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Abstract

Most existing epidemicmodels make simplifying assumptionsabout the underly-
ing environmental conditionsthey aretrying to enulate. Of particular interestis
the assumptionof a homogeneousvorld wherenot only areall the hostsidentical,
they are uniformly distributed over the landscape. Making sud an assumption
limits the realism of these models. To improve realism we should incorporate
spatial heterogeneiy. Cellular automata (CA) implicitly model spacein their
structure making them an attractiv e prospect for incorporating spatial factors
into epidemic modelling. Using CA to model epidemicsis not a new concept,
howewer previous models have usually focusedon one or two epidemic spread
parametersin order to isolate and analysetheir impact. As far ascreating a pre-
dictive tool is concerned,we require a model that will take into accourt all the
major epidemicspreadfactors and produce a reasonabledepiction of the future.

Not only cana CA model trivially implemert many of the parametersfound
in existing di®eretial equation models, but they provide a useful tool for the
graphical visualisation of an epidemic's spread. The model proposedin this
dissertationis far from completeand requiresextensiwe quartitativ e data for val-
idation purposes.Initial results suggestthat through the useof simple localized
interaction rules, an accurateoverall epidemicbehaviour can be emulated.

Keyw ords: Cellular automata, epidemic,simulation.
CR Categories: F.1.1,1.6.8
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CHAPTER 1

Introduction

Public health issuesare seeinggreatervisibilit y in the media; a particular concern
is viral spreadthrough populated areas. Decreasedworker productivity as a
result of viral illnesscostsindustry millions of dollars every year [4]. With recen

virus epidemicssud as foot and mouth diseasein the United Kingdom and
the threat of using viruses sud as smallpox as biological warfare agerts, the

monitoring of outbreaksis gainingimportancefor governmerts and public health

oxcials. It therefore becomesdesirableto predict patterns of viral infection

under certain ervironments. It is hoped that the modelling of a phenomenon
suc asvirus spreadwill help us understand, predict, and ultimately cortrol that

phenomenon'sbehaviour.

The majority of existing epidemicmodelsutilize di®eretial equationsand do
not take into accoun spatial factors suc as population density. These models
assumepopulations are closedand well mixed; that is, host numbersare constart
and individuals are freeto move whereer they wish. When trying to devisemore
realistic modelsit makessenseto incorporate spatial parametersthat re°ect the
heterogeneousrvironment foundin nature. An alternativeto usingdeterministic
di®ererial equationsis to usea two-dimensionalcellular automaton that relies
upon stochastic parameters.

The focusof this dissertationis to analysehow we can usea two-dimensional
CA to model the spreadof a viral epidemic. Of particular interestis the manner
in which CA discretizespaceand | hope to shaw that spatial heterogeneiy canbe
easilyincorporatedinto a CA epidemicmodel. The hypothesisis that the overall
behaviour of an epidemiccan be producedfrom the summation of localizedhost
interactions. To demonstratethis hypothesis,it will be necessaryto devisean
epidemicmodel and the show that this model canreplicate the results of existing
non-CA models, aswell astaking spaceinto accoun.

Before beginning the modelling process, modellers must decide what level
of detail their models will examine. This is an important decisionbecausetoo
much detail will produce a cluttered and unworkable model, whereastoo little



detail provides no useful information. Chapter 4 outlines someof the existing
approadesthat have beenadopted for epidemic modelling and looks at which
epidemicspreadfactors, or level of detail, they have chosento implemert. After
a brief overview of basic epidemictheory and cellular automata in Chapters 2
and 3, | will descrike the elements of my new composite epidemicmodel and the
epidemic spread parameters| have chosento implemert. Chapters 6, 7 and 8
descrile the experimerts | have conductedto analysethe suitability of CA to
epidemic modelling, which also sene to partially validate the epidemicmodel |
devisedas a part of this project.



CHAPTER 2

BasicViral and EpidemicTheory

In cortrast with medicine,epidemiologystudiesthe health of ertire populations
rather than just the individual. This chapter outlines someof the conceptsas-
scciated with what is traditionally a statistical eld and de nes some of the
terms you are likely to encourter in epidemiologicalarticles and publications.
Although epidemicscan stem from any infectious disease,| will focus solely on
viral epidemics.

2.1 Whatis avirus?

2.1.1 De nition

Andrewes [3] descrikes viruses as \on the borderline between life and death".
Under a microscoge a virus resenbleslittle morethan a lifelessgeometriccrystal.
Howewer, whena virus penetratesthe cell of a living organismit is ableto rapidly
replicate itself.

A virus comprisestwo parts: somegeneticmaterial and a protective protein
coating. After a virus has penetrated a living cell it rewrites the cell's DNA
and transforms it into an organismthat produceshundredsor even thousands
of copiesof itself. When thesevirus copiesleave the infected cell they are once
again lifelessuntil they penetrate another cell. Diseasearisesfrom cell damage
causedby the geneticrewriting procedure.

2.1.2 Infection life-cycle

The aim of a virus ertering a living cell is to replicate itself, howewer asthe host
acquiresantib odiesto ght the infection the virus will needto nd another host.
Consequetly, after being infected, an individual usually becomesinfectious as
well asdiseased.A diseasedhost is onethat shavs symptoms{ thesesymptoms
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Figure 2.1: The relationship between infectiousnessand virus symptoms [21]].
The labels above the line descrile host infectiousnesswhile the labels below the
line descrile diseasedynamics. Note that the infectious period can start before
or after the onsetof symptoms.

areusually medanismsto help the virus spreadto newhosts,for example,cough-
ing. Howewer, the diseasecannot be too debilitating becausef the host dies, so
doesthe contagion. The relationship betweenead of the phasesof infection are
shavn in Figure 2.1, with ead period descriled below.

Latent period This is during the early stagesof an infection wherethe virus is
yet to dewelop the ability to transfer to a new host.

Infectious period During this phasethe virus is contagious and can be passed
onto other individuals through the virus' natural spreadmedanisms.

Recovered or Removed As far as the virus is concerned,a host that has
gained a natural immunity or has died is no longer able to cortribute to
the replication process.In either case,the virus cannot spreadfurther.

Incubation period Early into an infection there may be no signsof infection
at all; this initial stageis known asthe incubation period. It is during the
intersection of this period and the infectious period where viruses spread
the most [21]. This is becausehosts are unaware of their “carrier' status
and cortinue normal cortact with other healthy hosts.

Symptomatic period This is the stage during the infection where there are
visible signsof infection, for example,an infected human would go and see
a doctor. For viral infections, treatment usually only comprisesrelieving
symptomsand isolation away from other healthy individuals.

4



2.1.3 Transmission

Within the body a virus can passbetweencellsvia contact with adjacer cells.
Howewer, outside of the body there are v e main ways a virus can be transmitted
betweenhosts [3]:

2 respiratory transmission,

2 via food or faeces,

2 medanical transmission,

2 via living carrier or agen, or

2 vyertical transmission.

Respiratory transmissionincludesthe inhalation of droplets that cortain the
virus. Thesedroplets could be a result of the coughingand sneezingoy infective
hoststypical of the in°uenzavirus. The Hepatitis A virus canbe cortracted from
consumption of cortaminated food or water. Mechanical transmission occurs
when virus particles erter through the skin sud asthrough cuts. Transmission
dueto aliving carrier is alsoknown asvectored infection. Vectoredinfection can
arise from tick bites or in the caseof rabies, dog bites. Vertical transmission
refersto the transfer of cortagion from parert to child during childbirth.

2.1.4 Mutation

What is often called viral mutation is really acceleratednatural selection[3].
Virusesewlve like many other organismsbut they have an advantage over more
complex lifeforms becausethey can multiply rapidly. By having millions of de-
scendairs in a short spaceof time, the e®ectf natural selectionare felt sconer
sothat the resulting strains of virus are the onesthat are the most successfuht
duplicating and surviving. In general,the most successfuparasitesare the ones
that do not greatly harm their hosts, wherely reacding a state of ‘mutual toler-
ation'. A hidden virus will not spreadand a highly virulent strain will kill the
host; the balancebetweenthe two extremesis attained through natural selection.

Successfuimutations usually underminethe antib odiesproducedby recovered
hosts and make them resusceptibleto further infection. For someviruses, such
asin®uenza and HIV, this rapid mutation makesvaccination dixcult.



2.2 What is an epidemic?

2.2.1 De nition

A viral outbreak occurswhenthe number of case®f a particular virus or diseases
higher than the normally expectedor endemiclevel of infection. Di®eren viruses
in di®eren regionsof the world will have di®eren threshold valuesfor what is
classedas an outbreak. In°uenza, with thousandsof casesin the United States
ewvery yeatr, is consideredendemicin many parts of the world [10] . Howe\er, just
one caseof smallpox in any courtry is consideredan outbreak. An outbreak is
upgradedinto an epidemic when it becomesprolonged and rapidly spreadsto
neighbouring areas[21]. An epidemicwhich spreadsto cover cortinents is called
a pandemic An exampleis the in°uenza pandemicof 1918that killed roughly
40 million peopleacross4 cortinents [6].

2.2.2 Transmissionprobability

The transmission probability of infection refers to the chancethat there is a
successfultransfer of the virus from one host to another. Estimates of this
probability are useful to the epidemiologistin understanding the dynamics of
an epidemic[21]. A good estimate of the transmission probability is found by
calculating the secondary attack rate.

Secondaryattack rate

The secondaryattack rate (SAR) is a measureof cortagiousnessand is de ned as
the ratio of individuals who dewelopan infection to the total number of susceptible
individuals. This is shavn in Equation 2.1. It is deemeda secondary attack rate
becauset refersto the infectionsthat occur from a primary “source'.

number of individuals that dewelop the disease
total number of susceptibles

SAR = (2.2)

It is calculatedby identifying the infective hosts,tracking which healthy hosts
comein cortact with them, and then noting which becomeinfective aswell. It is
important to note that the SAR is a value that is calculatedin retrospect from
collecteddata rather than a metric that can be predicted. Consequetly, it is a
static gure that is averagedover the ertire epidemicand does not provide an
instantaneousmeasureof epidemicspread.



