University of

Salford

MANCHESTER

o # S

%&&'( ( &)*O)+)&. ( O™/7

#
% %&&. (0 ((& & &1+2/&
3*3*
45 0 .0 4 60 0 (
0 6
0 7 .6 (
6 0. 6
$ .. 6 )
6 % 8 0 ((. (



mailto:usir@salford.ac.uk

BIOLOGY

O PLOS

COMPUTATIONAL

Check for
updates

G 23(1%&&(66

Citation:MilneAE Gottwad T, ParnelSR,Alonso
Chave¥,vandenBoschrF(2020)Whatmakesor
breaksacampajnto stopaninvadingplant
pathogenPLoSCompuBiol16(2):e1007570.
https://da.org/10.1371durnal.pbi.1007570

Editor:Jamed_loyd-Snth, Universityof California,
LosAngelesUNITECBTATES

ReceivedApril25,2019
AcceptedNovembeR6,2019
Published:Februarg, 2020

CopyrightThisis anopenaccessrticle freeof all
copyrightandmaybefreelyreproduced,
distributedtransmited, modifiel, builtupon,or
otherwisausedby anyonédor anylawfulpurpose.
Theworkis madeavailableinderthe Creative
CommongCCQpublicdomaindedication.

DataAvailability StatementAllrelevantiata(data
fromthesimulatiols andanalysisprewithinthe
manuscripandits Supportingnformatiorfiles.
Thecodeandadditionatiataareavailabldere:
https://zenod.org/badgéatestdoi/22877996.

Funding:Thisresearctwasfundedoy USDA,
APHISFarmBill Grantproject15-8130-052-CA
aMinimizingsocio-pliticalimpactsto maximize
cost-effectie controlof emergingplantpests®.A.
MilneandF.vandenBoscharesupportedy the
InstituteStrategidrogrammeésrantsDelivering
Sustainald System8BB/J/00426x/1fundedby

RESEARCH ARTICLE

What makes or breaks a campaign to stop an
invading plant pathogen?

1

Alice E. Milne ®' , Tim Gottwald @2, Stephen R. Parnell 3, Vasthi Alonso Chavez®?,

Frank van den Bosch *

1 Sustainable Agricultural Systems, Rothamsted Research, Harpenden, United Kingdom, 2 USDA-ARS Fort
Pierce, Florida, United States of America, 3 Ecosystems and Environment Research Centre, School of Science,
Engineering and Environment, University of Salford, Greater Manchester, United Kingdom, 4 Department of
Environment and Agriculture, Centre for Crop and Disease Management, Curtin University, Perth, Australia

alice.milne@rothamsted.ac.uk

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. Itis
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

Thesuccessfuegionalcontrol of emergingandinvasivediseasesftenrequiresthata
sufficientlylargeproportion of the populationcomplywith the control strategyThisis
notablythe casan diseasesuchasmeaslesut alsoappliesto epidemicsn animalsand
plants.If insufficientnumbersof stakeholdersomplywith diseaseontrol, or if control
becomesincoordinatedior somereasonthencontrol fails. Therefore poth epidemiologi-
calandhumanbehaviourafactorsinfluencethe outcomeof emergingendemicand
invasivediseaseontrol campaignsMathematicamodelsareoftenusedto determine
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What makes an effective disease control campaign?
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factorsthat areimportant for diseaseontrol to besuccessfuhut thesemodelstendto
focuson the epidemiologyand efficacyof control, frequentlyneglectinghumanbehav-
iour. A numberof mathematicamodelsof humandiseaseandto someextentanimaldis-
easalo incorporateparticipationor compliancebehaviourshoweverstudiedooking at
humanactionsandattitudestowardsplantdiseaseontrol arequite rareandalmostexclu-
sivelydriven by pay-offsor directobservationsf the diseasestatelt is howevererywell
known that opinion, for exampleabouthow effectivecontrol is perceivedo be,is alsoa
keydriving factorof humandecisionmaking.Hereweconsiderthe casestudyof Citrus
Huanglongbingdiseas€éHLB), adevastatingnvasivediseasén citruswhichthreatens
productionworldwide.We showhow by couplingan epidemiologicaimodelwith an
opinion dynamicsmodelit is possiblego answelthe question\What makesor breakshe
effectivenessf adiseaseontrol campaign?

