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Abstract

The role of direct cell–to–cell spread in viral infections—where virions spread between host

and susceptible cells without needing to be secreted into the extracellular environment—

has come to be understood as essential to the dynamics of medically significant viruses like

hepatitis C and influenza. Recent work in both the experimental and mathematical modelling

literature has attempted to quantify the prevalence of cell–to–cell infection compared to the

conventional free virus route using a variety of methods and experimental data. However,

estimates are subject to significant uncertainty and moreover rely on data collected by inhib-

iting one mode of infection by either chemical or physical factors, which may influence the

other mode of infection to an extent which is difficult to quantify. In this work, we conduct a

simulation–estimation study to probe the practical identifiability of the proportion of cell–to–

cell infection, using two standard mathematical models and synthetic data that would likely

be realistic to obtain in the laboratory. We show that this quantity cannot be estimated using

non–spatial data alone, and that the collection of data which describes the spatial structure

of the infection is necessary to infer the proportion of cell–to–cell infection. Our results pro-

vide guidance for the design of relevant experiments and mathematical tools for accurately

inferring the prevalence of cell–to–cell infection in in vitro and in vivo contexts.

Author summary

Viruses are known to spread between host cells either via infection with cell–free virions

or through direct cell–to–cell infection. The prevalence of cell–to–cell infection for differ-

ent virus species is not well known, yet is of huge importance to therapeutic applications

due to its resilience to drug interventions and the immune response. In this work, we

investigated whether the proportion of infections from each mode of spread could theo-

retically be inferred from data using two standard mathematical models of viral dynamics

with both modes of infection. By generating synthetic observational data and refitting

using the models, we found that the proportion of cell–to–cell infections could not be

obtained using models or data which did not account for the spatial structure of the infec-

tion. However, using a spatially–explicit model and (practically obtainable) observational

data which measured spatial features of the infection, the proportion of infections from
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the cell–to–cell route could be reliably inferred, even when collecting data from only small

samples of the model tissue. This work will hopefully inform the development of experi-

mental procedures and mathematical models to improve estimates of the prevalence of

cell–to–cell infection.

Introduction

Classically, viral infections have been assumed to spread among host cells through a process of

viral secretion, diffusion, and reabsorption via the extracellular environment [1, 2]. In reality,

however, a huge variety of the most medically important viruses—including influenza A, her-

pesviruses, hepatitis C, HIV and SARS–CoV–2—have all been observed to also spread between

host cells using direct cell–to–cell mechanisms [3–5]. This mode of infection, which is mecha-

nistically distinct from the conventional cell–free route, permits viruses or viral proteins to be

trafficked directly between adjacent cells without ever leaving the cell membrane [4]. This is

significant for multiple reasons. For one, the direct cell–to–cell route of infection is orders of

magnitude more efficient than the cell–free route [6–8], and moreover is far better protected

from immune or drug defences [5, 6, 9]. Cell–to–cell infection is considered one of the essen-

tial strategies of chronic viral infections like hepatitis C and HIV, and elevated cell–to–cell

spread has been associated with increased pathogenicity in influenza and SARS-CoV-2 infec-

tions [6, 10]. Estimating the prevalence of cell–to–cell infection in different viral species is

therefore of profound importance in therapeutic applications.

Over the last decade, a substantial quantity of experimental and modelling studies have

attempted to quantify the relative contributions of the cell–to–cell and cell–free mechanism in

infection with different viral species. Among these works, the most developed body of litera-

ture concerns HIV. Interdisciplinary studies led by Komarova [11] and Iwami [12] suggested

that cell–to–cell and cell–free infections contribute roughly equally in HIV infection in vitro;

more recent work by Kreger and colleagues [13], which also modelled the latent stage of infec-

tion in HIV, inferred a significantly higher rate of cell–free infection. In hepatitis C, modelling

efforts led by Graw and Durso–Cain suggested that cell–free infection events were rare, yet

worked synergistically with the cell–to–cell infection strategy to rapidly accelerate the overall

rate of infection spread [7, 14]. Blahut and coworkers used modelling to quantify the propor-

tion of the two modes of spread using in vitro experimental data, and claimed that as little as

1% of the infection events observed were due to to–cell infection [15]. Experimental work by

Kongsomros and colleagues suggested that the proportion of cell–to–cell infections in influ-

enza was low, but elevated in more pathogenic strains of the virus [6]. Experimental work in

SARS-CoV-2 by Zeng and collaborators claimed that cell–to–cell infection represented around

90% of infections [10].

These estimates in the literature for the relative contribution of cell–to–cell spread in infec-

tion are subject to substantial uncertainty, and share the common limitation that they rely on

experiments which block one of the modes of viral spread, compared to a control case where

both routes of infection are active [6, 10–13, 15]. This inhibition can be implemented in a

number of ways, such as by conducting infection assays in the presence of an antiviral agent or

a physical barrier to viral diffusion like methylcellulose to block cell–free infection [6, 10], or

by constantly shaking the cell culture to prevent the formation of virological synapses which

enable cell–to–cell infection, in the case of HIV [11–13]. These approaches, however, share

some common limitations. For one, the two modes of viral spread are known to interact syner-

gistically, and the inhibition of one of the infection mechanisms invariably influences the
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strength of the other mode of infection [8, 11, 12]. For instance, in the case of the static and

shaking assays for HIV infection described above, Komarova and colleagues estimated that

shaking the cell culture increased the rate of cell–free infection by around 1.33 times [11]. A

second shortcoming of this approach is its inapplicability to in vivo settings. In living organ-

isms, host toxicity or simple practicality prevents the use of most interventions to block one

mode of viral spread, such as treating cells with methylcellulose or continuously shaking the

cell population, yet the relative contribution of the two modes of infection may be substantially

different in vivo compared to in cell culture. For instance, Dixit and Perelson estimated that in

human hosts, roughly 90% of HIV infection was due to cell–to–cell spread [16], whereas esti-

mates from in vitro data placed this figure at around 50% [11–13].

Only a few studies have attempted to infer the balance of the two modes of infection

spread from data where both mechanisms are unimpeded. Imle and collaborators studied

HIV infection in cell cultures embedded either in suspension or a 3D collagen scaffold, and

calibrated an ODE model to the data to attempt to infer the relative contribution of the two

modes of infection from virion and cell count data [17]. The authors suggested that the infer-

ence implied almost all infection in the suspension was due to cell–free infection, however,

the 95% confidence interval for the proportion of cell–free infection encompassed virtually

the whole range from 0 to 100% [17]. In hepatitis C, Kumberger and colleagues demon-

strated modifications that can be made to a standard ordinary differential equation (ODE)

model of viral dynamics in order to better describe cell–to–cell infection, but were nonethe-

less unable to satisfactorily infer the prevalence of cell–to–cell infection from synthetic data

where the two modes of infection occurred simultaneously [18]. The authors moreover did

not examine whether estimates of this quantity were improved or weakened when the true

balance of the two mechanisms in the synthetic data was changed [18]. The limits of iden-

tifiability of the proportion of cell–to–cell infection—under different conditions, using dif-

ferent models, and based on different sources of observational data—has not been

systematically studied.

Here, we conduct simulation–estimation studies using two mathematical models for viral

infections with two modes of spread: one non–spatial ODE system and one spatially–explicit

multicellular model. In both cases, we generate synthetic data using the model in combina-

tion with an observational model, and attempt to re–estimate the prevalence of cell–to–cell

infection from the resulting observations. We repeat this process under a range of conditions

and with different types of available data for fitting. Our results provide an important back-

ground for the practical identifiability of the cell–to–cell infection prevalence, and offer

guidance for the design of models and experimental systems best equipped to learn this

quantity. It is important to mention that the analysis which we conduct here is limited to

infections of static tissues, and does not extent to infections in motile cell populations, such

as HIV. Since, in this case, the migration of target cells enables well–mixed conditions, there

is no notable spatial structure to infection and thus the resulting dynamics are less easily

distinguished.

In this work we take particular inspiration from the work of Kongsomros and colleagues

[6]. In their work, the authors conduct a series of experiments where “donor” cells infected

with influenza are added to a well of “recipient” cells, labelled with a membrane dye, and infec-

tion allowed to spread under a given set of experimental conditions. At various times, wells are

harvested and fixed, then stained with fluorescent anti viral–NP antibody to identify the

infected recipient cell population. In the present work, we will take the fluorescent cell propor-

tion, following the construction given here, as our primary source of observational data. We

provide further discussion of our choice of data source in Discussion.
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Results

In the presence of observational noise, the prevalence of cell–to–cell

infection spread cannot be determined from fluorescence time series data

alone

We sought to investigate whether an ODE model incorporating both cell–free viral infection

and cell–to–cell infection, could be used to infer the balance of the two modes of spread, given

a time series of observations of the fluorescent proportion of the cell population as in Kong-

somros et al. [6]. We exhibit the basic properties of the ODE model in Fig 1 (the model is fully

described in Methods “An ODE model for dual–spread dynamics”). Fig 1A shows the basic

structure of the model and the parameters governing the model. We apply a standard target

cell–limited model framework with a latent compartment and two modes of infection. That is,

initially susceptible cells may become infected either through cell–to–cell infection—at a rate

proportional to the infected proportion of the cell population—or through infection by cell–

free virus—at a rate proportional to the quantity of extracellular virus in the system. Once ini-

tially infected, cells enter the first of K eclipse sub-stages (such that the duration of the eclipse

stage is gamma–distributed, instead of exponentially–distributed, see [19, 20]), before becom-

ing productively infected, at which stage they begin producing extracellular virus. Productively

infected cells then die. We assume that cells become detectably fluorescent once they become

Fig 1. Schematics for the ODE model and proportion of infections from the cell–to–cell route. (A) Schematic of

the ODE model. (B) Proportion of infected cells over time as predicted by the ODE model for an array of values of α
and β between zero and 2.5 and 2 × 10−6, respectively. The parameter values sampled to generate the plot are shown in

the inset. (C) Calculation of PCC. We keep track of the proportion of the cell population which has been infected by the

cell–to–cell (CC) and cell–free (CF) infection over the course of infection. We define PCC as the proportion of

infections arising from the CC route at long time. (D) PCC contour map on α–β space for the dual–spread ODE model.

α and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g001
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productively infected, but that they remain fluorescent after death over the time scale of simu-

lations, as observed in Kongsomros et al. [6].

Throughout this work we will take the majority of the model parameters to be fixed (which

is discussed in Methods “An ODE model for dual–spread dynamics”), aside from the two

parameters governing the rates of cell–to–cell and cell–free infection, α and β, respectively. Fig

1B shows the dynamics of the infected cell proportion over time using the ODE model with a

range of α and β values (throughout this work, α and β have units of h-1 and (TCID50/ml)-1h-1,

respectively). We can quantify and describe the overall rate of infection progression by the

exponential growth rate r (units of h-1). This quantity, well established in the theory of both

between–host and within–host infection dynamics, describes the initial rate of exponential

expansion of the infected (or fluorescent) population [21, 22]. For further details refer to Meth-

ods “Exponential growth rate—r”.

