30]

https://doi.org/10.1371/journal.pcbi.1011356.t002
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To disentangle the contribution of spatial and cell-intrinsic effects on the infection dynam-

ics, we incorporated the viral processes into our spatially-resolved model of the HAE culture

system. Starting from the parameterization obtained by the ODE-approach (Table 2), we addi-

tionally adapted the transmission dynamics, as here no specific refractory populations are con-

sidered with the CPM explicitly accounting for the spatial separation of cells (seeMaterials
and Methods for details on the adaptation process). Furthermore, in contrast to the ODE-

approach which solely attributed infection spread to cell-free virus, the CPM particularly

accounted for the spread of infection by direct cell-to-cell transmission within the model simu-

lations, which has been found to be responsible for roughly 90% of the infections within tissues

[28] (see also S2 Table). We used a step-wise approach considering different model assump-

tions to test their appropriateness in simultaneously explaining different observations on

SARS-CoV-2 infection dynamics within tissues that comprise longitudinal measurements on

specific cell-type frequencies and viral load dynamics [12,27] (seeMaterials & Methods for a

detailed explanation). As a first result, we found that the spatial separation of cells was not suf-

ficient to explain the different infection dynamics of ciliated and secretory, as well as basal

cells. In addition, the spatially explicit model indicated the necessity of a substantially higher

infectivity of ciliated in comparison to secretory and basal cells to match experimental observa-

tions. Furthermore, to explain the early rapid increase of the proportion of infected cells [27]

in combination with the not fully destroyed tissue integrity at later time points [12], inclusion

of a rate limiting process was needed to improve explaining the dynamics, as e.g. representa-

tive for an immune response [26]. Our best model parameterization (Fig 2H), for which we

focused on the cell-type specific infection dynamics (day 0–7 post infection), led to a reason-

able representation of the dynamics for the proportion of infected cells per cell type (Fig 2I), as

well as viral loads within the observed ranges (Fig 2J), by slightly underestimating the dynam-

ics within basal cells, as well as the peak viral load. Based on previous estimates indicating that

spread of SARS-CoV-2 relies predominantly on cell-to-cell transmission (~90% of infections

[28]), we obtain local infection spread that, in combination with the regenerative capacity of

the tissue, determine the oscillatory dynamics (Fig 2H, Movie2 at https://github.com/

GrawLab/SARS-ALIculture and compare Fig S7 in [12]). Assuming infection spread to be

more dominated by cell-free virus transmission, our model would predict higher peak viral

loads and more substantial loss of ciliated cells at early time points (S3 Fig). Thus, combining

data from different sources, our analyses provided a first physiologically relevant spatially-

resolved representation of SARS-CoV-2 infection within bronchial epithelial ALI-culture sys-

tems accounting for different cell type dynamics.

Spatial effects and tissue pathology

One of the hallmarks defining severity of SARS-CoV-2 infection within patients is the inferred

pathology mediated to airway epithelial tissue in the lung [31]. Quantifying tissue pathology

and relating it to functional loss, as well as evaluating the regenerative potential, are essential

to predict disease progression. Within experimental tissue culture systems, tissue integrity is

usually quantified by the transepithelial electrical resistance (TEER), determined by the electri-

cal resistance between electrodes positioned at the apical and basal side of the culture [32].

However, these types of measurement cannot be obtained from patients impairing the ability

to relate tissue integrity measures to pathology and possible disease progression. To overcome

this issue, we developed a novel method that allows us to quantify tissue integrity based on

image data (Fig 3A). The method analyses cell type specific membrane connections and relates

them to TEER measurements, allowing us to quantify the resistance mediated by the present

tissue pattern (seeMaterials and Methods for a detailed description of the method). Using

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 7 / 26

https://github.com/GrawLab/SARS-ALIculture
https://github.com/GrawLab/SARS-ALIculture
https://doi.org/10.1371/journal.pcbi.1011356


TEER measurements of differentiating bronchial HAE culture systems [21] to parameterize

resistance of cell type-specific tight junctions, our simulated culture systems show a rapid loss

of tissue integrity after SARS-CoV-2 infection with only 70% (range 66–75%) of TEER remain-

ing at day 4 post infection compared to day 0, comparable to experimental measurements

(Fig 3B) [12]. The integrity is slowly repaired afterwards reaching almost homeostatic condi-

tions within 25 days after infection, in correspondence to the reconstitution of the individual

cell populations during tissue regeneration (Fig 3C). However, the inferred regeneration

dynamics and oscillations seem to be slower than observed experimentally [12], indicating the

possibility for altered cell proliferation and differentiation dynamics during acute tissue dam-

age (Fig 1 and Table 1). In general, we do not observe a direct proportionality between the

total number of cells and the tissue integrity measured by TEER, as the particular cell types

and their connectivity influence these values.

Influence of cellular composition on tissue pathology and regeneration

dynamics

The replication efficacy of SARS-CoV-2 is observed to vary dependent on the specific respira-

tory tissue, with nasal epithelium showing the highest permissiveness [33–35]. To analyze the

effect of tissue composition and regeneration dynamics on the progression of SARS-CoV-2

infection, we additionally applied our model on epithelial differentiation (Fig 1A, Eq (1)) to

HAE culture systems of nasal epithelium [36], and bronchial epithelial cells exposed to differ-

ent concentrations of cigarette smoke extracts (CSE) during development, to determine cellu-

lar turnover under these conditions. Hereby, the latter condition simulated impaired epithelial

restructuration due to smoke exposure [21,37,38].

Compared to bronchial epithelium, nasal epithelium is characterized by a larger fraction of cili-

ated cells, with basal cells only making up ~18% at steady state compared to ~40% in bronchial tis-

sue (Fig 4A compare to Fig 1 and S3 Table) [36]. Our analysis indicates that these different

steady states are due to faster differentiation rates of basal into secretory, and secretory into cili-

ated cells, which are estimated to be roughly 2-fold higher in nasal compared to bronchial tissue

with all other parameters being comparable (Tables 1 and 3 and Fig 4B). In contrast to nasal and

healthy bronchial epithelium, airway epithelium of smokers is usually characterized by basal cell

hyperplasia [39–41], with ciliated cells being less frequent (Fig 4A and 4B). This is also seen in

our estimates on the differentiation dynamics of bronchial epithelium exposed to cigarette smoke

extracts by slightly increased loss rates for secretory and ciliated cells (Table 3).

Fig 3. Determining tissue integrity. (A) Schematic of relating experimental measurements of transepithelial electrical resistance to image data based on

individual cell tight junctions and spatial patterns. (B) TEER-dynamics for simulations of bronchial tissue (grey dots/red line) in comparison to previous

experimental measurements from the literature (blue line) [12]. Data points indicate the mean (dots/red solid line) and min-max range (whiskers) across 10

independent simulation runs. (C) Corresponding dynamics of total and cell type specific cell numbers across the 10 simulations (mean–solid line, range–

shaded area). Variations are minor with regard to the population sizes making the ranges hardly visible.

https://doi.org/10.1371/journal.pcbi.1011356.g003
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To determine how the different tissue compositions affect infection dynamics, we simulated

SARS-CoV-2 infection within these conditions using the same infection parameters as

obtained for bronchial epithelium (Tables 2 and S1), in combination with the tissue-specific

regeneration and differentiation dynamics (Table 3). As expected, given the high availability

of ciliated cells, infection within nasal epithelium is faster and more severe than in bronchial

epithelium, leading to ~1.5-fold higher fraction of infected ciliated cells compared to bronchial

epithelium at day 5 post infection, and a loss of ~80% of ciliated cells at 10 days post infection

(Fig 4C, compare Fig 2I). With tissue regeneration being ~2-fold faster than in bronchial

Fig 4. Tissue composition and infection kinetics. (A) Composition of bronchial and nasal airway epithelium, including bronchial epithelium exposed to

cigarette smoke extract (CSE) at different concentrations [21,36]. (B) Relative proportion of each cell type during differentiation of ALI-cultures of the

particular epithelium based on previous experimental data (mean/standard deviation = dots/whiskers) [21,36] with model predictions fitting the regeneration

model shown in Fig 1B to the data. The best fit (solid line) and 90%-prediction intervals for each cell type are shown (basal-green, secretory-blue, ciliated-

orange) with parameter estimates given in Table 3. (C) Simulated dynamics for the relative proportion of specific cell types infected, viral load, and total cell

numbers during SARS-CoV-2 infection given different ALI-culture conditions. The mean and range (min-max) over 10 independent simulations for each

condition are shown. (D) Corresponding snapshots of infection patterns at specific time points (see also Movie 3–5 at https://github.com/GrawLab/

SARS-ALIculture). (E) Relative size of viral load and total cell population of the different tissue conditions using bronchial epithelium as a baseline. The ratio of

the means across 10 simulations each are calculated. (F) TEER measurements across 5 (nasal, CSE) and 10 (bronchial) independent simulations for each

condition relative to each TEER measurement at day 0.

https://doi.org/10.1371/journal.pcbi.1011356.g004
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epithelium, higher viral load levels are maintained over longer periods of time supporting

oscillatory dynamics and regrowth of infection, including continuous tissue reconstruction

(Fig 4D). In contrast, bronchial epithelium exposed to cigarette smoke extract does not lead to

more severe infection patterns with viral loads decreasing faster than in unexposed tissue

(Fig 4C–4E, compare Fig 2I, 2J). However, tissue regeneration is partly impaired under these

conditions, showing reduced ability of the tissue to rebuild homeostatic cell numbers after

infection compared to untreated bronchial tissue (Fig 4E). This is not visible within the pro-

gression of the calculated relative transepithelial electrical resistance values, which only show a

slightly slower progression rate of TEER normalization for CSE-treated compared to untreated

bronchial tissue, while the faster regeneration capacity of nasal epithelium is confirmed (Fig

4F). In summary, our analysis indicates how tissue and cell type specific effects could affect

SARS-CoV-2 infection dynamics within human airway epithelial tissue.

Discussion

Understanding the kinetics of SARS-CoV-2 replication and spread within heterogeneous

human airway epithelial tissue is essential to determine disease progression and pathology

within patients, and to develop efficient treatment strategies. Air-liquid interface cultures have

increased our ability to study the molecular and cellular aspects of SARS-CoV-2 infection

under different conditions, but deciphering the contribution of various cell types and molecu-

lar processes requires integrative approaches that are able to simultaneously analyze various

types of measurements. Here, we developed a computational model that in combination with

experimental data can be used to analyze infection dynamics within pseudo-stratified airway

epithelium. By applying our model to published experimental data from different experiments,

we provide a first assessment of cell type specific infection kinetics, and approach the questions

of how different cell types, tissue composition and tissue differentiation kinetics contribute to

infection and pathology.

