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1 Introduction

A viral infection is a complex process normally resulting in an acute or chronic pathological

condition that can be studied on many levels, from the macroscopic to the microscopic. For

example, the transmission of a viral infection can be addressed in populations, as in viral

epidemiology. The knowledge obtained from viral epidemiology is crucial in breaking the

chain of infection during outbreaks of viral diseases. Viral infections can also be studied on a

single cell level. This includes how a virus particle enters a permissive target cell, replicates

itself to form viral progeny and the egress of the progeny. Due to the dependence of the

virus on the host cells, this area of study has also resulted in many important discoveries in

cellular biology [32]. There is a range of factors between these two levels that interact with

one another to ensure the development of the complex infection process. Among them are

factors influencing spread of virus progeny particles and the infection of nearby cells within

the tissue.

Various viral spread mechanism have evolved to overcome host organism immune responses

with new viral spread mechanisms being discovered every year [17, 30]. Viruses can be

classified into two broad groups: those with an additional membrane, the enveloped viruses,

and those without, the non-enveloped viruses. Enveloped viruses can spread via two distinct

paths. They can spread efficiently via cell-cell contacts and they can spread through cell-

free diffusion [45]. Non-enveloped viruses have thus far only been found to employ cell-free

spread mechanisms [63]. In general, for non-enveloped viruses less is know about virus egress

and spread on a multicellular level [63].

Here we investigate the driving force of the viral spread of a non-enveloped virus in a

multicellular environment. We test whether the most basic assumption, that viral spread

occurs in a cell-free environment via diffusion of viral particles along the concentration

gradient, is sufficient to describe the formation of a spreading phenotype of the virus. A

computational model is developed incorporating the assumed influential parameters obtained

from experiments using human Adenovirus (Ad) species C to test this assumption.

This thesis was conducted as a collaboration project between a biological group and a

computational science group. The project incorporates results that have been obtained

both groups.

The organization of this thesis is as follows. In Section 2, some background information

about viruses, their spread and Adenovirus is provided, in addition to some background

information about components of the computational model. In Section 3, a survey of related

work is provided. Section 4 outlines the materials and methods used. Section 5 presents
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the results of our experiments and the developed computational viral infection model. The

report concludes with the discussion and outlook in section 6.

1.1 Abbreviations

Ad Adenovirus

Ad2 Adenovirus Serotype 2

Ad5 Adenovirus Serotype 5

CAR Coxsackie and Adenovirus receptor

EB Elementary body

GFP Green Fluorescent Protein

HBV Hepatitis B Virus

HCV Hepatitis C Virus

HIV-1 Human Immunodeficiency Virus type 1

HSV-1 Herpes Simplex Virus type 1

mRNA messenger RNA

RB Reticulate body

TIRF Total Internal Reflection Fluorescence

CA Cellular Automaton or Cellular Automata

GMM Gaussian Mixture Model

ODE Ordinary Differential Equation

PDE Partial Differential Equation

PSE Particle Strength Exchange

RDF Radial Distribution Function

TNAP Theoretical Number of Particles
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2 Background

2.1 Viruses

A virus is an infectious biological agent that consists of an enclosed amount of genetic

material and requires a host for replication. Viruses are not considered to be living entities

due to their dependence on their host to translate proteins required for replication. After

infecting a host cell and replicating itself, the virus particles are released from the cell to

infect other cells [32].

A virus particle, also called a virion, has a protein coat that encases the viral genome.

This protein coat, termed a capsid, is made out of repeated protein units to form helical,

icosahedral or other complex symmetries. The capsid may be surrounded by a lipid layer.

Viruses with this additional lipid enclosure are called enveloped viruses and those without

are called non-enveloped viruses. Most enveloped viruses acquire the envelope by budding

out from the host cell’s membrane [32]. The size of virions varies greatly from around the

18-23nm diameter of parvovirus [32] to the mimivirus of 400nm [60].

There is a great amount of genomic diversity among viruses. A virus can have an RNA

or DNA genome that can be single stranded or double stranded. Single-stranded RNA

genomes can be positive- or negative-sense, with positive-sense genomes having the ability

to be directly translated into viral proteins. The shape of the genome can be linear, circular

or segmented. The number of genes and the size of the genome also varies greatly. For

example, the poliovirus genome consists of 7.5 × 103 base pairs and encodes for a single

proteolytically processed polyprotein [59], whereas the largest found virus, the mimivirus,

has a genome of 1.2× 106 base pairs and 911 genes [60].

Although there is a lot diversity of viruses, they all follow a similar life cycle pattern. First,

the virus must gain entry into the cell. The ligands located on the virus surface attach to

cellular receptors which allows the virion to penetrate the cell. Before replication of the viral

genome can occur, the virion must be uncoated to release the viral genome and at least its

genome must be translocated to the site of replication. The genome may require additional

processing or may need to be incorporated into the hosts genome. Now that the genomic

nucleic acid is accessible and in the correct form for the cell machinery, the replication step

begins. The viral mRNAs are transcribed and translated to synthesize the viral proteins.

The viral genome is replicated. Virions are assembled using the viral proteins to form the

capsids to encase the replicated viral genomes. Lastly, the virions must egress from the cell,

so that they can continue their life cycle.
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Many factors decide whether a cell infected by a virus will lead to a productive infection

producing progeny. Some of these factors are the virulence of the virus, the permissivity

of the cell and the response of the host [32]. It is interesting to note that the fate of a

productively infected cell is not necessarily cell death. If the virus has lytic ability, then the

cell will break open releasing virus. However, some viruses egress from the cell by budding

through the cell membrane.

An infection may also be latent, meaning the production of viral progeny does not occur

immediately but only after reactivation [32]. A well known example of this is the herpes

simplex virus 1 (HSV-1). After the primary infection, the virus largely evades the hosts

immune system by hiding in nerve cells with episodes of periodic reactivation [8]. Often in

latent infections, there are factors missing which would otherwise render the cell permissive

to infection [32].

Lastly, infected cells may be transformed if infected with an oncogenic virus. The changes

brought on by the oncogenic transformation affect components of signal transduction path-

ways that control the cell cycle [32]. In general, RNA tumour viruses mutate sequence

information of growth regulatory genes whereas DNA tumour viruses produce viral proteins

which disrupt cellular regulatory proteins causing inactivation of the cellular protein [32].

Hosts have two types of responses to defend against viral infections: innate and adaptive

immune responses. The innate response mechanisms are non-specific and provide immediate

defense against infection. An immediate response within the cell may include RNA-mediated

interference, sensing mechanisms for pathogen associated patterns (like for instance double

straned RNA) or apoptosis [68, 5, 32]. The innate response also assists in recruiting im-

mune cells to the site of infection through signaling pathways that induce innate cytokine

expression [32]. The adaptive response depends on cell-cell interactions, so are slower but

lead to acquired immunity and immunologic memory [32].

2.2 Viral Spread

The mechanisms of viral spread between cells can be broadly categorised as either cell-free

or cell-to-cell. As the name would suggest, cell-free spread mechanisms do not involve the

host cell after virus egress. In cell-to-cell spread, the virus remains cell-associated and moves

directly between adjacent cells [45, 63].

Enveloped viruses have been found to spread using both mechanisms whereas non-enveloped

viruses have thus far only been found to employ cell-free spread mechanisms [45, 63]. This

difference in potential spreading mechanisms may perhaps be attributed to the mode of non-
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eveloped viral egress [63]. Therefore, before discussing some of the discovered viral spread

mechanisms, it is important to distinguish the main differences in viral entry and egress of

the enveloped and non-enveloped viruses.

Both classes of viruses must first attach to cellular receptors to initiate internalization via

the cell-free route [63]. Enveloped viruses can enter the cell through fusion of the lipid

membrane to the hosts cell membrane or through endocytosis and subsequent fusion of the

membrane [63, 32]. Non-enveloped viruses can enter via endocytosis, macropinocytosis, etc

[32, 42]. Cell-free virus egress is a similar story. Enveloped viruses may either assemble

and leave the cell via exocytosis or may bud through the plasma membrane [63]. Most

non-enveloped viruses egress from the cell due to cell lysis, but some have been found to

escape by secretory mechanisms [40].

Mechanisms for cell-cell virus spread are quite varied, with some viruses employing more

than one of these mechanisms. In cell-cell fusion, the plasma membranes fuse followed by

the movement of infectious viral particles. The result of the fusion may be a syncytium (a

cell containing multiple nuclei) or only local fusion leaving each cell structurally independent

[63]. Virions may also pass across tight junctions, using viral entry receptors on the non-

infected cell and fusing into the cell membrane [63]. Viruses may also use actin of tubulin

structures. For example, vaccinia virus has been found to induce the formation of actin tails

which are used to propel the virus to neighbouring uninfected cells [17]. Some viruses, such

as HIV-1, can spread directly between immune cells by forming virological synapses [30].

All existing mechanisms have not been fully understood and described yet.

Efficient virus spreading can be attained via both routes. For cell-free virus spread to be

successful, large numbers of virions must be released by the infected cell in order to reach

distant areas by diffusion. These virions must be rather stable and not quickly cleared by

the immune system. Lastly, they must be able to bind strongly to uninfected target cells in

order to infect them [45].

Cell-cell virus spread may overcome some of the limitations that arise from the requirements

of efficient cell-free virus spread. For example, poor production of virions can be mitigated

by direct transfer of virions from an infected cell to a non-infected cell. Cell-cell spread may

also allow the virus to evade protection from the immune system [56].

However, as cell-free virus spread is not dependent on specific cell-cell interaction, the ability

to spread cell-free facilitates virus spread between hosts [45].
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Figure 1: Negative Stain Electron Micrograph of Adenovirus 5

2.3 Adenovirus

Adenoviruses (Ads) are non-enveloped icosahedral, double-stranded DNA viruses, approxi-

mately 90-nm in diameter with fibers projecting from the vertices of the icosahedron. These

viruses infect the respiratory, digestive, excretory or ocular systems in various vertebrates.

In humans, Ad2 and Ad5 cause infections of the respiratory tract that are rarely fatal for an

other-wise healthy adult, but have been found to be frequently fatal for immunocompromised

patients [33].

To infect host cells, Ads use distinct cellular receptors for attachment and internalization.

For Ad2 and Ad5, the initial attachment to the host is with its fiber protein binding to the

coxsackie virus and Ad receptor (CAR) [43]. The CAR serves as a high-affinity primary

receptor for most species of Ad: A, C, D, E and F, except for species B [61]. After the fiber

attachment, the penton base of the fiber then binds to integrins stimulating viral entry [75].