Introduction

Thecontrol of agriculturalpestsanddiseaseis oftenmosteffectivef thetreatmentis applied
in acoordinatedwayacrossaregion.Thisis particularlytrue in casesvheregrowerscannot
protecttheir cropsin isolationbut rely on the cooperatiorof othersto achieveeradicationor
suppressiomf the pestor diseasén their area.Therehavebeenmanystudieghatlook atthe
populationdynamicsof plantsandtheir pathogenso determineoptimal approachegor con-
trol of suchpestsanddiseasefl+3], but noneof thesehaveaccountedor the factthat effective
control oftenrelieson the voluntaryassimilationof the control methodsby decisionmakers,
i.e.growers.Thesdandividualsmustweighthe relativecostsyisk of infection,andthereliabil-
ity of control methodsIf individualsdo not co-operatehen control is almostcertainto fail.
Control succesthereforereliesnot just on the efficacyof the availablanethodsof control,
but alsoon factorsrelatedto humanbehaviourThisleadsusto the question:

? Our questionapplieso manyplant-pathogersys-
temsfrom aroundthe globe eachwith its own uniquesetof epidemiologicaleconomicand
socialconstraintsHerewe consider arguablyone of the mostseriousof these Huanglongbing
diseas€HLB), alsoknown ascitrus greening.

Huanglongbing(HLB) is adevastatingliseasén citruswhichthreatenghe sustainabilityof
citrus productionthroughoutthe world and hascausedillions of dollars'worth of loseq4].
Forexamplejn Florida,thediseasevasfirst found in 2005andhassincecausednorethanan
80%reductionin citrus production[5,6]. It is now consideredunlikely thatthe Floridacitrus
industrywill survivein its currentform. In 2012the diseasevasfound for thefirst timein
California,andsincethattime over1500treeshavebeenconfirmedto beinfected[7]. The
industry,thereforejsin desperat@eedfor guidanceon the developmenanddeploymentof
effectivecontrol methods.

Huanglongbing(HLB) diseasés causedy afastidiousbacterium, liberibacter
spp.,with threespecie&nown to beassociatedith HLB symptomsn differentregions.n
the USA, the AsianCitrus Psyllid(ACP, ) istheinvasivevectorthatis respon-
siblefor spreading LiberibacterasiaticugCLas)[4]. A healthycitrustreemay
becomanfectedwith CLaswhenapsyllid carryingthe bacterium,i.e.bacterialiferousfeeds
onthattree(Fig 1a).After infection,eachnewlyestablishe€Laspopulationincreasesind
beginsto spreadrom theinoculationpoint non-uniformly within the tree.Post-infectionthe
treeentersacryptic period afterwhich the treebecomesnfectiousallowingpsyllidsto acquire
the bacterium becomebacterialiferousandbecomecapablef spreadinghe pathogen.
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Fig 1. A modelof HLB in the landscape(a) A schematishowinghow the growerparticipgion modelis linked to the epidemiobgicalmodel.
Growergoin anarea-widecontrol programif their risk perceptionandtrustin area-widecontrol arehigh. Thisimpactsthe psyllid populaton
andsothe dynamicsof the diseasén thelandscapeObservatnsof infectionincreaseisk perceptiom andcanerodethetrustin area-wide
control. Redarrowsindicatewheremodelsinteract.(b) A simulatel landscapeepresentingatypical Citrus HealthManagemehAreain
Florida. Theareawherecommerciakitrusis grownis indicatedby red shadirg.

https://dbi.org/10.137/journal.pcbi.107570.g001

Eventually afteraperiod of afewweekgo multiple monthsthe treebecomesymptomatic.
The psyllidsfitnessis positivelyaffectedby the acquisitionof the bacteriumwith slightly
increasedecundity[8]. Psyllidsfly directionallyovershortdistanceso neighbouringgroves
but overlongerdistancesresusceptibléo prevailingair currents[9].