While ALI-culture systems of human airway epithelium have been used frequently to study

respiratory viruses (reviewed in [42,43]), surprisingly little information could be found on the

quantitative assessment of the turnover and differentiation kinetics of the various cells within

these systems. The apparent lack of quantitative data for the cell culture systems used severely

impairs the ability to reliably parameterize cellular turnover and, thus, tissue composition at

different time points. Some of our estimates (e.g. the turnover of secretory cells (δs, λs), as well

as the maximal proliferation of basal cells (α) (Table 1)) are in line with previous estimates on

epithelial differentiation obtained for mouse tracheal tissue that reported an average lifetime of

Table 3. Parameter estimated for development and differentiation of HAE systems for different conditions: Parameters were estimated by fitting the model for epi-

thelial differentiation dynamics (Eqs (1)–(2), Fig 1B) to data from ALI-cultures of nasal epithelium [36] and of bronchial epithelial tissue exposed to 2.5% and 5%

cigarette smoke extract (CSE)[21]. Values indicate best estimate and 90%-credible intervals (CrI) of estimates using an Approximate Bayesian Computation approach

(pyABC, [23]) running for 15 generations with 2000 particles each.

Parameter Unit nasal bronchial

best (90%-CrI) 2.5% CSE best (90%-CrI) 5% CSE best (90%-CrI)

Maximal proliferation rate of basal cells, α d-1 0.59 (0.42, 0.60) 0.27 (0.16, 0.77) 0.27 (0.15, 0.77)

Differentiation rate basal-secretory, λs ×10−2 d-1 18.17 (15.28, 21.91) 8.94 (8.33, 9.57) 8.11 (7.37, 8.83)

Differentiation rate secretory-ciliated, λc ×10−2 d-1 28.69 (22.04, 29.99) 13.89 (12.38,15.24) 11.87 (10.21,13.70)

Loss rate of basal cells, δb ×10−2 d-1 0.66 (0.10, 2.09) 1.98 (0.12, 2.10) 1.85 (0.14, 2.10)

Loss rate of secretory cells, δs ×10−2 d-1 9.98 (6.43, 13.50) 11.39 (7.46, 15.93) 8.53 (4.50, 13.33)

Loss rate of ciliated cells, δc ×10−2 d-1 2.28 (2.00, 3.22) 4.11 (2.45, 6.48) 3.01 (2.01, 6.04)

Maximal capacity of ALI-culture, Nmax relative to N0 = 1 1.33 (1.26, 1.58) 1.45 (1.11, 1.97) 1.39 (1.10, 1.90)

https://doi.org/10.1371/journal.pcbi.1011356.t003
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secretory cells of 14 (±2) days and a rate of basal to secretory cell differentiation of ~2×10−3 h-1

[20], as well as a doubling time of basal cells in human airway epithelium of 30–35 hours [44].

However, especially for the ciliated cells, our model predicts a roughly 10-times faster loss rate

compared to estimates in mice [20,45]. This is compensated by an equally faster differentiation

rate which is related to the impaired ability of parameter inference given the available data

(S1 Fig). Still, our analysis consistently shows that secretory cells have the fastest turnover of

the considered cell types [20]. Differences in cell lines (mice/human), as well as the experimen-

tal conditions could additionally relate to these discrepancies. In general, we also find that the

differentiation dynamics we infer for homeostatic development is too slow to explain the oscil-

latory dynamics of viral load and tissue integrity observed during experiments. While we

observed tissue reconstitution around day 25 post infection (Fig 3B), experimental observa-

tions show oscillations with periods in the order of 12–20 days [12,15]. This indicates that

additional factors mediating increased tissue regeneration during infection could play a role

that need to be taken into account [7,46]. Given the importance for understanding disease pro-

gression and pathology, more quantitative and time-resolved measurements of ALI-culture

differentiation dynamics including cell counts, cell type specific proportions and images of tis-

sue structure will be needed to appropriately quantify cellular turnover in human epithelial tis-

sue and understand disease progression.

With each cell type within respiratory epithelium contributing to the proper functioning of

the tissue, determining their role during infection is important to assess their impact on

pathology. For SARS-CoV-2, ciliated cells have been identified as one of the major targets of

the virus [12,47]. This correlates with the high expression of ACE2 on these cells, which repre-

sents the main target receptor for SARS-CoV-2 [48], as well as the increased viral replication

observed in nasal epithelium [49], which is characterized by a larger frequency of this cell type.

Modelling and analyzing cell type specific infectivity, our analysis also indicates that ciliated

cells are more likely to get infected. While the range of parameter estimates on the duration of

the viral eclipse phase (~5h [2.9h, 20.0h]) and the lifetime of productively infected cells (~12.9

h [6h, 28h]) corresponds to previous quantifications [7,26,50–52] independent of the specific

cell type (Table 2), the lower fraction of refractory cells for ciliated cells compared to the other

cell types indicates a higher infectability of this cell type. Further data will be needed to clearly

determine if this is mainly due to the location of the cells at the apical side of the tissue, their

increased cell surface due to the cilia which facilitate viral encounters, or additional molecular

factors. In addition, while the relative ratio of parameter estimates for individual cell type

infectivity might be informative, actual parameter estimates for the individual infection

dynamics should be taken with care (Table 2), given the uncertainty associated with their indi-

vidual identifiability (S1 and S2 Figs), especially also with regard to the dynamics of cellular

turnover (Table 1).

With regard to their functionality, the loss of ciliated cells is assumed to play a major role

during infection and for pathology [12,47]. Robinot et al. [12] reported on dedifferentiation of

ciliated cells and loss of cilia during SARS-CoV-2 infection within ex vivo and in vivomodels.

Damage of cilia and their impaired functionality could prevent removal of infectious mucous

and facilitate spread of infection to deeper lung sections [12]. The preferential targeting of cili-

ated cells and their dysfunctionality, e.g., impaired synchronicity of cilia beating, accelerated

shedding of infected cells, or impaired cell differentiation have already been reported for sev-

eral other respiratory viruses including respiratory syncytial virus (RSV) [53], influenza [54–

56] and rhinoviruses [57]. Accounting for active transport of virions by cilia in our model

besides viral diffusion could help to investigate the role of cilia loss for disease progression and

pathology, as well as their importance for viral replication [58].
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Loss of ciliated cells is also a hallmark of chronic obstructive pulmonary disease (COPD),

with smoking one of the major risk factors for its development. Smoking also appears as one

of the major risk factors for severe disease progression once SARS-CoV-2 infection is estab-

lished [35,59] with other studies reporting a reduced infectivity of smokers by SARS-CoV-2,

with these controversial findings partly referred to as the smoker paradox [60]. While a

reduced frequency of ciliated cells among HAE cells within smokers could explain the

impaired ability of SARS-CoV-2 to establish infection, cigarette smoke extract has been found

to have a detrimental effect on airway epithelial cell differentiation [21,41], affecting tissue

regeneration. Our analyses indicate altered differentiation dynamics within CSE-exposed tis-

sue with slightly increased loss rates of secretory and ciliated cells in comparison to untreated

bronchial tissue. Furthermore, using corresponding tissue compositions, we generally observe

lower viral loads within simulated CSE-exposed bronchial tissue compared to untreated tissue

(Fig 4E), relating to the potential impaired ability to establish infection. While simulated CSE-

exposed tissues show an impaired ability of the tissue to recover after infection judged by the

number of cells (Fig 4E), the calculated relative transepithelial electrical resistance does not

indicate slower tissue regeneration compared to untreated bronchial tissue (Fig 4F). However,

our models were simulated assuming the same total number of cells for each condition,

neglecting possible reduced cell numbers within CSE-exposed epithelium. With the actual cell

number having a substantial impact on absolute TEER values, total cell counts for each HAE

culture system would be needed to reliably connect tissue composition and tissue integrity.

Our novel approach to calculate tissue integrity from image data by relying on the parameteri-

zation of electrical resistance of cell-type specific tight junctions shows its general ability by

appropriately predicting early tissue destruction under SARS-CoV-2 infection while being

parameterized based on homeostatic conditions (Fig 3B) [12,21]. Simultaneous measurements

of TEER and cell counts will be needed to reliably parameterize electrical resistance of cell-

type specific tight junctions and to improve our method.

One general observation in our attempt to explain data of infection dynamics within HAE

culture systems indicated the necessity to consider processes that limit the spread of infection

over time, e.g. refractory cell populations (ODE) or inhibition of viral transmission dynamics

(CPM), which could be seen as a surrogate for immune effects. Similar observations have been

made within other modelling studies [26]. Innate immune responses, especially type I and III

interferons, have been found to play an essential role in early viral control, with SARS-CoV-2

having also evolved mechanisms to counteract their efficacy [61,62]. With timing and magni-

tude of the immune response being critical for establishment and progression of infection

[63–66], quantifying cell type specific kinetics of innate immune activation and efficacy will be

essential to predict disease progression within different respiratory tissues. In our analyses we

assumed that all tissues experience similar immune efficacies in terms of timing and magni-

tude. With recent studies reporting on different immune transcription profiles between nasal

and bronchial epithelium in response to SARS-CoV-2 infection [11], and potential impair-

ments of immunity within smokers, accounting for these differences, as well as modelling

immune processes in more detail, will improve comparability of measurements of tissue integ-

rity between conditions (Fig 4F) and to determine the role of specific immune responses for

the progression of tissue pathology.

Our approach represents a first step towards quantifying cell-type specific infection kinetics

and their importance for disease progression and pathology within human airway epithelium

during SARS-CoV-2 infection. It provides a methodological framework to disentangle the

contribution of different factors, such as tissue heterogeneity, cell-type specific dynamics and

local interactions, to disease progression and pathology, as well as an approach to determine

tissue integrity from imaging data. Thereby, our approach is able to simultaneously integrate
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different experimental observations and determine individual cell dynamics without the neces-

sity for in-depth single-cell sequencing analyses. With several modelling environments pro-

posed recently that simulate viral infection dynamics within tissues at different levels of detail

[17–19,67,68], our approach represents a first setup for a framework that accounts for a pseu-

dostratified, heterogeneous tissue structure to study tissue integrity under physiologically rele-

vant conditions. By combining information from several studies that rely on diverse

experimental protocols [12,21,27,36] our ability to reliably explain all experimental observa-

tions is impaired, as for example different culture media and settings could impact cell differ-

entiation dynamics. As cellular turnover and innate immune dynamics were found to be key

processes influencing infection progression and pathology, additional data on tissue differenti-

ation (as e.g. time-resolved cell counts and relative cell type frequencies), as well as immune

activation kinetics will be needed to provide a systematic and quantitative understanding of

the impact of tissue composition on infection dynamic. Using advanced parameter inference

tools [23,69] to simultaneously adapt our individual cell-based model to these various mea-

surements will help us to assess and predict the role of different airway epithelial tissues on

SARS-CoV-2 infection dynamics.