We applied simulation–estimation techniques to investigate whether α and β could be

inferred from the fluorescent cell time series of the model. We first selected three sets of (α, β)

pairs resulting in different proportions of infections arising from each mechanism. Specifically,

if we label the final fraction of infections arising from the cell–to–cell route as PCC, we con-

struct lookup tables on α–β space for this quantity, and use this to compute (α, β) pairs corre-

sponding to PCC values of approximately 0.1, 0.5, and 0.9, with a fixed exponential growth rate

r of 0.52 in each case to ensure the overall dynamics progressed at a comparable rate. We show

a graphic of the computation of PCC in Fig 1C, and a contour map on α–β space for the ODE

model in Fig 1D. For further details on PCC, refer to Methods “Proportion of infections from

the cell–to–cell route—PCC”.

For each of the specified values of (α, β), we simulated the ODE model and, following

Kongsomros and colleagues, we computed the fluorescent cell proportion F(t)—that is, the

cumulative proportion of the initially susceptible population that has become infected—at

t = {3, 6, 9, . . ., 30}h [6]. We then applied an observational model to this data to simulate the

experimental process, by assuming a cell population size Nsample, and overdispersed noise

modelled by a negative binomial distribution. We take Nsample = 2 × 105 as in Kongsomros

et al. [6] and set the dispersion parameter ϕ = 102, selected to impose a modest amount of

noise on our observations, leading to the observed data vector D. We specify the observation

model in full in Methods “Simulation–estimation”, and explore the role of observational noise

in more detail in S1 Text and S1 Fig.

Having obtained our observed data D, we run a No U–Turn Sampling (NUTS) Markov

Chain Monte Carlo (MCMC) algorithm [23] to obtain posterior density estimates for α and β.

For each (α, β) pair to estimate, we run ten replicates of the simulation–estimation process.

That is, for each replicate we apply random observational noise to the true fluorescence data

and then re–estimate α and β using four independent and randomly seeded chains. We draw

2000 samples from each chain and discard the first 200 samples as a burn–in. We assume uni-

form priors for α and β on [0, 2.5]h-1 and [0, 2 × 10−6](TCID50/ml)-1h-1respectively, and

assume a negative binomial likelihood. Further details of this simulation–estimation process

are specified in Methods “Simulation–estimation”.

In Fig 2, we show the results of this fitting process. In Fig 2A–2C, we show heat maps of the

density of posterior samples in (α, β) space from each chain of a single replicate fit. We do so

for each of the three target parameter pairs. As a visual aid, we also plot the (α, β) contours cor-

responding to the true PCC value and the true r value in each case. These plots show that the

posterior samples for each pair of target parameters are spread out along the true r contour.

While some samples are close to the target parameter pair, the chains do not appear to con-

verge at this point. In S3 Fig, we show an equivalent plot to Fig 2A–2C as a scatter plot of

accepted samples, which confirms that the chains are indeed well–mixed. In Fig 2D, for each

PLOS COMPUTATIONAL BIOLOGY Spatial information allows inference of direct cell–to–cell viral infection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012264 July 23, 2024 5 / 35

https://doi.org/10.1371/journal.pcbi.1012264


target parameter pair, we show violin plots of the posterior distributions of PCC and r for four

replicate fits, along with a box plot of the posterior medians across all ten replicates. We also

show the prior density of both of these quantities in grey. Fig 2D shows that while r is well esti-

mated compared to its prior distribution—regardless of the choice of target parameters—PCC

cannot be practically identified even when a conservative amount of observational noise is

present. While, at least for the case where the target PCC = 0.1, the distribution of posterior

medians can be somewhat accurate, posterior distributions from individual replicates are fre-

quently far from the true value. Importantly, some of these posterior distributions have a high

degree of precision, yet are inaccurate, for instance, Replicate 4 for the case where the target

Fig 2. Fitting fluorescence data with the ODE model does not permit inference of the prevalence of cell–to–cell

spread. (A)–(C) Posterior density as a contour plot in α–β space for a fit to fluorescence data with the ODE model

where the true PCC� 0.1, 0.5, 0.9 and the value of r is held fixed. Density is shown for the 1800 samples from each

chain after burn–in for a single replicate. We only show densities above a threshold value of 10−4. (D) Prior density and

posterior densities from individual replicates for r and PCC both with typical observational noise. We repeat this for

three sets of parameters resulting in PCC values of 0.1, 0.5 and 0.9 with a fixed r value. Dashed and solid horizontal lines

mark the mean and median values respectively. We also show a box plot of the distribution of posterior medians across

all replicates. There are ten replicates in total at each value of PCC, of which we display four. The marginal posterior

densities of α and β are shown in S4 Fig. α and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g002
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PCC = 0.5. The individual posterior distributions for α and β, which we show in S4 Fig, show a

similar practical unidentifiability. While the mode of the distributions roughly follows the true

values of these parameters, the sample densities are dispersed widely, hence confidence inter-

vals on α and β are wide. Overall, this experiment indicates that, when even a modest degree of

observational noise is applied to the fluorescence data, only the exponential growth rate r can

be accurately estimated: the proportion of infections arising from each mode of spread is lost

in the observational process.

We investigated the role of the level of observational noise in determining the quality of

estimates of PCC and r using the ODE model (for full details, see S1 Text). We found that for

higher values of the dispersion parameter ϕ than we show here (that is, with less observational

noise), estimates of PCC were overall closer to the true value, however, the distribution of esti-

mate medians still showed not insignificant variance, even when virtually all observational

noise was removed. Subject to a higher level of observational noise, estimates of PCC were

almost entirely random. We show these results in full in S1 Fig.

Using a spatial model with spatial data, the balance of the modes of

infection spread can be accurately inferred

We sought to apply a similar simulation–estimation procedure to a spatially–structured model

of infection, to investigate whether a model capable of describing the actual structure of infec-

tion would provide better estimates of the proportion of each infection mechanism. We con-

structed an agent–based spatial model with an equivalent structure to the ODE model used in

the previous result, where transitions between compartments of the model are replaced by

probabilities of discrete cells, occupying specific positions in space, changing between states

analogous to those in the ODE model. The notable difference in this construction is that while

we still model cell–free infection based on a global extracellular viral reservoir, we now model

cell–to–cell infection as a spatially local process. Specifically, we assume that the probability of

cell–to–cell infection of a given cell is based on the infected proportion of its neighbours,

instead of the global infected cell population as in the ODE model. This reflects the assump-

tion—based on current biological understanding—that cell–free virions spread rapidly over

the size of tissue we seek to model, whereas cell–to–cell infection is possible only between adja-

cent cells [3]. This process is illustrated in Fig 3A. Fig 3A shows a schematic of the spatial

model, and illustrates the alternate formulation of the cell–to–cell infection mode. Note that,

as illustrated in the schematic, cells are packed in a hexagonal lattice, which reflects the biologi-

cal reality of epithelial monolayers and moreover ensures that adjacency between cells is well–

defined. Full details of the spatial model can be found in Methods “A multicellular spatial

model for dual–spread dynamics”.

In addition to the fluorescent proportion metric we introduced in the previous result, we

developed an additional metric for the spatial model to describe the extent to which infected

cells were clustered together. This metric, which we term κ(t), describes the mean proportion

of neighbours of the fluorescent cells which are also fluorescent at time t. In Fig 3C we show a

schematic which illustrates the computation of the fluorescent neighbour fraction at a number

of fluorescent cells in a cell sheet. We define κ(t) explicitly in Methods “Clustering metric—

κ(t)”. κ(t) has the property that when it is large, fluorescent cells tend to be clustered together

and the infection is highly localised, whereas if it is small, the infection is diffuse.

In Fig 3D–3G, we demonstrate the behaviour of the spatial model under three (α, β) param-

eter pairs, chosen to result in a PCC of approximately 0.1, 0.5, and 0.9, and to reach a peak

infected cell fraction at approximately 18h. In Fig 3D, we visualise a section of the cell grid at a

series of time points. We do so by assigning a unique index j = {1, 2, . . .,Ninit} to each of the
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Ninit initially infected cells and the extracellular virus they produce. Then, every time a suscep-

tible cell is marked for infection during a simulation, we compute the probability that it was

caused by each of the Ninit viral lineages, and determine the lineage assigned to that cell.

Infected cells are then coloured by their lineage. Once a cell dies, we change its colour to black.

This construction allows us to visualise the spread of infection in space. Fig 3D shows that

Fig 3. Dynamics and metrics of the spatial model. (A) Schematic of the spatial model. The model follows the same

structure as the ODE model with the exception that cell–to–cell infection is based on the proportion of a cells

neighbours which are infected. (B) Cartoon of the calculation of infected neighbour proportion. (C) κ(t) is our

clustering metric, computed as the mean proportion of neighbours of the fluorescent cells which are also fluorescent.

(D) Typical time evolution of the cell grid using the spatial model under three α–β combinations, resulting in PCC

values of approximately 0.1, 0.5, and 0.9. Parameters were chosen such that the peak infected cell population is reached

at approximately the same time in each instance. Initially infected cells are flagged with a unique colour and infections

resulting from that lineage of cells are assigned the same colour. Target cells are marked in grey and dead cells in black.

(E), (F), (G) Proportion of cell sheet infected, proportion of susceptible cells which are fluorescent over time, and the

clustering metric κ(t) respectively. We show eight simulations for each of the α–β parameter pairs described above. α
and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g003

PLOS COMPUTATIONAL BIOLOGY Spatial information allows inference of direct cell–to–cell viral infection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012264 July 23, 2024 8 / 35

https://doi.org/10.1371/journal.pcbi.1012264.g003
https://doi.org/10.1371/journal.pcbi.1012264


when cell–to–cell infection dominates, infection plaques are tightly clustered and infected cells

of the same lineage tend to be found closer together. When cell–free infection dominates,

there is no particular structure to the colouring of the cell sheet. In Fig 3E–3G, we show time

series for the spatial model under the same three parameter schemes as discussed above: the

proportion of the cell population which is infected over time, the fluorescent cell curve as dis-

cussed in the previous section, and the clustering metric κ(t). These time series indicate that

even though the different parameter regime lead to vastly differently-structured infections—as

can be seen in Fig 3D—their infected and fluorescent cell count dynamics as a time series are

relatively similar, although there is some variation in the initial uptick of infection in the case

where PCC is large. By contrast, the time series for κ(t) shows substantial variation between the

parameter values corresponding to low, roughly equal and high values of PCC.

Since in the spatial model, cell–to–cell infection is constrained to act locally, infections that

spread mainly through cell–to–cell infection are forced to spread radially. The size of the

resulting infected cell population, therefore, grows in a non-exponential manner. For this rea-

son, the exponential growth rate r is not well–defined in the case of the spatial model. As an

alternative metric of the rate of growth of the infected cell population, we simply use the time

of the peak infected cell population, which we label as tpeak. Since this, like PCC, cannot be well-

estimated a priori, we again resort to computing a lookup table of mean tpeak values on α–β
space. For full details on the construction of these lookup tables and their corresponding sur-

face plots, refer to Methods “Proportion of infections from the cell–to–cell route—PCC”.