2.2.3 Basicreproductive number, Ry

For viral outbreaks, the basic reproductive number, Ry, is the mean number of
susceptibleghat an infective hostinfectsduring its infectiouslifetime. This num-
ber only includessecondary(direct) infections not tertiary ones. For example,if
Ro = 6, we would expect an averageof 6 secondaryinfections for ead primary
infection. If Ro = 1, then the number of infectives remainsrelatively constart
and the virus is deemedto be endemic. The basic reproductive number is a
function of three parameters,as shavn in Equation 2.2.

Ro= cE£p£fd

where cis the number of cortacts per unit time,
p is the transmissionprobability, and
d is the duration of infectiousness

2.2)

2.2.4 Virulence

Virulence, also known as virus morbidity, is a measureof how rapidly a virus
kills its host and is inversely proportional to Ry. Highly virulent viruses will
have Ry << 1 and usually result in acute outbreaks where many die but the
virus does not spreadfar. The probability of dying from the infection before
recovering or dying from other causess known asthe casefatality ratio.

2.2.5 Periodicity

A commonfeaturein epidemicsis the damped oscillatory nature of the number of
infections over time [25]. After an initial "boom' in the number of infections, the
number of infectivesdrops asthe population acquiresimmunity. It might be ex-
pectedthat after reacing an endemiclevel there would be few future outbreaks,
but historic data hasshown that the infective population oscillates. Theseoscil-
lations seemto cortinue inde nitely but becomesuccessiely wealker. Epidemic
theory suggestghat this periodicity is due to the turnover in host populations;
when the previous generationof immune hosts dies, a new injection of suscepti-
blesto perpetuate the outbreak is born.



CHAPTER 3

CellularAutomata

Cellular automata (CA) are dynamical systemscharacterizedby their discretiza-
tion of time and space[9]. Typically, a cellular automaton comprisesan array
or lattice of automata that ewlve over discretetime quarta. This lattice can be
n{dimensional, but is usually one or two dimensional. This chapter provides an
overview of CA and its inherertly simple nature.

3.1 TheCell

The most basiccomponert in a CA is the cell. Traditionally, eat cell is a nite
state automaton (FSA) that ewlvesaccordingto a pre-de nedupdate rule. The
next state of a cell is a function of its presen state and the current inputs as
shown in Figure 3.1. Classically cellsare squareand placedside by sideto form
a lattice, howewer, there are no formal restrictions on the size or shape of the
cells, their arrangemen in the lattice, or whether all the cells must be idertical.

state of neighbours

|

update
function

Figure 3.1: A generalizedstate transition. A cell's next state dependson the
current statesof its neighbours.



3.2 Updaterules

The presen state of a CA is de ned as the set comprising the currert state of
all it cells. Thesestatesare in turn are governed by a global update rule [12].
Although calledan update rule, it usually consistsof a list of criteria rather than
just one. The next state of a cell is a function of its current state and the state
of its interaction neightourhood. It is up to the implemerter asto what the rules
contain and whether ead cell must obey the sameupdate function. The classic
exampleof a CA with a uniform update rule is John Conway's Gameof Life [17].

3.3 Interactionneighbourhads

As stated earlier, a cell's next state will depend on the current state of its neigh-
bours. Beforedecidingon its next state, a cell will interrogate its neighbours for
their presen statesand then ewlve accordingly Once againthe sizeand shape
of the interaction neighbourhood is up to the implemerter and will vary from
application to application. Figure 3.2 shovs someof the more commonly used
neighbourhoods.

Figure 3.2: The black dot represets the target cell { the shadedcells are its
neighbours. The grid on the left shavs the 4-connected,Von Neumann neigh-
bourhood. The certre grid shaws the 8-connected,Moore neighbourhood. The
right-hand neighbourhood usesa hexagonallattice to provide equal separations
betweencells.



CHAPTER 4

Reviewof the Literature

Epidemic spread models are devisedfor a number of reasons. Epidemiologists
want to create simple models sothey can test the impact of speci ¢ parameters
on an epidemic'soverall behaviour. Computer sciertists might want to create
software padkagesthat accurately depict the behaviour of epidemicsas seenin
nature. The latter is the motivation for this dissertation.

There exist many modelsof epidemicspread,eat with its own approad and
set of assumptions. Howewer, these models all share one property: the virtual
world in which they run is an idealized one where noise and imperfectionsare
“Ttered out. This arisesfrom the ditcult y of incorporating all the variableswe
seein nature into a simulation that has a reasonableexecutiontime | hours
rather than days. When modelling a complexsystemthere is a trade o®between
a model's degreeof abstraction and its usefulnessthat is, without devaluing the
results a model provides, which details can be left out?

In this chapter | examinesomeof the existing epidemicmodelling techniques
and comparetheir levels of detail and realism. The majority of past approades
have used ordinary and partial di®ererial equations (ODE's and PDE's). |
examinethoseaswell asmean eld type (MFT) approximations [18]and cellular
automata (CA).

4.1 Parameterghat in°uenceepidemicspread

The main focusof my project is on the spatial behaviour of epidemicsrather than
absolute numbers and densitiesof infected individuals. In order to objectively
comparethe relative usefulnessof modelling approates| usea set of standard
criteria. These criteria are basedon the following factors that Mollison [19]
describesas signi cant in determining epidemicspread:

2 susceptiblepopulation size,
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2 homogeneiy of population density,
2 infection transmissibility,

2 immunity levels of individuals,

2 motion of individuals, and

2 infection incubation time.

All of the above will in°uence whether an infection will rapidly propagate
through a population or head into extinction. Di®erert models have di®eren
assumptionsregarding the above parametersand hence have di®eren success
rates in mimicking nature. The rest of this chapter examinesthree modelling
methodologies: ODE's and PDE's, MFT appraximations, and CA to cortrast
how ead approad incorporatesthe above listed epidemicspreadparameters. A
model's omission of a parameter does not necessarilyimply that the model is
unrealistic, though it might meanthat the model is designedto investigate the
impact of one particular parameterindependerily of the others.

4.2 Di®erehal equationmodels

Deterministic approadiesto modelling, sud as those using ODE's and PDE's,
are poor at represeting small populationscomparedto probabilistic modelssud
as CA [22]. They are poor in the sensethat the results from ODE's divergeto
unreasonablevalues as the population size is scaleddown toward zero. This
divergenceis due to the simplifying assumptionsmadein ODE models:

2 Population sizesare constart: no births, deathsor immigration occursin
the world.

2 Populations are uniformly distributed over the world.

2 Populationsare well mixed, that is, there is homogeneousnotion about the
world.

Most of the above assumptionsarisefrom regardingsusceptiblepopulationsas
cortinuousertities rather than comprisingdiscreteindividuals. Boccara[7] states
that by recognizingthat the spatial behaviour of an epidemicis \strongly linked
to the short range character of the infection process”, cortinuous di®erertial

11



equation modelsthat neglectthe individual are probably goingto be misleading
on all scalesnot just small.

Howewer, Di Stefano[22] shows that the cortinuous nature of ODE approx-
imation is well suited to dealing with large populations becausethe e®ectof
the closecortact betweenindividuals becomesmegligible comparedwith the epi-
demic'smacroscopidoehaviour. The local correlationsare lost becausandividu-
als are able to roam all over the world. This spatial mixing e®ectis introduced
into PDE modelsthrough a di®usionterm and becomea function of the initial
and boundary value conditions.

The needfor homogeneiy in an ODE model meansthat the natural pro-
gressionof an epidemicis not represeted accurately Variations in localized
population densities,variations in immunity and susceptibility, and variations in
incubation and sidknesstime are all attributes of natural epidemicsbut omitted
in ODE simulations. Given that many spatial properties of epidemicsare not
realized by di®erertial equation models, another paradigm should be chosenif
spaceissuesare to be accurately addressed.

4.3 MFT apprximation

Closelyrelated to ODE and PDE modelsare thoseusingmean eld type (MFT)
approximation. Kleczkowski [18] proposedan epidemic model using MFT ap-
proximations examining the spreadof childhood measles.

MFT appraximation ignoreslocalized correlations making it similar to a dif-
ferertial equation model [8]. MFT models assumethat susceptiblepopulation
density is uniform over the world, which is also similar to ODE/PDE models.
Finally, MFT and ODE/PDE modelssharethe assumptionthat hostsare capa-
ble of di®usingaround the world { that is, the population is well mixed. Despite
all these similarities, MFT approximations are signi cantly di®eren from dif-
ferertial equation modelsin that their mixing parameter can be a probabilistic
variable. Unlike ODE's where either all individuals di®useor none at all, the
decisionto move around the MFT world is independert amongindividuals.

Similar to CA, MFT approximations utilize a lattice structure to emnulate
the spatial nature of epidemic spread. Ead lattice site cortains an individual
who can exist in one of seeral states. The set of possible existencestates is
determined by the epidemic model being used. Many groups [7, 8, 13] have
used MFT approximations as a point of comparisonwith the CA models they
dewelop; particularly modelsinvestigating the e®ectof host motion. Noting that
MFT approximations neglect localized correlations, it appears meaninglessto

12



comparethem with CA modelsbecauseCA modelsfocuson the cortact between
individuals. But as Kleczkowski [18] descrilkes, MFT and CA models corverge
when the MFT mixing parameter tends to in nit y { that is, when the world
cortains more disorder than correlation. This convergenceis analogousto the
situation where di®erettial equation and CA models cornverge when population
sizetendsto in nit y.