This interaction between the penton base and the integrins on the cell surface also leads to the

detachment of the fibers, so a fiberless virion is endocytosed [47]. Ad2 and Ad5 endocytosis is

clathrin-mediated and involves the large GTPase dynamin [74]. Although infection depends

largely on this pathway of endocytosis [74], a second endocytic clathrin-independent process

is induced simulataneously with viral uptake via macropinocytosis [43, 42].
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The clathrin-coated vesicles mature into endosomes and virion particles lacking fibers are

able to escape the endosome [26]. Following the release, the virion particles are transported

via microtubules to the nuclear membrane pore and the genome is released into the nucleus

for infection to proceed [69, 34].

Ads produce progeny virions within the nucleus of infected epithelial cells. Ad replication

can be separated into an early and late phase. The early phase of replication has three

goals. First, the host cell must enter S phase of the cell cycle so the viral genome can be

replicated. This is done by the actions of the first viral protein expressed, the E1A protein

[49], along with two E4 proteins [32]. The second goal is to protect the host cell from

antiviral defense mechanisms. Viral proteins E1B-55K and E4orf6 prevent apoptosis by

inhibiting p53 function [10]. Proteins transcribed from the E3 genome region also provide

protection from the immune system [35]. The last goal of the early phase is to prepare

the cell for DNA replication. To prepare proteins from the E2 genome region, such as

terminal protein, DNA binding protein and the viral polymerase, are transcribed. The late

phase of replication begins when viral DNA starts replicating. The late genes also begin

to be expressed efficiently during this time in order to produce sufficient quantities of Ad

structural proteins.

After the replication of the viral genome and the production of Ad structural proteins,

virus assembly can begin. The structural capsomers are assembled in the cytoplasm. The

trimeric hexon capsomer assembles quickly after synthesis, whereas the pentameric penton

and trimeric fibre assembly to form the pentom capsomer requires more time [29]. The

assembled capsomers are imported into the nucleus where assembly occurs. A repeated

sequence on one end of the Ad genome drives the packaging of the DNA into the capsid in

a polarized fashion [28]. Lastly, the assembly of the virion is completed through cleavage of

precursor core proteins VI, VII, VIII, µ and terminal protein by a viral protease [32].

The virions are released from the cell via lysis of the cell. The Adenovirus death protein has

been found to play a key role in the lytic ability of the virus [70]. It is expressed at high

levels during the late replication phase and kills the cell as it accumulates [32].

Recombinant human Ads are potential agents for anti-cancer gene therapy. The advantages

of using Ads as a vector for gene delivery include: the well studied biology of the virus, the

ability to grow recombinant viruses to high titers, the ability of the virus to infect dividing

and non-dividing cells, and a very good safety profile as a gene therapy vector [41, 14].
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2.4 Cellular Automata

Cellular Automata (CA) are a simple yet powerful modeling paradigm used in biology and

other fields. CA consist of a set of discrete computational ”cells”, each characterized by its

time-dependent state which is constantly updated over time based on predefined rules [77].

The rules take into account the state of the cell and the states of cells in its neighbourhood.

Thus, a CA is described by four properties: geometry of the grid cells, states of the cells,

rules for the cell state transitions, and the neighbourhood of a cell.

CA were initially presented by John von Neumann during his study of self-replicating systems

in the 1940s [62]. Von Neumann originally considered a kinematic model of self-reproduction

[72]. The self-replicating ”robot” would be in a stockroom supplied with an unlimited

amount of parts with which it would use to produce more robots. However, he became

more interested to pose the self-replicating machine problem in a formal way using logical

abstractions [12, 62]. Using a suggestion from colleague S. Ullam, von Neumann developed

his automaton as a two-dimensional infinite array of uniform, discrete cells, where each cell

is connected to its four nearest, orthogonal neighbours [12, 62]. The self-replicating CA

proposed by von Neumann consisted of cells that could be in any one of 29 possible states

[72].

Conway’s ”Game of Life” is likely the most well known CA. It was created by British

mathematician John Conway and presented in Scientific American in 1970[24]. Conway

was interested in von Neumann’s self-replicating systems, but thought the ideas could be

simplified and still result in complex patterns of life-like behaviour [73]. This zero-player

game is played out on a two-dimensional grid of cells. A cell is either ”Alive” or ”Dead”.

The game unfolds from an initial configuration over discrete time steps by changing the state

of each cell. Cell behaviour is governed by four simple rules: An Alive cell remains Alive if

it has two or three neighbours (survival); A Dead cell becomes Alive if it has exactly three

neighbours (birth); An Alive cell becomes Dead if it has zero or one neighbours (under-

population), or four or more (overcrowding).

An interesting result in CA theory is that some CA have been proven to be Turing complete

[25, 3, 77]. Turing completeness is the property of being able to compute all functions

computable by a Turing machine, which according to the Church-Turing thesis, is the class

of functions computable by any physically realisable system. This means that evolution of

a Turing complete CA over time can implement any algorithm.

Although many of the rules used in CA may appear to be simple, complex behaviours can

be observed [77]. The ability of rather simple CA to model complex systems, makes them of
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interest to study various scientific processes. CA have been used to study fluid dynamics [23],

crystal growth [38], tumour growth [51] and biological pattern formations like the patterns

seen on mollusk shells [7] or the stripes on salamanders [16].

2.5 Diffusion

Diffusion is the phenomenon of mass transfer driven by the concentration gradient. In a

specific case, it describes the spread of particles through random motion, from a region

of high concentration to a region of low concentraiont. The speed of mixing that occurs

through diffusion is dependent on three parameters: the temperature of the system, the size

of the particle and the viscosity of the environment.

Diffusion can be described either on a microscopic or macroscopic scale. On a microscopic

scale, it can be described as a set of particles undergoing Brownian motion [6, 19]. On a

macroscopic scale, it can be described by the diffusion equation that gives the spatiotemporal

dynamics of the concentration field [64].

In Brownian motion, each particle moves by first selecting the direction from a uniform

distribution and then the length of the step from a Gaussian distribution. This procedure is

called a random walk and was first formulated by K. Pearson in [52] in 1905 [11]. Einstein

related the Brownian motion of a particle to a diffusion constant by what is called the

Einstein relation:

D =
kBT

b
(1)

where kB is Boltzmann’s constant, T is the temperature and b is the linear drag coefficient.

In cases of spherical particles diffusing through liquid with a low Reynolds number, the

frictional term b can be assumed to be governed by Stokes’ Law to obtain the Einstein-

Stokes Equation [11]:

D =
kBT

6πηr
(2)

The link between the microscopic and macroscopic descriptions is through an averaging

operation [64]. If one averages the number of particles that are undergoing random walk for

each area across the field, one can recover the concentration field.

The general form of the diffusion equation is:

∂u(x, t)
∂t

= ∇ ·
(
D(x, t)∇u(x, t)

)
, (3)

where u(x, t) is the concentration field and D is the diffusion tensor.
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Different cases of diffusion can be distinguished depending on the form of the diffusion tensor

D :

• In isotropic diffusion, the diffusion tensor does not depend on the spatial direction,

otherwise called anisotropic diffusion. D is then proportional to a scalar diffusion

constant v times the identity matrix, ie D(x, t) = v(x, t)I.

• In homogeneous diffusion, the diffusion tensor does not depend on location in space,

otherwise called inhomogeneous diffusion. D is then not a function of x.

• In normal diffusion, the diffusion tensor does not depend on time t, otherwise called

anomalous diffusion [64].

In the case of isotropic, homogenous, normal diffusion, equation (3) simplifies to become:

∂u

∂t
= v∆u (4)

where u is the concentration field and v is the scalar diffusion constant.

2.6 Particle Strength Exchange

Particle Strength Exchange (PSE) is a deterministic pure-particle numerical method devel-

oped for simulating diffusion. It was introduced by Mas-Gallic and Degond in 1989 [15].

As a numerical method, two types of approximations must be made. First, continuous

field functions must be approximated discretely in both space and time. Without this

approximation, it would be impossible to perform computations on a computer with only

finite memory and time. The second approximation comes when determining the differential

operator on the discretized functions [64].

In a particle method, the result of discretizing a continuous field function in space is a set

of particles that approximate the field. In a point particle method specifically, values of the

field are only defined where a particle is. To obtain a smooth approximation of the field,

each particle has an associated area defined around it. The area of each particle slightly

overlaps the areas of neighbouring particles such that there are no locations in the field

where the field value is not recoverable. This is done by using a smooth kernel with width

ε chosen so the kernel’s support around the particle overlaps the other kernels’ support.

Furthermore, these particles must be placed close enough so that the field does not vary

greatly in between [64].
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Therefore, each particle p is described by:

• its position xp(t)

• its extensive quantity ωp(t)

• its volume Vp(t)

where the extensive quantity of the particle is related to the intensive field u through the

particle volume as [64]:

ωp = Vpu (5)

Now that the particles are defined, the dynamics governing the particles must be determined.

A set of ODEs are determined that govern each of the particle properties. These ODEs are

of the form:
dxp
dt

=
N∑
q=1

K(xp, xq, ωp, ωq) (6)

dωp
dt

=
N∑
q=1

F (xp, xq, ωp, ωq) (7)

where N is the number of particles in the system and K and F are the kernels describing

the pair-wise particle interactions [64].

In a pure particle method, the operator governing the dynamics is evaluated directly on

the particles. As particles hold an extensive quantity within its volume but the field to

approximate is an intensity quantity, the governing operator must be an integral over the

volumes the particles represent. This corresponds to the numerical quadrature on right-

hand sides of equations (6) and (7). Therefore, an equivalent integral operator must be

determined for the original differential operator. This operator is the second approximation

required for a numerical method [64].

In general, the determined integral operator for a differential operator of order β takes the

form:
1
ε|β|

∑
q

Vq(u(xq)± u(xp))η
β
ε (xq − xp) (8)

where the operator kernel ηβε = ε−dηβ(x/ε) is chosen to accurately represent the dynamics

[64].