We computed (α, β) pairs for the spatial model which result in PCC values of approximately

0.1, 0.5, and 0.9 and a common value of tpeak of approximately 18h, analogous to the values

selected for the ODE model in our previous fitting experiment. For each of these parameter

pairs, we ran simulations of the spatial model and reported the fluorescent proportion of the

susceptible cells as well as the clustering metric κ(t) at times t = {3, 6, 9, . . ., 30}h, one time

point per simulation. This model reflects the destructive experimental observation process.

We provide full details of the observational model in Methods “Simulation–estimation”. The

resulting observations collectively form our observed data vectors Dspatial
fluoro and Dspatial

cluster. We then

used Population Monte Carlo (PMC) methods to re–estimate α and β (full details in Methods

“Simulation–estimation”) given this synthetic observational data. For each of the three target

(α, β) pairs, we ran four replicates of the data generation and fitting process.

We show the results of this experiment in Fig 4. Fig 4, which follows a similar layout to Fig

2, shows that with the addition of clustering metric data, PCC can now be robustly inferred

using the spatial model. In Fig 4A–4C, we plot heat maps of the density of the final accepted

posterior samples for α and β in α–β space for the three target parameter pairs, resulting in

PCC� 0.1, 0.5, 0.9. These plots show posterior density distributed compactly around the true

values of (α, β), instead of being dispersed along a tpeak contour as in the previous simulation–

estimation. In Fig 4D, we show the weighted posterior distributions of PCC and tpeak for indi-

vidual replicates along with the distribution of weighted posterior means across replicates. As

before, tpeak is still extremely well estimated in each case, however, now the posterior distribu-

tions for PCC are also very accurate to the true value. Moreover, the posterior distributions for

individual replicates are concentrated on the true values of PCC with only modest confidence

intervals, and the distributions of weighted mean estimates across replicates are extremely pre-

cise to the true values, meaning that carrying out inference with only a single data stream (as

opposed to aggregating across multiple observations) was sufficient to estimate both PCC and

tpeak. This was not the case with the ODE model. We also show the individual posterior distri-

butions for α and β in S5 Fig. S5 Fig shows a sharp peak of probability density around the true

value of both α and β for each value of PCC, especially when that mode of infection is minimal.
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We note that estimates for PCC are especially sharp when the true value of PCC is higher, sug-

gesting that the dynamics in this high cell–to–cell scheme are particularly distinguishable.

To test whether our results were dependent on the inclusion of the secondary data source,

the clustering metric κ(t), we performed another set of simulation–estimations using the same

methods as above, this time using only the fluorescence data (full details in S7 Text). We show

the results of this fitting experiment in S6 Fig. This figure shows that, without the use of the

clustering metric, estimates for PCC are again very poor, while estimates for tpeak remain rea-

sonably precise. This result, which mirrors what we observed with the ODE model, suggests

Fig 4. Fitting fluorescence and clustering data with the spatial model allows the prevalence of cell–to–cell spread

to be determined. (A)–(C) Posterior density as a contour plot in α–β space for a fit to fluorescence and clustering data

where the true PCC� 0.1, 0.5, 0.9 and the infected cell peak time is held fixed at approximately 18h. We only show

densities above a threshold value of 10−4. (D) Prior density and posterior densities from individual replicates for

infected peak time (tpeak) and PCC with target parameters as specified in (A)–(C). Dashed and solid horizontal lines

mark the weighted mean and median values respectively. We also show a box plot of the distribution of posterior

weighted means across all four replicates in each case. The marginal posterior densities of α and β are shown in S5 Fig.

The replicates in bold are those plotted in (A)–(C). α and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g004
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that fluorescence data alone is not sufficient to imply the balance of the two modes of viral

spread, even for the spatial model. We provide more discussion on this point in S4 Text.

The observational model used in our analysis here aims to recreate the noise incurred in an

experimental setting. As such, we obtain our observational time series data by sampling one

observation from each of a set of independent stochastic runs of the spatial model. This reflects

the destruction of the cell culture in the observation process. However, it is certain that in

experimental settings the observational process will incur additional noise than we have explic-

itly accounted for in this model. As such, we repeated the fitting process shown here after

applying an additional negative binomial observational noise layer (the same as used for the

ODE model) to both the fluorescence and clustering data. We discuss our results in S2 Text

and S2 Fig. S2 Fig shows that estimates for both PCC and tpeak with the spatial model are robust

to a substantial degree of observational noise, especially when compared to applying the same

levels of noise to the data and performing inference under the ODE model (shown in S1 Text).

This finding suggests that estimates of PCC using this approach is resilient to additional noise

which may be incurred in an experimental setting.

The proportion of cell–to–cell spread can be inferred from diffusion–

limited observational data within reasonable limits

So far, we have relied on the assumption that the diffusion of extracellular virions across the

model tissue is sufficiently fast that the density of free virus in the system can be approximated

as uniform. Clearly, this is a simplification of the biological reality. While the true value of the

diffusion coefficient for free virions in media of differing properties is difficult to estimate [17,

24, 25], it is reasonable to assume that extracellular virions are to some extent constrained in

the rate at which they spread across the tissue. At very slow diffusion, it may be that cell–free

infection is indistinguishable from cell–to–cell infection. It is as yet unclear how well the

approach we discuss here might apply to data collected from a diffusion–limited system.

To explore this, we developed an extended spatial model to include a spatially–structured

viral density. We assume viral density is secreted continuously by infected cells uniformly in

space across their surface, and free virus diffuses across the tissue according to linear diffusion

with coefficient D. Throughout this work, we use units of CD2h-1 for D, where CD is a cell

diameter, taken here to be approximately 10μm for a typical respiratory epithelial cell [26]. For

full details of the extended model, refer to Methods “A multicellular spatial model for dual–

spread dynamics”, and S5 Text for implementation.

We investigated the behaviour of the extended model for varying values of the diffusion

coefficient, and the proportion of cell–to–cell infection. The time of the peak infected propor-

tion was held fixed at 18h as in the previous result. Again, α and β values corresponding to

specified values of PCC and tpeak were obtained using lookup tables, however, since these met-

rics are influenced by the choice of diffusion coefficient D, we constructed new lookup tables

for each value of D tested. In Fig 5A, we show a visualisation of the cell grid at the completion

of infection for a range of values of the diffusion coefficient and the PCC. Here, we follow a sim-

ilar approach to Fig 3D, where we assign each initially infected cell a unique colour and colour

each newly infected cell by the lineage that infected it. In Fig 5A, we colour each cell—includ-

ing dead cells—by the lineage with which they were infected. Fig 5A shows that when diffusion

is very small (Oð10� 1ÞCD2h� 1
) the difference in the final grid state is almost imperceptible

between different cell–to–cell infection fractions. In each case, the grid is divided into large,

single–colour foci, indicating that cell–free infections under this scheme are all extremely close

to the infecting cell. As the diffusion coefficient increases to around Oð100Þ � Oð101ÞCD2h� 1
,

the edges of single–colour foci become frayed in low PCC cases and the grid structure is more
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distinct from the high PCC cases. For larger diffusion coefficients Oð102ÞCD2h� 1
, the grid

states cannot be distinguished from that of the infinite diffusion (uniform virus) case.

In the previous result, we found that, while the time series for the proportion of infected

cells in the sheet could not practically be distinguished for varying values of PCC (provided the

infected peak time was held fixed), the corresponding time series for the clustering metric κ(t)
were clearly separated. Including this metric in our observational data therefore enabled the

PCC to be inferred. As such, we computed κ(t) time series for the same range of diffusion and

PCC values as in Fig 5A to test if such a distinction would be preserved. We ran eight

Fig 5. Dynamics of the spatial model with diffusion–limited spread of extracellular virus. (A) Final grid state

following infection with the specified parameters. Initially infected cells are flagged with a unique colour and infections

resulting from that lineage of cells are assigned the same colour. Here we show the final state of the cell grid, with each

cell coloured by the lineage which infected it. *α and β values computed from lookup table for relevant diffusion

coefficient, ensuring a time of peak infected cell proportion at approximately 18h and the indicated proportion of cell–

to–cell infection. α and β values for each value of D, tpeak and PCC used are specified in Table A in S5 Text. (B)–(F) The

clustering metric, κ(t) for the same diffusion coefficients and α and β values as in (A). We show results from eight

simulations in each case. (G) Maximum vertical distance between the mean κ(t) curves for PCC = 0.9 and PCC = 0.1 for

varying diffusion coefficients. D has units of CD2h-1, where CD is a cell diameter.

https://doi.org/10.1371/journal.pcbi.1012264.g005
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simulations of the extended spatial model for each D–PCC combination, and show the resulting

κ(t) time series in Fig 5B–5F. Fig 5B–5F show that for diffusion coefficients of D = 10CD2h-1

and above, the wide variation between time series for varying PCC values is retained. Even for

diffusion coefficients as low as D = 1CD2h-1, there is still a noticeable distinction between the

curves, however, at D = 0.1CD2h-1there is very little variation. We quantify the variation

between the curves by computing the maximum vertical variation between the low and high

PCC curves (PCC = 0.1 and PCC = 0.9, respectively) for each diffusion coefficient. We plot these

in Fig 5G. Fig 5G confirms that for D� 10CD2h-1, there is as much distance between the

curves as for the infinite diffusion case, but that this distance is lost rapidly for D< 1CD2h-1.

These results suggest that it is reasonable to expect that PCC should be recoverable for a wide

range of diffusion coefficients, including biologically likely values [24, 25].

We next carried out another round of simulation–estimations, where we generated diffu-

sion–limited synthetic observational data using the extended spatial model under a range of val-

ues for the extracellular viral diffusion coefficient. We then use the (basic) spatial model—with

diffusion misspecified as infinite—to re–fit the generated data. We computed target (α, β)

parameter pairs corresponding to PCC = 0.1, 0.5, 0.9 and tpeak = 18h separately at each value of

D (these are specified in Table A in S5 Text). Moreover, since when diffusion is small the (α, β)

pairs corresponding to this peak time exceed the support of the prior distributions for α and β
as defined for the previous results, we conduct this series of simulation–estimations using wider

prior distributions. Specifically, we take αmax = 40h-1 and βmax = 5 × 10-5(TCID50/ml)-1h-1, fol-

lowing the definition in Methods “Simulation–Estimation”. Aside from these adjustments,

these simulation–estimations were otherwise conducted using the same methods as in the pre-

vious result (summarised in Fig 4). We show the results of these simulation–estimations in Fig

6. Here we plot, as in previous figures, weighted posterior distributions for PCC for each value of

the diffusion coefficient. For each of these values, we show the weighted posterior distributions

for each replicate as well as a box plot of the weighted means across the replicates. As a refer-

ence, we also include our previously–discussed results for the case where the observational data

is generated with uniform virus (infinite diffusion). We show the analogous plot for the time to

the peak infected proportion, tpeak, in S8 Fig, which shows, as in previous results, that tpeak is

again well–estimated across each replicate, regardless of the value of the diffusion coefficient.