In the context of exhibiting realistic spatial behaviour, MFT appraximations
are better than modelling with di®erenial equations becauseby determining
host movemert probabilistically, they manageto partially portray the stochastic
°uctuations obsenedin nature.

4.4 Spatialmodels: CA

Epidemic spreadin nature is a stochastic process,so it seemslogical to usea
modelthat is probabilistic. Accordingto Ahmedetal. [2],\[CA have]asigni cant
role in epidemicmodelling sinceit canbe shavn that [they are]more generalthan
ordinary and partial di®erenial equations.” This section examinesexisting CA
modelsand identi es which virus spreadparametersthey have chosento include
and which they have choseto omit.

All of the modelsthat | discussin this section are basedon the SIR model
superposedwith CA. The letters in SIR correspnd to the three statesan individ-
ual canexist in: susceptible,infective and recovered[1]. Susceptibleindividuals,
or suseptibles are oneswho can cortract the pathogenfrom already infected
infective individuals. Infectives can later recover from this infection. There are
variants of this model that introduce other intermediate states. For example,in
SEIR thereisthe "E' state, represeting exmsel but yet to be infectedindividuals.

Criteria 13 [7] [22 [1] [8§]
Wrap around world £E £ £ £ £
Variable population size £
Unewen population density | £ £ £

£

Movemern of hosts £ £
Immunity after recovery £
Variable susceptibility
Includesincubation time
Includeslatency time

th th th

Table 4.1: Various epidemicmodelsand the realism parametersthey implemert.
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The rest of this chapter looksat the modelsof Duryeaet al. [13], Di Stefanoet
al. [22], Ahmed and Agiza[1], and Boccaraet al. [8] to seewhich epidemicspread
factors they have chosento incorporate into their models. Sud factors include
population density, host susceptibility and immunity, virus transmissibility, and
virus infection times. The inclusion of these parameterswill directly a®ectthe
realism of the simulations we generate{ that is, they are parametersthat add
heterogeneiy to the otherwise idealistic world that designersbuild models in.
Table 4.1 shavs the parametersead group has chosento implemert.

4.4.1 Variable population size

In nature, the population within aregionis always changing. Internal everts suc
asbirths and deathsincreaseand decreaseahe population respectively. External
factors sudh asimmigration and emigration have similar e®ects.Epidemic spread
is a®ectedby this constart °ux in susceptiblehostsbut very few modelsinclude
this °ux. The reasonperhapsliesin the ditcult y to integrate sud featuresinto
a model, or more probably, these models have very speci ¢ applications where
population variation is considerednegligible.

Of the v e groupsmertioned here,only one,Boccaraet al. [8], has chosento
model population °ux. When the proportion of infectivesin a population reaces
a constart steady-state value we say that the infection has becomeendemic
Boccaraet al. choseto include the death and birth ratesto investigatehow these
parametersa®ectthe stability of sud endemicstates. Other modelssud asthose
by Di Stefano[22] focuson the movemert and the heterogeneiy of susceptibility
in populations and chooseto abstract out the population size parameter.

4.4.2 Unewven population density

The model of Boccaraand Cheong|7] tries to introducevariations in population
density by allowing host movemen. In e®ect,the cell update function is divided
into two phases:infection and motion. Once ead cell has decidedwhich of the
SIR statesit ewlvesinto, it choosesa destination cell and movesthere. This has
the e®ectof generatinga non-uniform landscape of susceptiblehosts.

Ahmed and Elgazzar[2] also model variations in population densitiesby al-
lowing host movemen; more speci cally, cyclic host movemen. PDE modelsuse
a di®usionterm that createsrandom host motion whereasa cyclic cell to cell
mapping function in a CA model makesit possibleto emulate regular periodic
host movement. This is analogousto someonegoing from hometo work, and
then badk homeagain.
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4.4.3 Variable susceptibility

Susceptibility, immunity, and transmissibility relate to how easilya contagion can
passbetweenhosts. Probabilistic CA/SIR modelscanrepresenm highly cortagious
viruses by assigninga high probability of infection when susceptiblescome in
cortact with the cortagion. Although these parametersare usually statically
de ned asin the model proposedby Ahmed and Agiza [1], the rule-basednature
of CA meansthat these parameterscan be modi ed dynamically during run-
time. A population's innate immunity to infection has a signi cant impact on
whether a small outbreak grows into an epidemicor simply dies out; the model
by Ahmed and Agiza appearsto solely addressthis susceptibility parameterand
neglectsthe othersto perhapsisolate its e®ects.

4.4.4 Incubation and latency time

The last parametersin Table4.1to be discussedare incubation and latency time;
thesetwo terms shouldnot be confused. The distinction is outlined in Figure 2.1.
Incubation time is de ned as the length of time between an individual being
infectedand an individual shawing signsof disease.The time lapsebetweenbeing
infected and becominginfective is known as latency. Both of these quartities
are modelled by Ahmed et al. [1], howewer they do not discussthe signi cance of
thesetimes. Othersfail to includethesequartities in their modelsbut Ahmedand
Agizasuggesthat theseparametershave an acceleratingimpact on an epidemic's
spatial spread.

4.4.5 Conclusion

Most of the models examinedin this chapter have a speci ¢ focus: they isolate
a particular epidemic spread parameter and seeits e®ectover the epidemicas
a whole. As part of determining the suitability of CA to epidemicmodelling, it
will be necessaryto take thesespeci ¢ models and try to composethem into a
single generalizedcomposite model. By examining the merits of this composite
model we canendorseor reject the conjecturethat CA is appropriate for epidemic
modelling.
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CHAPTER 5

My EpidemicModel

The cell ewolution in a cellular automaton follows an update function that takes
the state of a particular cell and its neighbours and determinesthe next state.
This chapter outlines the cell and update rule de nitions adoptedin my epidemic
simulation as well as the epidemic parametersthat are implemerted. A more
detailed description of the software implemertation of this model can be found
in Appendix A.

5.1 CellDe nition

The basic unit of computation in my simulation is the cell. Here, “cells' are
automata cellsand not biolagical cells. Howewer, rather than represeting a par-
ticular areaof space the e®ectie sizeof a cellwill be determinedby the epidemic
spreadparametersset by the user. For example,by de ning a small value for the
mobility, the useris in e®ectsimulating the increaseddizcult y of traversing a
cell that represeis a large areacomparedto a cell that represets a small area.
The conceptof a cell needsto be di®ereniated from the hoststhat live inside
the cell, asillustrated by the following v e cell attributes:

2 carrying capacity,

2 total population,

2 susceptiblesubpopulation,
2 infective subpopulation, and

2 recoveredsubpopulation.

The carrying capacity of a cell is usedasa medanismto limit the movemen
of hosts between cells. It is a medanism usedto prevert crowding within a
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particular cell{ comparableto a surfacearea. The number of newbornswill also
be dependert on whether a cell hasreaded its carrying capacity. Although the
e®ectof the land's carrying capacity is not directly enforcedin nature, for the
purposesof simulation, it is a straightforward way to encourageor attenuate the
motion of individuals betweencells.

Traditionally, sud asin the CA of Jon Von Neumann[9], a singleautomaton
occupiedead of the cellsthat constituted the larger cellular automaton. Rather
than stipulate this, this model allows multiple individuals to dwell in onecell up
to the above-menioned carrying capacity. Variable cell population hastwo main
purposes: rst it reduceshe total number of cellsand hencereducescomputation
time; secondlyit provides generality. If we setthe carrying capacity to one we
canrevert badk to a traditional cellular automaton.

5.2 World De nition

A two{dimensionalarray of cellsand the epidemicspreadparametersthat govern
their ewlution constitute the world that the hosts’live'in. The cellsarearranged
in a rectangular grid comprising squarecellswith external dimensionsthat may
or may not be square. The world boundariessene as impenetrable barriers to
host movemert, but conceptually can be thought of as political boundariesthat
allow immigration into and out of this world into adjacert worlds. The adjustable
epidemicparametersthat cortrol cell ewlution are descrited in the next section.

5.3 AdjustableSinulation Parameters

After researbing existing epidemic models, particularly those examining virus
pathogensthat can survive outside the bodies of hosts, | compiledthe following
list of epidemicspreadparameters. This is not an exhaustiwe list, but it cortains
what | believe to be the most signi cant factors that accourt for the spatial
behaviour of an epidemic. Apart from the interaction radii, all the following
parametersare modelled using probabilities that directly impact the update rules
applied over the CA lattice.

5.3.1 Neighbourhood radius

This parameter determinesthe sizeof the interaction neighbourhood that a cell
interrogatesfor state information. My simulation usesa squareinteraction neigh-
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bourhood whosearea, n, in terms of cellsis determinedby an interaction radius,
r, asshown in Equation 5.1.

n=(2r + 1) (5.1)

There are two distinct interaction radii: motion and infection. The motion
radius de nesthe greatestdistance,measuredin cells,a host can move during a
time step. The infection radius is slightly di®eren to the motion radius in that
it doesnot relate to hostsbut to the virus pathogen. The infection radius de nes
the greatestdistancethe virus pathogencan travel outside the body of a host on
its own. This quartity is usedto model the spreadof a virus via natural vectors
sudh asairborne droplets in in°uenza or vermin asin bubonic plague.

5.3.2 Motion probability

The individuals in the world are permitted to move betweencells. The motion
probability determinesthe frequency of this motion. This simulation assumes
homogeneousnixing within ead cell, but the motion of hosts between cells is
limited by the motion probability parameter. For example,if the motion prob-
ability, pmove, iS setto 0:4, you would expect roughly two in v e hoststo shift
from the cell they currently residein to another cell within its motion neighbour-
hood. The succes®f a host's inter-cell movemert is dependent on whether the
destination cell hasreaded its carrying capacity. In this model, the destination
cell is selectedrandomly from the surrounding interaction neighbourhood.