Materials & methods

Air-liquid interface cultures

Nasal and bronchial ALI cultures were purchased from Epithelix (https://www.epithelix.com)

and were received when they had been differentiated for 6 weeks and displayed the correct

TEER. Once received the samples were placed in fresh media and allowed to recover. Two

days post-delivery samples were washed to remove mucus from the apical membrane. The

number of cells in an ALI culture was determined by fixing the transwells and staining for

DAPI. The cell number was then generated by imaging on a Zeiss CD7 Cell Discoverer and

nuclei counting with Illastik (see S1 Data and S4 Fig).

Model of cellular turnover and epithelial regeneration

To model the differentiation and cellular turnover within the Air-Liquid Interface culture sys-

tem we consider the three main cell types of human bronchial epithelium including basal (B),

secretory (S) and ciliated (C) cells. Basal cells continuously proliferate at a density-dependent

proliferation rate, with a maximal proliferation rate α. The cells follow a linear differentiation

pathway into secretory and ciliated cells at rate λs and λc, respectively [20]. All cell types die at

a corresponding death rate δi with i2{B,S,C}. The whole dynamics is then described by the fol-

lowing system of ordinary differential equations.

dB
dt
¼ a 1 �

N
Nmax

� �

B � ls þ dbð ÞB

dS
dt
¼ lsB � lcS � dsS

dC
dt
¼ lcS � dcC

ð1Þ

Hereby, N = B+S+C defines the total cell concentration and Nmax the maximal carrying

capacity of the culture system. To account for a Γ-distributed differentiation process, the sys-

tem in Eq (1) was then extended, assuming that basal and secretory cells pass through k+1
intermediate steps before becoming a secretory or ciliated cell, respectively. The standard
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model for cell regeneration and differentiation is then defined by

dB0

dt
¼ a 1 �

N
Nmax

� �
Xk

i¼0
Bi

� �
� kls þ dbð ÞB0

dBi
dt
¼ klsðBi� 1 � BiÞ � dbBi; i ¼ 1; . . . ; k

dS0

dt
¼ klsBk � klcS0 � dsS0

dSi
dt
¼ klcðSi� 1 � SiÞ � dsSi; i ¼ 1; . . . ; k

dC
dt
¼ lcSk � dcC

ð2Þ

with the total number of cells, N, calculated accordingly, i.e., N = B0+B1+� � �. For the analysis

and parameter estimation, the number of intermediate steps was set to k = 4, i.e., having 5 dif-

ferent compartments (0,1,..,4), because it fits the data reasonably well and is a tradeoff between

a non-exponential distribution (k = 1) and a computational low cost model to allow for reason-

able distributions of differentiation durations.

Model of cell-type specific infectivity and viral dynamics

To model the infection dynamics of SARS-CoV-2 within the human epithelial cultures, the stan-

dard model for cell regeneration and differentiation (Eq (2)), is extended by the infection dynam-

ics for each of the different cell populations. Basal, secretory and ciliated cells get infected

proportional to the virus concentration V at cell-type specific infection rates β. After a viral eclipse

phase with an average duration of 1/κ, infected cells Iwill turn into productively infected cells J
and start exporting virus at rate ρ, having an average productive lifetime of 1/δI. For simplicity

and given the fast turnover of infected cells, we neglect the loss of non-productively infected cells

due to cell death. Each of the different rates of transmission, cell death, eclipse phase and viral pro-

duction are initially considered to be cell-type specific. The additional equations to Eqs (1)/(2)

(without accounting for the compartmentalization in the notation) are then given by

dB
dt
¼ a 1 �

N
Nmax

� �

B � ls þ dbð ÞB � bbVB

dBI
dt
¼ bbVB � kbBI

dBJ
dt
¼ kbBI � dIbBJ

dS
dt
¼ lsB � lcS � dsS � bsVS

dSI
dt
¼ bsVS � ksSI

dSJ
dt
¼ ksSI � dIsSJ

dC
dt
¼ lcS � dcC � bcVC

dCI
dt
¼ bcVC � kcCI

dCJ
dt
¼ kcCI � dIcCJ

dV
dt
¼ rbBJ þ rsSJþrcCJ � cV

ð3Þ
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Hereby, the parameter c defines the viral clearance rate. In addition, N is now defined by

N ¼ Bþ BI þ BJ þ Sþ SI þ SJ þ C þ CIþCJ , i.e., determining the total concentration of cells

within the system.

Analogously to cell differentiation, we also used compartmentalization for the viral eclipse

phase, 1/κ, and the average lifetime of productively infected cells, 1/δI, with k = 4 intermediate

steps each used for parameter fitting.

With this standard model for infection (Eq (3)) not able to explain the data (see main text),

we extended the model by additionally considering a proportion of cells that is refractory to

infection, XR, X2{B,S,C} for each of the three cell types considered. These populations account

for the spatial separation of cells within the culture and within different layers (basal vs. secre-

tory/ciliated), and could also be interpreted as cell protected by innate immune mechanisms

[26]. The corresponding equations in Eq (3) above are then modified and extended by

dB
dt
¼ 1 � fbð Þa 1 �

N
Nmax

� �

Bþ BRð Þ � ls þ dbð ÞB � bbVB

dBR
dt
¼ fba 1 �

N
Nmax

� �

Bþ BRð Þ � ls þ dbð ÞBR

dS
dt
¼ ð1 � fsÞls Bþ BRð Þ � lcS � dsS � bsVS

dSR
dt
¼ fsls Bþ BRð Þ � lcSR � dsSR

dC
dt
¼ ð1 � fcÞlc Sþ SRð Þ � dcC � bcVC

dCR
dt
¼ fclc Sþ SRð Þ � dcCR

ð4Þ

with fX, X2{B,S,C}, denoting the fractions of the corresponding cell types that become refrac-

tory, and N ¼ Bþ BR þ BI þ BJ þ Sþ SR þ SI þ SJ þ C þ CR þ CIþCJ throughout. Please

note that the compartmentalization for the processes of cell differentiation, the viral eclipse

phase, and the lifetime of productively infected cells (analogously to Eq (2)) were applied as

well, with Eq (4) then representing the model that best explained the experimental data.

Parameter estimation for cellular turnover and epithelial regeneration

We fitted the model shown in Eq (2) to the data of Schamberger et al. [21] (and de Borja Calle-

jas et al. [36]), using an Approximate Bayesian Computation-Sequential Monte Carlo

(ABC-SMC) method [23]. The model was fitted to the data that were obtained by digitalizing

the corresponding figures considering the experimentally observed errors with an additional

2% Gaussian noise to correct for data points where errors could not be observed. In addition

to the cellular frequencies, we also included a penalty term that ensured that absolute cell num-

bers maintained reasonable values when fitting the relative frequencies. As ALI-cultures reach

confluence and full differentiated epithelium in between 28–50 days after seeding (e.g. https://

www.epithelix.com/products/mucilair and https://www.stemcell.com/), additional penalty

terms were added to ensure that the individual cell populations reached steady state at around

day ~45–50. The cost function for each cell type is then defined by

RSSX ¼
X

ti

mexpðtiÞ � msimðtiÞ
sexpðtiÞ

 !2

þ
1

5

X51

t¼46

msimðtÞ � msimð45Þ

w1

� �2

þ
1

10

X61

t¼51

msimðtÞ � msimð50Þ

w2

� �2

with ti = 7, 14, 21, and 28 days defining the time points of measurements with actual observations, and
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μsim(t), μexp(t) and σexp(t) the predicted and measured mean and standard errors of the particular cell

type, respectively. The parameters w1 and w2 define weights to enforce the system to reach a steady state

at ~45 days. Here, we set w1 = 0.025 and w2 = 0.005 to ensure a smooth transition from the dynamics

inferred from the experimental measurements (first term) towards the assumed steady state of the system

based on qualitative assessments in the absence of comparable experimental data. The choice of the

weights will impact the transition dynamics and, thus, the estimated model parameters: Larger values of

w1and w2 will delay the model to reach steady state.

The complete cost function is then given by

RSS ¼
X

X2fB;S;Cg

RSSX þ
0:95 � Nð45Þ

w3

� �2

The second term comprises the penalty for the total cell count, with N(45) giving the total

relative cell count at day 45, and w3 the weight set to w3 = 0.2.

The cost function was minimized by Approximate Bayesian Computation (pyABC, [23]),

using 5000 particles for initial calibration and 2000 particles per generation. Each evaluation

run for up to 15 generations until sufficient convergence was reached. As expected, given the

complexity of the model and the available data, correlation analysis indicates that not all

parameters are identifiable, with especially the cell proliferation rate α and the maximal cell

number Nmax experiencing strong correlations (S1 Fig). Prior distributions for individual

parameters were defined by α~U(0.1, 0.6), λs~U(0.05, 0.3), λc~U(0.05, 0.3), δb~U(0.001,

0.021), δs~U(0.02, 0.16), and δc~U(0.02, 0.07) with all units given per day.

Parameter estimation to determine cell-type specific infectivity

Parameters describing cell-type specific infectivity were estimated by fitting the model shown

in Eqs (3/4) to the data obtained from Ravindra et al. [27]. These data contained information

from scRNAseq on the frequency of infected basal, secretory and ciliated cells at 1, 2 and 3

days post infection of a bronchial HAE system with SARS-CoV-2.

The model was fitted to the data by Approximate Bayesian Computation (pyABC, [23]),

running for 30 generations with 1000 calibration particles and 1000 particles per generation.

The previously determined best estimates for bronchial epithelium were considered for epithe-

lial cell turnover (Table 1). According to the measurements from Ravindra et al. at 1h post

infection [27], an initial infection dose of V0 = 2.8×106 RNA copies was used.