By contrast, Fig 6 shows that the quality of estimation of PCC is highly dependent on the value

of the diffusion coefficient. In general, the quality of estimates dramatically decreases for smaller

diffusion coefficients. Results for D� 10CD2h-1 approach the quality of fit obtained for the infi-

nite diffusion case, however, there is a radical departure from the true values of PCC for esti-

mates where D = 0.1CD2h-1 or 1CD2h-1.

While it is difficult to quantify the true value of the extracellular viral diffusion coefficient,

Stokes–Einstein estimates for D for influenza or SARS–CoV–2 virions in water at room temper-

ature or plasma at body temperature have been computed to be approximately 216CD2h-1and

144CD2h-1 respectively, assuming a cell diameter of approximately 10μm [25–27]. These diffu-

sion coefficients are certainly sufficiently large to enable our approach here to apply, however,

we note that several authors have assumed viral diffusion coefficients in various media to be

orders of magnitude lower than these values (around Oð1Þ � Oð10ÞCD2h� 1
) [24, 25], in which

case our approach may offer less precision in estimates of PCC.

The PCC = 0.1 case is estimated extremely poorly for the smaller diffusion coefficients, and

even for D� 10CD2h-1, the centre of density for the posteriors still sits substantially above the

true value (around 0.26). This is one instance of an overall systematic bias in these estimates

which tends to predict higher values of PCC than is actually present, especially when diffusion

is small. This is because, when extracellular virus diffuses slowly, it is more likely to result in
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cell–free infections near infection foci which are then mistaken for cell–to–cell infections.

When true cell–to–cell infection is rare this effect is exacerbated. While this systemic bias lim-

its the ability of the inference to deduce precise estimates of the actual PCC value in cases where

the data is generated using a small diffusion coefficient, it may still be useful in providing an

upper bound for this quantity, for instance in the case where D = 1CD2h-1 and PCC = 0.1,

where our estimates would at least indicate that cell–to–cell infections are at least not the pre-

dominant mode of infection.

The posterior estimates in Fig 6 also have the striking feature that even when accuracy is

very low, precision remains very high, and with consistent means across replicates. This prop-

erty is a consequence of the misspecification of the model used to fit the data, which does not
include finite diffusion. In S7 Fig we plot the same κ(t) trajectories as in Fig 5B–5F, but

grouped by PCC. S7 Fig demonstrates that, for small and equal cell–to–cell infection propor-

tions (PCC = 0.1 or 0.5), the κ(t) curve varies substantially for varying values of the diffusion

coefficient. Thus, even if, as we predicted in Fig 5G, there is a significant difference between

the κ(t) curves for different PCC values and a given diffusion coefficient, those curves might be

notably different to those for the infinite diffusion case. As such, we might obtain a better fit to

the observed κ(t) values for an incorrect PCC value. This might explain why the fits in Fig 6

appear to underperform compared to the predicted variation between curves in Fig 5G. Better

Fig 6. Fitting data from diffusion–limited viral spread with the spatial model recovers the proportion of cell–to–

cell infection for a realistic range of diffusion coefficients. Prior density and posterior densities from individual

replicates for tpeak for different values of D, the value of the extracellular viral diffusion coefficient used in the extended

spatial model to generate observational data. We re–fit using the basic spatial model. For each value of D we also show

a boxplot of the distribution of posterior weighted means across all four replicates. We show results for the case where

the target values of α and β give rise to PCC values of approximately 0.1, 0.5, and 0.9 and tpeak of approximately 18h for

the specified value of D. α and β have units of h-1 and (TCID50/ml)-1h-1, respectively. *α and β values computed from

lookup table for relevant diffusion coefficient, ensuring a time of peak infected cell proportion at approximately 18h

and the indicated proportion of cell–to–cell infection. α and β values for each value of D, tpeak and PCC used are

specified in Table A in S5 Text. D has units of CD2h-1, where CD is a cell diameter.

https://doi.org/10.1371/journal.pcbi.1012264.g006
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estimates could potentially be obtained by refitting the observational data with a model which

incorporated finite viral diffusion. However, fitting with such a model would require also fit-

ting the diffusion coefficient D, and it is not clear a priori the accuracy with which this parame-

ter can be inferred.

Inference on the prevalence of cell–to–cell infection is robust to smaller

samples of the cell sheet

The clustering metric κ(t), as we have defined it, relies on sampling every fluorescent cell in

the tissue at each observation time and calculating the proportion of its neighbours which are

also fluorescent. However, in an experimental setting, it may be impractical if not impossible

to observe the fluorescent state of every cell in the target population, especially in vivo. We

sought to investigate whether approximations of κ(t) generated by sampling from subsets of

the cell population would be sufficient to allow α and β—and therefore PCC—to be inferred.

We did so by carrying out simulation–estimations as in the previous result, but where the clus-

tering metric is now approximated by κS(t), which is computed by randomly sampling S cells

instead of sampling the entire grid. Full details of this adjusted simulation–estimation process

are given in Methods “Clustering metric—κ(t)”.

To test the influence of the sample size S on estimation of PCC, we performed a series of

simulation–estimations on the spatial model using both fluorescence and approximate cluster-

ing data for varying sample sizes and target values of PCC. These simulation–estimations were

conducted using the same methods as in the previous results. We show the results of these sim-

ulation–estimations in Fig 7. Here we plot, as in previous figures, weighted posterior

Fig 7. The prevalence of cell–to–cell infection can be recovered when the fluorescence clustering metric is

computed on small samples of the tissue. Prior density and posterior densities from individual replicates for PCC for

different values of S, the number of cells sampled to calculate the approximation κS(t) in fitting. Dashed and solid

horizontal lines mark the weighted mean and median values respectively. For each value of S we also show a boxplot of

the distribution of posterior weighted means across all four replicates. We show results for the case where the target

values of α and β give rise to PCC values of approximately 0.1, 0.5, and 0.9 and tpeak of approximately 18h. α and β have

units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g007
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distributions for PCC for each combination of target parameters and sample size, as well as

box plots of the posterior weighted means across replicates in each case. Estimates for tpeak are

again very precise across all replicates, as is shown in S9 Fig. Fig 7 shows that as the size of the

sample becomes smaller and the approximation of κ(t) becomes coarser, posterior distribu-

tions for PCC become wider and less confident, however, the centre of these distributions is

still accurate, as can be seen in the box plots of posterior weighted means, which remain very

compact and close to the true value of PCC. This is true even for the smallest sample sizes and

for any target value of PCC. We see that increasing noise due to a reduction in sample size

when approximating κ(t) does not result in biased estimates of PCC, instead, merely a reduc-

tion of confidence. By contrast, as we mentioned in the previous result and S1 Text, while an

increase in observational noise did lead to an increase in posterior distribution width, it also

resulted in individual replicates where PCC estimates were found in reasonably tight, inaccu-

rate distributions. Finally, we also note that, as seen in the previous result, estimation of PCC is

far more precise in the case where the target value was higher. Even with the coarsest approxi-

mation of the clustering metric, the algorithm correctly identified the PCC in this case with a

high degree of precision. This suggests both that high PCC dynamics of the spatial model are

particularly distinctive—at least as far as the fluorescence and clustering time series are con-

cerned—but also that only tiny samples of the cell sheet need to be measured in order to pre-

cisely infer the value of PCC in this case.

Discussion

In this work we have conducted a number of simulation experiments to investigate the use of

mathematical models in inferring the relative proportions of cell–to–cell and cell–free viral

infection, which we summarised via the metric PCC: the proportion of infections arising from

the cell–to–cell route. We have applied simulation–estimation techniques using Bayesian

methods for inference on both an ODE model and a spatially–explicit multicellular model. As

much as possible, we aimed to emulate the type and quality of data available experimentally.

In particular, we extracted and attempted to fit time series data on the proportion of fluo-

rescent susceptible cells (that is, initially susceptible cells which have reached, or passed, the

productively infected state), following experimental work by Kongsomros and colleagues [6].

We found that this data source was insufficient for inferring PCC from simulation–estimation

after observational noise was applied, even when all model parameters aside from those gov-

erning the rates of cell–to–cell and cell–free infection were assumed known. This was true for

both the ODE and spatial models. By contrast, from the same experiments, global metrics of

the infection dynamics were very robustly inferred (the exponential growth rate r for the ODE

model, and the time of peak infected cell population tpeak in the spatial case). This indicates

that PCC values can be interchanged while preserving the fluorescent proportion curve—at

least as precisely as can be estimated once observational noise is applied—provided r or tpeak

are held fixed. This suggests that for both the ODE and spatial models, PCC cannot be inferred

based on fluorescence data alone. The slight caveat to this claim was our observation that PCC

was somewhat well estimated by the spatial model when the true proportion of cell–to–cell

infections was high. This was due to the fact that in the spatial model, cell–to–cell infection is

forced to spread radially, while cell–free infection is free to spread globally (causing the

infected population to grow asymptotically exponentially). Therefore in instances where the

global route of infection is almost entirely eliminated, the fluorescent population is forced to

grow in a non–exponential manner, which was more easily detected by our inference

methods.
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We were able to overcome the inability to infer PCC by adding a second set of observational

data alongside the fluorescent proportion time series. We did so by introducing a clustering

metric κ(t), which, given the state of the cell grid in a simulation of the spatial model, measures

the mean fraction of fluorescent cells neighbouring each fluorescent cell. Note that since κ(t)
relies on knowledge of the actual spatial configuration of infection, it is only possible to con-

struct such a metric for a spatially–structured model. We re–ran simulation–estimations on

the spatial model, using time series for both the fluorescent cell proportion and κ(t) as the

observational data, and found that PCC was very well estimated in this case regardless of the

target value of PCC, however estimates were especially precise when PCC was high.

Since our spatial model assumed uniform extracellular virus (corresponding to infinitely

fast viral diffusion) we tested whether the approach outlined here would apply when observa-

tional data was obtained with diffusion–limited viral spread. We generated synthetic fluores-

cence and clustering observational data using an extended spatial model with finite viral

diffusion of varying rates and re–estimated PCC and tpeak using the misspecified uniform extra-

cellular virus model. Despite not accounting for finite diffusion, the simulation–estimation

provided reasonable estimates of both PCC and tpeak provided the diffusion coefficient was at

least around 10CD2h-1, which is lower than the Stokes–Einstein estimate for diffusion of influ-

enza or SARS–CoV–2 virions in body plasma at body temperature [25, 27]. At lower values of

the diffusion coefficient (D ¼ Oð1ÞCD2h� 1
), estimates lose accuracy and incur a substantial

bias, but the simulation–estimation may still offer qualitative upper bounds on the prevalence

of cell–to–cell infection. It is therefore of great interest what the true value of the extracellular

viral diffusion coefficient is under given conditions. Unfortunately, this quantity is not known.