Currently,thereis no known curefor HLB andsocontrol relieslargelyon controlling the
psyllid by sprayinginsecticide removinginoculum sourceginfectedtrees)andensuring
cleanplantmaterialfor planting. However becaus¢hesansectscantravellong distances,
growerscannotprotectthemselvefrom the diseaséy sprayingtheir orchardsin isolation,
theyarerelianton their neighbourscontrolling aswell. Expertsaroundthe world therefore
advocatehe useof “area-wideontrol' wherebyindividual growersin anareacoordinatetheir
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sprayapplicationsoveralargearea[10]. Other control methodsaregenerallyconsideredess
effectivd4,10,11].

To understandchowto successfullgontrol HLB acrossaregionwemustthereforelook at
both epidemiologicafactorsandthe socialfactorsthat motivategrowers'choiceson control.
Historically,humanbehaviourthasbeenconsiderecasanimportant factorin the spreadof
infectiousdiseasefiecomingareasonablyvell studiedtopicin human,andto someextent,
animaldiseasefL2+17].Modelson theinterplaybetweerhumanbehaviourand disease
epidemicshavebeendevelopedn the basisof directobservation®f the diseasstate
[14,16,18]contactnetworks[19+22],mean-fieldwith globalmixing betweerindividuals
in the population[14] and spatialcellularautomatamodels[23] to mention some Previous
work on theinterplaybetweerhumanbehaviourandthe spreadof animalandhumandis-
easebavelargelyassumedhat decisionsarebasedn cost-benefi{14,24].However|t is
wellknown that opinion and perceptionareimportant driving factorsof humandecision
making[25+27].Thereforewechoseto useOpinion Dynamics[28+32]to developamodel
of growerbehaviourthatwe couplewith a spatiallyexplicitmodelof theregionaldynamics
of HLB. A similar approachhasbeenusedto describehe dynamicsof avianflu in humans
[33]. Themodelof the spreadbf HLB usesanabundance-basgubpulationmodelto describe
thelife-cycleof ACPwith dispersamodelledstochasticallyhroughalandscapeThetransfer
of infectionfrom ACPto treesresultsin healthytreesbecominginfectedandthenpassing
throughlatent(infectedbut not yetinfectious),cryptic (infectious)and symptomaticstages
(symptomaticandinfectious).Onceinfectious treesareableto passon infectionto non-bac-
terialiferousACP (Fig 1). In the examplesveconsider the citrustreepopulationis struc-
turedin plantingsof orchardblocksthatarearrangedn aspatialpatternin the landscape
(Fig 1b).

Beforedevelopinghe opinion dynamicmodel,wesurveyedyrowersin Floridaand Cali-
forniato find out whatthe keydriversarefor agrowerto decideto join anarea-widecontrol
campaign7]. Fig lashowsthe conceptuamodeldevelopedn the basisof this survey,
wherethetwo keydriversaretherisk perception(quantifiedasagrower'sperceivedroba-
bility thattheir grovewill becomenfected)andthetrustin control (quantifiedby agrower's
perceivedprobabilitythat area-widecontrol is effective) Thesefactorsaccordwith those
reportedto affectthe public'sadoptionof preventionmeasure$or humandiseasethatare
known to bedifficult to cure[34]. Theseopinionsareinfluencedby othergrowers consul-
tants,extensionvorkersandresearcherandto alesseextentby the media[7]. Direct
observationglsoplayanimportantrole in opinion. Firstly,the observedtateof the
epidemic for exampleby neighbouringplantingsbecominginfected,increasesherisk
perceptionof the growerconsiderablySecondlywhenagrowerapplieshe control andsub-
sequenthhis plantingsbecomenfected thetrustin the control methoddecreasesonsider-
ably.Whenthe perceivedisk of infection,aswellasthetrustin the control optionsareboth
high,agrowerisinclinedto join anarea-widecontrol schemeWe did not considerthe
importanceof the economicof crop productionanddiseaseontrolin our model.By not
including the economicsassociatewvith control we simplified our modelsoallowinga
cleareranalysi®f the opinion dynamicsfactorsthat affectthe successr failure of adisease
control campaign.