5.3.3 Immigration rate

This simulation can model an open or closedworld, dependingon the value of the
immigration parameter. For the purposesof this simulation, immigration refers
to suseptibleindividuals who are not already in the world comingin and Tling

any vacancieswithin the cell grid. This parameter determinesthe probability
that a cell will receive any immigrants. The actual number of immigrants will

be a random proportion of the number of spacedeft in the cell. Immigration is
equally likely for all cells exceptfor cellswhich cannot support any more hosts
(the cellis at its carrying capacity).
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5.3.4 Birth rate

The birth rate parameter,asits namesuggestscortrols the addition of newborns
to the population pool at ead time step. Theseincreasesare from births of
new individuals via reproduction between existing hosts. It does not include
population increasedue to immigration.

The birth rate is given as a parameter, pyirth, Which is the probability that
a pair of hosts will produce an o®springduring a time step. The birth rate is
uniform acrossall the possibledi®eren pair conmbinations suc asSS,Sl, SR, 11,
IR, and RR, but all newborns are susceptibles.That is, infection or immunity is
not passedonto the o®spring. For many diseaseshis is a reasonableassumption
and makesthe model simpler, but asdiscussedn Chapter 2 the cortagion might
be passedonto a child via vertical transmission. Equation 5.2 shows the relation-
ship betweenthe birth rate parameterand the total cell population increaseper
time step.

% population increaseper timestep % pb'T”h £ 100 (5.2)

Equation 5.2 is only an appraximation becausebirths are determined proba-
bilistically.

5.3.5 Natural death rate

Comparableto the birth rate parameter,deathsby natural causesare cortrolled
by a natural death parameter. Unlike the birth parameter,the death parameter
encompassesmigration from the world as well. This natural death parameter
does not discern between the host types. That is, susceptibles,infectives and
recoveredare equally a®ectedy this parameter. The averagelifetime of a healthy
host is approximated by the reciprocal of the natural death probability.

5.3.6 Virus morbidity

The neighbourhood radius, natural birth, immigration, and natural death pa-
rametersmertioned above are all geographicor demographicfactors that a®ect
epidemicspread. Virus morbidity and the parametersdiscussedelov aredeemed
viral spreadfactors.

Virus morbidity is a measureof how rapidly a virus kills its host, if at all.
Unlike natural deaths,the virus morbidity parameteronly a®ectsnfective hosts.
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This parameterde nesthe probability that an infective will die from diseasedur-
ing a particular time step. For highly virulent viruses,the morbidity probability
will be closeto unity, whereasvery ‘'mild' viruseswill have this parametervalue
very closeto zero.

5.3.7 Vectoredinfection rate

Apart from ertering an otherwise "clean’ cell inside a mobile infective host, the
virus cortagion can spreadacrosscells using its natural spreadingmedanisms.
Sud spreadis known as vectored infection. For this model, the velocity of inter-
cell infection is cortrolled through the pinpu: parameter. The actual probability
of spread,pvectored, IS @ function of the vectoredinfection parameter provided by
the user, pinput » and the density of susceptiblehostsin the local interaction neigh-
bourhood. This is illustrated in Equation 5.3. A high value for this parameter
would represem a highly transmissible virus such as one that was airborne or
carried in bird droppings.

susceptiblepopulation
neighbourhood capacity

Pvectored = £ Pinput (53)

5.3.8 Contact infection probability

Whilst the previousparameterhandledthe infection of hostsacrosscells,the con-
tact infection probability determineshow susceptiblehosts are infected through

contact with infectiveswithin the samecell. Mixing within ead cell is assumed
to be homogeneouq all hostsin a cell will comein cortact with all the other

hostsduring a time step. The cortact infection parameteris a measureof virus

contagiousnesq highly contagiousvirusesneedonly a small amourt of exposure
betweeninfective and susceptiblehoststo passon the cortagion.

5.3.9 Spontaneousinfection probability

To simulate the infection of individuals from factors external to the world, sus-
ceptibles may be sporntaneously “struck down' with the virus. This parame-
ter implies that although a susceptibleindividual might have escad infection
through vectoredand direct cortact means,it might still becomeinfective from
outside means. Possibilities might include cortracting the virus whilst on hol-
idays, breathing in vermin faeces,contact with virus particles adheredto the
tyres of vehicles,or other remote but still probable methods of infection. This
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parameter is usually very small comparedto the value of the other infection
probabilities.

5.3.10 Recoery rate

In this simulation, recovery correspndsto a state changefrom infective to re-
covered;it doesnot encapsulatedeath or emigration. Recwered individuals are
sometimesknown asremove individuals becausehey no longercortribute to the
infection cycle; not only are they immune from cortracting the cortagion, they
cannot passthe cortagion onto other susceptiblehosts. The recovery rate param-
eter is the probability that at a particular time step an infective host becomesa
recovered host. The reciprocal of this parameter provides an appraximation to
the meaninfection duration.

5.3.11 Re{susceptiblerate

The duration of a recovered host's immunity is determinedby the re-susceptible
parameter. This probability cortrols the chance of a recovered individual as-
similating bad into the susceptiblepopulation { in e®ectit is a recorered host
becominga susceptiblehost again. For virusesthat mutate rapidly, this parame-
ter will be closeto unity, whilst virusesthat o®erlifelong immunity after infection
will have a re{susceptibility closeto zero.

5.4 Cellupdatealgorithm

The CA cell update function is usedto ewlve ead cell to its next state. The cell
update function takesas argumerts all the parametersoutlined in the previous
sectionalong with the state information of the interaction neighbourhood of the
cell in question. The update of the world is donein two phases: rst the motion
of individuals betweencells, then the ewlution of individuals within cells.

5.4.1 Movemer phase

1. Selecta random cell from the world.

2. For ead of the individuals in the cell, randomly selecta neighbouring cell
and move the individual into it. This movemern is dependen on the the
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motion probability parameterdescriked earlier and the destination cell not
being full.

3. Repeat from step one until all the cellsin the world have beenaccouried
for.

5.4.2 Infection and recover phase

. Selectthe rst cell.
. Deduct the "natural deaths'from the cell population.
. Deduct the deathsfrom virus morbidity.

. Add to the population any newborns.

1

2

3

4

5. Add any immigrant population.

6. Compute inter-cell (vectored) infections.
7. Compute intra-cell (contact) infections.
8. Compute spontaneousinfections.
9. Compute host recoveries.

10. Compute re-susceptibles.

11. Repeat from step one for the next cell until all cells have beenaccouned
for.
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CHAPTER 6

Cortrol Scenario

Whenewer a model of a natural phenomenons devised,it needsto be calibrated
sud that any numbersthat we supply asinput or receive asoutput canbe readily
interpreted as ‘real-life' gures. Howewer, creating a fully calibrated model is
beyond the scope of this project as| am only interestedin examining whether
CA isagood starting point for a comprehensie model. To substitute calibration,
I have deviseda cortrol scenariowhich will be usedas a comparisonfor all the
experimerts discussedater.

6.1 World setup

The cortrol world comprisesa 100£ 100 grid of cells, with ead cell possessing
the characteristicsdescribedin Chapter 5. Each cell will start with a population

of 100 susceptiblesand be capableof supporting a maximum of 200individuals.

There is no initial sourceof infectives. The world starts “clean' and waits for

spontaneous outbreaks to spark an epidemic. A point sourceof infectives was

not used becauselater experimerts rely on spontaneousinfections to seedthe

epidemics.This is to try and enulate how epidemicsstart in nature.

6.2 Parametersettings

The cortrol scenariorepresemts a homogeneouslhydistributed population where
the total population is in a state of dynamic equilibrium { that is, the num-
ber of births roughly balancesthe number of deaths. Howeer, the population
is expected to gradually increasedue to immigration from outside worlds. A
non-zeromotion probability meansthat at ead time step, it is expected that
appraximately 0.1% of individuals will attempt to shift out of their current cell
into another one in their interaction neighbourhood. The initial values of the
epidemicspreadparametersdescribed in Chapter 5 are summarizedin Table6.1.
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Parameter Value | Interpretation

Infection radius 1 adjacert spreadonly

Movemert radius 1 adjacent movemer only

Immigration rate 0.01 | 1% increasein population per time step
Birth rate 0.02 | 1% increasein population per time step
Natural death rate 0.01 | 1% decreasen population per time step
Virus morbidity 0.05 | 5% of infectivesdie per time step
Spontaneousinfection rate | 0.0001| 1 in 10000chanceof outside infection
Vectoredinfection rate 0.2 | 20% chanceof hostlessinter{cell spread
Contact infection rate 0.4 | 2in 5 chanceof infection after closecortact
Recorery rate 0.1 | 10%of infectivesrecover per time step
Resusceptiblerate 0.001 | residualimmunity lasts ¥41000time steps
Movemen probability 0.001 | 1in 1000individuals attempt to shift cells

Table 6.1: Epidemic spreadparametervaluesfor the cortrol scenario.

Whilst it is simpleto de ne atypical host population, it is much moreditcult
to de ne a typical virus strain for the cortrol scenariowithout losing generality.
To that end, although the valuesin Table 6.1 do not quartitativ ely represen
a particular virus, the ratios between the parametersneedto be reasonable.
Essetially thesenumbersarejust educatedguessest what atypical virus would
be.

6.3 Results

Figure 6.1 shaws the °uctuation in the proportion of infectivesin the world over
800 time steps. It is important to note that after appraximately 100 epochs,
the proportion of infectiveslevelsout. | will de ne this steady-statevalue as an
endemiclevel of infection in the population.