Sego and colleagues, for instance, provided a plausible range for the diffusion coefficient of

SARS–CoV–2 virions in lung mucus which spanned six orders of magnitude [24]. Reflecting

this uncertainty, in our analysis here we have explored a wide range of biologically reasonable

diffusion coefficients and obtained useful inferences for a realistic interval of values.

We also found that PCC could still be reliably inferred using the spatial model when the clus-

tering metric κ(t) was only coarsely approximated, using a random subset of the cell popula-

tion. Even at the coarsest approximation we tested—where κ(t) was approximated using a

sample of only 50 cells—inference of PCC was still reasonably robust, and dramatically

improved compared to the case where κ(t) was not used at all. These results suggest that even a

very rough measure of the spatial distribution of infection is sufficient to deduce the PCC of the

underlying system.

One of the limitations to the analysis which we have presented here is the fact that our sim-

ulation–estimations have only attempted to fit the parameters governing the rates of infection

(that is, α and β), and assumed perfect prior knowledge of all other model parameters. This

prior knowledge is not available when fitting to actual experimental data. There are additional

identifiability concerns attached with estimating the other parameters—the cell-free infection

rate β and extracellular viral production rate p, for instance, are well known to only be deter-

mined as a product [27, 28]—and it is possible that estimating these additional parameters

may introduce further complications in determining PCC. Moreover, our work has presented a

practical identifiability analysis of our model systems, and not a structural identifiability analy-

sis. For the sake of simplicity, as well as constraints on computational complexity, we have not

carried out a structural identifiability analysis in this work, however this investigation in future

will provide further insights into the use of mathematical models in the inference of the preva-

lence of cell–to–cell infection.

It is worth also briefly remarking on the computational costs associated with parameter esti-

mation using these models. While the ODE model was very efficient to use, inference on the
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spatial model was extremely computationally intensive. The computation behind Fig 7, for

instance, which comprises 60 individual simulation–estimations, took approximately 13 weeks

to complete, with a single typical replicate taking around 24 hours each (running in parallel

across eight CPUs (Intel Xeon CPU E5–2683 v4)), while our 150 ODE fits finished in ten days

running on four CPUs (AMD EPYC 7702). This is despite using a small 50 × 50 grid of cells

for the spatial model and only fitting two parameters. The extremely high computational costs

associated with these parameter estimations is largely due to the stochastic nature of the spatial

model, meaning that many candidate parameter samples which are very close to the true values

are randomly rejected. This effect is exacerbated when the noise associated with the model is

increased, specifically, when the approximation of κ(t) is especially coarse. While recent works

in the literature have demonstrated rapid advancements in the speed of simulations, for exam-

ple, by running on Graphic Processing Units [20] (our code, by contrast, is written in the com-

paratively slow MATLAB and run on CPUs), the computational costs associated with

computing large–scale parameter estimations using the spatial model are not insignificant.

Another important simplification in our approach was our implementation of a global

extracellular virus population in the spatial model, rather than a spatially-explicit, diffusing

viral population. It is important to clarify here that our use of a global extracellular viral popu-

lation is based on an assumption of rapid viral transport. This is an important distinction from

the modelling literature on HIV (e.g. [1, 11, 12, 17]), where the system can be characterised by

well–mixed dynamics since the target cells are also motile. This fact substantially changes the

mode of action of the cell–to–cell mechanism and thus also the spatial structure of the infec-

tion. For this reason, the methods we have developed here do not extend to HIV infections.

We observed that for values of the viral diffusion coefficient far smaller than the Stokes–Ein-

stein estimate (Oð0:1ÞCD2h� 1
), our inference fails. It is highly likely that the increased viscos-

ity of lung mucus and other obstacles in vivo are likely to restrict the spread of free virions

within the host compared to the Stokes–Einstein estimate [17], and, although the extent of this

is unknown, diffusion coefficients in this range have been used by other authors [24, 25]. As

such, based on the best quantitative information available, the inference approach outlined

here is likely to provide useful estimates of the proportion of cell–to–cell infection, however,

should the actual diffusion coefficient turn out to be significantly smaller, this would substan-

tially increase the difficulty of the inference problem. Fitting with a model which accounts for

finite viral diffusion could offer an improved fit to the data. We saw in Fig 5G that there is still

substantial variation in clustering metrics for changes in PCC, even at very low diffusion coeffi-

cients. However, such a model would come at a substantially increased computational cost,

and would require the diffusion coefficient D to be estimated along with α and β (if not also

the other parameters of the model), significantly adding to the number of simulation iterations

needed to fit the model. It is moreover not clear a priori how well the diffusion coefficient

would be estimated or how estimates of PCC would be influenced by inaccurate estimation of

the diffusion coefficient.

We opted to use fluorescence data as the main data source used in fitting, instead of extra-

cellular viral titre data, which is more typically reported in the experimental virology literature.

This is mainly because our work was guided by the results published by Kongsomros and col-

leagues [6], which reports fluorescent cell proportions as its main metric, but also since we

were interested in analysing infection scenarios ranging from the extremes of purely cell-free

to purely cell–to–cell, and cell fluorescence data is more relevant to predominantly cell–to–cell

infections where cell–free virus has little influence on the dynamics. Furthermore, viral titre

observations, as opposed to cell–based observations, do not easily permit the collection of spa-

tial information.
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Our work is not the first in the literature to attempt to quantify the relative roles of cell–free

and cell–to–cell infection routes. A number of mathematical modelling publications [7, 11, 12,

14, 15, 17, 18], along with experimental works [6, 10] have applied varying models and meth-

ods to determine the prevalence of cell–to–cell infection. A common theme among the major-

ity of these works is the use of data collected from infections where one mode of infection is

inhibited: either the cell–to–cell mechanism [11–13], or the cell–free mechanism [6, 10, 15].

This approach has substantial limitations. For one, this inhibition process may either restrict

or enhance the efficacy of the other mode of infection, either directly or by interrupting the

synergistic relationship between the two mechanisms, as we discussed in the Introduction [8,

11, 12]. This approach is moreover limited to in vitro settings.

The alternative approach—collecting data from experiments in which both modes of infec-

tion are unimpeded—raises additional challenges, but is more robust and, since it requires less

invasive experimental intervention, dramatically widens the scope of experiments able to be

used for inference. However, earlier estimates of the proportion of infections from the two

modes of spread using this data have been subject to substantial uncertainty [7, 17, 18]. Kum-

berger and collaborators used a spatial model with two modes of infection to generate syn-

thetic global observational data (similar to the fluorescence data we have used here) and

attempted to fit it using ODE models [18]. As we have found here, their work suggested that

models which (artificially) account for the spatial structure of infection provided better esti-

mates of the prevalence of cell–to–cell spread PCC. However, even then, these estimates were

still not especially accurate and were subject to systematic biases, even when fitting multiple

observational datasets in a single fit. Another study by Imle and colleagues also calibrated an

ODE model with two modes of spread to experimental viral load and infected cell count data

from an in vitro HIV system, and encountered confidence intervals for the proportion of cell–

to–cell infection ranging almost all the way from 0–100% [17]. Our work provides context for

these findings, offers novel insight on the practical identifiability of PCC, and suggests an

improved method for determining this quantity. We showed that ODE systems were unable to

identify PCC, even when fitting data generated by the system itself, and moreover showed that

the collection of spatial information, in the form of the clustering metric κ(t), was necessary to

learn PCC, even with a spatial model.

Our hope is that this work provides the foundations for applying mathematical modelling

and inference methods to real experimental data in order to accurately quantify the relative

roles of cell–free and cell–to–cell spread in real viral infections. The obvious extension to our

work here is to apply our methods to experimental data. The data sources we have assumed

here—the fluorescent cell proportion time series and the time series for the clustering metric

κ(t)—are readily obtainable (or at least estimable) from model cellular systems. This could be

achieved in vitro by following standard laboratory methods, and would only require simple

staining and imaging techniques [6, 9, 29]. After harvesting and fixing the cell sheet at one of a

specified set of observation times, fluorescent cells are easily identified by staining with fluores-

cent antibodies and imaging the cell sheet. The resulting image could then be processed to

compute the fluorescent proportion of the cell population, and to compute or estimate the

clustering metric κ(t). We do not conduct such an analysis here, preferring instead to leave

this for detailed study in a future work. In their study, Kongsomros and colleagues show

images only of very small sections of the cell sheet consisting of approximately 10–15 cells,

which is insufficient for inference [6]. By contrast, other available experimental images contain

very large populations of cells which require automated image processing [30, 31]. Another

potential obstacle to analysis of experimental data is in collecting data at a sufficient number of

time points. Since time series data of the type assumed here involves destroying the cell sheet

at the point of collection, it is expensive to collect data at fine time resolution [6, 9, 31]. We
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moreover explored the possible influence of additional observational noise that may be present

in experimental data in S2 Text and found that while additional observational noise reduces

certainty in predictions of cell–to–cell infection proportions, it does not create systemic biases.

These complications influencing the experimental application of our methods here will be

explored in future studies.

In brief, this work has explored the identifiability of the relative proportions of cell–free and

cell–to–cell infection (the latter of these we termed PCC) in two standard models of dual–

spread viral dynamics: one ODE model and one spatially–explicit multicellular model. We

showed that PCC could not be determined using either model when only the proportion of

fluorescent cells was reported. We found that when an additional data source, describing the

clustering structure of the infection, was also used for fitting, PCC could be accurately deter-

mined using the spatial model. This was the case even when the clustering metric was only

approximated using a small sample of the cell sheet, or when the model was fit to observational

data with realistic constraints on the diffusion of free virions. Our results imply that some

degree of information about the spatial structure of infection is necessary to infer PCC. We

have demonstrated practically obtainable data types which, combined with experimental col-

laboration, could lead to more precise and robust predictions of the role of the two modes of

viral spread.