A cellular Potts model of the ALI-culture system

We used the cellular Potts modelling framework within the software tool Morpheus [22] to

simulate the spatio-temporal dynamics of infection and tissue regeneration within the pseudo-

stratified epithelium of the HAE cultures system. The cellular Potts model is a grid-based, indi-

vidual cell-based model which allows to simultaneously account for inter- and intracellular

dynamics across multiple scales. Each cell consists of several grid sites and aims at reaching a

specified target volume and perimeter. Heterogeneous cell morphologies are reached as a cell

aims at minimizing its global energy, which is defined by its surface tensions and characterized

by the so-called Hamiltonian [16,22]. The CPM implementation with its flexible cell shape

allows us to account for varying cell volumes with increasing cell densities. This is determined

by the parameters volume strength and the so-called aspherity, VS and C, which define the

strength with which a cell tries to reach/maintain the desired target volume and surface area,

respectively, and penalizes any deviations from them (see Morpheus and the documentation

therein for a detailed explanation of the implementation [22]).
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The model distinguishes between basal, secretory and ciliated cells. To simulate a pseudos-

tratified epithelium with basal cells located at the basal membrane of the culture, VS for basal

cells is only 1/10 of the corresponding value for secretory and ciliated cells (S1 Table). With

this parameterization, basal cells are “compressed” as secretory and ciliated cells increase in

numbers, simulating the “overgrowth” of basal cells by the other cell types (see Movie1 at

https://github.com/GrawLab/SARS-ALIculture).

Cell proliferation, differentiation and turnover

The dynamics of the individual cell types with regard to cell proliferation, differentiation and

cellular turnover follows the individual processes already defined within Eqs (1/2) and Eqs

(3/4) (see also Figs 1B and 2A). Parameterizations are based on the previously estimated

parameters (Table 1) with stochastic simulations accounting for cellular heterogeneity. To this

end, the different continuous rates were translated into probabilities for the discrete events

within the CPM dependent on the used timestep size assuming a constant hazard model. For

example, with δS defining the loss rate of secretory cells within the ODE-model, the probability

of a secretory cell to die (i.e., to change compartments according to Eq (2) to account for a Γ-

distributed lifetime) within a time step Δt in the CPM is calculated by pðDtÞ ¼ 1 � e� dSDt.
Upon cell death, dead cells are removed immediately, i.e., not inhibiting cell proliferation

dynamics or the calculation of the transepithelial electrical resistance (TEER) (see below). Due

to the dynamic cell morphologies within the CPM and to account for the pseudostratified tis-

sue when modelling density dependent cell growth, proliferation of basal cells is influenced by

the total number of cells within the cell culture, and not solely the local surrounding showing

reasonable tissue dynamics and growth kinetics.

Cell-free infection. Cell-free infection is simulated by additionally accounting for the

extracellular virus concentration, V. Individual cells get infected dependent on the cell type

specific transmission parameter βX, X2{B,S,C} and the total viral concentration at their cellular

surface. Once turning productive, productively infected cells will constantly produce virus

contributing to the extracellular viral concentration at the specific grid site. Viral concentra-

tion is modelled as a field which diffuses through the system at a diffusion rate DV = 60 μm2/h

comparable to previous effective diffusion rates used [70].

Cell-to-cell transmission. In addition to infection by cell-free virus, we also allow for

direct cell-to-cell transmission between productively infected and uninfected cells. The proba-

bility at which cells get infected depends on the type of the uninfected cells (X2{B,S,C}), char-

acterized by the relative infection parameter βcc,X, as well as the cell-types of the surrounding

productively infected and, thus, potentially infecting cells, characterized by the relative infect-

ing parameter ρcc,X, i.e., analogous to the transmission and viral production parameters for

cell-free infection. Without specific knowledge or data on cell-type-specific effects on cell-to-

cell transmission, we used the relative relationships of the estimated cell-type specific viral

transmission and production rates from the ODE model (Table 2) to parameterize βcc,X and

ρcc,X. We arbitrarily set βcc,b = 1 and ρcc,b = 1, considering basal cells as a baseline, and deter-

mined the other values based on the ratio of βs/βb, βc/βb and ρs/ρb, ρs/ρb, respectively (see

Table 2). The probability of an uninfected basal cell to get infected is then determined by

Pcc;b ¼ bcc;bðNj;brcc;b þ Nj;srcc;s þ Nj;crcc;cÞ

with Nj,b,Nj,s andNj,c defining the number of productively infected basal, secretory and ciliated

cells, respectively, which are in contact to the corresponding cell. For the other cell types, the

probability is calculated analogously. Please note that for basal and secretory cells, the proba-

bility to get infected had to be additionally reduced by a factor of 0.2 to further separate their
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infection dynamics from those of ciliated cells, indicating a clearly higher potential of ciliated

cells to get infected.

Adaptation of infection dynamics. To further adapt the infection dynamics within our

spatially explicit CPM simulation, we additionally control the effectiveness of infection by two

weighting factors wcf and wcc, which put a weight on the previously determined values of cell-

free viral transmission, βX, and cell-to-cell transmission, βcc,X, respectively, with X2{B,S,C}. By

changing the weighting factor while keeping all other parameter relationships constant, we are

able to control the initial speed of infection within our spatial simulation and adapt our simu-

lation to the observed dynamics by only changing a limited number of parameters. For cell-

free viral transmission, wcf translates the transmission rates obtained from the ODE approach

to the effective area of the viral concentration in the spatially-explicit CPM, corresponding to

the cellularization method introduced in [71]. In addition, both transmission parameters are

further controlled by the relative contribution of cell-free and cell-to-cell transmission to infec-

tion determined by fcc. Thus, for each specific cell type X2{B,S,C}, the transmission rates are

then defined by ~bX ¼ ð1 � fccÞwcfbX and ~bcc;X ¼ fccwccbcc;X, respectively.

Innate immune protection. As a model extension to additionally explain the observed

infection dynamics and mimicking the refractory cell populations considered within the

ODE-model [26], we additionally considered the effect of an immune response within our

simulations. Reflecting innate immune responses, immune protection develops in response to

the pathological damage that is caused by the infection, and would reduce cell-free and cell-to-

cell transmission, i.e., βcc,X and βcc,X, respectively with X2{B,S,C}. We specifically considered

the damage within the apical cell layer comprising ciliated and secretory cells to control these

dynamics, i.e., with increasing damage leading to a saturation of the transmission dynamics.

Immune protection, E(t), is then calculated by

E tð Þ ¼ 1 �
1

gmax
1 �

NapicalðtÞ
Napical;0

 !

where Napical,0 = S+C defines the number of ciliated and secretory cells at the start, NapicalðtÞ ¼
SðtÞ þ SIðtÞ þ SJðtÞ þ CðtÞ þ CIðtÞ þ CJðtÞ the number of uninfected, infected and infectious

ciliated and secretory cells at the current time point, and gmax the maximal fraction of the api-

cal layer that could be damaged. We used a default value of gmax = 0.75. Considering immune

protection, the transmission parameters are then updated according to ~bX ¼ ð1 �

fccÞEðtÞwcfbX and ~bcc;X ¼ fccEðtÞwccbcc;X;X 2 fB; S;Cg. Please note that for analyzing SARS--

CoV-2 infection dynamics in nasal epithelium and bronchial epithelium exposed to cigarette

smoke extract (Fig 4), we used the same kinetics and efficacy of innate immune protection as

inferred from bronchial tissue, meaning the same functional values of E(t) as used in normal

bronchial tissue, to restrict possible variations to the differences in the composition and regen-

eration dynamics of the epithelium. To this end, we determined the mean dynamics of E(t)
across the 10 simulations of bronchial epithelium and loaded them as a function into the other

simulations.

Default parameterization. As default parameterization, we assume a radial cell culture

system with a diameter of d = 1.217mm comprising a total of ~4.7×104 cells according to our

experimental measurements (S4 Fig) and using a spatial resolution of 1 pixel = 1 μm. Simula-

tions were performed with a time step size of 0.05 days to simulate the ALI-culture regenera-

tion model for a total of 50 days (Fig 1), and a time step of 15 minutes to simulate the infection

dynamics for a total time period of 25 days (Fig 2). For simulating infection, cell types are dis-

tributed according to the assumed steady-state conditions, and infection is introduced after a
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burn-in phase of 25 time steps. The initial infection dose V0 was calculated to obtain the same

number of initially infected cells as in the ODE system that used an initial infection dose of

2.6 × 106 RNA copies (obtained from [27], viral load at 1h). Considering the size of the simu-

lated radial cell culture with radius r and the total number of cells N, as well as the local force

of infection regulated by the weighting factor wcf, the initial viral dose is then given by

V0 ¼
2:8�106

ðp=4Þr2 N
1

wcf
. The initial viral load was homogeneously distributed throughout the grid.

The xml-code of the model is provided at https://github.com/GrawLab/SARS-ALIculture with

all standard parameterizations for the specific CPM parameters also provided in Tables 1, 2,

and S1.

Parameter adaptation. A combination of different parameter sweeps was used to

improve adaptation of the CPM-model to the experimental data. To limit the number of

parameters to vary given the complexity of the model, we concentrated our analysis on the

adaptation of the weight factor wcf, as well as an additional weighting factor wV that regulated

the initial viral infection dose, and, thus, the initial speed of infection. With these limited regu-

lations, it was possible to obtain an appropriate parameterization of the cell-type specific infec-

tion dynamics observed in the experimental data [27] in combination with the amount of

tissue pathology observed in such culture conditions.

Estimating transepithelial electrical resistance (TEER) based on image data

To measure tissue pathology within the ALI-culture system we quantified transepithelial elec-

trical resistance (TEER) in our simulations, which is a standard method to measure the integ-

rity of a tissue [32]. It determines the electrical resistance of a tissue layer placed on a semi-

permeable membrane by measuring the resistance of the cell layer between electrodes placed

at the apical and basolateral compartments of the ALI-culture system. Assuming that the resis-

tance per area of the cellular membranes is much larger than the resistance at the tight junc-

tions (TJ) of the cells, Rmembrane�RTJ, the total resistance of the tissue, RTissue, is the harmonic

mean of the resistance of the tight junctions, since they are connected in a parallel circuit. If all

tight junctions have equal resistance, this would give us:

RTissue /
1

MTJ

withMTJ denoting the area covered by the tight junctions. The reported TEER-value is then

defined by TEER = RTissue×Mtotal inO×cm2, withMtotal being the total area of the tissue, i.e.,

Mtotal =MTJ+Mcells (see also [32]).