The plot in Figure 6.2 provides an indication of the dynamics of the total
population, not just the infective hosts. Starting from an initial population of
one million the population rises by approximately 12% and at about the fti-
eth epoch the population starts to fall sharply to a much smaller value than it
started. A comparisonof Figures6.1and 6.2 showsthat the rapid declinein pop-
ulation correspndsto the sharp increasein infectives. The population reades
a local minimum just beforethe hundredth epoch and then starts to regenerate.
This regenerationcorrespnds almost exactly with the point in Figure 6.1 when
the proportion of infectives bottoms out. As the population recoversit reades
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Figure 6.1: The proportion of the total population that is infective during the
control scenario.From aninitial infective population of zero,the infection spreads
rapidly beforepeakingat ¥4 0.26. From there, the transiernt rapidly decgs and
readhesan endemicproportion of ¥ 0.1.

a steady state value which is roughly one million { its initial size before the
epidemic.

6.4 Discussion

The shape of the graph in Figure 6.1 is onewhich will be seenoften in later ex-
perimerts. The initial surgein infectivesis a result of the virus spreadingrapidly
through a purely susceptiblepopulation with no natural immunity. Howewer, as
hostsrecover and acquire immunity, the number of infectives quickly reducesto
an endemiclevel. For any subsequenepidemicsto occur the population will need
to loseits natural immunity or be injected with a large number of infectives.

This cortrol experimert provides someinitial evidencefor the suitability of
CA for epidemicmodelling. The dynamicsseenin Figure 6.1 are similar to those
preserned by Boccaraet al. [8] and Kleczkowski [18] in their models that use
mean eld type appraximations. Howewer, they do not mertion whether they
have usedreal life data to validate the results from their theoretical models.

The main purposeof this experimert is to provide a bendhmark for the fol-
lowing experimerts. As parametersand initial conditions are varied in later
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Figure 6.2: The °uctuation of the total world population over 800 time steps.
After somerapid growth in the rst 50time stepsthe population declinesjust as
rapidly. This declinecorrespndswith the peakin Figure 6.1. From time = 100
onward, the population recoversto roughly its original size.

experimerts, new results can be interpreted with respect to the results preserted
here and their consequencediscussed.
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CHAPTER 7

Viral ParameterExperimeits

This sectioninvestigateswhether a CA epidemicmodel can encapsulatethe ca-
pabilities of existing, non-spatially oriented models. Speci cally the viral param-
eters of immunity and virulence are examined. Ead of these experimerts has
the samestarting state as the cortrol scenario, except that someof the viral
parameterswill be di®erer.

7.1 Residuaimmunity

A population's natural immunity to a viral cortagion will limit the chancesof a
small outbreak escalatinginto a large scaleepidemic. There are many so-called
“dhildhood diseasessud aschicken pox and measlesvhereexposureand recovery
providesthe host with extendedimmunity. The duration of this immunity varies
from onevirus strain to another becauseeven though a host may produce anti-

bodiesto ght further infection, the virus may mutate into a moreresiliert strain.

This experimert doesnot examinethe mutation rate of a virus (it assumedhat

there is only onestrain) rather it looks at how immunity can be implemerted in

a CA model.

7.1.1 World setup

The world in this experimert is idertical to the uniform world descrited in the
cortrol scenariodescriked in Chapter 6. Eadh cell has a carrying capacity of
200 and an initial population of 100 susceptibles. Being free of infectives, any
virus outbreaksin this world will be due to the non-zerospontaneousinfection
parameter.
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7.1.2 Parametersettings

The only parameterthat is di®eren from its default value is the resusceptibility
probability. This probability is the chancethat a recoveredhost will revert back
into a susceptibleone. This experimert looks at resusceptibilitiesof 0, 0.2, and
0.8 over 600time steps. Table 7.1 givesthe valuesof the other epidemicspread
parameters.

Parameter Value
Infection radius 1
Movemern radius 1
Immigration rate 0.01
Birth rate 0.02
Natural death rate 0.01
Virus morbidity 0.05
Spontaneousinfection rate | 0.0001
Vectoredinfection rate 0.2
Contact infection rate 0.4
Recorery rate 0.1
Resusceptiblerate varied
Movemern probability 0.001

Table 7.1: Parameter valuesfor the residual immunity experimert. Most of the
numbers here are the sameas the defaults de ned in Chapter 6, exceptthat the
resusceptibility rate will be varied.

7.1.3 Results

The population dynamics for eat of the di®eren resusceptibility values are
shown in Figures 7.1 and 7.2. In Figure 7.1 notice that for any increasein re-
susceptibility the height of the peak, the proportion of infectivesat steady state,
and the time taken to read steady state all increaseas well.

The graphs of Figure 7.2 show that although there is an initial increasefor
all three values of resusceptibility, at steady state the plots settle at di®erern
values. For smallera resusceptibility parameter,the nal steadystate population
is smaller also; the population doesnot appearto be capableof recovering to its
original size.
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Figure 7.1: The proportion of total population that is infective over 600 time
steps. The probability of resusceptibility is setto p= 0,p= 0:2,andp = 0:8. As
the resusceptibility probability is increased,the duration of the epidemic(signi-
“ed by the width of the peak) and the level of endemicinfection alsoincreases.
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Figure 7.2: The °uctuations in total population for the sameworld asin Fig-
ure 7.1. As the resusceptibility probability is increasedfrom 0 to 0.2to 0.8, there
is areduction in the total steady-statepopulation. Note that ead graph reades
approximately the samemaximum, but have markedly di®eren populationswhen
the virus hasdecged to its endemiclevel.
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7.1.4 Discussion

A comparisonof Figure 6.1 with Figure 7.1 shows that although their shapes
are similar, increasesin the resusceptibility parameter result in a virus that is
able to maintain itself in greater numbers and for a longer period of time. This
is the expected result becauseresusceptibility cortrols how rapidly the pool of
susceptiblehosts is replenishedin the absenceof external host in°uxes; higher
resusceptibility meansmore potential hostsfor the virus.

This experiment, apart from exhibiting someof the epidemicbehariour ob-
senedin nature, shovsthat we canusethe resusceptibility parameterto directly
cortrol residualimmunity of a host population without needingto createa new
parameterthat cortrols the duration of a host's immunity.

For the purposesof modelling, being able to usea single global parameterto
cortrol the immunity of every host reducesthe model's complexity. Additionally,
the resusceptibility parameteris stochastic so the bene t is twofold: ead host
doesnot needto carry memory of how long it has beenimmune and there is no
needto actively introduce noiseinto any duration parameters. This bodeswell
for a CA model becausethe cellsin a CA model uselocalized information and
global rules to produce complexoverall behaviour.

7.2 Highvirulence

Virulence, alsocalled morbidity, is a measureof how rapidly a virus kills its host.
Virusesare unableto replicate on their own, soit is in their own survival interests
that they do not kill their host. Howewer, many of the medanismsfor host to
host spread,sud as coughing, rely upon symptomatic disease.Consequetly, a
balancemust be madeto maximize the spreadto new hoststhrough diseasebut
keepingthe current host alive. This experimert investigatesif a CA model can
accurately emulate highly virulent viruses.

7.2.1 World setup

Apart from saying the world setupis the sameasthe onein the previousexper-
iment, | will not discussit further asit is descrited in Chapter 6. Note howewer,
that starting without any infective sourcesmeansthat all infections must start
from spontaneousoutbreaks.
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7.2.2 Parametersettings

To isolate the e®ectof the virus morbidity parameteron epidemicspread,all of
the parametersdescrilked in Chapter 5 are set to their default values. For this
experimert virus morbidity is setto 0.5: it is expectedthat at ead time step
half of the infective individuals will die. This represeis a highly virulent virus
sudh as somestrains of Ebola found in the deweloping courtries of Africa [24].
The epidemicspreadparametersare summarizedin Table 7.2.

Parameter Value
Infection radius 1
Movemer radius 1
Immigration rate 0.01
Birth rate 0.02
Natural death rate 0.01
Virus morbidity 0.5
Spontaneousinfection rate | 0.0001
Vectoredinfection rate 0.2
Contact infection rate 0.4
Recovery rate 0.1
Resusceptiblerate varied
Movemert probability 0.001

Table 7.2: Parameter valuesfor the virus morbidity experimert. A virus mor-
bidity value of 0.5 represetts a virus that on averagekills within two epochs of
infection.

7.2.3 Results

The graph in Figure 7.3 shaws that after a rapid increasein the proportion of
infectives (numbers reat approximately 8% of the total population), there is a
similarly steepdeca badk down to appraximately 1.5%. From about t = 100
onwards, the graph becomesrery jaggedwherevalues®uctuate between2.5%and
4.5%. There are distinct troughs and peaksin the graph wherea local maximum
is followed by a local minimum lessthan 10time stepslater. This jaggedpattern
is superposedwith a larger pattern with a period of appraximately 50time steps,
seenmore clearly after t = 500. Howewer, there doesnot appear to be any clear
periodicity elsewhere.
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Figure 7.3: A virus that hashigh virulence (or morbidity) will kill a high propor-
tion of infective hosts beforethey can recover. This plot shows a virus infecting
the cortrol population describedin Chapter 6 with a resusceptibility of 0.001and
morbidity of 0.5 executedover 800time steps.
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Figure 7.4: A similar plot to Figure 7.3 exceptthat it shavstotal population not
just infectives. Once again there appearsto be an underlying oscillatory nature
to the curve.
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Figure 7.4 doesnot show the samejaggedcharacteristicsof Figure 7.3. How-
ewer, after the initial population deca the graph seemgo settle into an oscilla-
tory pattern. To show that this oscillatory pattern is not a result of coincidence,
| have repeated this sameexperimert but with resusceptibility probabilities of
0, 0.2, and 0.8. The results are preserted in Figure 7.5. Notice that at least
qualitativ ely, ead set of three graphslooks very similar.