Methods

An ODE model for dual–spread dynamics

We employ an ODE model which is adapted from a typical model of viral dynamics with two

modes of spread [18], which is in turn based on the standard model of viral dynamics [28]. We

make the additional inclusion of a latent phase of infection, based on observations from data

published by Kongsomros and colleagues [6]. We noticed a delay in the initial uptick of the

fluorescent cell time series curve, indicating that cells only become detectably fluorescent once

they are productively infected, that is, following the eclipse phase of infection. We tested hav-

ing both single and multiple latent stages in the model—or equivalently, exponentially and

gamma–distributed durations for the eclipse phase—and obtained dramatically improved

agreement with the data when we assumed multiple latent stages before cells become detecta-

bly fluorescent. This approach is common in representing the eclipse phase of infection in the

literature [19, 20]. We arrived at the following form of the model, in ODE form:

dT
dt
¼ � aTI � bTV; ð1Þ

dEð1Þ

dt
¼ aTI þ bTV � KgEð1Þ; ð2Þ

dEðkÞ

dt
¼ KgðEðk� 1Þ � EðkÞÞ; for k ¼ 2; 3; :::;K; ð3Þ

dI
dt
¼ KgEðKÞ � dI; ð4Þ

dV
dt
¼ pI � cV; ð5Þ

where T is the fraction of cells susceptible to infection,
PK

i¼1
EðiÞ is the fraction of cells in the
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eclipse phase of infection, I is the fraction of cells in the productively infected state, and V is

the quantity of extracellular virus. Since we wish to keep track of whether infections come

from the cell–to–cell or cell–free infection routes, we incorporate the following subsystem

which keeps track of the cumulative proportion of the target population which has become

infected via the cell–to–cell mechanism (FCC) or the cell–free mechanism (FCF). We have

dEð1ÞCC

dt
¼ aTI � KgEð1ÞCC; ð6Þ

dEðkÞCC
dt
¼ KgðEðk� 1Þ

CC � EðkÞCCÞ; for k ¼ 2; 3; :::;K; ð7Þ

dEð1ÞCF

dt
¼ bTV � KgEð1ÞCF ; ð8Þ

dEðkÞCF
dt
¼ KgðEðk� 1Þ

CF � EðkÞCFÞ; for k ¼ 2; 3; :::;K; ð9Þ

dFCC

dt
¼

Kg
T0

EðKÞCC ; ð10Þ

dFCF

dt
¼

Kg
T0

EðKÞCF ; ð11Þ

where T0 = T(0) is the initial target cell proportion. The sum of these two quantities,

FðtÞ ¼ FCCðtÞ þ FCFðtÞ; ð12Þ

is the cumulative proportion of the cell population which has become infected through either

mechanism, which we take to be equivalent to the proportion of fluorescent cells as observed

in Kongsomros et al. [6]. The assumption that cells remain fluorescent even after they die

(over the time scale of interest) is justified by the observation that in Kongsomros et al. fluores-

cent proportions were observed to saturate at 100% at later times in their experiments.

Throughout this work, we will assume fixed values of the parameters K, γ, δ, p, and c, as

specified in Table 1. These parameters were obtained by running a Bayesian parameter estima-

tion for the form of the ODE model as defined above against fluorescent cell time series data

in Kongsomros et al. [6], and selecting one particular posterior sample at random. We sketch

this parameter estimation process in S6 Text. These values were selected simply to be indica-

tive of the realistic range of values for these parameters and are sufficiently realistic for the pur-

poses of this work. In each case we initiate the infection by setting T(0) = 0.99, I(0) = 0.01 and

the remaining compartments to zero.

Table 1. Fixed parameters used in our simulations.

Description Symbol Value and Units

Number of delay compartments K 3

Eclipse cell activation rate γ 3.366934 × 10−1h−1

Death rate of infected cells δ 8.256588 × 10−2 h−1

Extracellular virion production rate p 1.321886 × 106(TCID50/ml) h−1

Extracellular virion clearance rate c 4.313531 × 10−1 h−1

https://doi.org/10.1371/journal.pcbi.1012264.t001
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A multicellular spatial model for dual–spread dynamics

It is straightforward to adapt this system of ODEs into a spatially–structured multicellular

model, that is, a model which tracks the dynamics of a finite number of discrete cells which

each occupy some specified region of space and at any given point in time, may be in one of a

set of cell states [32, 33]. Suppose we model the dynamics of a population of N cells. We associ-

ate with each of these cells an index i 2 {1, 2, . . ., N}, and a cell state at time t given by σi(t),
where the possible cell states correspond to the compartments of the ODE system, including

the implicit dead cell compartment. That is, for any cell i, σi(t) 2 {T, E, I, I†}, representing the

target, eclipse, infected and dead state respectively.

We consider a two–dimensional sheet of cells with hexagonal packing of cells and peri-

odic boundary conditions in both the x and y directions, such that each cell has precisely six

neighbours. This packing reflects the arrangement of cells in real epithelial monolayers and

has the practical benefit that all adjacent cells are joined via a shared edge, avoiding any com-

plications associated with corner–neighbours. Throughout this work we use a 50 × 50 grid of

cells.

Below, we define both a basic and an extended spatial model. Throughout this work, we use

the basic model for inference. The extended model is used only in specified instances for the

generation of observational data. For the basic spatial model, following other authors [15, 17,

18, 34], we make the simplifying assumption that the dispersal of free virions over the compu-

tational domain is fast, and that the extracellular viral distribution can therefore be considered

approximately uniform. As such, the equation for V in our spatial model changes only in nota-

tion from Eq (5):

dV
dt
¼ p
XN

i¼1

1fsiðtÞ¼Ig
N

� cV: ð13Þ

As such, cell–free infection is considered a spatially global mode of spread in our spatial

model. By contrast, following results from the biological literature, we assume that cell–to–cell

spread is a spatially local mechanism [3, 6]. As such, we assume that the probability of cell–to–

cell infection in the spatial model depends not on the global proportion of infected cells as in

Eq (1), but rather the proportion of a cell’s neighbours which are infected. Specifically, if we

denote by ν(i) the set of indices of the cells neighbouring cell i, and by nneighbours = 6 the fixed

number of neighbours a cell can have, the probability of cell i becoming infected by cell–to–

cell infection over a given time period depends on the term
P

j2nðiÞð1fsðjÞ¼IgÞ=nneighbours. Combin-

ing these two mechanisms, we obtain the following transition probability for target cell i to

become (latently) infected over some time interval Δt:

Pðsiðt þ DtÞ ¼ EjsiðtÞ ¼ TÞ ¼ 1 � exp � a
X

j2nðiÞ

1fsjðtÞ¼Ig
nneighbours

þ bV

 !

Dt

 !

: ð14Þ

We also define an extended spatial model which relaxes the assumption that extracellular

viral transport is approximately instantaneous. To do so, we assume that extracellular viral

density obeys linear diffusion in the environment with diffusion coefficient D CD2h-1(where

CD is a cell diameter, defined as the constant distance between cell centres). If we denote by Si
the region of space (in R2

) occupied by cell i, we assume that extracellular virus is secreted by

each productively infectious cell j uniformly over Sj, and that any susceptible cell k can become
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infected by the extracellular viral density in Sk. Specifically, we have for the virus equation

@V
@t
¼ p

X

i2IðtÞ

1fx2Sig
jSij

� cV þ Dr2V; ð15Þ

and, correspondingly, the transition probability for infection becomes

Pðsiðt þ DtÞ ¼ EjsiðtÞ ¼ TÞ ¼ 1 � exp � a
X

j2nðiÞ

1fsjðtÞ¼Ig
nneighbours

þ bN
Z

Si

Vdx

 !

Dt

 !

: ð16Þ

We numerical solve the virus PDE using a implicit–explicit Finite Difference Method using

nodes at each of the cell centres. For further details, refer to S5 Text.

For the eclipse phase, instead of implementing transition probabilities for each E(k), for

computational simplicity we instead sample a latent phase duration from its probability distri-

bution at the time a cell first enters the eclipse state. That is, if we write tEi ¼ minft : siðtÞ ¼
Eg for the time at which cell i enters the eclipse state, and tIi ¼ minft : siðtÞ ¼ Ig for the time

at which cell i enters the productively infected state, we have

tIi ¼ tEi þ ti; ð17Þ

where

ti � Gamma K;
1

Kg

� �

: ð18Þ

The remaining compartments are easily described by simple transition probabilities.

Pðsiðt þ DtÞ ¼ IjsiðtÞ ¼ EÞ ¼ 1 � expð� KgDtÞ; ð19Þ

Pðsiðt þ DtÞ ¼ IyjsiðtÞ ¼ IÞ ¼ 1 � expð� dDtÞ: ð20Þ

Together with appropriate initial and boundary conditions, Eqs (13), (14) and (17)–(20)

define the basic spatial model, and Eqs (15)–(20) define the extended spatial model. Following

equivalent initial conditions as for the ODE model, in both the basic and extended case we ini-

tiate infection by randomly selecting 1% of the cell sheet to be initially infected, and the

remainder of the sheet to be susceptible to infection. We use periodic boundary conditions in

x and y. In Fig 3A we show a schematic of the model as well as the layout of the cell grid. This

is not a novel model: this model structure, or slight variations thereof, has been used in a num-

ber of recent publications describing infection dynamics with two modes of viral spread and

has become somewhat of a standard approach in the field in recent years [7, 14, 15, 20].

As with the ODE model, we can additionally keep track of the cumulative proportion of

infections arising from each mode of infection individually in the spatial model. In addition to

the overall probability of infection in Eq (14), we can compute a probability of infection by

each mode of spread individually as follows. Using the same Poisson process argument as

above, the probability of cell–to–cell infection of cell i not taking place over the time interval

[t, t + Δt) is given by

PðECC
i =2 ½t; t þ DtÞÞ ¼ exp � a

X

j2nðiÞ

1fsjðtÞ¼Ig
nneighbours

Dt

 !

; ð21Þ

and the probability of cell–free infection of cell i not occurring over the same time interval is
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given by

PðECF
i =2 ½t; t þ DtÞÞ ¼ expð� bVDtÞ; ð22Þ

for the basic model, and

PðECF
i =2 ½t; t þ Dt�Þ ¼ expð� b

Z

Si

VdxDtÞ; ð23Þ

for the extended model, where ECC
i and ECF

i are the events of a cell–to–cell infection and a cell–

free infection occurring at cell i respectively. Note that we have to account for the fact that

while, mathematically, both events may occur in the time interval [t, t + Δt), we need to assign

a unique mode of transmission to each infection. We do so as follows. The following calcula-

tion is also derived in work by Blahut and colleagues [15]. If we write m(i) 2 {CC, CF} for the

mode of infection of cell i, then at the time of infection of cell i—that is, when t ¼ tEi —we com-

pute the probability of each individual mode of transmission as follows:

PðmðiÞ ¼ CCÞ ¼
1 � PðECC

i =2 ½t; t þ DtÞÞ
2 � PðECC

i =2 ½t; t þ DtÞÞ � PðECF
i =2 ½t; t þ DtÞÞ

; ð24Þ

and

PðmðiÞ ¼ CFÞ ¼
1 � PðECF

i =2 ½t; t þ DtÞÞ
2 � PðECC

i =2 ½t; t þ DtÞÞ � PðECF
i =2 ½t; t þ DtÞÞ

: ð25Þ

In our model, therefore, when an infection is detected, we draw a random number

p � Uniformð0; 1Þ, and if p< P(m(i) = CC), we designate the infection a cell–to–cell infection,

otherwise, it is considered a cell–free infection. We use a similar calculation to assign the viral

lineage associated with an infection, which we used to construct the colouring of cells in Fig

3D, which we stipulate in full in S3 Text. The quantities FCC and FCF can easily be calculated

for the spatial model as

FCCðtÞ ¼

PN
i¼1

1fmðiÞ¼CCg1ftIi 2½0;t�g1fsið0Þ¼TgPN
i¼1

1fsið0Þ¼Tg
; ð26Þ

FCFðtÞ ¼

PN
i¼1

1fmðiÞ¼CFg1ftIi 2½0;t�g1fsið0Þ¼TgPN
i¼1

1fsið0Þ¼Tg
; ð27Þ

which allow us to keep track of the count of each type of infection event throughout simula-

tions of the spatial model. As before, we define

FðtÞ ¼ FCCðtÞ þ FCFðtÞ: ð28Þ

Metrics

Proportion of infections from the cell–to–cell route—PCC. We introduce the quantity

PCC to denote the proportion of infections arising from the cell–to–cell route. This is calcu-

lated by keeping track of the cumulative proportion of the target cell population which

becomes infected by either infection mechanism over time. At long time—once the infection

has essentially run its course—we compute PCC as the fraction of the total infections which
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occurred via cell–to–cell infection. Using FCC and FCF as we have defined them, we have

PCC ¼ lim
t!1

FCCðtÞ
FCCðtÞ þ FCFðtÞ

: ð29Þ

In Fig 1C we show an illustration of this calculation more generally.

