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Abstract

Diseases in humans, animals and plants remain an important challenge in our society.

Effective control of invasive pathogens often requires coordinated concerted action of a

large group of stakeholders. Both epidemiological and human behavioural factors influ-

ence the outcome of a disease control campaign. In mathematical models that are fre-

quently used to guide such campaigns, human behaviour is often ill-represented, if at all.

Existing models of human, animal and plant disease that do incorporate participation or

compliance are often driven by pay-offs or direct observations of the disease state. It is

however very well known that opinion is an important driving factor of human decision

making. Here we consider the case study of Citrus Huanglongbing disease (HLB), which is

an acute bacterial disease that threatens the sustainability of citrus production across the

world. We show how by coupling an epidemiological model of this invasive disease with an

opinion dynamics model we are able to answer the question: What makes or breaks the

effectiveness of a disease control campaign? Frequent contact between stakeholders and

advisors is shown to increase the probability of successful control. More surprisingly, we

show that informing stakeholders about the effectiveness of control methods is of much

greater importance than prematurely increasing their perceptions of the risk of infection.

We discuss the overarching consequences of this finding and the effect on human as well

as plant disease epidemics.

Author summary

Thesuccessfulregionalcontrol of emergingandinvasivediseasesoftenrequiresthata
sufficientlylargeproportion of thepopulationcomplywith thecontrol strategy.This is
notablythecasein diseasessuchasmeaslesbut alsoappliesto epidemicsin animalsand
plants.If insufficientnumbersof stakeholderscomplywith diseasecontrol,or if control
becomesuncoordinatedfor somereason,thencontrol fails.Therefore,bothepidemiologi-
calandhumanbehaviouralfactorsinfluencetheoutcomeof emerging,endemic,and
invasivediseasecontrol campaigns.Mathematicalmodelsareoftenusedto determine
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factorsthatareimportant for diseasecontrol to besuccessful,but thesemodelstendto
focuson theepidemiologyandefficacyof control, frequentlyneglectinghumanbehav-
iour. A numberof mathematicalmodelsof humandisease,andto someextentanimaldis-
easedo incorporateparticipationor compliancebehaviours;however,studieslookingat
humanactionsandattitudestowardsplantdiseasecontrol arequiterareandalmostexclu-
sivelydrivenbypay-offsor directobservationsof thediseasestate.It ishoweververywell
known thatopinion, for exampleabouthoweffectivecontrol isperceivedto be,isalsoa
keydriving factorof humandecisionmaking.Hereweconsiderthecasestudyof Citrus
Huanglongbingdisease(HLB), adevastatinginvasivediseasein citruswhichthreatens
productionworldwide.Weshowhowbycouplinganepidemiologicalmodelwith an
opinion dynamicsmodelit ispossibleto answerthequestion:Whatmakesor breaksthe
effectivenessof adiseasecontrol campaign?

Introduction
Thecontrol of agriculturalpestsanddiseasesisoftenmosteffectiveif thetreatmentisapplied
in acoordinatedwayacrossaregion.This isparticularlytrue in caseswheregrowerscannot
protecttheir cropsin isolationbut relyon thecooperationof othersto achieveeradicationor
suppressionof thepestor diseasein their area.Therehavebeenmanystudiesthat look at the
populationdynamicsof plantsandtheir pathogensto determineoptimalapproachesfor con-
trol of suchpestsanddiseases[1±3],but noneof thesehaveaccountedfor thefactthateffective
control oftenrelieson thevoluntaryassimilationof thecontrol methodsbydecisionmakers,
i.e.growers.Theseindividualsmustweightherelativecosts,risk of infection,andthereliabil-
ity of control methods.If individualsdo not co-operatethencontrol isalmostcertainto fail.
Control successthereforereliesnot juston theefficacyof theavailablemethodsof control,
but alsoon factorsrelatedto humanbehaviour.This leadsusto thequestion:���� ����� 	

�
���� �� ������� ������� �	��
	� ��������? Our questionappliesto manyplant-pathogensys-
temsfrom aroundtheglobe,eachwith its ownuniquesetof epidemiological,economicand
socialconstraints.Hereweconsider,arguablyoneof themostseriousof these,Huanglongbing
disease(HLB), alsoknownascitrusgreening.

Huanglongbing(HLB) isadevastatingdiseasein citruswhichthreatensthesustainabilityof
citrusproductionthroughouttheworld andhascausedbillions of dollars'worth of loses[4].
Forexample,in Florida,thediseasewasfirst found in 2005andhassincecausedmorethanan
80%reductionin citrusproduction[5,6]. It isnowconsideredunlikely that theFloridacitrus
industrywill survivein its currentform. In 2012thediseasewasfound for thefirst time in
California,andsincethat time over1500treeshavebeenconfirmedto beinfected[7]. The
industry,therefore,is in desperateneedfor guidanceon thedevelopmentanddeploymentof
effectivecontrol methods.