For PSE simulating isotropic heterogenous diffusion, the position and volume of the particles

remains constant. The extensive quantity, also called the particle’s strength, changes over

time. Thus, an appropriate integral operator for the particles describing the change of the

12



strength over time is needed. Starting with diffusion equation (3), an integral operator with

an appropriate kernel can be derived as presented in [64], to obtain:

∂2u

∂x2
(xp) =

1
ε2

N∑
q=1

Vq(uq − up)ηε(xq − xp) (9)

The integral operator (9) must be reformulated for the particles. The result is the follow-

ing equations describing the dynamics of the particles for isotropic homogenous diffusion

simulation using PSE:

dxp
dt

= 0 (10)

dωp
dt

=
VpD

ε2

N∑
q=1

(wq − wp)ηε(xq − xp) (11)

where D is the diffusion constant [64].
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3 Related Work

Studying the dynamics of viral infections using computational models is a well established

and powerful approach in characterising viruses. Classical approaches to modeling viral

infections are based on the use of ordinary differential equations (ODE) [4, 53]. Most of

the simple ODE models analyse the course of infection over time and are based on the

assumption that the population of cells and virions are uniformly distributed over space. To

overcome this assumption that the spatial dynamics are not significant, the use of CA to

model viral infection dynamics have been introduced. This section includes an overview of

classical ODE models and a review of how CA have been used to study viral infection.

3.1 Classical ODE Viral Infection Modeling

The purpose of modeling viral infection using an ODE approach is to generate overall sys-

temic behaviour through the properties and interactions of elementary components [55]. To

determine if the model can accurately characterise the system, predictions from a dynamic

model are compared with clinical data. Additionally, models can be used to analyse data

sets to estimate further parameters of the system. The use of these models have contributed

to the understanding of viral and immunological dynamics.

The basic viral infection model which describes viral dynamics on a systemic level is as

follows [53]. Cells that are susceptible to infection, the target cells (T ), are infected by V

virus amount with rate constant k. Additionally, the target cells are regenerated at a rate

of λ and die at a rate of d per cell. This is captured by the following ODE equation:

dT

dt
= λ− dT − kV T (12)

All infected cells (I) lead to a productive infection. The infected cells produce new virions

at rate p and die at a rate δ, as described by:

dI

dt
= kV T − δI (13)

The immune system clears free virions at a rate of c per virion:

dV

dt
= pI − cV (14)

This model is sufficient to mimic the kinetics of primary HIV-1 infection viral load patterns

found in patients [67]. It produces the characteristic sharp increase of viral load and its

following rapid decline to reach a quasi-steady state.
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This model has been extended to study the effect of anti-viral drugs on viral loads. One such

study examined the effect of ritonavir, a potent inhibitor of HIV-1 protease, on the HIV-1

viral load [54]. Protease inhibitors inhibit the production of infectious viral particles [53].

Including this effect of protease inhibitor (PI) drugs on the system, the model is changed

to incorporate infectious and non-infectious viral particles (VI and VNI , respectively), to

become:

dT

dt
= λ− dT − kVIT (15)

dI

dt
= kVIT − δI (16)

dVI
dt

= (1− εPI)pI − cVI (17)

dVNI
dt

= εPIpI − cVNI (18)

where εPI is the efficacy of the protease inhibitor [54].

If the PI is assumed to be 100% effective, ie. εPI = 1, and was given to an individual whose

viral load was at quasi steady state, V0, then the decay of the viral load follows the equation

[54]:

V (t) = V0 exp(−ct) +
cV0

c− δ
·
[
cV0

c− δ
{exp(−δt)− exp(−ct)} − δt exp(−ct)

]
(19)

In the study, viral load data was collected from five infected individuals after starting treat-

ment with ritonavir. The data was fit to the model and parameters such as the virion

clearance rate, the infected cell life-space and the average viral generation time were deter-

mined using equation (19) [54].

Additional modifications can be done to this model to incorporate the effects of other anti-

viral drugs. For example, the model could include the effect of an administered reverse

transcriptase has on the viral load [53]. Incorporating the effects of the drugs on viral load

into the models has been used to compare the efficacies of the different drug doses [44, 46]

as well as comparing different drug regimes [36].

The basic model described above has also been used to understand the kinetics of other

viruses that cause chronic infection, such as hepatitis C virus (HCV), hepatitis B virus

(HBV) and Cytomegalovirus (a herpes virus) [53]. ODE models for acute viral infections,
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such as influenza A, have also been proposed [4]. Lastly, some models may also take the

action of the immune system into account [53].

3.2 Cellular Automata Viral Infection Modeling

Cellular Automata models have been introduced to study viral infection due to their ability

to resolve spatial localization. Many of the CA models share similar characteristics although

they were developed to simulate different viral infections. In general, each of the CA models

contains a grid of biological cells. Each of these cells is in one of a predefined number of

states that usually correspond to the infection status of the cell. Rules to update the cell

state are proposed which often take into account the infection status of neighbouring cells

or also some sort of temporal measurement. A brief survey of some of the proposed models

follows, highlighting the interesting aspects of each model.

HIV CA model A CA model to simulate the entire course of HIV infection has been

proposed by [79]. The model successfully reproduced the triphasic dynamics of HIV infection

in one spatially resolved tissue. A square lattice was used to represent cells in lymphoid

tissue, as experimental evidence has shown that lymph nodes are major reservoirs of HIV

infection [13].

Each cell is in one of the following four states: healthy; infected-A1, an infected cell able to

spread the infection; infected-A2, an infected cell with reduced infection spreading ability

that can be noticed by the immune system; and dead, an infected cell that was killed by the

immune response.

The rule that governs whether a healthy cell will become infected enumerates the neighbours

in infected-A1 and infected-A2 state. If there is at least one infected-A1 neighbour, the cell

will also become infected-A1. If there are at leastR neighbours (2 < R < 8) that are infected-

A2, the cell will become infected-A1. Otherwise the cell will remain healthy. Cells that are

infected by infected-A2 cells become infected-A1 to incorporate the mutation rate of HIV

into the model. An infected-A1 cell becomes infected-A2 after τ time steps. This simulates

the response of the immune system. Infected-A2 cells become dead cells, to simulate their

detection and depletion by the immune system. The last rule describes the probabilistic

regeneration of the dead cells to either a new healthy cell or an infected-A1cell.

Influenza A CA model Another CA model proposed by [2] was developed to model

infection of influenza A. Interestingly, this model uses two cell types: epithelial cells, which
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are the viral infection target; and immune cells, which fight the infection. The cells in the

two-dimensional grid each represent one epithelial cell. The immune cells are mobile and

can move from one epithelial cell to another in order to patrol the health of the epithelial

cells, causing infected cells to die.

The states of the epithelial cells are: healthy, infected, expressing, infectious or dead. The

cells become infected probabilistically depending on the number of neighbours that are

infectious. Newly infected cells have a delay in expressing viral proteins and expressing cells

become infectious after an additional delay. Both expressing and infectious cells can be

recognised by the immune cell. An infectious cell becomes dead after its infectious lifespan

time has passed. Lastly, dead cells may be replaced with either healthy or infectious cells,

depending probabilistically on the number of infectious neighbouring cells.

States for the immune cells were developed to reflect the maturation of these cells. An

immune cell is originally in the virgin state and can only become mature if occupying a

site that is occupied by an infected cell expressing viral proteins. Mature immune cells

can recognise infected epithelial cells that are expressing or infectious and cause the cell to

become dead. Additional rules govern the introduction of new mature or virgin immune

cells. The immune cells can move one lattice step away each time step.

The model agreed with the limited dynamic information they had to compare with. For

example, the infection peaked on the second day and declined as expected. Additionally, the

fraction of infected epithelial cells as well as the amount of immune cells was comparable to

values obtained from the literature.

Hepatitis B virus CA model In a CA model presented by [78] to simulate hepatitis B

viral infection, the cells in the grid were characterised by their maturation state. Hepatitis is

the inflammation of the liver usually caused by viral infection. Using the London-Blumberg

model of the liver, it is assumed that there are the two types of hepatocyte cells that differ

by their stage of maturation and their susceptibility to infection by the virus. These cells

are R and S cells for resistant and susceptible, respectively.

Rules were developed to describe the change of cell states. For example, R cells are able to

differentiate into S cells, but not vice-versa. Rules were also added to describe the life spans

of healthy R and S cells, and infected R and S cells. As these two types of cells have different

infectious rates, rules to capture the different infectiousness were also added. Lastly, cells

could be defectively infected if they can only produce non-infectious particles.

Since this model incorporates two different populations of cells, the results of the simulations
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were quite different than the HIV CA model proposed by [79]. Unlike the HIV CA model,

propagating waves of infection were not observed due to the differences of susceptibility and

infectiousness of the cell types. The model was also compared to an ODE model by [50] and

found that the parameter values used for the infectious rates of the R and S were smaller to

produce similar results. This difference can be attributed to the ODE HBV model having

well mixed virus and cell populations.

Hantavirus CA model The grid cells of the CA need not represent biological cells like

in the models previously described. A CA model was developed by [31] to model the spread

of hantavirus between rodents. In this model, each square in the lattice represents an area

of the landscape. The state of each square of the landscape either contains a rodent that

is susceptible to infection, contains a rodent that is infected, or is an empty space that a

rodent may move to.

The rules developed to govern the system are influenced from three main factors of hantavirus

infection and spread. Since the mode of hantavirus transmission between rodents can be

through bites from infected rodents, a susceptible rodent has a chance to become infected

by a nearby infected rodent as if through a fight. Infected rodents cannot recover once they

have been infected, but newly born rodents are born susceptible to infection as hantavirus

infection is not vertical. Lastly, environmental factors have been found to influence the

carrying capacity. A parameter is introduced to represent the availability of resources that

the have access to in order to thrive.

This model was able to predict different stable susceptible-infected rodent population ratios

and showed these ratios were based on the environmental parameter.

Chlamydia CA-PDE hybrid model A CA-PDE hybrid infection model was devel-

oped by [39] to model Chlamydia infection ascension in the female genital tract. Although

Chlamydia is a bacteria, like viruses, it is an obligate intracellular pathogen and has a similar

life cycle. The infectious chlamydial particles, called elementary bodies (EB), enter epithe-

lial cells. They differentiate into chlamydial reticulate bodies (RB) which can then replicate

via binary fission. After a few rounds of division, the RBs convert back to the infectious EB

form. The host cell lyses and the new infectious particles are released.

This model combines a CA, to govern cell dynamics, with a PDE, to describe motility of

the infectious particles.

The grid of the CA forms a cylinder by imposing periodic boundary conditions on the lateral
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dimension. This layout and the size of grid was taken to match the guinea-pig endocervix.

These boundaries conditions enabled the incorporation of the inhospitable nature of the

lower genital tract to Chlamydia infection.