Theepidemiologicahndthe opinion dynamicmodelarecoupledby (i) thedirectobserva-
tions growersmakeon the developmenbf the epidemic affectingtheir opinionson risk and
trustin control,and(ii) growergoining or not joining the area-wide-controschemehat
affectghe courseof the epidemic(Fig 1a).We determinewhich of the factorsin the modelsof
behaviourand control efficacyaremostimportant for effectivediseaseontrol.
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Methods
The epidemiologicalmodel

Wedevelopedmodelof thespreadf HLB in citrusorchardsacrossanareatypicalof aCitrus
HealthManagemenfrea(CHMA) in Florida[7]. Severamodelsfor the epidemiologyof
HLB havebeendevelopedndtested35+38],and our modelis avariantof these Themod-
elledCHMASs werebasedn USDA statisticavhich describehelocationsof citrus orchard
blocksandtheir areasThe citrus treepopulationis structuredin plantingsof orchardblocks
thatarearrangedn aspatialpatternin thelandscapéFig 1b). We modelledeachCHMA with
agrid of cellswith eachcellrepresentindl haof land. We approximatedeachblock areato the
neareshaandlocatedthe associatedumberof cellsaroundthe centroidfor this areaThis
resultedn realisticdistributionsof citrus acrossour modelledCHMAS (see~ig 1b).Forone
CHMA (Indian RiverCounty)wehaddataon the ownershipof the orchardblocks(for ano-
nymity purposesachownerwasreplacedy anumericreferencenumber).This allowedusto
identify blocksthatwereassumedo be managedy the samedecisionmaker(i.e.grower).
For other CHMAs we modelledweusedthe distribution of block-sizeper growerfrom
Indian River,asthisisthe only CHMA for whichwehavesuchdata,to stochasticallassign
blocksizeqi.e.numbersof cells)to the growers Thecellallocationwasarrangedsothat, asfar
aspossiblethe cellsassociateith aparticulargrower(or agent)werecoherentlygrouped
andsorealistic. We usedthe citrus distribution of amanagementontrol areain east-central
Florida(sizeapproximately35km x 40km) for the simulationsshownherebut notethatwe
havedonethe samefor othercontrol areaswith no differencen the qualitativeresults.

We madethe simplifyingassumptiorthat the AsianCitrus Psyllid(ACP) populationsonly
developn grid cellswith citrus.In eachof thesecells weuseanabundance-basqbpulation
modelto describehe populationdynamicsof ACP.Our modeldoesnot accountfor seasonal
variation. The expectedifespanof the ACPis betweerB0and50days.Thereforeweassumed
thatageneratiorof ACP livesfor amonth andin thistime, theymaybecomeanfected(bacter-
iliferous) by acquiringCLasfrom infectedtreesduring feedingand pasghatinfectionon to
the healthytreesthattheysubsequentljeedon. We assumehatthereis no verticaltransmis-
sionof infectionin the population,basedn vandenBergetal. and Pelz-Stelinskétal.[39,40]
who found little to no verticaltransovariatransmissiorof the bacteriafrom psyllid parentto
offspring.We usea standarddiscretepopulationdynamicsequationto describehetotal num-
ber of ACPthatemergan cell in month andsurviveinsecticidespray.Thisis givenby