Huanglongbing(HLB) diseaseiscausedbyafastidiousbacterium,���������� liberibacter
spp.,with threespeciesknownto beassociatedwith HLB symptomsin differentregions.In
theUSA,theAsianCitrusPsyllid(ACP,�����	
��� ���
�) is theinvasivevectorthat is respon-
siblefor spreading���������� Liberibacterasiaticus(CLas)[4]. A healthycitrustreemay
becomeinfectedwith CLaswhenapsyllidcarryingthebacterium,i.e.bacterialiferous,feeds
on that tree(Fig1a).After infection,eachnewlyestablishedCLaspopulationincreasesand
beginsto spreadfrom theinoculationpoint non-uniformly within thetree.Post-infection,the
treeentersacrypticperiodafterwhichthetreebecomesinfectiousallowingpsyllidsto acquire
thebacterium,becomebacterialiferous,andbecomecapableof spreadingthepathogen.

What makes an effective disease control campaign?

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 2 / 20

Biotechnology andBiologicalSciencesResearch
Council(BBSRC), AchievingSustainable
AgriculturalSystems(NEC05829LTS-MASSIST)
fundedbyBBSRCandNERC,SmartCrop
Protection(SCP)strategicprogramme(BBS/OS/
CP/000001) andªSoilsto Nutritionº(S2N)grant
numberBBS/E/C/000I0330.Thefundershadno
roleinstudydesign,datacollectionandanalysis,
decisionto publish,orpreparationof the
manuscript.

Competinginterests: Theauthorshavedeclared
thatnocompetinginterestsexist.

https://doi.org/10.1371/journal.pcbi.1007570


Eventually,afteraperiodof afewweeksto multiple monthsthetreebecomessymptomatic.
Thepsyllidsfitnessispositivelyaffectedby theacquisitionof thebacteriumwith slightly
increasedfecundity[8]. Psyllidsfly directionallyovershortdistancesto neighbouringgroves
but overlongerdistancesaresusceptibleto prevailingair currents[9].

Currently,thereisno knowncurefor HLB andsocontrol relieslargelyon controlling the
psyllidbysprayinginsecticide,removinginoculumsources(infectedtrees),andensuring
cleanplantmaterialfor planting.However,becausetheseinsectscantravellongdistances,
growerscannotprotectthemselvesfrom thediseasebysprayingtheir orchardsin isolation,
theyarerelianton their neighbourscontrollingaswell.Expertsaroundtheworld therefore
advocatetheuseof `area-widecontrol' wherebyindividual growersin anareacoordinatetheir

Fig 1. A modelof HLB in the landscape.(a)A schematicshowinghowthegrowerparticipation modelis linked to theepidemiologicalmodel.
Growersjoin anarea-widecontrolprogramif their risk perceptionandtrust in area-widecontrolarehigh.This impactsthepsyllidpopulation
andsothedynamicsof thediseasein thelandscape.Observationsof infectionincreaserisk perception andcanerodethetrust in area-wide
control. Redarrowsindicatewheremodelsinteract.(b) A simulated landscaperepresentingatypicalCitrusHealthManagement Areain
Florida.Theareawherecommercialcitrusisgrownis indicatedbyredshading.

https://doi.org/10.1371/journal.pcbi.1007570.g001

What makes an effective disease control campaign?
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sprayapplicationsoveralargearea[10]. Othercontrol methodsaregenerallyconsideredless
effective[4,10,11].

To understandhowto successfullycontrol HLB acrossaregionwemustthereforelook at
bothepidemiologicalfactorsandthesocialfactorsthatmotivategrowers'choiceson control.
Historically,humanbehaviourhasbeenconsideredasanimportant factorin thespreadof
infectiousdiseases,becomingareasonablywell studiedtopic in human,andto someextent,
animaldiseases[12±17].Modelson theinterplaybetweenhumanbehaviouranddisease
epidemicshavebeendevelopedon thebasisof directobservationsof thediseasestate
[14,16,18],contactnetworks[19±22],mean-fieldwith globalmixing betweenindividuals
in thepopulation[14] andspatialcellularautomatamodels[23] to mentionsome.Previous
work on theinterplaybetweenhumanbehaviourandthespreadof animalandhumandis-
easeshavelargelyassumedthatdecisionsarebasedon cost-benefit[14,24].However,it is
wellknown thatopinion andperceptionareimportant driving factorsof humandecision
making[25±27].Thereforewechoseto useOpinion Dynamics[28±32]to developamodel
of growerbehaviourthatwecouplewith aspatiallyexplicitmodelof theregionaldynamics
of HLB.A similarapproachhasbeenusedto describethedynamicsof avianflu in humans
[33]. Themodelof thespreadof HLB usesanabundance-basedpopulationmodelto describe
thelife-cycleof ACPwith dispersalmodelledstochasticallythroughalandscape.Thetransfer
of infectionfrom ACPto treesresultsin healthytreesbecominginfectedandthenpassing
throughlatent(infectedbut not yetinfectious),cryptic (infectious)andsymptomaticstages
(symptomaticandinfectious).Onceinfectious,treesareableto passon infectionto non-bac-
terialiferousACP(Fig1). In theexamplesweconsider,thecitrustreepopulationis struc-
tured in plantingsof orchardblocksthatarearrangedin aspatialpatternin thelandscape
(Fig1b).