Each cell within the grid contains either a healthy or infected epithelial cell as well as

extracellular chlamydial particles. A healthy cell may become infected with a probability

depending on the local level of chlamydial particles. Infected cells may become cleared by the

immune system based on an infection signal that increases with the number of neighbours

that are infected. Healthy cells may also be cleared by the innate immune system if the local

chlamydial particle concentration is high. Additionally, chlamydial particles are also cleared

by the immune system. Infected cells eventually undergo lysis to release new chlamydial

particles into the system. All cleared or lysed cells are replaced with healthy cells.

The number of infectious chlamydial particles released during lysis was modeled using ODEs

based on intracellular Chlamydia models previously established by [76]. These equations

captured the differentiation from EB to RB, the reproduction through binary fission, as well

as the conversion back to the infectious EB state.

The movement of the infectious particles is governed by diffusion using a two-dimensional

version of equation (3) as presented in subsection 2.5. A diffusion parameter was estimated

by comparing similarly size particles in similar media and approximated to be in the order

of D ≈ 10−5 − 10−4µm2s−1.

The results from simulations of this model commonly had the chlamydial infection ascend

up the genital tract agreeing with experimental observations. The exception to this was

when the diffusion parameter was at a decreased level. This was explained by the inhibited

movement of the particles to reach the upper endocervix to cause infection.
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4 Metrials and Methods

4.1 Cell culture

Human lung carcinoma A549 (HLC-A549) cells were purchased from American Type Culture

Collection, Rockville, MD. Ad5-E1 transfected human embryonic retinoblast 911 (HER-911)

cells [48] were obtained from Dr. S. Hemmi (University of Zurich, Switzerland). Cells were

grown as monolayers in Dulbeccos modified Eagle medium (DMEM) supplemented with

10% fetal bovine serum (FBS, GIBCO-BRL) on cell culture dishes or 96-well plates (Matrix,

Thermo Fisher Scientific, Lausanne, Switzerland).

4.2 Imaging of adenovirus particles and fluorescent beads move-

ments in various environment

Imaging of adenovirus particles and fluorescent beads movement was performed using custom

made TIRF microscope based on Olympus IX81 inverted microscope equipped with Cascade

128+ camera (Photometrics, Roper Scientific, USA), 100x 1.45 NA oil immersion PlanApo

(Olympus) objective and a custom made thermostatic chamber. Yellow-green Fluoresbrite

fluorescent beads size range kit used was purchased from Polysciences (Polysciences, USA).

Microscopy was performed at 37 C. TIRF angle was manually adjusted in each case in order

to obtain the optimal signal-to-noise ratio and fit the experimental requirements. The image

acquisition was controlled by Metamorph software (Molecular Devices, Visitron Systems,

Germany).

For the measurements we used Type I ultrapure water (18.2 MΩ/cm) and Live Imag-

ing medium (Imaging medium). Imaging medium had the following composition: Hank’s

Buffered Salt Solution (HBSS) , 0.2% Bovine serum albumin (BSA, SIGMA), 1 mg/mL

ascorbic acid, optional 10% FBS (or without addition of 10% FBS in the case of low serum

Imaging medium).

4.3 Amplification, purification and labeling of adenoviruses

Ad2 Atto488, Ad dE3B eGFP and Ad5 dE1 eGFP [1] were grown, isolated and Ad2-Atto488

was labeled with Atto488 dye (ATTO-TEC, Germany) as described [26, 20]. Protein con-

centrations of purified viruses were measured using the PIERCE Micro BCATM Protein

Assay Reagent Kit (Thermo Fisher Scientific, Lausanne, Switzerland).

20



4.4 Live Time-lapse multi-site multi-channel microscopy

Live Time-lapse multi-site multi-channel microscopy Images were recorded with an auto-

mated ImageXpressMICRO fluorescence microscope (Molecular Devices, Munich) equipped

with a humidified chamber at 37C and multiple wavelength excitation/emission filters (Sem-

rock). Using 10x Nikon S Fluor objective with 0.5 NA. All the live imaging experiments were

performed in 96-well black, flat Bottom plates (Matrix, Thermo Fisher Scientific, Lausanne,

Switzerland). Multiple sites acquisition was based on microscope’s motorized stage allowing

precise high speed sequential acquisition of defined regions of interest of the well.

Using MATLAB based post-processing, images were stitched into a high resolution pictures

covering roughly 85% of the well in case of experiments following spreading phenotypes.

This allowed us to follow the process of virus infection spread on a large distance with high

resolution.

4.5 Adenovirus Pre-infected cells seeding and characterization of

the method

A549 and 911 cells were cultivated at 95% confluence in separate wells of a 96-well plate.

Wells containing 911 cells were inoculated with 200 uL of adenovirus inoculum prepared in

DMEM (containing 2% BSA and at least 0.053 ug/uL viral proteins) for 1 hour at 37C.

After inoculation cells where washed at least 3 times with Phosphate Buffered Saline (PBS)

and inoculated with Accutase (Sigma-Aldrich) for 7 minutes at 37C. Detached cells were re-

suspended in DMEM (10% FBS) and diluted appropriately. The cell suspension was added

to the wells containing 95-100% confluent monolayers of A549 cells.

To characterize the specificity of infection in our co-culture system we stained 911 cells with

CellMask Deep Red dye (Invitrogen) and then followed the procedure as described above.

The plate was imaged 24 hours post infection (as described above). Signal co-localization

of GFP and CellMask Deep Red dye was quantified via cell segmentation with CellProfiler

2.0 (see figure 2).

4.6 Computational model

The model was developed using MATLAB 2010a. For implementation details, please refer

to section 5.4.
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Figure 2: Co-localization of GFP and Cell Mask Deep Red signal 24 hours p.i. in

a preinfection experiment. (A) Result of scatter plot of quantification of a number of

cells positive for Cell Mask Deep Red dye vs cells positive for GFP throughout all imaged

sites. (B) An example of Cell Mask Red dye and GFP signal co-localization. All cell nuclei

were stained with Hoechst 33342.
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4.7 Diffusion constant statistical analysis

The diffusion constant data was analysed using the R statistical language and environment

[58]. When analysing trajectories when only mobile particles were imagined, the mean and

standard deviation were calculated without any processing of the data. When both mobile

and immobile particles were imaged, a log10 transformation was applied to the diffusion

constant data. Using the MCLUST package [21, 22], a Gaussian Mixture Model (GMM)

was used to partition the transformed data into mobile and immobile diffusion constants.

When plotting values together that were obtained by either imaging mobile and immobile

particles or only mobile particles, a log10 transformation was applied to all data. The

transformed data from the mobile particles was fit to a Gaussian distribution to ensure

consistency of methods when combining the data.

4.8 Radial distribution function for spreading phenotypes

A method to determine the radial distribution function (RDF) of intensity was developed to

characterise the spreading phenotypes. The input for the method was an image (an intensity

matrix) and the centre of the spreading phenotype. For every second degree around the

centre of the spreading phenotype, the value of the intensities along the line out from the

centre are determined. The positions at a certain length away from the centre form a circular

shell. The total intensity from each shell is averaged giving the RDF.

The method was used for both the experimental and computational spreading phenotypes.

To determine the experimental spreading phenotype, user input was required to select the

centre of the phenotype. In the computational model, the centre of the initially infected cell

was used for the centre of the phenotype.

23



5 Results

5.1 Ad Infection Spreading Phenotype

Upon sporadic infection with Ad2 dE3B eGFP virus of A549 cells cultivated in a monolayer,

we observe an infection spreading phenotype as in figure 3. At a few hours post infection

(p.i.) in the experiment, we observe the signal from expressed GFP. Between 49 and 52

hours p.i., we observe GFP signal disappear from the cell denoted with the white arrow

in figure 3. Subsequently, around 55 to 58 hours p.i., we observe a circular area of GFP

expressing cells centred around the region of the disappeared cell.

These observations resemble a plaque formation phenomenon as described by [18]. However,

in our case we observe the formation of a circular phenotype of GFP expressing cells that

are infected but not yet lysed. As in [18], the circular area is most likely formed by cells

infected by progeny virus from the cells infected in the previous infection round.

Since Ad2 dE3B eGFP is a replication competent virus, it is difficult to distinguish between

subsequent rounds of infection if we would observe further growth of this phenotype. There-

fore, to further investigate the underlaying mechanism of the spread process, we decided

to use a different virus to restrict spread to one round of infection. We chose another Ad

species C mutant virus, Ad5 dE1 eGFP, which is able to replicate in 911 cells transfected

with dE1 DNA, but is attenuated in replication in A549 cells [37]. With this virus we per-

formed experiments as described in Methods section 4.5 with pre-infection of 911 cells in

subsequent co-culture of the 911 and A549 cells. The 911 cells transfected with dE1 DNA

infected by Ad5 dE1 eGFP achieve a complete wild-type Ad virus genome system. Also,

when using a fluorescent protein report system in the genome of the virus, a deletion mutant

is needed to keep the packaging capacity of the virus similar to the wild-type virus [37].

In figure 4, we are able to observe the spreading phenotype formed by pre-infecting repli-

cation competent 911 cells and the subsequent co-culture with replication attenuated A549

cells. Two cells, each denoted by a white arrow, disappear and a spreading phenotype is

observed shortly after. Propidium iodide dye used stained the DNA within the cell upon

disintegration of the cell membrane. The spreading phenotype is centred around the middle

cell in the image and could likely be the product from the lysis of this cell, however the effect

from the other infected cell on the spreading phenotype cannot be ruled out. Additionally, no

spreading phenotype was observed in the mock control wells (wells containing 911 and A549

co-culture with no virus added and wells containing only A549 infected with Ad5 dE1 eGFP,

data not shown), so the observed phenotypes are not product of the co-culture.

24



10.5 h.p.i. 12.5 h.p.i. 15.5 h.p.i. 18.5 h.p.i.6.5 h.p.i.

33.5 h.p.i. 51.5 h.p.i. 54.5 h.p.i. 57.5 h.p.i.30.5 h.p.i.

63.5 h.p.i. 66.5 h.p.i. 69.5 h.p.i. 74.5 h.p.i.60.5 h.p.i.

10.5 h.p.i. 12.5 h.p.i. 15.5 h.p.i. 18.5 h.p.i.6.5 h.p.i.

33.5 h.p.i. 51.5 h.p.i. 54.5 h.p.i. 57.5 h.p.i.30.5 h.p.i.

63.5 h.p.i. 66.5 h.p.i. 69.5 h.p.i. 74.5 h.p.i.60.5 h.p.i.