With three cell types (basal, secretory, ciliated) within the culture system, as well as uncov-

ered area (medium), the total resistance of the tissue is then given by

1

RTissue
¼
X

i

1

Ri

¼ Nbas;bas
1

Rbas;bas
þ Nbas;sec

1

Rbas;sec
þ Nbas;cil

1

Rbas;cil
þ Nsec;sec

1

Rsec;sec
þNsec;cil

1

Rsec;cil
þ Ncil;cil

1

Rcil;cil

þ Nempty
1

Rmedium
ð5Þ

accounting for all possible tight junctions for each of the different cell types with each other

and the corresponding area covered, with i denoting the number of all pixels. Hereby, Rbas,bas,
Rcil,cil, etc. define the resistance of the particular tight junctions, and Nbas,bas, Nbas,sec, etc. the

number of pixels with the corresponding connections. To determine the area of each tight-
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junction combination, we used the images generated by our CPM simulations. For each pixel

characterizing a tight-junction (i.e., shown in black), we determined the type of pixels in the

direct neighborhood (3×3 area) to classify the type of tight junction dependent on the type of

cells in the surrounding. For example, if all pixels belong to either ciliated cells or represent

other tight junctions, this would count towards a cil-cil area. Using a resolution of 2000×2000

pixels for our images (1 image pixel = 0.6×0.6 μm2), the borders of the tight junctions are usu-

ally 1–2 pixels in width.

To parameterize transepithelial resistance values in our simulations, we used TEER mea-

surements for the differentiation of bronchial epithelium under homeostatic conditions ([21],

Fig 1C). For simplification, we assumed that the cell types within the different layers of the

pseudo-stratified epithelium (basal vs. secretory/ciliated) behave similar:

Rsec;sec ¼ Rsec;cil ¼ Rcil;cil

Rbas;sec ¼ Rbas;cil

This assumption leaves Rbas,bas, Rbas,cil, Rsec,cil and Rmedium as unknown parameters that need

to be determined. In addition, a factor accounting for the influence of infectivity of one of the

cells to lower the resistance of the particular tight junction was determined as well. Parameters

were obtained by adapting the calculation of the simulated culture systems based on Eq (5) to

the TEER measurements of untreated bronchial epithelium under homeostatic conditions

[21].

Supporting information

S1 Fig. Parameter dependencies. Relative dependencies of estimated regeneration and differ-

entiation parameters using the 10%-best parameter combinations after 15 generations of ABC

when fitting the model (Fig 1B, Eq. (1–2)) to the experimental data [21] (Table 1). Numbers in

the upper diagonal matrix determine the calculated Pearson correlation coefficient.

(PDF)

S2 Fig. Parameter dependencies. Relative dependencies of estimated infection parameters

using the 10%-best parameter combinations after 30 generations of ABC when fitting the

infection model (Eq (3)) to the experimental data [27] (Table 3). Numbers in the upper diago-

nal matrix determine the calculated Pearson correlation coefficient.

(PDF)

S3 Fig. Influence of viral transmission modes on infection dynamics. (A) Effect of different

assumptions for the relative contribution of cell-to-cell transmission, fcc, to the infection

dynamics simulating spread of SARS-CoV-2 within bronchial epithelium. All other parame-

ters were kept the same. Simulated dynamics for the relative proportion of specific cell types

infected, viral load, and total cell numbers during SARS-CoV-2 with the mean and range

(min-max) over 10 independent simulations for each assumed value of fcc are shown. (B-C)

Relative size of viral load (B) and total cell population (C) of the different assumptions for fcc
using fcc = 0.9 as a baseline. The ratio of the means across 10 simulations for each condition

are calculated.

(PDF)

S4 Fig. Cell counts for ALI culture systems. Determined absolute number of cells by DAPI

staining within ALI cultures of bronchial and nasal human airway epithelium (seeMaterials &
Methods). The mean ±1.96×.SE over three independent cultures for each condition are shown
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(S1 Data).

(PDF)

S1 Table. Parameters for the cellular Potts model (CPM) of the ALI-culture system. Gen-

eral parameters for initializing the cellular Potts model with specificities for the different cell

types. The xml-files for the standard model for cell differentiation and turnover with the infec-

tion dynamics within bronchial tissue, including all baseline parameterizations and imple-

mented in Morpheus 2.2.6, is provided at https://github.com/GrawLab/SARS-ALIculture.

(PDF)

S2 Table. Comparison of ODE and CPM approach. Comparison of the different biological

processes/aspects considered within the original and extended ODE approach, as well as the

spatially resolved CPM.

(PDF)

S3 Table. Tissue composition at steady-state for different ALI-culture systems. Composi-

tion of tissues at steady-state using the best estimates for the differentiation dynamics inferred

from the experimental data [21] (see also Fig 4A/4B). Values are in % of total cell number.

(PDF)

S1 Data. DAPI cell count data. The original cell count data for ALI-cultures of bronchial and

nasal epithelium based on DAPI staining used in S3 Fig.

(XLSX)

Author Contributions

Conceptualization: Rocio Sotillo, Megan L. Stanifer, Frederik Graw.

Data curation: Marika J. Haase, Megan L. Stanifer.

Formal analysis: Benjamin Raach, Nils Bundgaard, Marika J. Haase, Frederik Graw.

Funding acquisition: Rocio Sotillo, Megan L. Stanifer, Frederik Graw.

Investigation: Benjamin Raach, Nils Bundgaard, Marika J. Haase, Frederik Graw.

Methodology: Benjamin Raach, Nils Bundgaard, Frederik Graw.

Resources: Marika J. Haase, Jörn Starruß, Rocio Sotillo, Megan L. Stanifer.

Software: Jörn Starruß.

Supervision: Frederik Graw.

Writing – original draft: Frederik Graw.

Writing – review & editing: Benjamin Raach, Megan L. Stanifer, Frederik Graw.

References
1. Mulay A, Konda B, Garcia G Jr., Yao C, Beil, Villalba JM, et al. SARS-CoV-2 infection of primary human

lung epithelium for COVID-19 modeling and drug discovery. Cell Rep. 2021; 35(5):109055. Epub

20210413. https://doi.org/10.1016/j.celrep.2021.109055 PMID: 33905739; PubMed Central PMCID:

PMC8043574.

2. V’Kovski P, Kratzel A, Steiner S, Stalder H, Thiel V. Coronavirus biology and replication: implications for

SARS-CoV-2. Nat Rev Microbiol. 2021; 19(3):155–70. Epub 20201028. https://doi.org/10.1038/

s41579-020-00468-6 PMID: 33116300; PubMed Central PMCID: PMC7592455.

3. Davis JD, Wypych TP. Cellular and functional heterogeneity of the airway epithelium. Mucosal Immunol.

2021; 14(5):978–90. Epub 20210219. https://doi.org/10.1038/s41385-020-00370-7 PMID: 33608655;

PubMed Central PMCID: PMC7893625.

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 21 / 26

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011356.s005
https://github.com/GrawLab/SARS-ALIculture
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011356.s006
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011356.s007
http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1011356.s008
https://doi.org/10.1016/j.celrep.2021.109055
http://www.ncbi.nlm.nih.gov/pubmed/33905739
https://doi.org/10.1038/s41579-020-00468-6
https://doi.org/10.1038/s41579-020-00468-6
http://www.ncbi.nlm.nih.gov/pubmed/33116300
https://doi.org/10.1038/s41385-020-00370-7
http://www.ncbi.nlm.nih.gov/pubmed/33608655
https://doi.org/10.1371/journal.pcbi.1011356


4. Crystal RG, Randell SH, Engelhardt JF, Voynow J, Sunday ME. Airway epithelial cells: current concepts

and challenges. Proc Am Thorac Soc. 2008; 5(7):772–7. https://doi.org/10.1513/pats.200805-041HR

PMID: 18757316; PubMed Central PMCID: PMC5820806.

5. Herriges M, Morrisey EE. Lung development: orchestrating the generation and regeneration of a com-

plex organ. Development. 2014; 141(3):502–13. https://doi.org/10.1242/dev.098186 PMID: 24449833;

PubMed Central PMCID: PMC3899811.

6. Spassky N, Meunier A. The development and functions of multiciliated epithelia. Nat Rev Mol Cell Biol.

2017; 18(7):423–36. Epub 20170412. https://doi.org/10.1038/nrm.2017.21 PMID: 28400610.

7. Tilley AE, Walters MS, Shaykhiev R, Crystal RG. Cilia dysfunction in lung disease. Annu Rev Physiol.

2015; 77:379–406. Epub 20141029. https://doi.org/10.1146/annurev-physiol-021014-071931 PMID:

25386990; PubMed Central PMCID: PMC4465242.

8. Boers JE, Ambergen AW, Thunnissen FB. Number and proliferation of clara cells in normal human air-

way epithelium. Am J Respir Crit Care Med. 1999; 159(5 Pt 1):1585–91. https://doi.org/10.1164/ajrccm.

159.5.9806044 PMID: 10228131.

9. Boers JE, Ambergen AW, Thunnissen FB. Number and proliferation of basal and parabasal cells in nor-

mal human airway epithelium. Am J Respir Crit Care Med. 1998; 157(6 Pt 1):2000–6. https://doi.org/10.

1164/ajrccm.157.6.9707011 PMID: 9620938.

10. Rogers DF. The airway goblet cell. Int J Biochem Cell Biol. 2003; 35(1):1–6. https://doi.org/10.1016/

s1357-2725(02)00083-3 PMID: 12467641.

11. Pizzorno A, Padey B, Julien T, Trouillet-Assant S, Traversier A, Errazuriz-Cerda E, et al. Characteriza-

tion and Treatment of SARS-CoV-2 in Nasal and Bronchial Human Airway Epithelia. Cell Rep Med.

2020; 1(4):100059. https://doi.org/10.1016/j.xcrm.2020.100059 PMID: 32835306; PubMed Central

PMCID: PMC7373044.

12. Robinot R, Hubert M, de Melo GD, Lazarini F, Bruel T, Smith N, et al. SARS-CoV-2 infection induces

the dedifferentiation of multiciliated cells and impairs mucociliary clearance. Nat Commun. 2021; 12

(1):4354. Epub 20210716. https://doi.org/10.1038/s41467-021-24521-x PMID: 34272374; PubMed

Central PMCID: PMC8285531.

13. Fiege JK, Thiede JM, Nanda HA, Matchett WE, Moore PJ, Montanari NR, et al. Single cell resolution of

SARS-CoV-2 tropism, antiviral responses, and susceptibility to therapies in primary human airway epi-

thelium. PLoS Pathog. 2021; 17(1):e1009292. Epub 20210128. https://doi.org/10.1371/journal.ppat.

1009292 PMID: 33507952; PubMed Central PMCID: PMC7872261.

14. Tran BM, Grimley SL, McAuley JL, Hachani A, Earnest L, Wong SL, et al. Air-Liquid-Interface Differenti-

ated Human Nose Epithelium: A Robust Primary Tissue Culture Model of SARS-CoV-2 Infection. Int J

Mol Sci. 2022; 23(2). Epub 20220113. https://doi.org/10.3390/ijms23020835 PMID: 35055020; PubMed

Central PMCID: PMC8776210.