Beforedevelopingtheopinion dynamicmodel,wesurveyedgrowersin FloridaandCali-
fornia to find out whatthekeydriversarefor agrowerto decideto join anarea-widecontrol
campaign[7]. Fig1ashowstheconceptualmodeldevelopedon thebasisof this survey,
wherethetwo keydriversaretherisk perception(quantifiedasagrower'sperceivedproba-
bility that their grovewill becomeinfected)andthetrust in control (quantifiedbyagrower's
perceivedprobabilitythatarea-widecontrol iseffective).Thesefactorsaccordwith those
reportedto affectthepublic'sadoptionof preventionmeasuresfor humandiseasesthatare
known to bedifficult to cure[34]. Theseopinionsareinfluencedby othergrowers,consul-
tants,extensionworkersandresearchersandto alesserextentby themedia[7]. Direct
observationsalsoplayanimportant role in opinion. Firstly,theobservedstateof the
epidemic,for examplebyneighbouringplantingsbecominginfected,increasestherisk
perceptionof thegrowerconsiderably.Secondly,whenagrowerappliesthecontrol andsub-
sequentlyhisplantingsbecomeinfected,thetrust in thecontrol methoddecreasesconsider-
ably.Whentheperceivedrisk of infection,aswellasthetrust in thecontrol optionsareboth
high,agroweris inclined to join anarea-widecontrol scheme.Wedid not considerthe
importanceof theeconomicsof cropproductionanddiseasecontrol in our model.Bynot
including theeconomicsassociatedwith control wesimplifiedour modelsoallowinga
cleareranalysisof theopinion dynamicsfactorsthataffectthesuccessor failureof adisease
control campaign.

Theepidemiologicalandtheopinion dynamicmodelarecoupledby (i) thedirectobserva-
tionsgrowersmakeon thedevelopmentof theepidemic,affectingtheir opinionson risk and
trust in control,and(ii) growersjoining or not joining thearea-wide-controlschemethat
affectsthecourseof theepidemic(Fig1a).Wedeterminewhichof thefactorsin themodelsof
behaviourandcontrol efficacyaremostimportant for effectivediseasecontrol.

What makes an effective disease control campaign?
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Methods

Theepidemiologicalmodel
Wedevelopedamodelof thespreadof HLB in citrusorchardsacrossanareatypicalof aCitrus
HealthManagementArea(CHMA) in Florida[7]. Severalmodelsfor theepidemiologyof
HLB havebeendevelopedandtested[35±38],andour modelisavariantof these.Themod-
elledCHMAs werebasedon USDAstatisticswhichdescribethelocationsof citrusorchard
blocksandtheir areas.Thecitrustreepopulationisstructuredin plantingsof orchardblocks
thatarearrangedin aspatialpatternin thelandscape(Fig1b).WemodelledeachCHMA with
agrid of cells,with eachcellrepresenting1haof land.Weapproximatedeachblockareato the
nearesthaandlocatedtheassociatednumberof cellsaroundthecentroidfor thisarea.This
resultedin realisticdistributionsof citrusacrossour modelledCHMAs (seeFig1b).Forone
CHMA (Indian RiverCounty)wehaddataon theownershipof theorchardblocks(for ano-
nymity purposeseachownerwasreplacedbyanumericreferencenumber).Thisallowedusto
identify blocksthatwereassumedto bemanagedby thesamedecisionmaker(i.e.grower).
ForotherCHMAs wemodelled,weusedthedistribution of block-sizespergrowerfrom
Indian River,asthis is theonly CHMA for whichwehavesuchdata,to stochasticallyassign
blocksizes(i.e.numbersof cells)to thegrowers.Thecellallocationwasarrangedsothat,asfar
aspossible,thecellsassociatedwith aparticulargrower(or agent)werecoherentlygrouped
andsorealistic.Weusedthecitrusdistribution of amanagementcontrol areain east-central
Florida(sizeapproximately35km x 40km) for thesimulationsshownherebut notethatwe
havedonethesamefor othercontrol areaswith no differencein thequalitativeresults.

Wemadethesimplifyingassumptionthat theAsianCitrusPsyllid(ACP)populationsonly
developin grid cellswith citrus.In eachof thesecells,weuseanabundance-basedpopulation
modelto describethepopulationdynamicsof ACP.Our modeldoesnot accountfor seasonal
variation.Theexpectedlifespanof theACPisbetween30and50days.Therefore,weassumed
thatagenerationof ACPlivesfor amonth andin this time, theymaybecomeinfected(bacter-
iliferous)byacquiringCLasfrom infectedtreesduring feedingandpassthat infectionon to
thehealthytreesthat theysubsequentlyfeedon.Weassumethat thereisno verticaltransmis-
sionof infectionin thepopulation,basedon vandenBergetal.andPelz-Stelinskietal.[39,40]
whofound little to no verticaltransovarialtransmissionof thebacteriafrom psyllidparentto
offspring.Weuseastandarddiscretepopulationdynamicsequationto describethetotalnum-
ber� of ACPthatemergein cell� in month � andsurviveinsecticidespray.This isgivenby

� � �…†ˆ
�� �…�� 1†

�
s ‡ � � � � 1… †

1 � y� �…†‰ Š

where� is thecarryingcapacityof thepopulation,� is thenumberof offspringat low density,
� is theefficacyof theinsecticidesprayappliedin month �, and� �(� � 1) is thetotalnumberof
ACPin cell� andmonth � whichismadeup of individualspresentat � andnewbornsin � that
did not migrateandtheindividualsborn elsewherethatmigratedto � between� � 1and� (see
below).Wenotethat theinsecticidesprayisappliedat �  monthsof theyear(meaningthat
� � = 0 for 12� �  monthsof theyear,with spraymonthsdistributedevenlyacrosstheyear).A
proportion of the� �(�) ACPareinfectedwith thebacteriagivingthetotalnumberinfectedas

~� � …�†ˆ ‰1� ���…� bf� �…�†‡ � �…�†g†Š��…�†;

where��(�) and� �(�) arethenumbersof crypticandsymptomatictreesin cell� in month �
respectivelyand�� is therateatwhichtreespassinfectionto theACPs.