Ad2_dE3B_eGFP sporadicly infected cells express GFP and develop a spreding phenotype
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B

Figure 3: Ad2 dE3B eGFP sporadically infected cells express GFP and develop

a spreading phenotype. (A) GFP channel (B) Overlay of GFP and Hoechst 33342 dye

channels. Green forms are infected cells expressing GFP encoded by the virus and blue are

the stained nuclei. The white arrow denotes cell whose GFP signal disappears.
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Ad5_dE1_eGFP pre-infected 911 cells co-cultured with A549 cells express GFP 
and develop a spreding phenotype

A

B

Figure 4: Ad5 dE1 eGFP sporadically infected cells express GFP and develop

a spreading phenotype. (A) GFP chanel (B) Overlay of GFP and Hoechst 33342 dye

chanels. Green forms are is an infected cell expressing GFP encoded by the virus, blue are

the stained nuclei and red is stained DNA P.I. The white arrows denote cells whose GFP

signal disappears.
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Thus we decided to test the assumption that the spreading phenotype can be formed by

progeny virus particles diffusing in a cell-free environment along the concentration gradient.

In the spreading phenotype formation experiments, we also noticed that the intensity of

GFP varies amongst cells. We decided to investigate the dynamics of the GFP expression

to determine if it is dependent on virus particle concentration the cells were exposed to.

To test whether these parameters are sufficient to describe the formation of the spreading

phenotype, we plan to employ a computation model to test these assumptions.

5.2 GFP Intensity Dynamics

To determine the dependence of GFP intensity of infected cells on the virus particle con-

centration, a series of virus dilution experiments were performed. The results of time-lapse

imaging of A549 cells in wells with varying input virus concentrations for both viruses,

Ad2 dE3B eGFP and Ad5 dE1 eGFP individually, are presented in figures 5 and 6, respec-

tively.

For both viruses, trends emerge based on the concentration of virus input. Firstly, cells in-

fected with higher concentrations of input virus express GFP sooner than those without lower

concentrations of input virus. Cells infected by Ad2 dE3B eGFP with 5.00 × 10−2µg/µL

start to express GFP as early as 4 hours p.i. whereas cells infected by Ad5 dE1 eGFP with

2.6 × 10−2/mug/µL have expressed a small amount of GFP by 5 hours p.i. Not only do

these cells produce GFP sooner, but the rate of GFP production is greater. The original

high-resolution images show that for high input virus concentrations both more cells become

infected and start expressing GFP as well cells producing more GFP per cell.

Secondly, it appears that the concentration of input virus directly affects the probability

the cell will become infected. At 72 hours p.i. by Ad2 dE3B eGFP, the GFP signal of wells

with 1.6 × 10−3µg/µL input virus concentration or greater appears evenly spread. It is

probable that all cells permissive to infection are infected by the virus and expressing GFP.

For wells with input virus concentration between 3.2 × 10−4µg/µL and 1.02 × 10−7µg/µL,

the cells have some probability of becoming infected and expressing GFP. This is seen by

some areas in the well lacking GFP signal. The cells in wells with 2.05× 10−8µg/µL input

virus concentration or less, do not express GPF after 72 hours p.i. and have likely not

become productively infected to produce any GFP signal.

Similarly for infection by Ad5 dE1 eGFP at 72 hours p.i., all cells in wells with 1.7 ×

10−4µg/µL or greater input virus appear to be infected.. Wells with input concentrations

between 3.39 × 10−5µg/µL and 1.09 × 10−8µg/µL have some probability of becoming in-
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Figure 5: Change in Ad2 dE3B eGFP eGFP expression dynamics depending on

the concentration of the input virus protein. Concentration of input virus is µg/µL.
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Figure 6: Change in Ad5 dE1 eGFP eGFP expression dynamics depending on

the concentration of the input virus protein. Concentration of input virus is µg/µL.
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fected and expressing GFP. The cells in wells with 2.17× 10−9µg/µL or less of input virus

concentration do not express GFP after 72 hours p.i.

Both viruses exhibited the same trends suggesting that the GFP intensity is dependent on

the input virus concentration.

The results from these experiments were quantified by measuring the average GFP intensity

for each well over time. These results are displayed in the charts in figure 7. Each line in this

chart represents a measurement at a time point after infection for the various input virus

concentrations. Each of these lines are successively higher for each time point correlating to

the increase in GFP intensity. The last time points of Ad2 dE3B eGFP are an exception.

The small decrease in the average intensity is likely from the onset of cells lysing in the well.

The effect of virus concentration on the intensity can also be observed with the intensity of

each line increasing for increasing protein concentrations.

From quantifying the average GFP intensities over time, the two viruses can be directly

compared. The maximum intensity of Ad2 dE3B eGFP occurs for 2.1x10−2µg/µL at 24

hours p.i. is quite a bit less than the maximum of Ad5 dE1 eGFP interpolated at the same

concentration which occurs at 23 hours p.i, at 7.66x10−3 and approximately 1.04x10−2. As

the mean intensity values are only quantified for the first 24 hours p.i., the difference in

the intensity is unlikely due to additional cells becoming infected and producing GFP from

subsequent rounds of infection.

5.3 Diffusion Constants

The assumption that spreading phenotypes form in a cell-free environment may be largely

dependent on the diffusion of progeny virus particles in the extra-cellular environment.

Therefore, we decided to study the diffusion of Ad particles. To study this we used TIRF

microscopy, as described in Methods section 4.2, with subsequent analysis of the trajectories

using particle tracker software [66]. The diffusion constant of trajectories above a certain

threshold were determined by the Moment Scaling Spectrum script [66]. Statistical anal-

ysis was performed for each set of diffusion constants using the R statistical language and

environment [58].

To test our method and to characterise the diffusion of small particles in various types of

liquid media, we used fluorescent beads of different sizes. Since the sizes of the beads are

known, we were able to correlate our measurements with the Einstein-Stokes equation (2).

Figure 8 summarize the results of the diffusion constants of different size beads. In these
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Figure 7: Quantification of intensity rate increase depending on virus protein

concentration. (A) (B) Ad5 dE1 eGFP. Each line represents the average mean intensity

at a time point during the GFP expression dynamics experiment.
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two plots, the mean and the standard deviation were calculated without any processing of

the data. The mean diffusion constants decrease with increased bead size, as expected by

the Einstein-Stokes equation. However, the error measurements of the smaller sized beads

are quite large. The error measurements in the plots are standard deviation of the diffusion

constants. In distilled water for the smaller bead sizes, the width of the error includes some

unphysical values (diffusion constants less than zero). The data appeared to contain a few

very large diffusion constants. This positive skew affects the calculation of the standard

deviation. A non-symmetric error calculation would likely yield a result more representative

of the data.

Comparing the results from the diffusion constants in distilled water and imaging media,

there appears to be little difference given the error associated with determining the mean

diffusion constant.

During exploratory data analysis, a log10 transformation was performed on the data yielding

what resembled a Gaussian distribution. Q-Q plots of the transformed data support the

possibility of a Gaussian distribution (see Supplementary Material). A Grubbs’ test for

outliers did not find any outliers in the transformed data with p-value less than 0.05. If the

transformed data follows a Gaussian distribution, the untransformed data would follow a

log-normal distribution. A log-normal distribution could explain the positive skew observed

in the data.

The biggest limitation in the method appears to be the imaging of small particles. The

fluorescence dye amount of each bead is proportional to the size of the bead. Therefore,

the smaller beads have a weaker fluorescent signal and with the optical limitations of the

microscope this results in a lower signal to noise ratio.

To deal with the reduction of image quality for smaller beads, the beads of size 0.114nm

were imaged at a very small TIRF angle. This enabled the tracking of the individual small

particles but together with the immobilised particles on the cover slip. A method to separate

the particles based on mobility was required. After a log10 transformation of this data,

a histogram yielded what appeared to be two Gaussian distributions (see Supplementary

Material for histogram and corresponding Q-Q plots). The transformed data was fit to a

Gaussian mixture model (GMM) using the MCLUST package for R [21, 22]. The Gaussian

distribution with the higher mean represents the mobile particles. In figure 9, diffusion

constant data from the 0.114nm bead was fitted to a GMM. The mean and variance displayed

is for the mobile particle diffusion constant distribution. All other particles were fitted to a

Gaussian distribution. The additional mean diffusion constant value for the 0.114nm bead

32



A

0.0 0.2 0.4 0.6 0.8 1.0 1.2

0
2

4
6

8

Bead Size [um]

D
2 

D
iff

us
io

n 
C

on
st

an
t [
um

2 /
s]

Distilled Water

o
-

Key
Mean Diffusion Constant
Theoretical Diffusion Constant

B

0.0 0.2 0.4 0.6 0.8 1.0 1.2

0
2

4
6

8

Bead Size [um]

D
2 

D
iff

us
io

n 
C

on
st

an
t [
um

2 /
s]

Imaging Media

o
-

Key
Mean Diffusion Constant
Theoretical Diffusion Constant in Distilled Water

Figure 8: Mean diffusion constants of beads in A. distilled water and B. imaging

medium. Vertical bars are the standard deviation for the diffusion constants and horizontal

bars are the standard deviation for the bead size. The black curve is the theoretical value

for the diffusion constant from the Einstein-Stokes equation in distilled water based on size

of the particle. 33



also fits the trend of increasing diffusion constant with decreasing particle size.

Media Type Mean Median Std. Dev.

No Fitting
Distilled Water 4.804 3.387 3.866

Imaging Media 4.612 3.494 4.845

Gaussian
Mixture Model

Imaging Media (Low Serum) 3.756 4.650 6.342

Imaging Media 2.645 3.766 6.067

Table 1: Virus Diffusion Constants in Various Media (µm2/s)

Media Type Size of Bead

(nm) or Ad

Frame Rate

(fps)

Trajectory

Threshold

Distilled 0.114a 495.3 50

Water 0.248 851.8 50

0.516 896.1 50

0.748 848.9 50

1.019 848.2 50

Ad 114.3 50

Imaging 0.248 848.2 50

Media 0.516 848.9 50

0.748 848.2 50

1.019 851.8 50

Ad 114.3 50

Ada 862.1 50

Imaging Ada 861.3 50

Media

(Low Serum)

Table 2: Summary of exposure time, frame rate and trajectory thresholds. (a)

both mobile and immobile particles imaged using a small TIRF angle. Otherwise, only

mobile particles imaged.