- o1t -
L ﬁ/h) y..1S

where isthe carryingcapacityof the population, isthe numberof offspringatlow density,
is the efficacyof theinsecticidesprayappliedin month ,and (  1)isthetotal numberof
ACPin cell andmonth whichis madeup of individualspresentat andnewbornsin that
did not migrateandthe individualsborn elsewher¢hat migratedto between 1land (see
below).We notethattheinsecticidesprayis appliedat monthsof theyear(meaningthat
=0for 12 monthsof theyear with spraymonthsdistributedevenlyacrosgheyear).A
proportionofthe () ACPareinfectedwith thebacteriagivingthe total numberinfectedas

~.1" %1 ... bf .ttt ..fgfS..1t;

where () and () arethenumbersof crypticandsymptomatidreesin cell in month
respectiveland istherateatwhichtreespasdnfectionto the ACPs.
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Infected( ~ ..1)andnon-bacterialiferoug " ..:)populationsof ACP disperseaccordingto

where™~ ..tand” ..trepresenthe populationsof infectedand non-bacterialiferoupsyllidin
cell influencedby theflux of individualsfrom the surroundingcellsandso

.1~ ~.tf "..t.and istheproportion of psyllidsthatstartin cell andlandin cell .
We modelledthis dispersalvith anexponentiadispersakernel. Thisfunctionis commonly
usedin insectdispersamodels[36,41,42]Thefunction defineshe probability of ACP
startingin cell andlandingin cell andtherefore = 1.First,wecalculatehe numberof
psyllidsthatremainin their original cell(cell  ~). Wedo this by samplingfrom abinomial
distribution with parameterslefinedby  andthe numberACPthat could potentiallydis-
perséromthecell(ie. ~..f .7 .1; T).Wethenmoveto thecellsouthofthecell
andrepeathe procesut first adjustthe remainingprobabilitiessothattheysumto one(i.e.

&~ =1)andrecalculatehe numberof ACP still to disperseby subtractingthe number

thatwill remainin cell from thetotal ~..f.In thiswayworking aroundandoutwardswe
determinedhow manyACP landedin eachcelleachtime readjustinghe probabilitiessothat
thesumis oneandrecalculatinghe numberof ACPyetto beassignedo anewcell. The
modelparametervaluegbasecn [7+10])areshownin Tablel.

Theinfectedpsyllidsthatlandin cell in month theninfecthealthytrees' ;() in cell

#..1 11" .1 gf#.ff " 1.1 Lt

PR S s B

wheret () isthe proportion of infectedtreesin cell in month , istheprobabilitythattrees
in acellbecomenfectedgiventhat aninfectedpsyllid hasfed from them,and1/ isthemean
time thattreesarein alatentstageOvertime, the latenttreesbecomenfectious () according

Tablel. The parametersfor the population dynamicsmodel and the diseasenodel.

Name Symbol | Value
Carryingcapacityof ACPin acell 15000QqBasedn 300ACP pertreeand 500
treesha®)
Numberof surviving offspringatlow density 12
Probability infectionis passedrom treeto ACP 0.0033
Probability infectionis passedrom ACPto tree 0.0033
Averagdime (months)for treeto passrom latentto 1/ 1
infectiousstate
Averagdime (months)for treeto passrom crypticto 1/$ 6
symptomaic state
Dispersaparamete 0.00035

Weassumed = andfitted to dataon theratethatthe numberof infectedtreesincreasesin ablock

https://i.org/10.1371durnal.pbi.100757Q001
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to

LR AT g#LtE et Lt

wherel/$isthe meantime thattreesarecrypticallyinfectiousbeforepassingo the symptom-
atic state Infectedhosttreecellsarerareandinsignificantepidemiologicallypeforepassingo
theinfectiousstate and eventuallythe infectioustreesbecomesymptomatic () accordingto