What makes an effective disease control campaign?
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Infected( ~� �…�†)andnon-bacterialiferous( ^� �…�†)populationsof ACPdisperseaccordingto

~� �…�†ˆ
X�

 ˆ1

� � 
~�  …�†

�̂ �…�†ˆ
X�

 ˆ1

� � 
^�  …�†

where~� �…�†and�̂ �…�†representthepopulationsof infectedandnon-bacterialiferouspsyllidin
cell� influencedby theflux of individualsfrom thesurroundingcellsandso

� �…�†ˆ ~� � …�†‡ �̂ � …�†,and� � is theproportion of psyllidsthatstartin cell andlandin cell�.
Wemodelledthisdispersalwith anexponentialdispersalkernel.This function iscommonly
usedin insectdispersalmodels[36,41,42].Thefunction definestheprobability� � of ACP
startingin cell andlandingin cell� andtherefore� �� � = 1.First,wecalculatethenumberof
psyllidsthat remainin their originalcell(cell �   

~�  ). Wedo thisbysamplingfrom abinomial

distribution with parametersdefinedby �   andthenumberACPthatcouldpotentiallydis-
persefrom thecell(i.e.�   

~�  …�†� !…~�  …�†;�   †).Wethenmoveto thecellsouthof thecell 

andrepeattheprocessbut first adjusttheremainingprobabilitiessothat theysumto one(i.e.
� �,�6ˆ � � = 1) andrecalculatethenumberof ACPstill to dispersebysubtractingthenumber
thatwill remainin cell from thetotal ~�  …�†.In thiswayworking aroundandoutwards,we

determinedhowmanyACPlandedin eachcelleachtime readjustingtheprobabilitiessothat
thesumisoneandrecalculatingthenumberof ACPyetto beassignedto anewcell.The
modelparametervalues(basedon [7±10])areshownin Table1.

Theinfectedpsyllidsthat landin cell� in month � theninfecthealthytrees" i(�) in cell�

#�…�‡ 1†ˆ …1� g†#�…�†‡ " �…�†…1� � � a ~� � …�††

" �…�‡ 1†ˆ " �…�†�� a ~� � …�†

where#�(�) is theproportion of infectedtreesin cell� in month �, �� is theprobabilitythat trees
in acellbecomeinfectedgiventhataninfectedpsyllidhasfedfrom them,and1/� is themean
time that treesarein alatentstage.Overtime,thelatenttreesbecomeinfectious��(�) according

Table1. Theparametersfor the population dynamicsmodelandthe diseasemodel.

Name Symbol Value

Carryingcapacityof ACPin acell � 150000(Basedon 300ACPpertreeand500
treesha-1)

Numberof surviving offspringat low density � 12

Probability infectionis passedfrom treeto ACP �� 0.0033�

Probability infectionis passedfrom ACPto tree �� 0.0033

Averagetime (months) for treeto passfrom latentto
infectiousstate

1/� 1

Averagetime (months) for treeto passfrom cryptic to
symptomatic state

1/$ 6

Dispersalparameter �� 0.00035

� Weassumed�� = �� andfitted to dataon theratethat thenumberof infectedtreesincreasesin ablock

https://doi.org/10.1371/journal.pcbi.1007570.t001
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to

� �…�‡ 1†ˆ g#�…�†‡ …1� r†� �…�†

where1/$ is themeantime that treesarecrypticallyinfectiousbeforepassingto thesymptom-
aticstate.Infectedhosttreecellsarerareandinsignificantepidemiologicallybeforepassingto
theinfectiousstate,andeventually,theinfectioustreesbecomesymptomatic� �(�) accordingto

� �…�‡ 1†ˆ � �…�†‡ r� �…�†:

Thebehaviourmodel
In themodel,growersfacethedecisionof whetherto join anarea-wide-controlprogramor
not. Their decisionis basedon their perceptionof therisk of infectionof their orchardby
HLB (quantifiedas,%
 theperceivedprobabilitythat their orchardwill becomeinfected)and
their perceptionof theeffectivenessof area-widecontrol (quantifiedby,%� theperceived
probabilitythatarea-widecontrol iseffective).Wequantifiedthesefactorsfor eachgrower
asavaluebetweenzeroandone,where%
 = 0 representsaperceptionthat thereis no risk
from HLB and%� = 0 that theyhaveno faith in area-widecontrol,and%
 = 1 representsaper-
ceptionthat their orchardwill certainlybecomeinfectedand%� = 1 that theyareconvinced
thatarea-widecontrol is effective.Wemodelledthedynamicsof %� and%
 overtime using
opinion dynamicsmodellingmethods[28±31].Modelsof opinion dynamicsallowusto sim-
ulateopinion formationwithin agroupof interactingindividuals.Theopinion %(�,�) of an
individual � changesfrom one-timestep� to thenextby incorporatingtheopinionsof others
with their own