The diffusion constants of Ad virus particles in different media were also measured using

the aforementioned method. A summary of the diffusion constants calculated in provided

in table 1. To optimize the signal to noise ratio, we employed two imaging methods:

• Increasing the angle of the incident light beam allowed us to increase the penetration

depth by increasing the evanescent field. This allowed us to image signal mobile

fluorescent particles (or viruses), although it forced us to use decrease frame rate for
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log10 transformation was performed to the diffusion constants before fitting. Mean and
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distribution representing the mobile particles displayed. Vertical bars are the variance of the

fitted diffusion constants and horizontal bars are the standard deviation for the bead size.

The black curve is the theoretical value for the diffusion constant from the Einstein-Stokes

equation in distilled water based on size of the particle.
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the small particles due to their low fluorescence.

• Decreasing the angle of the incident light beam allowed us to improve the signal to

noise for the high frame rate imaging of the small particles but in its turn decreased

the penetration depths due to the decrease of the evanescent field, thus forcing us to

image close to the cover slip thereby including the immobile particles on the cover slip.

Therefore, both types of analysis methods were used for the corresponding imaging method.

In general, the means of Ad diffusion constants for the data analysed without fitting are

higher than the means from the data that was fit to a GMM. The means of the non-fitted

data are more prone to be affected by the positive skew of the diffusion constant data

distribution. However it was observed that when fitting to a GMM whose Gaussians were

well separated, one of the distributions ended up becoming wider to incorporate data points

in between the two Gaussians. This was observed for Ad in imaging media and could explain

why the mean value of 2.6µm2/s (see Supplementary Material). However like before, given

the standard deviations of the measurements, no difference in the Ad diffusion constants

can be discerned for the different media types.

5.4 Viral Infection Model

The viral infection model combines two computational methods: cellular automata and

particle strength exchange. This combination enables the incorporation of the hypothesized

determining aspects of viral infection into the model. The CA is a spatial model for tracking

the states of cells. The PSE models the diffusion of the viral particles in the cell-free

environment after the lysis of an infected cell.

The general flow of the model is as follows. One time step of the CA model is computed. In

this time step, all infected cells are checked to determine if they lyse. The virus particles that

are released from the lysed cells are added to the PSE system. Additionally, it is determined

if any non-infected cells become infected. This is determined probabilistically based on the

maximum amount of virus particles that covered the cell during the previous virus particle

diffusion step. Next, the PSE model diffuses the virus particles until it is time to do one

more CA time step.

5.4.1 Cellular Automaton

A CA is composed of a set of discrete computational ”cells” that are described by state

attributes. The next state of the cell is dependent on the current state of the cell and the

36



CA

For each infected cell:

• Update lysis clock time

• Determine if cell lyses

• Add virions to PSE system from lysed cells

For each uninfected cell:

• Determine if cell becomes infected

• Start lysis clock for a newly infected cell

PSE

Until next CA time step:

• Apply diffusion step

• Apply time step for particle strengths

• Update maximum amount of virions

encountered per cell

• Stop if in equilibrium or below infection

threshold

Next CA time step

Figure 10: Model Description

states of nearby cells. In our model the computational ”cells” represent biological cells.

The state of these cells describe various aspects, such as infection state, lysis clock time,

maximum amount of virions the cell has been exposed to and the GFP fluorescence intensity.

The cells are arranged to form a hexagonal grid. Each cell has six direct neighbours, except

for cells just within the boundaries. The boundaries do not contain any cells and do not

influence the cells. The number of cells chosen define the size of the system. Therefore, it is

important to have enough cells so that the resulting spreading phenotype shows no boundary

effects. Using a cell size of 60µm, which corresponds to the average size of A549 cells, with

a diffusion constant in the range of those in table 1, having a grid of 50x58 hexagonal cells

has been more than sufficient to model the system during the length of the simulation. The

time step length of the CA model is one hour.
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Cell States

Infection State. Describes the cell’s current state of infection. The possible states are: non-

infected, infected, and lysed. In the simulation all cells are initially non-infected. A cell is

chosen to become infected. In this model, an infected cell is defined as one that is infected

with a replication competent virus. The progeny of the virus will egress from the infected

cell and may have the ability to infect non-infected cells. When the infected cell lyses, the

state is set to the lysed state and any non-infected cells that have become infected as a result

of the lysis are changed to the infected state.

Lysis Clock Time. Describes the time until lysis occurs in an infected cell. Upon infection,

the time until the cell lyses is set. It is decreased at each time step. Cells begin to die

around 3 days post infection and all the cells are dead by 5 to 7 days [70].

Maximum Virion Exposure Amount. Stores the maximum amount of virions that the cell

has been directly exposed to during the virus particle diffusion. As the PSE model diffuses

the virions from a lysed cell, the maximum amount of virions encountered between each CA

time step for each cell is recorded. This value is used in the next CA time step to determine

if the cell will become infected.

GFP Fluorescence Intensity. Intensity of the fluorescence signal from the GFP produced

so far by an infected cell. After the cell becomes infected, it begins to produce virions and

the total amount produced increase with time. In this model, we correlate the amount of

virions produced to the intensity of the GFP produced. The amount of virions produced

by an infected cell is estimated over time until it lyses. The rate of virion production is

dependent on the number of virions the cell was initially infected with.

Cell Update Rules

The next state of the cell is determined by the previously described state attributes. An

overview of the flow of states can be seen in Figure 11.

Infection State. The probability that the infection state of a non-infected cell changes to

infected depends on the maximum amount of virions the cell was exposed to. The probability

of a non-infected cell becoming infected when exposed to various concentrations of virions

was determined experimentally (see subsection 5.4.4). The probability of infection at virion

concentrations between the experimental concentrations are linearly interpolated.

A cell in the infected state enters the lysed state when the lysis clock time has expired. A

cell in the lysed state remains in the lysed state for the duration of the simulation.
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non-infected

does the cell

become infected?

infected

does cell lysis

occur?

lysed

Cell is exposed to Nvirions

p← U(0, 1)

No, if p < P (Nvirions|Infected)

Yes, if p ≥ P (Nvirions|Infected)

Initialize Tlysis

Tlysis ← Tlysis − dt

No, if Tlysis > 0

Yes, if Tlysis ≤ 0

Figure 11: Cell State Flow Chart
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Lysis Clock Time. When a cell becomes infected, the time until lysis is set. Using the time

from infection until lysis from [70], the time until the cell lyses is chosen from a uniform

distribution between 3 to 7 days. The lysis clock time is decremented each time step by the

length of the time step. When the clock time expires, then the cell is in the lysed state.

Maximum Virion Exposure Amount. This attribute value is updated during the PSE simu-

lation. As the virions diffuse, the number of virions particles for each cell is calculated. The

maximum number of virions encountered is saved. This value is reset after each CA time

step.

GFP Fluorescence Intensity. The fluorescence intensity of GFP produced by infected cells

is calculated based on the amount of virus at the time of infection. The rate of intensity

increase is interpolated between initial virus infection amounts.

5.4.2 Particle Strength Exchange

The PSE module diffuses the viral particles. The module runs until the next time step of

the CA module. The PSE time step is chosen using the stability criterion for the forward

Euler time stepping scheme:

dtPSE < h2/2D (20)

where h is the spacing between particles and D is the diffusion constant. In addition to

satisfying (20), the time step is also chosen to be divisible by the time step of the CA for

ease of integrating the two modules.

The number of particles used to approximate the concentration field of the particles is chosen

based on the number of cells in the system. It is chosen such that there are approximately

9 particles per cell. This provides adequate resolution of both the concentration field and

also the local concentration of each cell.

Homogenous Dirichlet boundary conditions are used, ie. u(boundary, t) = 0. It is imple-

mented using the method of images [65].

As mentioned in section 2.6, an appropriate kernel must be selected so that the correct

dynamics are represented. A Gaussian kernel function was selected:

ηε(x) =
4
πε2

e

−x
ε2 (21)
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Figure 12: Example of CA hexagonal grid overlaid with PSE particles. Each

hexagon represents a cell and has a width of 60µm.The states of the cells in the CA grid

are indicated by the colour of the cell. The centre red cell is a lysed cell. Cells in a shade of

green are infected cells, where the shade of green represents the amount of GFP produced

since infection. Blue cells are non-infected cells. The colour of the overlaid PSE particles

indicate the strength of each particle. The range is from red particles having the highest

strength to blue particles having the lowest strength.
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5.4.3 Combination of the Computational Models

When combining different modeling paradigms, it is often necessary to create methods and

data types to connect the models. For this model, a way to convert the strengths from

the PSE to the local concentration of the cells in the CA and back was needed. Two

data structures were created to assist in the interconversion of PSE strengths and local

concentration in the CA. Both of these structures are a type of area list. These lists contain

the areas that the particles and cells overlap.

Each particle in the PSE has a certain support area, and this support area may overlap

different CA cell areas. For each particle in the PSE system, the PSE area list contains a

list of cells and the amount of area the particle overlaps with the cell. This list is used when

calculating the local concentration of the cell from the strengths of the particles.

Each cell in the CA contains some PSE particles and has additional support from close-by

PSE particles. For each cell in the CA system, the CA area list contains a list of particles

and the percent of area they occupy in the cell. The particles do not need to be in the cell,

but some of the space they have support for must be in the cell in order to be in that cells

CA area list entry. This list is useful for adding virus into PSE system. For a newly lysed

cell, the amount of released virus is distributed among the particles based on the percentage

of area they occupy in the list.

5.4.4 Model Parameters

Some of the parameters used in the model were obtained experimentally, while other values

were taken from the literature. This section discusses how the parameters were determined

or where they were obtained from.

Diffusions Constants of Ad Particles The diffusion constant of the Ad virus particles

were determined in various media as described in section 5.3 and summarised in table 1.

This is the key parameter for the PSE component of the model. The diffusion constant used

in the simulations was 3.494µm2/s, taken from table 1. The median from the unfitted data

was chosen because with the positive skew of the distribution, median values are less prone

to outliers.

Infection Probability Infection probabilities were calculated from the GFP intensity

dynamics experiments as described in section 5.2. The 72 hour p.i. time point was used to
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quantify the infection probabilities. At this time point, cells that will become infected given

the input virus concentration should be expressing GFP but are not yet lysed.

The total number of cells arranged in a confluent monolayer in each well and the number

of infected cells were determined by cell segmentation using CellProfiler [9]. Dividing the

number of infected cells by the total number of cells gives a probability that the cell will

become infected and express GFP after 72 hours given a local virus concentration. By

calculating the infection probabilities in this manner, the bulk infection probability at a given

concentration of the virus is determined. As not all progeny virus particles are infectious,

it is convenient to have the infection probabilities determined using this bulk characteristic

as it avoids the need to classify each particle as infectious or not.