7.2.4 Discussion

A highly virulent virus that Kills its host quickly is unlikely to successfullyspread
to anewhost[3]. This e®ectis shavn by the much reducednumbersof Figure 7.3
in relation to the cortrol scenarioof Chapter 6. The jaggednature of this graph,
not presen in the cortrol scenario,is due to the suddendeath of many infec-
tivesduring a particular time step. This periodicity hasbeenobsened in closed
populations sud asthoseon found on the Faroe Islands[20]. The quasi-periodic
nature of the curve results from the regular injection of new susceptibles(new-
born or immigrant) that provide the epidemicwith new hostsonly to later have
thesenew hostsdie from the infection a few time stepslater.

The similarities in the graphsof Figure 7.5 suggestthat changingthe residual
immunity of hosts has no signi cant e®ectwhen dealing with a highly virulent
virus. The e®ectof the immunity parameterappearsto be negligible compared
with the in°uence of the virulence parameter. This makessensebecausehe virus
kills so swiftly that recoveriesare few. In nature it is probably dizcult to nd
a virus that kills rapidly and yet provide the survivors with lifelong immunity.
This is becauséboth of thesecharacteristicswork againstvirus spreadand would
not be deemedadvantageousmutations during natural selection.

This experimernt shavs how someemergen behaviours of epidemicssud as
periodicity have beencaptured in a simple CA model. Speci cally, this period-
icity is encapsulatednto a single parameter: the virus morbidity. Although it is
the ability of CA to incorporate spaceinto epidemicmodelsthat is under ques-
tion, shaving that a CA model can reproduce the statistical results as obsened
in nature provides us with somecon dencein CA as a modelling approad in
general.
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Figure 7.5: Plots of the sameexperimert as Figures7.3and 7.4, but with resus-
ceptibility valuesof p= 0, p= 0;2, and p= 0:8. It is interesting to obsene the
similarity in shape to eat of the curvesregardlessof the variation in resuscepti-
bilit y.
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CHAPTER 8

SpatialExperimens

The focus of this dissertation is on the spatial aspects of epidemics,particularly
how spatial parameters a®ectthe way they spread. This chapter cortains a
seriesof experimerts that shov how a CA model can enulate seeral emergen
behaviours of an epidemicyet useonly onerule set. The resultsof the experimerts
in this chapter provide a basisfor deciding the suitability of CA to epidemic
spreadmodelling.

8.1 Variedpopulationdensiy

A virus relies upon a supply of susceptiblehoststo survive and replicate. But
before a virus can infect a new host it must comein cortact with it. An indi-
cator to whether an outbreak will spreadis the basic reproductive number, Ry,
discussedn Chapter 2. Accordingto Equation 2.2, R is directly proportional to
the number of cortacts per unit time which itself is proportional to the local pop-
ulation density. Therefore,in regionsof high local population density we expect
an epidemicto spreadmorerapidly than in low density regions. This experimert
examinesthe e®ectof varied local population density and how CA rules can be
usedto emrulate those e®ects.

8.1.1 World setup

This experimert is broken down into two sub-expgerimerts. To juxtaposethe
e®ectof local population density on virus infection velocity | have used two
syrthetic landscapes{ onewith a negative density gradiert from top to bottom,
and another with a positive density gradiert from top to bottom. Theseare
shown in Figures 8.1 and 8.2. Those gures also show the initial “line source'of
infectives at the top of the grid. It is assumedthat during the early stagesof
the experimert the epidemicspreadsthrough the top of the grid and during the
later stagesspreadsthrough the lower part of the grid.
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Figure 8.1: The population distribution for the high to low density scenario.
On the left is the population distribution of susceptibles(S), infectives(l), and
recorered(R). The shadingindicatesa negative population density gradiert from
top to bottom. The gure on the right shavsthe line sourceof infectivesdenoted
by the dark row of cells at the top of the grid. Theseinfectives start o® the
epidemicspread.

Figure 8.2: The population distribution for the low to high density scenario.Its
featuresare similar to Figure 8.1, exceptthat the gradiert direction is reversed.



8.1.2 Parametersettings

To isolate the e®ectof local susceptiblepopulation density on the spreadof an
epidemic, most of the other parametersin this experiment are setto zero. This
is to remove any skew that may arise from including seweral factors at once.
The vectoredand contact infection parametersare setto unity to acceleratethe
spreadof the virus; doing this should not adversely a®ectthe results becauseit
is not the absolute value of the infection velocity that is of concern,but how it
changeswith respect to population density. The recovery probability is set to
zerosothat the epidemicspreadsin onedirection only { that is, velocity cannot
be negative.

Additional to using a ramped population density, this experimert will look
at the e®ectsof increasingthe interaction neighbourhood size of the local pop-
ulation density, as de ned in Equation 8.1. Consequetly, changing the size of
the interaction neighbourhood will alsochangethe local population density. The
valuesof the other parametersare summarizedin Table 8.1.

neighbourhood population
neighbourhood capacity

local population density = (8.1)

Parameter Value
Infection radius varied
Movemer radius 0.0
Immigration rate 0.0
Birth rate 0.0
Natural death rate 0.0
Virus morbidity 0.0
Spontaneousinfection rate | 0.0
Vectoredinfection rate 1.0
Contact infection rate 1.0
Recoery rate 0.0
Resusceptiblerate 0.0
Movemernt probability 0.0

Table 8.1: The parameter valuesfor the population density experimert. Most
of the parametersare set to zero except for the onesthat relate directly to
population density. For this experimert, the infection radius is varied and its
e®ectexamined. Note that both the high to low density scenarioand the low to
high density scenariousethe sameparametervalues.
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8.1.3 Results

Ead of the plots in Figures 8.3 and 8.4 shav the proportion of the total pop-
ulation that is infective over the courseof 100 epochs or iterations. There are
two featuresof note for ead plot of each gure: the plot's gradiert and the time
beforethe population becomessaturated with infectives.

For the high to low density scenarian Figure 8.3, we canseethat the gradierts
of the plots start o® much steeper than they nish. That is, asthe population
density decreasesso does the gradiert. A similar e®ectcan be seenfor the
low to high density scenarioin Figure 8.4. Ead of the curves starts with a
shallonv gradiert, or small infection velocity, and as the epidemic reades the
higher density regions,the gradierts steegen.

When the infection radius is increasedhe population becomesaturated with
infectivesmorerapidly. That is, the "wave' of infection reacesthe bottom of the
grid in lesstime.
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Figure 8.3: E®ectof population density on epidemic spread velocity. For the
earlier time steps,we seethe gradiert of the graph is much steeger than for the
latter time steps. Each of the graphscorrespndsto a di®eren infection radius,
r. Notice that for increasinginfection radius the gradierts becomesteerer.
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Figure 8.4: Similar scenarioto Figure 8.3, but for a di®erent CA starting state.
This plot appearsto be opposite to the previous scenario: here the transiert
“nishes much steeper than it starts. Each of the graphscorrespndsto a di®erert

infection radius, r.

8.1.4 Discussion

The infection velocity of the epidemicis proportional to the gradiert of the plots
in Figures 8.3 and 8.4. As expected, as the epidemic spreadsthrough a high
density region, the infection velocity is greater than for low density regions. In
nature, this e®ectis attributed to the increasednumber of cortacts betweenan
infective host and other susceptiblehosts, as shavn in Equation 2.2.

As the sizeof the infection interaction neighbourhood is increasedthere is a
narrowing e®ecton the graph: the virus propagatesthrough the population more
rapidly, but still exhibits the velocity changesnoted earlier. This accelerationin
infection is mostly due to the larger ‘reat’ a cortagion hasto infect hostsin
other cells. For example,virusesthat are airborne or spreadby birds would have
a high ‘read' or transmissibility.

From a modelling perspective, the two curves of Figures 8.3 and 8.4 are ex-
actly as predicted by epidemictheory { that is, high densities promote rapid
spread. This experimernt hasshavn that a CA model can take into accourn the
local population pro le and produce the appropriate epidemic spread velocity.
This partially justies CA asa good epidemic modelling paradigm in that we
have shown that the ruleset! devisedfor my model producesthe desiredresults.
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Howewer, asyet we have no assuranceshat theseruleswill work for morecomplex
landscapes.

8.2 Hostimmigration

Whilst the experimert that examinedvariations in population density had the
density pro le remain static for the duration of the experimert, this experimert
looks at the e®ectof dynamic variations in population density and composi-
tion. Of particular interest are the variations due to host immigration. Although
not purely a spatial factor, immigration a®ectsthe population density and dis-
tribution over the landscape, indirectly in°uencing the spatial behaviour of an
epidemic.

8.2.1 World setup

This experimert usesthe exactsameinitial setupasthe cortrol scenariodescriked
in Chapter 6 where the population is uniformly distributed over the landscape.
Each cell starts with a population of 100 susceptiblesand hasroom to t 100
more SIR hosts.

8.2.2 Parametersettings

Onceagainthis experimert is broken down into two sub-exgerimerts. Howeer,
instead of using di®eren starting landscapes, this experimert usestwo di®eren
setsof spreadparameters. Most of the parametersare initialized to the default
valuesde nedin Chapter 6 exceptof coursefor the immigration rate. To simulate
a closedpopulation, the immigration rate is setto zero{ there are no incoming
hosts from outside the world. For an open population, this parameteris set to
0.05, meaningthat approximately 5% of cellswill receive susceptiblehosts from
an external sourceto Il up someof its empty space. The values of the other
parametersare shown in Table 8.2.