15. Hao S, Ning K, Kuz CA, Vorhies K, Yan Z, Qiu J. Long-Term Modeling of SARS-CoV-2 Infection of In

Vitro Cultured Polarized Human Airway Epithelium. mBio. 2020; 11(6). Epub 20201106. https://doi.org/

10.1128/mBio.02852-20 PMID: 33158999; PubMed Central PMCID: PMC7649230.

16. Graner FG J. Simulation of biological cell sorting using a two-dimensional extended Potts model. Phys

Rev Lett. 1992; 69:2013–6. https://doi.org/10.1103/PhysRevLett.69.2013 PMID: 10046374

17. Moses ME, Hofmeyr S, Cannon JL, Andrews A, Gridley R, Hinga M, et al. Spatially distributed infection

increases viral load in a computational model of SARS-CoV-2 lung infection. PLoS Comput Biol. 2021;

17(12):e1009735. Epub 20211223. https://doi.org/10.1371/journal.pcbi.1009735 PubMed Central

PMCID: PMC8740970. PMID: 34941862

18. Sego TJ, Aponte-Serrano JO, Ferrari Gianlupi J, Heaps SR, Breithaupt K, Brusch L, 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. 2020; 16(12):e1008451. Epub 20201221. https://doi.org/10.1371/journal.pcbi.

1008451 PMID: 33347439; PubMed Central PMCID: PMC7785254.

19. Ferrari Gianlupi J, Mapder T, Sego TJ, Sluka JP, Quinney SK, Craig M, et al. Multiscale Model of Antivi-

ral Timing, Potency, and Heterogeneity Effects on an Epithelial Tissue Patch Infected by SARS-CoV-2.

Viruses. 2022; 14(3). Epub 20220314. https://doi.org/10.3390/v14030605 PMID: 35337012; PubMed

Central PMCID: PMC8953050.

20. Watson JK, Rulands S, Wilkinson AC, Wuidart A, Ousset M, Van Keymeulen A, et al. Clonal Dynamics

Reveal Two Distinct Populations of Basal Cells in Slow-Turnover Airway Epithelium. Cell Rep. 2015; 12

(1):90–101. Epub 20150625. https://doi.org/10.1016/j.celrep.2015.06.011 PMID: 26119728; PubMed

Central PMCID: PMC4518462.

21. Schamberger AC, Staab-Weijnitz CA, Mise-Racek N, Eickelberg O. Cigarette smoke alters primary

human bronchial epithelial cell differentiation at the air-liquid interface. Sci Rep. 2015; 5:8163. Epub

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 22 / 26

https://doi.org/10.1513/pats.200805-041HR
http://www.ncbi.nlm.nih.gov/pubmed/18757316
https://doi.org/10.1242/dev.098186
http://www.ncbi.nlm.nih.gov/pubmed/24449833
https://doi.org/10.1038/nrm.2017.21
http://www.ncbi.nlm.nih.gov/pubmed/28400610
https://doi.org/10.1146/annurev-physiol-021014-071931
http://www.ncbi.nlm.nih.gov/pubmed/25386990
https://doi.org/10.1164/ajrccm.159.5.9806044
https://doi.org/10.1164/ajrccm.159.5.9806044
http://www.ncbi.nlm.nih.gov/pubmed/10228131
https://doi.org/10.1164/ajrccm.157.6.9707011
https://doi.org/10.1164/ajrccm.157.6.9707011
http://www.ncbi.nlm.nih.gov/pubmed/9620938
https://doi.org/10.1016/s1357-2725%2802%2900083-3
https://doi.org/10.1016/s1357-2725%2802%2900083-3
http://www.ncbi.nlm.nih.gov/pubmed/12467641
https://doi.org/10.1016/j.xcrm.2020.100059
http://www.ncbi.nlm.nih.gov/pubmed/32835306
https://doi.org/10.1038/s41467-021-24521-x
http://www.ncbi.nlm.nih.gov/pubmed/34272374
https://doi.org/10.1371/journal.ppat.1009292
https://doi.org/10.1371/journal.ppat.1009292
http://www.ncbi.nlm.nih.gov/pubmed/33507952
https://doi.org/10.3390/ijms23020835
http://www.ncbi.nlm.nih.gov/pubmed/35055020
https://doi.org/10.1128/mBio.02852-20
https://doi.org/10.1128/mBio.02852-20
http://www.ncbi.nlm.nih.gov/pubmed/33158999
https://doi.org/10.1103/PhysRevLett.69.2013
http://www.ncbi.nlm.nih.gov/pubmed/10046374
https://doi.org/10.1371/journal.pcbi.1009735
http://www.ncbi.nlm.nih.gov/pubmed/34941862
https://doi.org/10.1371/journal.pcbi.1008451
https://doi.org/10.1371/journal.pcbi.1008451
http://www.ncbi.nlm.nih.gov/pubmed/33347439
https://doi.org/10.3390/v14030605
http://www.ncbi.nlm.nih.gov/pubmed/35337012
https://doi.org/10.1016/j.celrep.2015.06.011
http://www.ncbi.nlm.nih.gov/pubmed/26119728
https://doi.org/10.1371/journal.pcbi.1011356


20150202. https://doi.org/10.1038/srep08163 PMID: 25641363; PubMed Central PMCID:

PMC4313097.

22. Starruss J, de Back W, Brusch L, Deutsch A. Morpheus: a user-friendly modeling environment for multi-

scale and multicellular systems biology. Bioinformatics. 2014; 30(9):1331–2. Epub 20140117. https://

doi.org/10.1093/bioinformatics/btt772 PMID: 24443380; PubMed Central PMCID: PMC3998129.

23. Schalte Y, Hasenauer J. Efficient exact inference for dynamical systems with noisy measurements

using sequential approximate Bayesian computation. Bioinformatics. 2020; 36(Suppl_1):i551–i9.

https://doi.org/10.1093/bioinformatics/btaa397 PMID: 32657404; PubMed Central PMCID:

PMC7355286.

24. Beauchemin CA, Handel A. A review of mathematical models of influenza A infections within a host or

cell culture: lessons learned and challenges ahead. BMC Public Health. 2011; 11 Suppl 1:S7. Epub

20110225. https://doi.org/10.1186/1471-2458-11-S1-S7 PMID: 21356136; PubMed Central PMCID:

PMC3317582.

25. Kumberger P, Frey F, Schwarz US, Graw F. Multiscale modeling of virus replication and spread. FEBS

Lett. 2016; 590(13):1972–86. Epub 20160306. https://doi.org/10.1002/1873-3468.12095 PMID:

26878104.

26. Ke R, Zitzmann C, Ho DD, Ribeiro RM, Perelson AS. In vivo kinetics of SARS-CoV-2 infection and its

relationship with a person’s infectiousness. Proc Natl Acad Sci U S A. 2021;118(49). https://doi.org/10.

1073/pnas.2111477118 PMID: 34857628; PubMed Central PMCID: PMC8670484.

27. Ravindra NG, Alfajaro MM, Gasque V, Huston NC, Wan H, Szigeti-Buck K, et al. Single-cell longitudinal

analysis of SARS-CoV-2 infection in human airway epithelium identifies target cells, alterations in gene

expression, and cell state changes. PLoS Biol. 2021; 19(3):e3001143. Epub 20210317. https://doi.org/

10.1371/journal.pbio.3001143 PMID: 33730024; PubMed Central PMCID: PMC8007021.

28. Zeng C, Evans JP, King T, Zheng YM, Oltz EM, Whelan SPJ, et al. SARS-CoV-2 spreads through cell-

to-cell transmission. Proc Natl Acad Sci U S A. 2022; 119(1). https://doi.org/10.1073/pnas.2111400119

PMID: 34937699; PubMed Central PMCID: PMC8740724.

29. Goyal A, Cardozo-Ojeda EF, Schiffer JT. Potency and timing of antiviral therapy as determinants of

duration of SARS-CoV-2 shedding and intensity of inflammatory response. Sci Adv. 2020; 6(47). Epub

20201120. https://doi.org/10.1126/sciadv.abc7112 PMID: 33097472; PubMed Central PMCID:

PMC7679107.

30. Stanifer ML, Kee C, Cortese M, Zumaran CM, Triana S, Mukenhirn M, et al. Critical Role of Type III

Interferon in Controlling SARS-CoV-2 Infection in Human Intestinal Epithelial Cells. Cell Rep. 2020; 32

(1):107863. Epub 20200619. https://doi.org/10.1016/j.celrep.2020.107863 PMID: 32610043; PubMed

Central PMCID: PMC7303637.

31. Lamers MM, Haagmans BL. SARS-CoV-2 pathogenesis. Nat Rev Microbiol. 2022; 20(5):270–84. Epub

20220330. https://doi.org/10.1038/s41579-022-00713-0 PMID: 35354968.

32. Srinivasan B, Kolli AR, Esch MB, Abaci HE, Shuler ML, Hickman JJ. TEER measurement techniques

for in vitro barrier model systems. J Lab Autom. 2015; 20(2):107–26. Epub 20150113. https://doi.org/

10.1177/2211068214561025 PMID: 25586998; PubMed Central PMCID: PMC4652793.

33. Sungnak W, Huang N, Becavin C, Berg M, Queen R, Litvinukova M, et al. SARS-CoV-2 entry factors

are highly expressed in nasal epithelial cells together with innate immune genes. Nat Med. 2020; 26

(5):681–7. Epub 20200423. https://doi.org/10.1038/s41591-020-0868-6 PMID: 32327758; PubMed

Central PMCID: PMC8637938.

34. Hou YJ, Okuda K, Edwards CE, Martinez DR, Asakura T, Dinnon KH, 3rd, et al. SARS-CoV-2 Reverse

Genetics Reveals a Variable Infection Gradient in the Respiratory Tract. Cell. 2020; 182(2):429–46 e14.

Epub 20200527. https://doi.org/10.1016/j.cell.2020.05.042 PMID: 32526206; PubMed Central PMCID:

PMC7250779.

35. Nakayama T, Lee IT, Jiang S, Matter MS, Yan CH, Overdevest JB, et al. Determinants of SARS-CoV-2

entry and replication in airway mucosal tissue and susceptibility in smokers. Cell Rep Med. 2021; 2

(10):100421. Epub 20210928. https://doi.org/10.1016/j.xcrm.2021.100421 PMID: 34604819; PubMed

Central PMCID: PMC8479532.

36. de Borja Callejas F, Martinez-Anton A, Alobid I, Fuentes M, Cortijo J, Picado C, et al. Reconstituted

human upper airway epithelium as 3-d in vitro model for nasal polyposis. PLoS One. 2014; 9(6):

e100537. Epub 20140619. https://doi.org/10.1371/journal.pone.0100537 PMID: 24945146; PubMed

Central PMCID: PMC4063947.