Since the PSE models the change in concentration as its corresponding extensive quantity,

the concentration measured in µg/µL of protein must be changed to number of Ad particles.

Additionally, the amount of progeny virions released was also expressed as the number of

Ad particles [27]. Using the virus protein mass of 1.27× 108kDa [71] and the concentration

of the viral proteins, the theoretical number of Ad particles (TNAP) is calculated as:

TNAP =
viral protein concentration

viral protein mass
(22)

As a cellular monolayer is used both in the spreading phenotype experiments and the com-

putation model, the diffusion process of the model is implemented in two-dimensions. How-

ever, the infection probabilities are calculated based on virus input concentration which is

the number of particles per unit volume. Therefore, this three-dimensional quantity must

be converted to a two-dimensional quantity in order to be used in the model. To perform

this conversion, the number of virus particles are projected down onto the bottom of the

well to calculate the concentration based on area and not volume.

The projection of the virus particles down onto a two-dimensional plane is done by dividing

the TNAP by the surface area of the well. The concentration values are then expressed

as TNAP/µm2. The density of Ad virus is 1.38g/cm3 [48], so the viral particles will likely

sediment. However, as the probability of a cell becoming infected is related to the concen-

tration of the virus in the well where sedimentation was not taken into account, projecting

the particles down for the computational model retains the same infective properties based

on concentration. With the same simplifications, the resulting computational model is com-

parable with the experimental system.

Table 3 contains the infections probabilities for Ad5 dE1 eGFP after 72 hours p.i. The

TNAP was calculated from the viral protein concentration by using equation 22, which was
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Viral protein concentration

(µg/µL)

TNAP/µm2 Probability of Infection

2.65x10−2 5.94x102 1

2.12x10−2 1.19x102 1

4.24x10−3 2.37x10 1

8.48x10−4 4.75 1

1.70x10−4 9.50x10−1 1

3.39x10−5 1.90x10−1 0.648

1.36x10−6 3.80 x 10−2 0.0651

2.17x10−7 7.60x10−3 0.00813

5.43x10−8 1.52 x10−3 0.00280

1.09x10−8 3.04 x10−4 0.000378

Table 3: Calculated infection probabilities for Ad5 dE1 eGFP. Probability of in-

fection given local virus concentration after 72 hours. See Supplementary Material for the

calculated infection probabilities for Ad2 dE3B eGFP

then was converted to the TNAP/µm2 by dividing by the surface area of the well bottom,

33.99 mm2. The unit µm2 is used as it on the same scale as the size of the cell.

To be used in the model, table 3 must be corrected to account for testing at every CA time

step to determine if any cells become infected. Since this table is the probability of infection

given the local virus concentration after 72 hours p.i., all the probabilities in table3 are

divided by 72 hours/CA time step.

In the model to determine if a cell becomes infected, the TNAP above the cell are retrieved

from the PSE module. The TNAP is divided by the surface area of the cell. The infection

probability for the TNAP/µm2 is linearly interpolation between TNAP/µm2 values in ta-

ble 3. A random uniformly distribution number is drawn from [0, 1], and if this greater than

the interpolated infection probability the cell becomes infected.

Rate of GFP Intensity Increase The rate of GFP intensity increase for each input

virus concentration was determined as discussed in section 5.2. In the model, the local

virus concentration at the time of infection is recorded. This is used as the input virus

concentration which then determines the rate of GFP intensity increase over the course of

infection. Rate of GFP intensity increases between input virus concentration amounts are

linearly interpolated. Non-normalised intensity values are used during the analysis of the

model. For the visual display of the model these intensities are normalised and expressed
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on a blue to green colour scale (see figure 12 for an example).

Time from Infection to Lysis The range of time between when a cell is first infected

until its lysis was obtained from [70]. Cells infected by Ad begin to lyse at 2 or 3 days

p.i. and are completely lysed by days 5 or 6 p.i. In [70], the researchers identify Ad death

protein’s (ADP) role in efficient cell lysis. They mutated the ADP and observed smaller

plaques that formed less quickly as cells infected with the wild type ADP.

Amount of Virions Released The yield of virus particles per productively infected cell

was estimated by [27] to be around 100 000 to 200 000 virions per cell. This estimate was

obtained by purifying virus after 30 to 40 hours p.i. using density gradient centrifugation.

The mass of virus purified was divided by the number of cells used for the infection and the

molecular weight of the virus.

Cell Size The size of cell was determined by taking the average cell diameter from the

high resolution images from the spreading phenotype experiment. In the model, the hexagon

representing the cells have an in-diameter of 60µm.

5.5 Model Spreading Phenotype

The viral infection model was run to determine if the developed model with the parameters

could develop a spreading phenotype as observed in the experiments. The model was run

in two manners. First the model was run without allowing other cells to lyse, essentially

restricting infection to one secondary round. This was done to allow for direct comparison

between the Ad5 dE1 eGFP virus where tertiary rounds of infection are not observed due to

the attenuated replication of the virus. The model was also run allowing the infected cells to

have the ability to lyse. This extended version of the model is compared with the spreading

phenotypes from the Ad2 dE3B eGFP spreading phenotype experiment where subsequent

rounds of infection may occur.

Figure 13 shows a result from running the model when infection is restricted to one round

and when multiple rounds of infection can occur. Qualitative observations can be made us-

ing the visual output from the model and do prove useful, but it can be difficult to access the

state of the cell by the intensity and then compare to other results from the simulation or to

the spreading phenotype experiments. Therefore, to quantitatively compare the spreading
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phenotypes, a radial distribution function (RDF) is determined for each spreading pheno-

type. These RDFs can be compared between in vitro and in silico experiments. The RDF

describes the average intensity of the GFP at a certain distance away from the centre of

the spreading phenotype. The RDF is calculated by averaging the intensities of consecutive

shells coming out from the centre of the spreading phenotype.

From our observations of the spreading phenotype, a circular area seems to form around

a presumably lysed cell. The width of the RDF is able to determine the effective area of

infection from a lysed cell, by indicating how far away from the lysed cell the GFP intensity

was measured. The RDF is also able to correlate to the GFP intensity dynamic experiments.

The virus concentration was shown to be an important factor on both determining whether

a cell becomes infected and the rate of GFP production in infected cells in section 5.2. The

distribution of intensities from the centre of the spreading phenotype outwards would show

this result.

5.5.1 One Secondary Round of Infection

Part A of figure 13 contains a simulation result allowing only one round of secondary infec-

tion. The centre cell is the only one initially infected and the signal from the expression of

GFP can begin to be seen faintly at time point 35 hours p.i. The cell reaches it maximum

intensity at 71 hours p.i. before it lyses at 72 hours p.i. From this point on, the progeny

virus particles diffuse throughout the system. At 120 hours p.i., newly infected cells begin

to express GFP. At 200 hours p.i., many cells are infected.

The infected cells at 120 and 200 hours p.i. are not only the cells the directly beside the

lysed cell. In fact some cells directly beside the lysed cell do not become infected, yet there

are still a few outlying cells that do become infected. This characteristic that matches the

observed experimental phenotype is not ”programmed” into the model, but rather comes

from the probability of infection given the local concentration of virus.

In the Ad5 dE1 eGFP spreading phenotype experiment, displayed in figure 4, the GFP

signal becomes faint around 83 hours p.i. A very faint GFP signal can be observed from

the spreading phenotype around time 98 hours p.i., 15 hours after the disappearance of

the infected cell. The full spreading phenotype visible by time 115.5 hours p.i. In our

computational results, the initial infected cell reaches its maximum intensity at 71 hours p.i.

and the first signals of viral GFP expression is seen around 120 hours p.i., which is 51 hours

after the lysis of the cell. However, we quantified the RDF for the computational model,

shown in figure 15, and from reading the intensity of the RDF, a GFP signal is observed as
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CA-PSE spreading phenotype simulation

300um

A

B

Figure 13: CA-PSE spreading phenotype simulation. (A) Simulation result of a

spreading phenotype restricted to one round of infection (B) Simulation result of a spreading

phenotype with multiple rounds of infection.
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Figure 14: Two RDFs of spreading phenotypes from Ad5 dE1 eGFP.
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well at 15 hours post lysis.

We also quantified RDFs for two in vitro spreading phenotypes. Figure 14 A, is the de-

termined RDF from the spreading phenotype experiment presented in section 5.1 figure 4.

At 23 hours p.i., the signal intensity is high. At 85.5 hours p.i., the signal from the cell

disappears and this is reflected in the RDF. However, a spreading phenotype is beginning

to form around 95 - 98 hours p.i. and this is not easily detected in the RDF. The last time

point, 115.5 hours p.i., the spreading phenotype is easily observed visually in the images,

but is merely two small peaks in the RDF of very low intensity. This could be explained by

a low signal to background ratio. In part B of this figure, another RDF from a spreading

phenotype is presented. Here the formation of the spreading phenotype can be observed

over time. However, the subsequent intensity signals from later time points are still not

as high as the signal from the initially infected cell. From comparison of the RDF to the

images, these peaks appear to possibly be the result of the cytopathic effect , where cells

shrink and thus confining the fluorescence to one small area producing an intense signal.

Our in silico model also displays this reduction of signal in the second round of infection,

but this may just be an artifact from the averaging done to produce an RDF. Additionally,

like part B of figure 14, the intensity from the RDF also shifts away from the lysed cell and

becomes broader. From the RDF, it is clear to see the infection spread.

5.5.2 Multiple Rounds of Infection

The model was also run allowing infected cells to lyse within the time frame of 3 to 7 days.

Part B of figure 13 displays one result simulation. Infection can be observed to begin at 100

hours p.i. with the spreading phenotype clearing forming at 120 hours p.i. By 200 hours

p.i., many infected cells have already lysed. The resulting spreading phenotype appears to

be a bit larger than when infection was restricted to one round.

The RDF corresponding to the spreading phenotype is presented in figure 15. By comparing

this RDF to the single infection round RDF, a couple observations stand out. First the

maximum intensity of the RDF is less than the single infection round RDF. This could be

attributed to the lysed cells. Secondly, the width of the RDF is larger. This is due to more

cells becoming infected from the additional virus released.
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Figure 15: RDF generated by the computational model. (A) With infection spread

restricted to one secondary round (B) With multiple rounds of infection.
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Parameter Model Parameter Value Ranges Sampled

Diffusion Constant 3.494µm2/s 0.494µm2/s - 9.454µm2/s

Infection

Probabilities

As in table 3 Table 3 modified by factors ¼,

½, 2, 4

Time Until Lysis 3 - 7 days p.i. 2 - 7 days p.i.