8.2.3 Results

The results for the closedpopulation are displayed in Figure 8.5. It shaws the
familiar shape of an initial virus outbreak that deca/s badk down to a smaller
steady state value. The simulation was run for 800 epochs and for four di®eren
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Parameter Value
Infection radius 1
Movemern radius 1
Immigration rate (closed) 0.0
Immigration rate (open) 0.05
Birth rate 0.02
Natural death rate 0.01
Virus morbidity 0.05
Spontaneousinfection rate | 0.0001
Vectoredinfection rate 0.2
Contact infection rate 0.4
Recovery rate 0.1
Resusceptiblerate varied
Movemernt probability 0.001

Table 8.2: The epidemic spread parametersusedin the host immigration ex-
perimert. Most of the valueshere are the sameasin Table 6.1 except for the
immigration probability which is O for the closedscenarioand 0.05for the open
scenario. Part of this experimert will look at the e®ectsof residual immunity
cortrolled by the resusceptibiliy parameter.

valuesof resusceptibility: 0, 0.1, 0.5, and 0.9. As the chance of resusceptibility
is increasedthere is a correspnding increasein the maximum ratio between
infectivesand total population.

In eath case,the proportion of infectivesdeca/s down to a value very closeto
zero. Howe\er, it is interestingto note that although for valuesof resusceptibility
equaling 0.1, 0.5, and 0.9 the infective population decaged to zeroby t = 300,
when the resusceptibility was setto zero, the infective population did not reach
zerountil much later.

The results for the open population shavn in Figure 8.6 are much more con-
sistert. Although the simulation was run for 800 epochs, only the rst 400 are
shown here as the infections rapidly readed steady state. The main feature to
note is that all of the plots readh a non-zero steady state value. Increasesin
the resusceptibility parameter have resulted in a correspnding increasein the
proportion of infectives at steady state, as well has removing the distinct peak
that represens the epidemic.
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Figure 8.5: A closedpopulation doesnot allow outside individuals to erter the
world. From the graph above we seethat after the initial outbreak peaksand
decygs to zero, the infection doesnot becomeendemic. Each of the plots corre-
spondsto a resusceptibility probability of p= 0, p= 0:1, p= 0:5, and p = 0:9.
Notice that for increasingresusceptibility, the number of hoststhat becomein-
fected during the epidemic(the hump) increasedramatically.
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Figure 8.6: An open population allows the free movemert of individuals in and
out of the world. Thesegraphsshaw a plateau structure as the resusceptibility
probability is increasedfrom 0 to 0.9. In cortrast with Figure 8.5, all of the plots
readh an endemicnon-zerovalue.
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8.2.4 Discussion

Historical evidencehas shown that for a population in which individuals are
always coming and going there is a greater chancethat an infection will become
endemicafter an outbreak [21]. Conversely for isolatedcommunities, it is usually
the casethat after an initial outbreak, the immunity acquired by the survivors
limits any chanceof a virus continuing to be active [20]. The reasonfor the e®ect
mertioned by Scott and Duncan [2]] is that in an open population, the virus can
rely upon a constart in°ux of new susceptiblehosts. On the other hand, remote
populations sud asthoseon islandsor in isolatedvillages provide the virus with
no new hostsand usually resultsin the virus' demise.

The results presened in this sectionpartially portray the e®ectof immigra-
tion on endemicinfection, but other anomaliesmake it hard to draw any other
conclusions.Quartitativ ely, the results are very extreme: an endemicproportion
of 70%is highly unlikely { sud large gures clearly shav the limitations an un-
calibrated model. Qualitativ ely, we are still ableto seethe expectedincreasein
endemicinfection with an increasein resusceptibility, so | beliewe there is still
enoughevidenceto justify the dewelopmen of a composite CA epidemicmodel.

8.3 Corridorsof spread

This experimertal scenariois the rst of two that will usemy CA model to try
and visualize how an epidemic would spread through a more complex virtual
landscape than that seenearlier.

8.3.1 World setup

This experimert tries to reproduce what might be a real life landscage with

imaginary town certres and transport links betweenthem. | use ‘towns' and
‘roads'becausehey are human in®uenced and attract high population densities.
The scenariois not restricted to cultural features;other natural featuressud as
riversmight leadto developmen alongtheir shores.Conversely other geograph-
ical featuressud as mountain rangesor swampswill limit dewelopmen. What

is important is their directed and linear shape rather than the wide sweeping
population densitiesusedin previous experimertal scenarios. Figure 8.7 shavs
the virtual landscape usedin this experimert.

Ead cell hasa carrying capacity of 1000, with three ‘towns' already at this
maximum. Two of these towns, the north-west one and the south-eastone,
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Figure 8.7: The synthetic landscape that | devisedto shav how an epidemicis
likely to spreadalongfeaturesof high density beforespreadingacrossopen space.
There are three points of high population density { two of which are connectedby
a transport link which hasits own settlemen deweloped on either sideof it. The
north-west and south-east towns' both have 100infectivesand 900 susceptibles.

start with a 1:9 infective to susceptibleratio. The “transport links' comprisea
three cell wide bar of susceptibles. Cells on the certral axis of this bar have
an initial susceptiblepopulation of 100, whilst the cells on either side have an
initial susceptiblepopulation of 75. The rest of the landscape comprisescells
with 10 susceptiblesin them. The town in the south-west corner cortains 1000
susceptiblesand no infectives.

8.3.2 Parametersettings

The parameter settings for this scenario,becausel am looking at the directed
spread of the epidemicwith respect to population density, are the sameas for
the high to low, and low to high scenariosdiscussedearlier. Table 8.1 lists
the parameter values: essetially all of the parametersare zero except for the
infection radius, contact infection probability, and vectoredinfection probability
which are all equalto one.

8.3.3 Results

The resultsof this scenarioare presented in the lag map shown in Figure 8.8. The
lag mapis basicallya seriesof snapshotdakenat t = 0; 20; 40, 60, 80; 100G 20Q 300.
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Ead cell is represeted by a coloured square: red squarescortain at least one
infective host and white squarescortain only susceptibleand recovered hosts.
Figure 8.8 shows the tendency of the epidemicto follow the lines of population
density to producethe “fuzzy cross'pattern.

After 300epochs, the top left outbreak hasreaded all four edgesof the map
but the bottom right outbreak is yet to read any. Notice that the epidemic
spreadsoutward alongthe armsor ‘roads'before Tling up the spacebetweenthe
roads.

8.3.4 Discussion

This particular scenarioprovides someevidenceof the power of CA models for
visualizing an epidemic; di®eretial equation models provide no sud capability.
In Figure 8.8it becomeohbviousto seewherethe infective townswere,wherethe
densestpopulations are situated, as well asidentify wherethe infection velocity
is greatest. Featuressud asleap froggingor in T ling wherethe epidemicappears
to skip regionsof land beforecomingbadk to 1l in the spacecan be seenin the
lag map. This behasiour wasdocumerted in the foot and mouth diseasespidemic
in Great Britain in 2002[14].

Knowing beforehandthe probabledirection that an epidemicwill take might
help public health o+cials exciently direct cortainment measuresand medical
servicesto deal with infections.

8.4 Barriersto spread

The last experimertal scenarioin this chapter tries to shav how a CA model
can simulate the e®ectf erecting barriers to slow or stop virus spread. As seen
in the foot and mouth diseaseepidemicin Great Britain during 2001, a key to
slowing down diseasespreadis restricting movemen. Other measuresincluded
the culling of livestack or the inoculation of livestack. | try to reproduce these
measuredn this scenarioby varying the initial state of the CA lattice.

8.4.1 World setup

Figure 8.9 shavs the starting distribution with two squareshat represem "cattle'
farms. The top left farm hasa four squarewide barrier surrounding it, whereas
the bottom left farm has a one squarewide barrier surrounding it. Barriers are
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t=20 t=100

Figure 8.8: A lag map shawing the state of the epidemic at t =
0; 20; 4G; 60; 8C; 10Q 200 300. Notice that the outbreak to the north-west is able
to cover a greater distance than the outbreak in the south-eastbecauseit has
accesdo the road link and the population assaiated with that link. Notice that
the spreadfrom t = 20 in the top left of the map appearsasymmetric. This is
probably an artifact of the stochastic nature of this model.
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implemerted as cells with zero carrying capacity. In Figure 8.9, barriers are
represeted by black squaresand host occupationis represeted by blue shading.

O

Figure 8.9: In this scenaricthere aretwo sourcef infection, ead with a di®eren
sizedbarrier around it restricting host movemern and providing no hostsfor any
virusesthat try to cross.

8.4.2 Parametersettings

Apart from increasingthe infection radius to two, there are no additional param-
eter changesfor this scenariof the default valuesusedin the cortrol scenarioare
usedagain. Having an interaction radius of two meansthat the barrier around
the infectivesin the bottom right cornerwill still be able to disperse.

8.4.3 Results

The resultant epidemic spreadis shown in the lag map of Figure 8.10. Notice
that the virus is able to elude cortainment in the bottom right “farm'. Despite
the farm itself becoming free of infectives, the neighbouring courtry side has
becomeinfective. The upper left farm is no longer corntaminated and neither is
its surrounding hinterland.
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Figure 8.10: This lag map shows that bu®erzonesthat are too narrow provide

no resistanceto the spreadof a virus.
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8.4.4 Discussion

Much like the previous experimert, this scenario provides an opportunity to
demonstratethe visualization capabilities of a graphical CA model. There are no
new epidemiologicalconclusionsto be drawn from either of the last two experi-
merts { they shaw exactly what our intuition would suggest.What is important
is that other statistical models do not appear to illustrate sud behaviours very
well. As far assampledata is concernedyery little is available about the spatial
behaviour of epidemics;much of epidemiologylooks at statistical data and try-
ing to devisemodelsthat match that data. This is particularly the casewith lag
maps where data is gathered during and after the epidemic, rather than being
generatedpreemptively.