%…�;� ‡ 1†ˆ
XZ‡1

 ˆ1

& %… ;�†

where& is theweightgivento theopinion of individual  and
P Z‡1

 ˆ1 & ˆ 1.Theweightscan

dependon severalfactorssuchastheprobabilitythat individualsmeeteachother(which
maydependon geographicclosenessor somecommunicationnetwork)or theclosenessof
opinions(individualswith quitedifferentopinionsmayneverbeinfluencedby oneanother).
In our model,anindividual � interactswith �� otherindividualswhoarechosenat random
with probabilityproportionalto exp(±� ' ��� ), where� is thedistancebetweenindividuals'
orchardsand��� is therangeparameter.That is to say,thatateachtime stepweselectthe��
individualsto interactwith grower�. Theprobabilitythataparticulargrower is selectedto
communicatewith grower� is givenby

� � ˆ
��� …��  =k�†

P
�2O ���…� � � =k�†

whereO representsthepopulationof growerswhohavenot beenalreadyselectedto interact
with grower�. Wenotethat for thepurposesof this distancecalculationweallocatedthe
growersresidenceto oneof thecellstheyownedat random.Oncethe�� growerswhocom-
municatewith grower� areselectedwecalculatetheweights& . Theweights& aredeter-

minedby theclosenessof opinion andareproportionalto ��� � j%…�;�†� %… ;�†j
k(

� �
where��( is the
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opinion rangeparameter.That is to say,

& ˆ
��� �

j%…�;�†� %… ;�†j
k(

� �

P Z‡1
�ˆ1 ��� �

j%…�;�†� %…�;�†j
k(

� � :

Wenotethat theparameter&� for grower� is largest,meaninganindividual'sownopinion
hasgreatestweight.Theparameter��( alterstheweightingof opinionslistenedto andsocon-
vergenceof opinion.Largervaluesof ��( givemoreequalweightingacrossdifferencesin opin-
ion thansmaller(seeFig2), to theextentthat if differencesof opinion areparticularlylarge
theyareeffectivelyignored.Thisaffectsopinion consensusandcanresultin opinion fragmen-
tation (i.e.thephenomenawheretheopinionsof agentswill neverconvergeto onevalue,see
[30] for morediscussionandillustrations).Wealsoincludedtheinfluenceof extensionagents
on theopinionsof thegrowers.In themodel,extensionagentsdisseminateinformation on
HLB control to all growersatafrequencyof # timesperyear.This increasethegrowers'per-
ceptionsof therisk of becominginfectedbyHLB (%
) andtheir beliefthatarea-widecontrol is

Fig 2. Theeffectof the parameter ��� on the weighting of opinion. Therelativeweightagrower� givesto anopinion of grower asa

function of thedifferencein opinion (|%(�,�) � %( ,�)|) asatagiventime �. All weightsarescaledsothat
PZ‡1

 ˆ1
& ˆ 1.

https://doi.org/10.1371/journal.pcbi.1007570.g002
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effective(%�) byagivenamount#�. That is to say

%�; � ‡ 1… †ˆ ���
XZ‡1

 ˆ1

& %… ;�†‡ #� d ��	 � ;
12
#

� �� �
; 1

 !

;

where�� isanimpulsefunction that takesthevalueof ��(0) = 1,andzeroelsewhere.If agrower
observesmorethan0.2%of treeswith infectionin acellthat theymanage(whichequatesto a
wholetree)then%
 becomesone.Similarly,if agrowerjoinedanarea-widecontrol programat
least� � monthsagobut still observesanaverageincreasein diseasegreaterthan1%acrosshis
orchardsthen%� reducesbyafactorof ��. That is to say,if grower� (whoowns�öcells)hasbeen
partof thearea-widecontrol programfor at least� � monthsandobserves

1
L �

XL �

�ˆ1

f� � …�†� � � …�� 1†g> 1

thenthegrower'sbeliefthatarea-widecontrol iseffective(%�) will reduceby ��.
In themodel,growersjoin thearea-wide-controlprogramif %� and%
 exceedgiventhresh-

olds.An insecticidesprayisappliedafixednumberof timesperyearto all orchardsmanaged
by individualswhohavejoinedthearea-wide-controlprogram.

Implementing the model
Weassignedto eachof theparametersin theopinion dynamicmodelasetof valuesthat,
accordingto our experts,spannedrealisticranges(Table2).Similarly,weassignedsetsof val-
uesto theparametersthatdescribedtheefficacyof theinsecticideandthenumberof insecti-
cideapplicationsthatwereundertakeneachyearunderarea-widecontrol.Theparameter
valuesof theepidemiologicalmodelremainedat thedefaultsettingsastheseparametervalues
are,asexplained,relativelywellknown.Next,a largeseriesof simulationsweredoneusingall
combinationsof parametervalues.