Amount of Virions

Released

200 000 40 000 - 400 000

Table 4: Parameter ranges sampled.

5.6 Parameter Sensitivities

Parameter sensitivity analysis was performed to determine which parameters in the model

were the most influential. The values sampled for parameters are displayed in table 4. One

parameter was sampled at a time with the other parameters kept at their determined values.

Each configuration of parameters was run 10 times for a simulation time representing 8 days,

where the initially infected cell lysed after 1 day.

For each configuration of parameters, a RDF spreading phenotype ”finger print” was estab-

lished by averaging the RDFs over the simulations. Additionally, some statistics such as the

number of lysed cells and the total number of cells that were infected over the course of the

simulation were calculated and presented in table 5.

Diffusion The diffusion constant was sampled within the range 0.494µm2/s - 9.494µm2/s.

This range is within the error of our diffusion constant calculation for Ad, as well as within

the range of all of our differently sized bead diffusion constants. Figure 16 shows the RDFs

from our two most extreme diffusion constant values. The width of these two RDFs are ap-

proximately the same. The maximum intensity is also approximately the same. Additionally,

the number of infected cells and lysed cells for the different diffusion constant parameters

lie within the small range. Therefore it appears that varying the diffusion constant within

this range does not have much of an effect on the overall outcome of the system.

Time from Infection to Lysis The parameter for the window of time that an infected

takes to lysed was varied. Parameters were chosen such that a long window, short windows

and other variants were chosen. Figure 17 contains selected RDFs with windows of 3-5 days,

2-4 days and all lysing on day 5.

The RDF in part A of figure 17 has a window of 3-5 days. Our base parameter used in the

51



Parameter Value Total Infected Cells Total Lysed Cells

Diffusion Constant (µm2/s) 0.494 130.3 26.8

1.494 125.8 25.2

2.494 129.6 25.2

3.494 128.6 28

4.494 131.3 26.4

5.494 125.9 23.3

6.494 129.5 25.9

9.494 127.5 25.5

Time Until Lysis Range (days) 2 - 5 158.2 47.6

2 - 4 158.8 56.2

3 - 4 141.3 43

3 - 5 139.3 37.2

3 - 6 132.3 30.3

4 - 6 119.3 22.7

4 - 7 123.1 20.3

5 - 5 117.8 22.4

5 - 6 119.3 18.5

Amount Progeny Virus Released 40000 69.2 13.4

80000 90.3 16.7

120000 106.9 20.1

160000 117.2 22.6

240000 134.1 29.5

280000 139.1 29.5

320000 148.1 31.2

360000 154.6 30.8

400000 159.0 32.6

Infection Probability Factor 0.25 39.8 7.9

0.5 70.7 13.1

2 202.8 47.2

4 303.9 88.7

Table 5: Results from sensitivity analysis.
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Figure 16: RDF generated by the computational model varying the diffusion

constant. (A) D = 0.454 µm2/s (B) D = 9.454 µm2/s.

53



model for the time until lysis was chosen to be 3-7 days. In comparing figure 17 with part B

of figure 13, we are able to observe the effect of a shorter and smaller window of lysis time.

In the RDF with the time until lysis of 3 - 5 days the right half of the peak moves away more

quickly from the centre, whereas the RDF for the larger window of lysis has broad peaks.

Successive peaks in the RDF moving away from the centre is is also observed with the 2-4

days window, part B of figure 17. The maximum intensity of this RDF is lower than the

3-5 day lysis time. Since the time until lysis is shortened, the duration of GFP expression

is also shortened. In the RDF where the span of time the cell will lyse is only one day, at

day 5 p.i., the peaks largely overlap. This is medium to late lysis in our time scale, so it is

possible the extra virus added into the system from the lysed cells do not have a large effect

since the concentration of virus already in the system has diffused farther outwards.

Infection Probability The calculated infection probabilities were altered by factors ¼,

½, 2 and 4. Understandably, this parameter had a dramatic effect on the number of cells

becoming infected and lysed, as show in table 5. The RDFs from the two most extreme

values, shown in figure 18, showed a pronounced difference in the size, the intensity, and

speed of the spreading phenotype.

In the RDF in part A, where the probabilities were changes by a factor of 0.25, the peaks are

not well separated. This is from decreased lysis due to the limited number of cells infected.

An RDF like this could indicate arrested infection spread. In the RDF in part B, where

the probabilities were changed by a factor of 4, the peaks are well separated which indicates

increased number of cells lysing, seen in the left half-peak, and an increased number of cells

becoming infected, seen in the right half-peak.

Amount of Virions Released The amount of virions released from the cell was sampled

from 40 000 virions to 400 000 virions. The resulting RDFs are presenting in figure 19. The

RDF when 40 000 virions were added into the system per lysed cell, the width of the RDF

was narrower than the RDF when 400 000 virions were added per lysed cell. The intensities

between these two extreme cases are very comparable throughout time. The trend observed

when comparing the RDFs between 40 000 and 400 000 released virus progeny in steps of

40 000 virion increments, is an increase in the width of the RDF as the number of virus

progeny released increases. The average number of infected cells and lysed cells increases

with the increase of virus progeny released. As virus concentration is an important factor

determining if a cell will become infected, these results are in line with the sensitivity of the

infection probabilities due to their connection.
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Figure 17: RDF generated by the computational model varying the time until

lysis. (A) 3-5 days (B) 2-4 days (C) 5 days.
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Figure 18: RDF generated by the computational model varying the infection

probabilities by a factor. (A) factor = ¼ (B) factor = 4.
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Figure 19: RDF generated by the computational model varying the amount of

progeny virus released. (A) 40 000 virus progeny (B) 400 000 virus progeny.
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6 Discussion and Outlook

We have been able to establish a computational viral infection model based on the simplest

assumption that viral spread occurs in a cell-free environment via diffusion of viral particles

along the concentration gradient. This assumption was sufficient to predict the spreading

phenotypes similar to the ones observed in the in vitro experiments. Complex circular

patterns were formed with gaps of uninfected cells and outliers. This model enables us to

determine the most influential factors governing the spread of the virus.

Spreading Phenotypes We have managed to establish a model system which is restricted

to the second round of infection. This gives us an ability to study spreading phenotypes

formed by progeny of a single infected cell and study the processes driving this spread. To

ensure that progeny Ad use only the cell-free spreading mechanism, one needs to perform an

experiment involving the blocking of cell-free virus to exclude other possible mechanisms.

So far we have only followed the assumption that Ad egresses from the cell as individual

particles, while there have been indications that Ad can form clustered structures in the

cytoplasm during replication [57]. Those structures might have different diffusive properties

which might influence the spread dynamics.

In the RDF curves from the single round of infection, the successive peaks are not well

separated. We observe multiple peaks within one curve which might be due to intensity

elevation due to contraction of the cytoplasmic material of cells as a result of a cytopathic

effect, cell motility and shape variation. We do not observe these peaks in the in silico RDF

curves. This is due to the fact that the in silico RDFs do not incorporate cell motility, cell

shape and its’ change in our model.

Viral Concentration Effect As we can conclude from our GFP expression dynamics

experiment, the concentration of the input virus significantly influences the dynamics of the

infection process and subsequently, the probability of the cell to become infected. Thus we

conclude that it is an extremely important parameter to take into account when studying

Ad infection.

There is a wide range of virus concentration the cells may encounter in in vitro systems

(and most likely in in vivo systems as well). Thus we conclude that experiments involving

the testing the effects of various factors of infectivity of the cells should be performed in

the whole range of possible concentrations. This means that the efficiency of, for example,

proposed drugs, must be tested across the possible concentration range.
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During the sensitivity analysis, infection probability was found to be a sensitive parameter

in our model. This influenced the height of the RDFs meaning that there was high virus

production.

Since viral protein concentration is a very important factor determining if a cell becomes

infected, the model should be extended to include variation in the amount of progeny virus

released.

Diffusion Constant Potentially there may be possibilities to determine more accurate

measurements of the diffusion constants. On the other hand, diffusion proved not to be a

sensitive parameter in the range of our experimental values. As the size of the viral particle

is a key factor determining the diffusion constant, given the insensitivity of our system to

the diffusion constant within the range sampled, a wide range of viruses with sizes within

the range tested could be modeled. Thus allowing us to model other non-enveloped viruses

using similar viral spread mechanisms.

We would like to calculate the Reynolds numbers (Re) to characterise the type of diffusion

process measured in our system. This would also be used to check the continuity of the

Einstein-Stokes equation over all the conditions of our measurements.

Knowledge about the diffusive properties of Ad could contribute largely to the field of

Ad gene therapy. It could potentially predict environments permissive to the Ad spread.

Moreover, it could also describe the efficiency of Ad spread in these environments.

Viral Infection Model The viral infection model successfully reproduces the observed

spreading phenotype, but does have many simplifications. The model does not account for

cell movement, variations in cell size, shape or change in shape. The model does not include

any complex immune responses, although it includes all influencing factors by using infection

probabilities obtained from the in vitro data.

Many of the previous models published are quite simplified. The spread of infection in the

models was based on the states of neighbouring cells. These were expressed as a probability

to produce stochastic simulations, but did not incorporate experimental results. However for

the case of modeling enveloped viruses, this may be sufficient as they are known to spread

efficiently via cell-cell interactions.

The hybrid CA-PSE model can potentially be implemented for other non-eveloped viruses.

Moreover, it can be adapted to model various processes involving diffusion in an extra-

cellular environment. For example, it could also diffuse signaling molecules, like interferon
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response and cytokines.

The strengths having an in silico is that it can allow the development of infection over a

long period of time not achievable in in vitro systems (due to photo-toxicity as a result of

live-imaging, limited supply of nutrients and limited growth space). Parameter sensitivity

analysis can determine the most influential parameters of the system. Additionally, various

configurations of parameters can be possibly run to predict the result of experiments with

different conditions.

Parameter Sensitivities Although only 10 iterations of each parameter configuration

were run, a consensus RDF was determined. We plan to use a more comprehensive sampling

technique with more replications. Additionally, sensitivity analysis on the GFP rate increase

parameter will also be performed.

As the continuation of this project, we would like to perform a neutralizing antibody ex-

periment to test the hypothesis that Ad spread is limited to the cell-free mechanism. To

analyse the influence of blocking agents on the cell-free spread mechanisms, we are going to

employ the RDF analysis developed here.
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