37. Shaykhiev R, Crystal RG. Early events in the pathogenesis of chronic obstructive pulmonary disease.

Smoking-induced reprogramming of airway epithelial basal progenitor cells. Ann Am Thorac Soc. 2014;

11 Suppl 5:S252–8. https://doi.org/10.1513/AnnalsATS.201402-049AW PMID: 25525728; PubMed

Central PMCID: PMC4298974.

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 23 / 26

https://doi.org/10.1038/srep08163
http://www.ncbi.nlm.nih.gov/pubmed/25641363
https://doi.org/10.1093/bioinformatics/btt772
https://doi.org/10.1093/bioinformatics/btt772
http://www.ncbi.nlm.nih.gov/pubmed/24443380
https://doi.org/10.1093/bioinformatics/btaa397
http://www.ncbi.nlm.nih.gov/pubmed/32657404
https://doi.org/10.1186/1471-2458-11-S1-S7
http://www.ncbi.nlm.nih.gov/pubmed/21356136
https://doi.org/10.1002/1873-3468.12095
http://www.ncbi.nlm.nih.gov/pubmed/26878104
https://doi.org/10.1073/pnas.2111477118
https://doi.org/10.1073/pnas.2111477118
http://www.ncbi.nlm.nih.gov/pubmed/34857628
https://doi.org/10.1371/journal.pbio.3001143
https://doi.org/10.1371/journal.pbio.3001143
http://www.ncbi.nlm.nih.gov/pubmed/33730024
https://doi.org/10.1073/pnas.2111400119
http://www.ncbi.nlm.nih.gov/pubmed/34937699
https://doi.org/10.1126/sciadv.abc7112
http://www.ncbi.nlm.nih.gov/pubmed/33097472
https://doi.org/10.1016/j.celrep.2020.107863
http://www.ncbi.nlm.nih.gov/pubmed/32610043
https://doi.org/10.1038/s41579-022-00713-0
http://www.ncbi.nlm.nih.gov/pubmed/35354968
https://doi.org/10.1177/2211068214561025
https://doi.org/10.1177/2211068214561025
http://www.ncbi.nlm.nih.gov/pubmed/25586998
https://doi.org/10.1038/s41591-020-0868-6
http://www.ncbi.nlm.nih.gov/pubmed/32327758
https://doi.org/10.1016/j.cell.2020.05.042
http://www.ncbi.nlm.nih.gov/pubmed/32526206
https://doi.org/10.1016/j.xcrm.2021.100421
http://www.ncbi.nlm.nih.gov/pubmed/34604819
https://doi.org/10.1371/journal.pone.0100537
http://www.ncbi.nlm.nih.gov/pubmed/24945146
https://doi.org/10.1513/AnnalsATS.201402-049AW
http://www.ncbi.nlm.nih.gov/pubmed/25525728
https://doi.org/10.1371/journal.pcbi.1011356


38. Wohnhaas CT, Gindele JA, Kiechle T, Shen Y, Leparc GG, Stierstorfer B, et al. Cigarette Smoke Spe-

cifically Affects Small Airway Epithelial Cell Populations and Triggers the Expansion of Inflammatory

and Squamous Differentiation Associated Basal Cells. Int J Mol Sci. 2021; 22(14). Epub 20210716.

https://doi.org/10.3390/ijms22147646 PMID: 34299265; PubMed Central PMCID: PMC8305830.

39. Peters EJ, Morice R, Benner SE, Lippman S, Lukeman J, Lee JS, et al. Squamous metaplasia of the

bronchial mucosa and its relationship to smoking. Chest. 1993; 103(5):1429–32. https://doi.org/10.

1378/chest.103.5.1429 PMID: 8486022

40. Randell SH. Airway epithelial stem cells and the pathophysiology of chronic obstructive pulmonary dis-

ease. Proc Am Thorac Soc. 2006; 3(8):718–25. https://doi.org/10.1513/pats.200605-117SF PMID:

17065380; PubMed Central PMCID: PMC2647659.

41. Rock JR, Randell SH, Hogan BL. Airway basal stem cells: a perspective on their roles in epithelial

homeostasis and remodeling. Dis Model Mech. 2010; 3(9–10):545–56. Epub 20100810. https://doi.org/

10.1242/dmm.006031 PMID: 20699479; PubMed Central PMCID: PMC2931533.

42. Iverson E, Kaler L, Agostino EL, Song D, Duncan GA, Scull MA. Leveraging 3D Model Systems to

Understand Viral Interactions with the Respiratory Mucosa. Viruses. 2020; 12(12). Epub 20201211.

https://doi.org/10.3390/v12121425 PMID: 33322395; PubMed Central PMCID: PMC7763686.

43. Han Y, Yang L, Lacko LA, Chen S. Human organoid models to study SARS-CoV-2 infection. Nat Meth-

ods. 2022; 19(4):418–28. Epub 20220408. https://doi.org/10.1038/s41592-022-01453-y PMID:

35396481.

44. Mou H, Vinarsky V, Tata PR, Brazauskas K, Choi SH, Crooke AK, et al. Dual SMAD Signaling Inhibition

Enables Long-Term Expansion of Diverse Epithelial Basal Cells. Cell Stem Cell. 2016; 19(2):217–31.

Epub 20160616. https://doi.org/10.1016/j.stem.2016.05.012 PMID: 27320041; PubMed Central

PMCID: PMC4975684.

45. Rawlins EL, Hogan BL. Ciliated epithelial cell lifespan in the mouse trachea and lung. Am J Physiol

Lung Cell Mol Physiol. 2008; 295(1):L231–4. Epub 20080516. https://doi.org/10.1152/ajplung.90209.

2008 PMID: 18487354; PubMed Central PMCID: PMC2494792.

46. Kotton DN, Morrisey EE. Lung regeneration: mechanisms, applications and emerging stem cell popula-

tions. Nat Med. 2014; 20(8):822–32. https://doi.org/10.1038/nm.3642 PMID: 25100528; PubMed Cen-

tral PMCID: PMC4229034.

47. Zhu N, Wang W, Liu Z, Liang C, Wang W, Ye F, et al. Morphogenesis and cytopathic effect of SARS-

CoV-2 infection in human airway epithelial cells. Nat Commun. 2020; 11(1):3910. Epub 20200806.

https://doi.org/10.1038/s41467-020-17796-z PMID: 32764693; PubMed Central PMCID:

PMC7413383.

48. Lee IT, Nakayama T, Wu CT, Goltsev Y, Jiang S, Gall PA, et al. ACE2 localizes to the respiratory cilia

and is not increased by ACE inhibitors or ARBs. Nat Commun. 2020; 11(1):5453. Epub 20201028.

https://doi.org/10.1038/s41467-020-19145-6 PMID: 33116139; PubMed Central PMCID:

PMC7595232.

49. Chiu MC, Li C, Liu X, Song W, Wan Z, Yu Y, et al. Human Nasal Organoids Model SARS-CoV-2 Upper

Respiratory Infection and Recapitulate the Differential Infectivity of Emerging Variants. mBio. 2022; 13

(4):e0194422. Epub 20220808. https://doi.org/10.1128/mbio.01944-22 PMID: 35938726; PubMed Cen-

tral PMCID: PMC9426414.

50. Kim KS, Ejima K, Iwanami S, Fujita Y, Ohashi H, Koizumi Y, et al. A quantitative model used to compare

within-host SARS-CoV-2, MERS-CoV, and SARS-CoV dynamics provides insights into the pathogene-

sis and treatment of SARS-CoV-2. PLoS Biol. 2021; 19(3):e3001128. Epub 20210322. https://doi.org/

10.1371/journal.pbio.3001128 PMID: 33750978; PubMed Central PMCID: PMC7984623.

51. Cortese M, Lee JY, Cerikan B, Neufeldt CJ, Oorschot VMJ, Kohrer S, et al. Integrative Imaging Reveals

SARS-CoV-2-Induced Reshaping of Subcellular Morphologies. Cell Host Microbe. 2020; 28(6):853–66

e5. Epub 20201117. https://doi.org/10.1016/j.chom.2020.11.003 PMID: 33245857; PubMed Central

PMCID: PMC7670925.

52. Goncalves A, Bertrand J, Ke R, Comets E, de Lamballerie X, Malvy D, et al. Timing of Antiviral Treat-

ment Initiation is Critical to Reduce SARS-CoV-2 Viral Load. CPT Pharmacometrics Syst Pharmacol.

2020; 9(9):509–14. Epub 20200807. https://doi.org/10.1002/psp4.12543 PMID: 32558354; PubMed

Central PMCID: PMC7323384.

53. Liesman RM, Buchholz UJ, Luongo CL, Yang L, Proia AD, DeVincenzo JP, et al. RSV-encoded NS2

promotes epithelial cell shedding and distal airway obstruction. J Clin Invest. 2014; 124(5):2219–33.

Epub 20140408. https://doi.org/10.1172/JCI72948 PMID: 24713657; PubMed Central PMCID:

PMC4001550.

54. Dumm RE, Fiege JK, Waring BM, Kuo CT, Langlois RA, Heaton NS. Non-lytic clearance of influenza B

virus from infected cells preserves epithelial barrier function. Nat Commun. 2019; 10(1):779. Epub

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 24 / 26

https://doi.org/10.3390/ijms22147646
http://www.ncbi.nlm.nih.gov/pubmed/34299265
https://doi.org/10.1378/chest.103.5.1429
https://doi.org/10.1378/chest.103.5.1429
http://www.ncbi.nlm.nih.gov/pubmed/8486022
https://doi.org/10.1513/pats.200605-117SF
http://www.ncbi.nlm.nih.gov/pubmed/17065380
https://doi.org/10.1242/dmm.006031
https://doi.org/10.1242/dmm.006031
http://www.ncbi.nlm.nih.gov/pubmed/20699479
https://doi.org/10.3390/v12121425
http://www.ncbi.nlm.nih.gov/pubmed/33322395
https://doi.org/10.1038/s41592-022-01453-y
http://www.ncbi.nlm.nih.gov/pubmed/35396481
https://doi.org/10.1016/j.stem.2016.05.012
http://www.ncbi.nlm.nih.gov/pubmed/27320041
https://doi.org/10.1152/ajplung.90209.2008
https://doi.org/10.1152/ajplung.90209.2008
http://www.ncbi.nlm.nih.gov/pubmed/18487354
https://doi.org/10.1038/nm.3642
http://www.ncbi.nlm.nih.gov/pubmed/25100528
https://doi.org/10.1038/s41467-020-17796-z
http://www.ncbi.nlm.nih.gov/pubmed/32764693
https://doi.org/10.1038/s41467-020-19145-6
http://www.ncbi.nlm.nih.gov/pubmed/33116139
https://doi.org/10.1128/mbio.01944-22
http://www.ncbi.nlm.nih.gov/pubmed/35938726
https://doi.org/10.1371/journal.pbio.3001128
https://doi.org/10.1371/journal.pbio.3001128
http://www.ncbi.nlm.nih.gov/pubmed/33750978
https://doi.org/10.1016/j.chom.2020.11.003
http://www.ncbi.nlm.nih.gov/pubmed/33245857
https://doi.org/10.1002/psp4.12543
http://www.ncbi.nlm.nih.gov/pubmed/32558354
https://doi.org/10.1172/JCI72948
http://www.ncbi.nlm.nih.gov/pubmed/24713657
https://doi.org/10.1371/journal.pcbi.1011356


20190215. https://doi.org/10.1038/s41467-019-08617-z PMID: 30770807; PubMed Central PMCID:

PMC6377627.