Results
Therearebroadlytwo typesof outcomefound in our simulations.Firstly(Fig3a)control
success.In thisoutcomescenario,thenumberof orchardblocksinfectedandthedensityof
bacterialiferous(CLasinfected)psyllidsinitially increase.This,in turn, increasestherisk per-
ceptionof growersto suchanextentthat theyjoin thearea-widecontrol program.Asgrowers
join thecontrol programme,thedensityof bacterialiferouspsyllidsdecreasesandthenumber
of infectedorchardblocksdoesnot further increase,leadingto anepidemicundercontrol:
Control success.Thesecondpossibility(Fig3b) iscontrol failure.Initially, growersstartjoin-
ing theareawidecontrol scheme,but their trust in control iscompromisedbecauseafterjoin-
ing theareawidecontrol schemetheir orchardsbecomeinfected.Thisstimulatesthemto
drop out of thearea-widecontrol program,consequentlytheepidemicgrowsrapidlyand
eventuallymostorchardsbecomeinfected:Control failure.

Thecontrol successandthecontrol failureshownin Fig3 resultedfrom exactlythesame
setof parametervalues.Theonly differencebetweenthetwo simulationsis themeaninitial
risk perceptionandthemeaninitial trust in control of thegrowers(`mean'becauseeach
growerhasinitial valuesfor risk perceptionandtrust in area-widecontrol thataredrawnfrom
abetadistribution with adefinedmeanandvariance).It mustbesaidthat thesimulations
shownwerechosenfrom asetof runs,wheredueto thestochasticnatureof themodel,some
runsshowcontrol successwhileotherscontrol failure.Weconsiderthequestion,ªIs this result
causedby theparticularsetof parametervaluesselectedor is it amoregeneralphenomenon?º
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Wedid asensitivityanalysisto establishwhichfactorsin our opinion dynamicsmodelwere
mostimportant for control success.Wealsodid further simulationsandcalculatedtheproba-
bility of control successor control failurefor arangeof meaninitial risk perceptionandmain
initial trust in thecontrol optionsof thegrowers(seebelow).

Sensitivityanalysis
Modelparametersfor theepidemiologicalmodelwerebasedon publishedinformation on the
epidemiologyof HLB andfrom publishedmodels[35±38].For theopinion dynamicspartof
themodelthereareno parametervaluesknownto quantifytheeffectsof interactionsof grow-
erson their opinion,no quantitativeinformation isknownabouttheeffectof consultants,
extensionworkersandresearcheron groweropinion,nor isanythingknownaboutthelevelof
risk andlevelof trust neededfor agrowerto join thearea-widecontrol program.Therefore,
weusedexpertknowledgeelicitationto obtainplausiblerangesfor theseparameters.To this
end,rangesof parametervaluesfor theopinion dynamicsmodelwereprovidedto usby
experts(oneof themis thesecondauthor).Theinitial risk perceptionandinitial trust in the
control for eachindividual growerweresampledfrom betadistributionswith definedmean
andvariance(seeMethods).

Wedid asensitivityanalysisto establishwhichfactorsin our modelweremostimportant
for control success.Our emphasisison factorsrelatedto control efficacyandgrowerbehav-
iour. For this reason,(andbecausetheparameters'valuesfor theepidemiologicalmodelare
relativelywellknown) theparametervaluesof theepidemiologicalmodelremainedat the
defaultsettingsandweonly exploredthemodelsensitivityto theparametersrelatedto control

Table2. Theparametersfor the grower-decision and the control models,with the valuesusedin our analysis.
Thenumbersin boldwereusedin thesimulationsexceptwhenotherwisestated.

Name Symbol Parametervalues
explored

Numberof individualsthatcommunicate.Thisparameteraffectstherateof
convergenceof opinion. If only fewindividualsinteractin atime-stepthe
convergencewill takelonger.

�� 10,60,120

Therangeparameter determining theprobabilitytwo growerscommunicate
(km). Thisparameteraffectstherateof spatialspreadof opinion formulation.If
therangeparameter issmallthenspatialspreadwill besomewhatslower.

��� 1,3,12

Therangeparameter determining theweightingof opinionsbasedon closenessof
opinion.Thisaffectshowindividualsweightheopinionsof othersgivenhow
closethatopinion is to theonetheindividual currentlyholds.Largervaluesof ��(
giveamoreequalweight.

��( 0.05,0.2,0.5

Frequencythat information is disseminated byextensionagents(numberof times
peryear).

# 0,3,6,12

Impactof information from extensionagents.Thegreaterthevaluethemore
impacttheextensionagenthason thegrowers'opinions.

#� 0.2,0.4,0.6

History of control (months). If thegrowerjoinedanarea-widecontrol programat
least� � monthsagobut still observesanincreasein diseasegreaterthan1%
acrosshisorchardstheyloosefaith in area-widecontrol (i.e.%� decreasesby ��).

� � 2,6

Reductionin beliefif infectionis observeddespitecontrol beingapplied �� 0.4

Meaninitial beliefin control acrossthepopulationof growers ) � 0.2,0.5,0.8

Varianceof initial beliefin control acrossthepopulationof growers s2
� 0.01,0.05,0.1

Meaninitial risk perceptionacrossthepopulationof growers ) 
 0.2,0.5,0.8

Varianceof initial risk perceptionacrossthepopulationof growers s2

 0.01,0.05,0.1

Frequencyof control±thenumberof spraysperyear. �  6,12

Kill rate � 0.7,0.94

https://doi.org/10.1371/journal.pcbi.1007570.t002
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efficacyandbehaviour(seeMethods,Table1 for detailsof the11parametersexploredandthe
setsof valuesused).