What my project hopesto do is to provide a starting point for using CA
models as a predictive tool for epidemiologists. The main hurdle to achieving
that goalis nding comprehensie data to calibrate and validate models.
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CHAPTER 9

Conclusion

To improve their conformanceto nature, models of naturally occurring phe-
nomenonshould considerall of the parametersbelieved to in°uence that phe-
nomenon'sbehaviour. Howewer, to do sowould result in highly complexand in-
tractable models. Consequetly, modellersmust make simpli cations that whilst
making the model more tractable, do not seriouslysacri ce accuracy

For the caseof epidemiology there is scierti ¢ and anecdotal evidencesug-
gesting that spatial heterogeneiy has a signi cant e®ectover an epidemic's
spread[16, 23]. This dissertation has examinedthe application of cellular au-
tomata (CA) to epidemicsimulation, speci cally its ability to capture the impact
of localizedvariations in host population densities.

Two sets of experimerts were conducted: the rst investigating whether a
CA could reproduce the macroscopicbehaviour of epidemicsas predicted by
existing models;the secondset focusedon whethera CA model could mimic the
dependenceof virus spreadvelocity on population distribution patterns. The
resultsfrom ead of theseexperimerts was comparedwith thoseobtained from a
cortrol experimert. This comparisonwas usedto highlight the e®ectghat eath
epidemicspreadparameter had over the ertire epidemic.

The rst setof experimerts dealt with two virus parameters:residualimmu-
nity and virus morbidity. Decreasingthe residualimmunity that hostsacquired
after recovery (modelled by increasingthe resusceptibility probability) had the
e®ectof increasingthe endemiclevel of infection. Experimertation with high g-
uresfor virus morbidity resultedin outbreaksthat spreadslownly with oscillatory
behaviour. Both of these outcomesre®ect the obsened behaviour in nature as
well asthat predicted by other models.

The secondset of experimerts looked at mimicking the spatial behaviour of
epidemics. These syrnthetic scenariosshaved that variations in infection veloc-
ity causedby heterogeneougopulation density can be incorporated into a CA
model by using a vectoredinfection parameter. The inter-cell infection rule uses
the local population density, de ned by the sizeof the interaction neighbourhood,
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to moderate the spreadof infection. Consequetly, asthe sizeof the interaction
neighbourhood is increased,the e®ectof localized interactions betweenthe dis-
crete hostsis lost and the model convergestoward a cortinuous model.

Validation of my model involved isolating eat epidemicspreadparameterin
its own test scenarioand shawing that its e®ect,relative to the cortrol scenario,
was what was seenin epidemictheory. Particular e®ort was made to test the
spatial parameters, howewer data to validate the e®ectof these parametersis
dizcult to nd; epidemiologyis traditionally a statistical eld.

After testing ead parameter in isolation, a composite scenariothat repre-
serted a ‘real-life' landscape was usedto test the model as a whole. The hy-
pothesisis that the macroscopidoehaviour of an epidemiccan be represeted by
the sum of the localized microscopicbehaviours de ned by the neighbourhood
basedupdate rules. Although initial resultsappearto support this hypothesis,a
properly validated model will be neededbefore a solid conclusioncan be made.
But, | infer that the complexbehaviour of an epidemiccan be descriked by the
simple interactions betweenadjacert hosts.

The lagmapsshavn in Chapter 8 provide someevidencethat CA can pro-
vide a meansto include spatial heterogeneiy into an epidemic model. A two-
dimensional CA model provides a powerful visualisation tool. The graphical
represemation of an epidemic'sspreadcan be usedto help direct medical and
containment servicesduring an actual outbreak. Howewer, a fully validated and
calibrated model will be neededfor that purposeand is not provided by this
dissertation.
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CHAPTER 10

Future work

The epidemicmodel | have devisedis far from complete. Rather than being a
completeproduct in itself, it seresonly to provide the beginningsto deweloping
a comprehensie simulation capableof preempting a viral epidemic'sbehaviour.
In this sectionl descrike someof the improvemeris that needto be addedto the
model: someto provide accuracyand someto provide °exibilit y.

10.1 Modelcalibration

For any model to be usefulit must be calibrated against data that is obsened
from nature. This is critical becausebeforea model can be trusted for predicting
the unknown it must rst beableto reproducethe well-known. Calibration might
ertail researting speci ¢ virusesand other infectious diseasesand determining
the valuesof the epidemicspreadparametersthat t that cortagion.

The spatial data that will be usedfor calibration will needto be either re-
searted or empirically generated.Consideringthe scaleof epidemicsin terms of
spaceand time, aswell their health implications, it will be very dixcult to gener-
ate spatial data. This perhapsposesthe greatesthurdle to devisingan accurate
model. Plant virusesmight be a good starting point becausethey are easierto
managebut obviously cannot be usedto examinethe e®ectsof host movemen.

Conversely rather than generatepurely spatial data, other secondaryparam-
eters might be usedas metrics for examining model accuracy Sud secondary
metrics could include statistics on expected lifespan, residual endemiclevel, cost
of treatment and cortainment, and projected economiclosses. Future models
might be ableto derive gures for theseparametersand usethem for comparison
with data gatheredin more traditional (statistical) epidemiology
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10.2 Di®erencelltypes

Although classicCA usesa lattice comprisingidertical cellsall obeyingthe same
update rule, it becomesvery dixcult to model nature becausenature is far from
homogeneous. Being able to use a combination of di®eren cells which obey
di®eren update rules will make any future models more °exible.

An examplecould be the introduction of cellsthat provide a cyclic movemen
of hosts. This idea was proposedby Ahmed and Elgazzar[2]. Sud cells would
emulate the periodic movemen of hosts betweenregular destinationssud as at
homeand work. This is usefulbecausehost movemert is not always random but
sometimeswell de ned and oscillatory.

10.3 Othertools

Various add-onsand featurescan be addedto the simulation interfaceto make it
easierto use. It is likely that an epidemiologistwith limited computer skills will
be using the simulator rather than a seasoneacomputer sciertist. Featuressud
as loadable landscape les, a point and click graphical user interface, and high
performancereal time simulation of epidemicswould make the simulation more
usableand valuable as a tool.

My current implemertation is in Java. Although acceptablefor small scale
experimerts, it istoo slow andtoo limited in grid sizeto be usefulasa commercial
tool. Oncea ‘good' model has beenvalidated, custom hardware could be used
to improve performanceand addresslattice sizelimitations.
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APPENDIX A

SimDemic

This appendix provides someof the details of how | implemerted my epidemic
model. The software entitled "SimDemic',a play on the title of the seriesof pop-
ular simulation gamesproducedby Maxis, is a Java application with a graphical
userinterface (GUI) implemerted using the Java Swing API. There are 3 main
classes:

2 Habitable.java |,
2 Cell.java , and

2 World.java
plus an additional six classedor the GUI:

2 SimGUl.java,
2 ToolBarPanel.java ,
2 CellPanel.java |,

2 WorldParametersPanel.java ,

N

CellStatisticsPanel.java , and

N

WorldStatisticsPanel.java

A.1 Habitable.java

This classde nesthe Habitable object which, for the purposesof this applica-
tion, will bea Cell or aWorld object. Each Habitable object has v e attributes:
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2 int capacity,

2 int total population,

2 int susceptiblesubpopulation,
2 int infective subpopulation, and

2 int recovered subpopulation.

A.2 World.java

This classextendsthe Habitable classto add the epidemicspreadparameters.
Theseparametersare global to the simulation and apply to all of the lattice cells.
On top of the attributes inherited from the Habitable class,ead World alsohas
the following:

2 int epochs iterated,

2 int heigh,

2 int width,

2 int movemen radius,

2 int infection radius,

2 float immigration probability,

2 float birth probability,

2 float death probability,

2 float infective death probability,
2 float spontaneousinfection probability,
2 float vectoredinfect probability,
2 float cortact infection probability,
2 float recover probability,

2 float resusceptibleprobability,
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2 float movemern probability, and

All of the above mentioned parametersare discussedn Chapter 5. To form
the cellular automaton, eacy World object cortains a two-dimensionalarray of
Cell objects. To perform the cell updates, the simulator iterates over every cell
and modi es a new array sud that the old valuesare not manipulated. This
processis rst donefor the movemen phaseand then for the infection phaseof
the update algorithm.

A.3 Cell.java

This classde nesthe Cell objectsthat comprisethe CA lattice of my epidemic
model. This classextendsHabitable and cortains the following additional elds:

2 World parent,
2 int row, and

2 int column.

Ead Cell takesnote of the World and which row and column of that World's
grid it liesin. The cells are arrangedin a squaregrid lattice whose external
dimensionsmay or may not be square.

A.4 TheGUI

The interface for this simulator is a very simple onethat consistsof a toolbar at
the top, two viewing windows, and a seriesof “sliders'that cortrol the epidemic
spreadparameters. Figure A.1 shows a screenshobf the GUI for the SimDemic
application running under Linux. All of the componerts come from the Java
Swingtoolkit and are available free from Sun Microsystems.

The toolbar at the top of the screenprovides buttons to advancethe sim-
ulation by either one epoch or sewral automatically. The speedat which the
automatic updates are performed is cortrolled by a slider. The two scrollable
viewing panelsdepict population information. The blue grid on the right showvs
the underlying population pro Te wherethe saturation level of the blue is directly
proportional to the density of population in a particular cell. The panel on the
left provides an indication of which cells cortain at least oneinfective host. The
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Figure A.1: A screencapture of the SimDemicapplication.

slidersat the bottom provide a meansto dynamically tweak eat of the World's
epidemicspreadparameters.

The information from a particular cell can be seenby clicking on the cell in
either of the viewing panesand reading o®the valuesfrom the cell information
panels. Statistics about the World are displayed here also.
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APPENDIX B

Original HonoursProposal

Here is a word for word reproduction of my Honours project proposal that |
submitted early in 2002. It is part of the requiremerts for the Honourscourseat
the Departmert of Computer Science& Software Engineering.
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