PCC quantifies the relative weight of the cell–to–cell route of infection and is therefore our

target for estimation in this work. Its definition is general and is not specific to any particular

model structure. PCC cannot be directly calculated in closed form directly from the model

parameters. Instead, we repeatedly simulate our model using parameters sampled from α–β
space and compute PCC in order to construct lookup tables. In Fig 1D, we plot a contour map

of PCC values for the ODE model in α–β space. In the case of the spatial model, we accounted

for the inherent stochasticity of the model by running 20 simulations of the model at each

(α, β) pair in the lookup table and kept track of mean PCC values. The associated contour map

for the spatial model is shown in Fig 8A. Contour plots were generated by computing contours

over the lookup table using MATLAB’s contourf function. We interpolate between values

on the lookup table by constructing spline fits along α and β contours.

Exponential growth rate—r. A second quantity, which describes the overall rate of infec-

tion spread is the exponential growth rate r. This quantity, related to the basic reproduction

number R0, is well–established in the theory of epidemiological and virus dynamical models

and has the property that, for small t, we have I(t)� I0ert [21, 22, 35, 36]. The exponential

growth rate for the ODE model can be readily computed by linearising the ODE system about

the infection free steady state and finding the dominant eigenvalue of the resulting system [22,

36]. For our model, we obtain the following explicit definition:

r ¼ maxfl : gðlÞ ¼ 0g; ð30Þ

where

gðlÞ ≔ 1þ
l

Kg

� �K

cþ lð Þ dþ lð Þ � a cþ lð Þ þ bpð Þ:

Time to peak infected cell population—tpeak. The exponential growth rate r relies on

asymptotically exponential behaviour of the infected proportion curve. However, for the

Fig 8. PCC and tpeak contour maps on α–β space for the spatial model. Contour maps for (A) PCC, and (B) tpeak. α
and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

https://doi.org/10.1371/journal.pcbi.1012264.g008
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spatial model, especially in instances where infections spread mainly locally—that is, through

the cell–to–cell route—the infected proportion curve does not grow exponentially. For the spa-

tial model, therefore, r is not well-defined. We instead use the time of the peak infected cell

proportion, which we label as tpeak, as an alternative measure of the overall growth behaviour

of the infected population. As with PCC, this quantity is not easily approximated a priori, there-

fore we also compute lookup tables in α–β space for this quantity. We show the contour map

of tpeak on α–β space in Fig 8B. Contour plots were generated by computing contours over the

lookup table using MATLAB’s contourf function.

The time of the peak infected cell population is a quantity that is not typically experimen-

tally observable, whereas a quantity like the time of peak viral load is comparatively much eas-

ier to measure in an experimental context. However, we opt to use the latter metric, since this

is a meaningful metric of the model regardless of the mechanism of infection spread. Even in a

scenario where all infections in the model arise from the cell–to–cell route (i.e. Pcc = 1) the

time of peak infected population remains a relevant as a measure of the overall rate of infection

progression, where the time of the peak extracellular viral load is far less meaningful here. In

any event, for our purposes in this work, tpeak is used simply to illustrate a quantity which rep-

resents the overall rate of infection spread in a model simulation, and a quantity which we

observe to be preserved between accepted samples of our simulation–estimation (at least when

clustering data are not used). This choice of metric does not diminish the relevance of our

analysis to experimental application.

Clustering metric—κ(t) (and approximation—κS(t)). Given a cell grid where we denote

by FðtÞ the set of cells which are fluorescent, we compute for each fluorescent cell i 2 FðtÞ the

quantity ki(t), which is the proportion of the neighbours of cell i which are also fluorescent.

We then define κ(t) as the mean of the ki(t)s. We have:

kiðtÞ ¼
X

j2nðiÞ

1fj2F ðtÞg
jnðiÞj

; ð31Þ

and

kðtÞ ¼
1

N

XN

i¼1

kiðtÞ: ð32Þ

We compute κ(t) over time t to form a time series. In Fig 3C and 3G, we show an example

of computing fluorescent neighbour proportions, and plot example κ(t) time series for three

parameter pairs, corresponding to PCC values of 0.1, 0.5, and 0.9. Fig 3G, shows that, unlike

with the fluorescent cell time series, there is substantial variation in the κ(t) curves with chang-

ing PCC.

κ(t) has the property that when it is near zero, fluorescent cells are mostly isolated and the

infection is very diffuse, and when it is near one, fluorescent cells are generally found in clus-

ters, indicating that the infection is very compact. In principle, κ(t) could be computed or esti-

mated in experimental settings with the use of fluorescence imaging of the cell sheet, samples

of which can be found in works by Kongsomros et al. and Fukuyama et al. [6, 31].

We modify the definition of κ(t) to define the approximation κS(t) as follows. Given a grid

of N cells at time t, of which the fluorescent population is given by FðtÞ as before, we draw

S� N cells without replacement and call the set of sampled cells SðtÞ. For each sampled cell i,
if i 2 FðtÞ, we compute ki(t), and then compute the approximate clustering metric κS(t) as the
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mean of the computed ki(t)s, that is, if jSðtÞ \ FðtÞj 6¼ 0, then

kS tð Þ ¼
X

i2S tð Þ\F tð Þ

ki tð Þ
jS tð Þ \ F tð Þj

:

Note that ki(t) is defined as above. That is, for each sampled cell i, we still compute ki(t)
from that cell’s neighbours, which may not be in the sampled set SðtÞ. In the event that no

fluorescent cells are sampled (that is, jSðtÞ \ FðtÞj ¼ 0), we define κS(t) = 0.

Simulation–estimation

Throughout this work we conduct a series of simulation–estimation experiments to explore

what can be learned about the roles of the two modes of viral spread based on observed model

outputs. We outline here the general framework of this process.

For both the ODE and the spatial model, we begin by drawing a set of target values for the

infection parameters α and β. As mentioned above, the values of the other model parameters

are considered fixed and known. We then simulate the chosen model using these parameter

values, and apply an observational model f(�) to its output to generate a set of observed data D.

The observational model f is designed to simulate the noise incurred in actual experiments.

Throughout this work, we focus especially on the observed fluorescent cell proportion over

time, since this is the main source of data reported by Kongsomros and colleagues [6].

For the ODE model, we obtain the observed fluorescent cell proportion DODE
by computing

the true fluorescent cell time series F(t) (defined in Eq (12)) at each of a series of observation

times, converting this proportion to a count of fluorescent cells and applying negative bino-

mial noise. The negative binomial distribution reflects the observed error structure in [6],

which is constructed from overdispersed count data. We assume some vector of observation

times t = {t1, t2, . . .tm} and define

DODE
¼ f ODEðFðtÞ; t; �;NsampleÞ ¼

1

Nsample

 !

� fDODE
1
;DODE

2
; :::;DODE

m g; ð33Þ

where

DODE
i � Negative BinomialðNsampleFðtiÞ; �Þ;

for i = 1, 2, . . ., m, where NsampleF(ti) and ϕ are the mean and dispersion parameter respectively

of Di. Nsample is the number of cells measured for fluorescence, in a sense the size of the cell

population. Var½Di� ¼ NsampleFðtiÞ þ ½NsampleFðtiÞ�
2
=� for all i = 1, 2, . . .m. In Fig 9B, we show

an illustration of this observation process. The curve shown in blue is the true fluorescent pro-

portion curve F(t). At each of the observation times, indicated with dots, we apply noise about

the true value.

After obtaining observed data DODE
, we then re–estimate α and β using Bayesian methods.

We assume uniform prior distributions

paðaÞ ¼
1=amax; a 2 ½0; amax�;

0; otherwise;

(

ð34Þ

pbðbÞ ¼
1=bmax; b 2 ½0; bmax�;

0; otherwise;

(

ð35Þ
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with αmax = 2.5h-1, βmax = 2 × 10-6(TCID50/ml)-1h-1. We re–estimate α and β using No U–Turn

Sampling (NUTS) Markov Chain Monte Carlo (MCMC) methods with a negative binomial

likelihood

DODE
i � Negative BinomialðNsampleF̂ðtiÞ; �Þ; ð36Þ

for i = 1, 2, . . ., m, where F̂ðtÞ is the fluorescent proportion time series estimated by simulating

the ODE model using samples â and b̂. For each estimation we use four chains seeded with

random initial values and draw 2000 samples for each, including 200 burn–in samples. We

assume Nsample = 2 × 105, which was the number of cells used in the experiments in [6].

For the spatial model, we have two sources of observational data: both the fluorescent pro-

portion time series and the clustering metric κ(t). Since the system is inherently stochastic,

we do not add additional external noise, instead, we aim to emulate the experimental process

whereby the fluorescent proportion of a cell population (and consequently the clustering

metric) cannot be observed without destroying, or at least disrupting, the cell sheet. We

implement this by sampling our observations from m independent simulations of the model.

Fig 9. Schematics of the fitting process and observational models. (A) Schematic of the simulation–estimation

process. (B)–(C) Observation model for fluorescent proportion of susceptible cells for (B) the ODE model and (C) the

spatial model (first five points shown). In the spatial case we also show the observation model for the clustering metric

κ(t). For the ODE model, we sample the true fluorescent proportion curve at a series of time points (shown in blue),

then observe a value based on a negative binomial distribution centred on the true value (box plot of the distribution

shown in orange). Here, ϕ = 102. For the spatial model, we run independent iterations of the stochastic model and

observe one point from each. Note that additional observational noise can be applied to these data points, as we

explore in S2 Text.

https://doi.org/10.1371/journal.pcbi.1012264.g009

PLOS COMPUTATIONAL BIOLOGY Spatial information allows inference of direct cell–to–cell viral infection

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1012264 July 23, 2024 28 / 35

https://doi.org/10.1371/journal.pcbi.1012264.g009
https://doi.org/10.1371/journal.pcbi.1012264


That is, if we have observation times t = {t1, t2, . . ., tm} and m true fluorescence and clustering

time series from independent simulations of the spatial model, F(t) = {F1(t), F2(t), . . ., Fm(t)}

and K(t) = {κ1(t), κ2(t), . . ., κmt} respectively, we generate the two sets of observational data,

Dspatial
fluoro ¼ f spatialðFðtÞ; tÞ ¼ fF1ðt1Þ; F2ðt2Þ; :::FmðtmÞg; ð37Þ

Dspatial
cluster ¼ f spatialðKðtÞ; tÞ ¼ fk1ðt1Þ; k2ðt2Þ; :::kmðtmÞg: ð38Þ

We show a demonstration of this observation process in Fig 9C.