WeanalysedthesimulationresultsusingANOVA with up to three-wayinteractionsto
identify themostimportant factorsfor controlling theepidemic(measuredastheproportion
of cellsinfectedat theendof 36months).In theANOVA, parametersweretreatedasfactors,
whilespecificparametervalues(4 for oneof theparameters,3 for 8 of theparametersand2 for
3of theparameters)weretreatedaslevels(Table1).Wecouldnot treatall 11parametersas
factorsatoncebecausewehadno replication(i.e.weraneachcombinationof parameterval-
uesonly once).Therefore,weusedcombinationsof eightparametersatatime asfactorsand
comparedthepercentagevarianceaccountedfor to determinewhichcombinationof factors
bestexplainedtheproportion of infectedcells.That is to say,weconsidered495statistical

Fig 3. (a) A simulated scenariowherecontrol of HLB is successful.Theevolutionof risk perceptionandtrust in control isshownfor
eachgrowerin theregion(eachgrowersperceptionis represented byacolouredline).Risksharplyincreaseswhengrowersobserve
diseasein their orchardsandthenquicklypersuadetheir neighboursthediseaseisaseriousthreatandto trust in area-widecontrol.(b)
A simulated scenariowherecontrol of HLB fails. Groweruptakeof control isnot rapidenoughto control thediseaseandsothe
diseasebecomesendemicandproliferates.Growerswhohavejoinedanarea-widecontrolprogramobservethat it isnot workingand
drop out.Wenotethemodelhasamonthly timestep.

https://doi.org/10.1371/journal.pcbi.1007570.g003
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models(� 12,8ª12choose8º) to seewhichcombinationof eightparametersaccountedfor the
mostvariation.Oncethebestmodelwasselected,weusedtheF-probabilityto orderthe
importanceof theeightfactorsusedin thefinal selectedmodel.

In total209952(= 4 
 38 
 23) simulationsweredoneto exploreall combinationsof the
parameters.Themodelthataccountedfor themostvariationin theresponsevariable(thepro-
portion of cellsinfected,O) was

O ˆ k0 � #* � #� � m� � m
 � s2
� � �  � y

whereeachparameterisdescribedin Table3.
All of thesefactorsandmanyof their two andthree-wayinteractionswerehighlysignificant

<0.001(Table3),whichcanbeattributedto thelargesizeof thedataset.Theseareshownin
Fig4 in orderof highestto lowestimportance.

Furtherexplorationshowedthat if theefficacyof theinsecticide,� ispoor (eitherbecause
theinsecticideis ineffectiveor becauseit isappliedtoo infrequently)thencontrol successcan-
not beachieved(Figs5 and6). If theinsecticideiseffective,however,frequentandeffective
contactwith extensionservicescansubstantiallyincreasetheprobabilityof control success
(Fig5). Initial trust in thecontrol methodalsohasastrongeffect(Fig6) comparedwith, for
example,theinitial risk perceptionof thegrowers(Fig7).

Wedid further simulationsandcalculatedtheprobabilityof control successor control fail-
urefor arangeof meaninitial risk perceptionandmain initial trust in thecontrol optionsof
thegrowers(Fig8).Thisconfirmsandillustratesthat themeaninitial trust in thecontrol
optionsisafar moreimportant factorin thesuccessof thediseasecontrol campaignthanthe
meaninitial risk perception.

Discussion
To our knowledge,plant-epidemiologicalmodelshaveneverbeencoupledwith opinion
dynamicmodels.Weshowherehowanopinion dynamicmodelcanbeintuitively coupledto
anepidemiologicalmodel.Thekeyaspectis that theopinion of agivengroweron risk and
trust in control (whichareinfluencedby theopinionsof otherindividualsandthedirect
observationof theepidemic)determinetheprobabilitythat theindividual will join thearea-
wide-controlscheme.In turn, thecontrol affectsthecourseof theepidemic.Opinionsarekey
driving forcesbehindhumandecisionmakingandsoit isessentialthat theseareaccounted

Table3. TheANOVA tablereporting main effectsonly.

Sourceof variation Degreesof freedom Sumof squares Meansquares Varianceratio F pr.

Opinion range(��+) 2 43.77 21.89 450.45 < .001

Extensioninformation freq.Numberof interactionsperyear(#*) 3 3158 1053 21664.67 < .001

Extensioninformation effect(#�) 2 7.345 3.673 75.59 < .001

Meaninitial risk perceptionacrossthepopulationof growers
() 
)

2 8.083 4.041 83.18 < .001

Meaninitial beliefin control acrossthepopulationof growers
() � )

2 1309 654.7 13475.39 < .001

Variancein belief(s2
� ) 2 13.02 6.512 134.03 < .001

Freq.of spray(numberof spraysperyear)(� ) 1 9166 9166 188600 < .001

Sprayefficacy(�) 1 7854 7854 161700 < .001

Residual 209936 10200 0.04859

Total 209951 31760

https://doi.org/10.1371/journal.pcbi.1007570.t003
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for whenconsideringhowto maximizethepotentialimpactof voluntarydiseasecontrol
campaignssuchasthoseassociatedwith thecontrol of HLB.Wehaveshownthatcouplingan
epidemiologicalmodelwith anopinion dynamicmodelcangiveinsightinto thesesortsof
systems.