55. Fu Y, Tong J, Meng F, Hoeltig D, Liu G, Yin X, et al. Ciliostasis of airway epithelial cells facilitates influ-

enza A virus infection. Vet Res. 2018; 49(1):65. Epub 20180718. https://doi.org/10.1186/s13567-018-

0568-0 PMID: 30021653; PubMed Central PMCID: PMC6052543.

56. Wu NH, Yang W, Beineke A, Dijkman R, Matrosovich M, Baumgartner W, et al. The differentiated air-

way epithelium infected by influenza viruses maintains the barrier function despite a dramatic loss of cili-

ated cells. Sci Rep. 2016; 6:39668. Epub 20161222. https://doi.org/10.1038/srep39668 PMID:

28004801; PubMed Central PMCID: PMC5177954.

57. Essaidi-Laziosi M, Brito F, Benaoudia S, Royston L, Cagno V, Fernandes-Rocha M, et al. Propagation

of respiratory viruses in human airway epithelia reveals persistent virus-specific signatures. J Allergy

Clin Immunol. 2018; 141(6):2074–84. Epub 20170808. https://doi.org/10.1016/j.jaci.2017.07.018

PMID: 28797733; PubMed Central PMCID: PMC7112338.

58. Wu CT, Lidsky PV, Xiao Y, Cheng R, Lee IT, Nakayama T, et al. SARS-CoV-2 replication in airway epi-

thelia requires motile cilia and microvillar reprogramming. Cell. 2023; 186(1):112–30 e20. Epub

20221202. https://doi.org/10.1016/j.cell.2022.11.030 PMID: 36580912; PubMed Central PMCID:

PMC9715480.

59. Fekete M, Szarvas Z, Fazekas-Pongor V, Feher A, Dosa N, Lehoczki A, et al. COVID-19 infection in

patients with chronic obstructive pulmonary disease: From pathophysiology to therapy. Mini-review.

Physiol Int. 2022. Epub 20220228. https://doi.org/10.1556/2060.2022.00172 PMID: 35230261.

60. Usman MS, Siddiqi TJ, Khan MS, Patel UK, Shahid I, Ahmed J, et al. Is there a smoker’s paradox in

COVID-19? BMJ Evid Based Med. 2021; 26(6):279–84. Epub 20200811. https://doi.org/10.1136/

bmjebm-2020-111492 PMID: 32788164.

61. Zhou Z, Ren L, Zhang L, Zhong J, Xiao Y, Jia Z, et al. Heightened Innate Immune Responses in the

Respiratory Tract of COVID-19 Patients. Cell Host Microbe. 2020; 27(6):883–90 e2. Epub 20200504.

https://doi.org/10.1016/j.chom.2020.04.017 PMID: 32407669; PubMed Central PMCID: PMC7196896.

62. Konno Y, Kimura I, Uriu K, Fukushi M, Irie T, Koyanagi Y, et al. SARS-CoV-2 ORF3b Is a Potent Inter-

feron Antagonist Whose Activity Is Increased by a Naturally Occurring Elongation Variant. Cell Rep.

2020; 32(12):108185. Epub 20200904. https://doi.org/10.1016/j.celrep.2020.108185 PMID: 32941788;

PubMed Central PMCID: PMC7473339.

63. Andres P, Blandine P, Victoria D, William M, Justine O, Laurent E, et al. Interactions between Severe

Acute Respiratory Syndrome Coronavirus 2 Replication and Major Respiratory Viruses in Human nasal

Epithelium. J Infect Dis. 2022. Epub 20220829. https://doi.org/10.1093/infdis/jiac357 PMID: 36031537;

PubMed Central PMCID: PMC9452145.

64. Dee K, Goldfarb DM, Haney J, Amat JAR, Herder V, Stewart M, et al. Human Rhinovirus Infection

Blocks Severe Acute Respiratory Syndrome Coronavirus 2 Replication Within the Respiratory Epithe-

lium: Implications for COVID-19 Epidemiology. J Infect Dis. 2021; 224(1):31–8. https://doi.org/10.1093/

infdis/jiab147 PMID: 33754149; PubMed Central PMCID: PMC8083659.

65. Fage C, Henaut M, Carbonneau J, Piret J, Boivin G. Influenza A(H1N1)pdm09 Virus but Not Respiratory

Syncytial Virus Interferes with SARS-CoV-2 Replication during Sequential Infections in Human Nasal

Epithelial Cells. Viruses. 2022; 14(2). Epub 20220215. https://doi.org/10.3390/v14020395 PMID:

35215988; PubMed Central PMCID: PMC8879759.

66. Cheemarla NR, Watkins TA, Mihaylova VT, Wang B, Zhao D, Wang G, et al. Dynamic innate immune

response determines susceptibility to SARS-CoV-2 infection and early replication kinetics. J Exp Med.

2021; 218(8). Epub 20210615. https://doi.org/10.1084/jem.20210583 PMID: 34128960; PubMed Cen-

tral PMCID: PMC8210587.

67. Chen A, Wessler T, Daftari K, Hinton K, Boucher RC, Pickles R, et al. Modeling insights into SARS-

CoV-2 respiratory tract infections prior to immune protection. Biophys J. 2022; 121(9):1619–31. Epub

20220402. https://doi.org/10.1016/j.bpj.2022.04.003 PMID: 35378080; PubMed Central PMCID:

PMC8975607.

68. Aponte-Serrano JO, Weaver JJA, Sego TJ, Glazier JA, Shoemaker JE. Multicellular spatial model of

RNA virus replication and interferon responses reveals factors controlling plaque growth dynamics.

PLoS Comput Biol. 2021; 17(10):e1008874. Epub 20211025. https://doi.org/10.1371/journal.pcbi.

1008874 PMID: 34695114; PubMed Central PMCID: PMC8608315.

69. Radev ST, Mertens UK, Voss A, Ardizzone L, Kothe U. BayesFlow: Learning Complex Stochastic Mod-

els With Invertible Neural Networks. IEEE Trans Neural Netw Learn Syst. 2022; 33(4):1452–66. Epub

20220404. https://doi.org/10.1109/TNNLS.2020.3042395 PMID: 33338021.

70. Durso-Cain K, Kumberger P, Schalte Y, Fink T, Dahari H, Hasenauer J, et al. HCV Spread Kinetics

Reveal Varying Contributions of Transmission Modes to Infection Dynamics. Viruses. 2021; 13(7).

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 25 / 26

https://doi.org/10.1038/s41467-019-08617-z
http://www.ncbi.nlm.nih.gov/pubmed/30770807
https://doi.org/10.1186/s13567-018-0568-0
https://doi.org/10.1186/s13567-018-0568-0
http://www.ncbi.nlm.nih.gov/pubmed/30021653
https://doi.org/10.1038/srep39668
http://www.ncbi.nlm.nih.gov/pubmed/28004801
https://doi.org/10.1016/j.jaci.2017.07.018
http://www.ncbi.nlm.nih.gov/pubmed/28797733
https://doi.org/10.1016/j.cell.2022.11.030
http://www.ncbi.nlm.nih.gov/pubmed/36580912
https://doi.org/10.1556/2060.2022.00172
http://www.ncbi.nlm.nih.gov/pubmed/35230261
https://doi.org/10.1136/bmjebm-2020-111492
https://doi.org/10.1136/bmjebm-2020-111492
http://www.ncbi.nlm.nih.gov/pubmed/32788164
https://doi.org/10.1016/j.chom.2020.04.017
http://www.ncbi.nlm.nih.gov/pubmed/32407669
https://doi.org/10.1016/j.celrep.2020.108185
http://www.ncbi.nlm.nih.gov/pubmed/32941788
https://doi.org/10.1093/infdis/jiac357
http://www.ncbi.nlm.nih.gov/pubmed/36031537
https://doi.org/10.1093/infdis/jiab147
https://doi.org/10.1093/infdis/jiab147
http://www.ncbi.nlm.nih.gov/pubmed/33754149
https://doi.org/10.3390/v14020395
http://www.ncbi.nlm.nih.gov/pubmed/35215988
https://doi.org/10.1084/jem.20210583
http://www.ncbi.nlm.nih.gov/pubmed/34128960
https://doi.org/10.1016/j.bpj.2022.04.003
http://www.ncbi.nlm.nih.gov/pubmed/35378080
https://doi.org/10.1371/journal.pcbi.1008874
https://doi.org/10.1371/journal.pcbi.1008874
http://www.ncbi.nlm.nih.gov/pubmed/34695114
https://doi.org/10.1109/TNNLS.2020.3042395
http://www.ncbi.nlm.nih.gov/pubmed/33338021
https://doi.org/10.1371/journal.pcbi.1011356


Epub 20210706. https://doi.org/10.3390/v13071308 PMID: 34372514; PubMed Central PMCID:

PMC8310333.

71. Sego TJ, Aponte-Serrano JO, Gianlupi JF, Glazier JA. Generation of multicellular spatiotemporal mod-

els of population dynamics from ordinary differential equations, with applications in viral infection. BMC

Biol. 2021; 19(1):196. Epub 20210908. https://doi.org/10.1186/s12915-021-01115-z PMID: 34496857;

PubMed Central PMCID: PMC8424622.

PLOS COMPUTATIONAL BIOLOGY Deciphering SARS-CoV-2 infection dynamics in ALI-cultures

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1011356 August 11, 2023 26 / 26

https://doi.org/10.3390/v13071308
http://www.ncbi.nlm.nih.gov/pubmed/34372514
https://doi.org/10.1186/s12915-021-01115-z
http://www.ncbi.nlm.nih.gov/pubmed/34496857
https://doi.org/10.1371/journal.pcbi.1011356