Due to the stochasticity of the system, we use Approximate Bayesian Computation (ABC)

to re–estimate α and β for the spatial model. In particular, we adapt the Population Monte

Carlo (PMC) method introduced by Toni and collaborators [37] and revised by others [38,

39]. We sketch this method in pseudocode in Algorithm 1.

Algorithm 1 PMC algorithm for parameter estimation using the spatial model—fluores-

cence and clustering data
Input: Model Mða;bÞ, prior distributions for target parameters πα(α)
and πβ(β), target number of particles NP, number of generations G, ref-
erence data Dspatial

fluoro and Dspatial
cluster, distance metrics dfluoroð�; �Þ and dclusterð�; �Þ,

perturbation kernel K(�|�), initial acceptance proportion p0;accept,
threshold tightening parameter q.
Output: Weighted samples from the posterior distributions
p̂aðajD

spatial
fluoro ;D

spatial
clusterÞ, p̂bðbjD

spatial
fluoro ;D

spatial
clusterÞ.

Rejection sampling
for i ¼ 1; 2; :::; ⌈NP=p0;accept⌉ do

Randomly draw âi and b̂i from πα(α) and πβ(β), respectively.
Obtain the model output using these parameters,

fD̂spatial;ðiÞ
fluoro ; D̂spatial;ðiÞ

cluster g ¼Mðâi; b̂iÞ.
Compute the distance between model output and reference data

�ifluoro ¼ dfluoroðD̂
spatial;ðiÞ
fluoro ;Dspatial

fluoro Þ and �icluster ¼ dclusterðD̂
spatial;ðiÞ
cluster ;Dspatial

clusterÞ.
end for
nopt found  0, T  0
while nopt found < NP do
T  T + 1, define I1; I2; :::; Inopt found

; as the indices i in the smallest T

values of the �ifluoros and the smallest T values of the �iclusters.
end while
for j = 1, 2, . . ., NP do
Set Pj ¼ ðâIj

; b̂Ij
Þ.

Set wj = 1/NP.
end for
P ¼ fP1;P2; :::;PNP

g is the initial particle population. w ¼ fw1;w2; :::;wNP
g is

the initial weight vector. Set the distance thresholds �Dfluoro and �Dcluster
as the qth quantile of the �ifluoros and �iclusters respectively.

Importance sampling
for g = 1, 2, . . ., G do
Set number of accepted particles Naccepted  0

While Naccepted < NP do
Randomly draw a particle Pj with probability wj.

Perturb particle by the kernel Kð�jPjÞ to obtain a new sample ðâ; b̂Þ.
Obtain the model output using these parameters,

fD̂spatial;ðiÞ
fluoro ; D̂spatial;ðiÞ

cluster g ¼Mðâi; b̂iÞ.
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Compute the distance between model output and reference data
�ifluoro ¼ dfluoroðD̂

spatial;ðiÞ
fluoro ;Dspatial

fluoro Þ and �clusteri ¼ dclusterðD̂
spatial;ðiÞ
cluster ;Dspatial

clusterÞ.
if �ifluoro < �Dfluoro and �icluster < �Dcluster then

Set Naccepted  Naccepted + 1 and Pnext
Naccepted

¼ ðâi; b̂iÞ.

else
Return to start of while.

end if
end while
for i = 1, 2, . . ., NP do
Set w∗;nexti ¼ wi=

PNP
j¼1

KðPnext
i jPjÞwj

end for
Set P  fPnext

1
;Pnext

2
; :::;Pnext

NP
g, w  ð1=

PNP
i¼1

w∗;nexti Þ � fw∗;next1 ;w∗;next2 ; :::;w∗;nextNP
g

Set the distance thresholds �Dfluoro and �Dcluster as the qth quantile of the
�ifluoros and �iclusters respectively.

end for

In our case, the model Mðâ; b̂Þ is simply the time series F(t) obtained by a single simula-

tion of the spatial model with parameters a ¼ â and b ¼ b̂, and evaluated at time points t, the

vector of time points at which the reference data D is obtained. We again use the uniform

prior distributions in Eqs (34) and (35), although now with αmax = 10h-1, βmax = 1.5 × 10−-

6(TCID50/ml)-1h-1. For the perturbation kernel, we use the following definition proposed by

Beaumont and colleagues: [38]

KðP∗
kjPiÞ ¼ FðP∗

k; Pi; 2SÞ; ð39Þ

whereF(x; μ, σ2) is a multivariate normal and S is the empirical covariance matrix of the parti-

cle population fP1;P2; :::;PNP
g, using their weights fw1;w2; :::;wNP

g. For the other parameters

of the algorithm, we set NP = 500, G = 5, p0,accept = 0.3, and q = 0.5. We use euclidean distance

for the distance metric d. For the case where we attempt only to estimate α and β using the spa-

tial model and fluorescence data only, we slightly simplify the fitting process. We apply the

same observational model, outlined in Eq (37), to the fluorescence data, and use a slightly sim-

plified version of the PMC method to refit α and β. We provide full details in S7 Text.

Supporting information

S1 Fig. ODE model under varying observational noise. (A) Prior density and posterior densi-

ties from individual replicates for PCC at different levels of observational noise. At each level of

noise we also show a box plot of the distribution of posterior medians across all replicates.

There are ten replicates in total at each level of noise, of which we display four. The highlighted

segment is the level of noise used in the main text. (B) Same as (A), but showing estimates for r.
(C)–(F) Indicative observed data compared to true fluorescence time series for each value of the

dispersion parameter ϕ used in (A) and (B). Here α = 1.09h-1, β = 7.20 × 10−7(TCID50/ml)-1h-1,

with PCC� 0.5.

(TIFF)

S2 Fig. Spatial model under varying (artificial) observational noise. (A) Prior density and

posterior densities from individual replicates for PCC at different levels of observational noise.

At each level of noise we also show a box plot of the distribution of posterior medians across all

replicates. There are four replicates at each level of noise. The highlighted segment is the level of

noise used in the main text (which in this case has no artificial observational noise beyond the

inherent stochasticity of the model, as explained in the main text). (B) Same as (A), but showing
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estimates for tpeak. Here α = 1.11h-1, β = 3.91 × 10−7(TCID50/ml)-1h-1, with PCC� 0.5.

(TIFF)

S3 Fig. Scatter plots for accepted posterior samples for the ODE model. Scatter plot of

accepted posterior samples in α–β space for a fit to fluorescence data where the true PCC� 0.1,

0.5, 0.9 and fixed r using the ODE model, as presented in Fig 2 of the main article.

(TIFF)

S4 Fig. α and β marginal posterior distributions—ODE model. Posterior and prior distribu-

tions for α and β for simulation–estimations with the ODE model presented in Fig 2 of the

main article.

(TIFF)

S5 Fig. α and β marginal posterior distributions—spatial model with clustering data. Pos-

terior and prior distributions for α and β for simulation–estimations with the spatial model

(with the clustering metric) presented in Fig 4 of the main article.

(TIFF)

S6 Fig. Simulation–estimation on the spatial model using fluorescence data only. (A)–(C)

Posterior density in α–β space for a fit to fluorescence data where the true PCC� 0.1, 0.5, 0.9

and the infected cell peak time is held fixed at approximately 18h. We only show densities

above a threshold value of 10−4. (D) Prior density and posterior densities from individual repli-

cates for infected peak time and PCC with target parameters as specified in (A)–(C). Dashed

and solid horizontal lines mark the weighted mean and median values respectively. We also

show a box plot of the distribution of posterior weighted means across all four replicates in

each case. The replicates in bold are those plotted in (A)–(C). α and β have units of h-1 and

(TCID50/ml)-1h-1, respectively.

(TIFF)

S7 Fig. κ(t) for varying diffusion coefficients at fixed values of PCC. The clustering metric,

κ(t) for the indicated values of the extracellular viral diffusion coefficient D, where and α and β
are chosen such that PCC values are approximately 0.1, 0.5, and 0.9 and tpeak is approximately

18h for the specified value of D (according to Table A in S5 Text). We show results from eight

simulations in each case. These are the same κ(t) trajectories as in Fig 5B–5F in the main text

but grouped by PCC. Note that there is some noise associated with the parameter selections for

finite diffusion since the lookup tables used are coarser than that for the infinite diffusion

model, hence the curves shown only approximately correspond to the indicated PCC and tpeak

values.

(TIFF)

S8 Fig. Effect of extracellular viral diffusion parameter in observational data on estimates

of t̂peak. Prior density and posterior densities from individual replicates for tpeak for different

values of D, the value of the extracellular viral diffusion coefficient used in the extended spatial

model to generate observational data. We re–fit using the basic spatial model. For each value

of D we also show a boxplot of the distribution of posterior weighted means across all four rep-

licates. We show results for the case where the target values of α and β give rise to PCC values of

approximately 0.1, 0.5, and 0.9 and tpeak of approximately 18h for the specified value of D. α
and β values for each D values used are specified in Table A in S6 Text. α and β have units of

h-1 and (TCID50/ml)-1h-1, respectively.

(TIFF)
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S9 Fig. Effect of sampling size on estimates of t̂peak. Prior density and posterior densities

from individual replicates for tpeak for different values of S, the number of cells sampled to cal-

culate the approximation κS(t) in fitting. For each value of S we also show a boxplot of the dis-

tribution of posterior weighted means across all four replicates. We show results for the case

where the target values of α and β give rise to PCC values of approximately 0.1, 0.5, and 0.9 and

tpeak of approximately 18h. α and β have units of h-1 and (TCID50/ml)-1h-1, respectively.

(TIFF)

S10 Fig. Posterior predictive check for our parameter estimation for the ODE model,

using data from Kongsomros et al. [6]. We show the 95% confidence interval of the fluores-

cent cell trajectories generated from the 8000 posterior samples, along with the specific trajec-

tory of the posterior sample which we have used as our default parameter set throughout the

main manuscript.

(TIFF)

S1 Text. ODE model under varying observational noise.

(PDF)

S2 Text. Spatial model under varying (artificial) observational noise.

(PDF)

S3 Text. Assigning viral lineage at infection events in the spatial model.

(PDF)

S4 Text. Simulation–estimation on the spatial model using fluorescence data only.

(PDF)

S5 Text. Numerical method for the extended spatial model.

(PDF)

S6 Text. Parameter estimation for the ODE model.

(PDF)

S7 Text. PMC algorithm for parameter estimation using the spatial model—fluorescence

data only.

(PDF)
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