Clearly,andintuitively, theefficacyof thecontrol program,i.e.,theinsecticidekill rateand
thenumberof applications,is themostimportant factorin thesuccessof anHLB control cam-
paign.Of theopinion-dynamicparameters,wehaveshownthat for HLB aimingto inform
growersabouttheeffectivenessof theregionallycoordinatedcontrol actionsandtheefficacy
of theinsecticideprogrammaybeof greatestimportance.Thiscoincideswith thewidersocial
scienceliteraturewhereit is reportedthatgrowerengagementwith adviceandsupportnet-
worksplaysacritical role in thetake-upof participatoryactivitiessuchasregionalpestcontrol
or agri-environmentalschemes[43±45].This is thoughtto bebecausethesenetworksprovide
avaluablesourceof information andhelpto engenderasenseof sharedresponsibility.The
extentto whichengagementcanshapeattitudestowardsbeliefisdependenton thelengthand

Fig 4. Tornado graphshowingthe correlation betweeneachvariableandthe proport ion of cellsinfected.

https://doi.org/10.1371/journal.pcbi.1007570.g004
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frequencyof engagement([7] andreferenceswithin): if contactbetweenextensionservices
andgrowersbecomesinfrequentthenimportant scientificmessagescanbecomeforgottenor
diluted.Thisagreeswith thefindingsof our model.

Theinitial trust in thecontrol optionsisalsoshownto beof keyimportance,justasin the
simulationsshownFigs3and8.Themostsurprisingfinding is that theinitial risk perception
playsarelativelyunimportant role in determiningthesuccessof anHLB control campaign.
Furtheranalysisof thisphenomenonshowedthat thereasonfor this is found in theeffectof
thedirectdiseaseobservationson therisk perception.Whentheepidemicstartsto infectmore
andmoreorchards,growersform opinionsfrom `direct'observationconcerningthechances
that their orchardswill alsobecomeinfected.Thesedirectobservationsstartto overriderisk

Fig 5. Theresultsof the simulations.Theproportion of cells(1 haareas)infectedat theendof thesimulation is
plottedagainstthefrequency atwhichinformation isdisseminatedbyextensionagentsfor eachcombinationof spray
efficacy(�) andsprayfrequency(� ). All otherparametersvalueswerevariedasdescribedin Table2 resultingin the
rangesof outcomesobservedfor eachcombination of � and� .

https://doi.org/10.1371/journal.pcbi.1007570.g005
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perceptiondynamicsdueto the`indirect'opinionsderivedfrom othergrowers.This increased
risk perceptiondoesnot applyto thetrust in thecontrol option.Thesocialdynamicswith
advisorsincreasingthetrust in control isstill strongly,but negativelyaffectedwhengrowers
seethecontrol failing.In practice,perceptionsof thelevelof risk of diseasehavebeenshown
to beconnectedwith theproximity of disease[7]. Therefore,it is important thatgrowersare
givenfrequentandaccurateupdateson thelocationandintensityof diseaseoutbreaksaswell
asclearinformation on appropriatecontrol measures.

Therangeof opinionsthatgrowerspayattentionto wasalsoon our list of important social
factors.In practice,this relatesto howwilling growersareto adapttheir opinionsto views

Fig 6. Theresultsof the simulations.Theproportion of cells(1-haareas)infectedat theendof thesimulationis
plottedagainsttheinitial beliefin thecontrolmethodfor eachcombination of sprayefficacy(�) andsprayfrequency
(� ). On all simulationsthefrequency information wasdisseminatedwassetto zero(# = 0).All otherparameters
valueswerevariedasdescribedin Table2 resultingin therangesof outcomesobservedfor eachcombinationof � and
� .

https://doi.org/10.1371/journal.pcbi.1007570.g006
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quitedifferentfrom their own.If growersarewellconnected,thenit ismorelikely that their
opinionswill evolveovertime astheywill encounterrangesof opinionsthatmayslowlyper-
suadethem.Thisreflectsthephenomenonthatgrowerswhoaremoreisolatedin opinion
or not wellnetworkedtendto bemoredifficult to engageastheylackinformation andare
reportedto bepotentiallymoreimmuneto influencesfrom their peers[46].

In manyinformation programsaimedat informing andpreparingthepublic,or aprofes-
sionalgroupof apossibleinfectiousdisease,thereoftenismuchemphasison therisksthedis-
easeposes.Our researchquestionswhetherthat isanecessaryapproach,especiallyin thelight
of thepotentiallossof trust with thepublic if theepidemicdoesnot actuallytakeplace,aswas
thecasefor theofficial swineflu warningin 2009[34]. Wenotehoweverthatwehaveshown

Fig 7. Theresultsof the simulations.Theproportion of cells(1-haareas)infectedat theendof thesimulationis
plottedagainsttheinitial risk perception aboutHLB for eachcombination of sprayefficacy(�) andsprayfrequency
(� ) on all simulationsthefrequencyinformation wasdisseminated wassetto zero(# = 0).All otherparametersvalues
werevariedasdescribedin Table2 resultingin therangesof outcomesobservedfor eachcombinationof � and� .

https://doi.org/10.1371/journal.pcbi.1007570.g007
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this for HLB andit remainsto beinvestigatedwhetherthisholdsmoregenerallyor if the
emphasisof information campaignsshouldbedecidedon acasebycasebasis.

Supporting information
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