= O I S

The behaviourmodel

In themodel,growersfacethe decisionof whetherto join anarea-wide-controprogramor
not. Their decisionis basedn their perceptionof therisk of infection of their orchardby
HLB (quantifiedas,%the perceivedprobabilitythattheir orchardwill becomeanfected)and
their perceptionof the effectivenessf area-widecontrol (quantifiedby, %the perceived
probabilitythat area-widecontrol is effective) We quantifiedthesefactorsfor eachgrower
asavaluebetweerzeroandone,where%= 0representsiperceptionthatthereis no risk
from HLB and% = 0 thattheyhaveno faith in area-widecontrol,and%= 1 represents per-
ceptionthattheir orchardwill certainlybecomenfectedand% = 1 thattheyareconvinced
thatarea-widecontrol is effective We modelledthe dynamicsof % and % overtime using
opinion dynamicsmodellingmethodg28+31].Modelsof opinion dynamicsallowusto sim-
ulateopinion formation within agroupof interactingindividuals.Theopinion %( ,) of an
individual changedrom one-timestep to the nextbyincorporatingthe opinionsof others
with their own

Xl
%... f 1t° &%...%

"1

P
where& istheweightgivento the opinion of individual and Zf{l& " 1.Theweightscan

dependon severafactorssuchasthe probability thatindividualsmeeteachother (which
maydependon geographiclosenessr somecommunicationnetwork) or the closenessf
opinions(individualswith quite differentopinionsmayneverbeinfluencedby oneanother).
In our model,anindividual interactswith otherindividualswho arechosermatrandom
with probability proportionalto exp(z ' ), where isthedistancebetweerindividuals'
orchardsand istherangeparameterThatisto saythatateachtime stepweselecthe
individualsto interactwith grower . Theprobabilitythata particulargrower is selectedo
communicatewith grower is givenby

=k t
o . =kt

whereO representshe populationof growerswho havenot beenalreadyselectedo interact
with grower . We notethat for the purposeof this distancecalculationweallocatedhe
growersresidencedo oneof the cellstheyownedatrandom.Oncethe growerswhocom-
municatewith grower areselectedvecalculateheweights& Theweights& aredeter-

mined by the closenessf opinion andareproportionalto 261 %..4

T where ( isthe
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Fig 2. The effectof the parameer  on the weighting of opinion. Therelativeweightagrower givesto anopinion of grower asa
p1
function of the differencein opinion (|%(,) %( ,)|) asatagiventime . All weightsarescaledsothat & = 1.

1
https://da.org/10.1371durnal.pbi.100757@002

opinion rangeparameterThatisto say,

i%...T %...1]

k(
P i%...T %...1j
a .

8"

We notethatthe paramete®& for grower islargestmeaninganindividual'sown opinion
hasgreatestveight. The parameter ( altersthe weightingof opinionslistenedto andsocon-
vergencef opinion. Largervaluesof  givemoreequalwveightingacrosslifferencesn opin-
ion thansmaller(see~ig 2), to the extentthat if difference®f opinion areparticularlylarge
theyareeffectivelyignored.This affectsopinion consensuand canresultin opinion fragmen-
tation (i.e.the phenomenavherethe opinionsof agentswill neverconvergdo onevalue see
[30] for morediscussiorandillustrations).We alsoincludedtheinfluenceof extensioragents
on the opinionsof the growersln the model,extensioragentglisseminaténformation on
HLB control to all growersatafrequencyof# timesperyear.Thisincreasehe growersper-
ceptionsof therisk of becomingnfectedby HLB (%) andtheir beliefthat area-widecontrolis
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effectivg(%) by agivenamount# . Thatisto say

X1 12
%.; T 1t~ &%...Tf #d — 1

"1

where isanimpulsefunctionthattakesthevalueof (0)=1,andzeroelsewherdf agrower
observesnorethan 0.2%of treeswith infectionin acellthattheymanaggwhich equateso a
wholetree)then%become®one.Similarly,if agrowerjoined anarea-widecontrol programat
least monthsagobut still observesnaveragéncreasan diseasgreaterthan 1%acrossis
orchardsthen%reducesy afactorof .Thatisto say,f grower (whoowns 6 cells)hasbeen
part of thearea-widecontrol programfor atleast monthsandobserves

1%
L

"1

) o 1tg> 1

thenthe grower'sbeliefthatarea-widecontrol is effectivg(%) will reduceby .

In themodel,growergoin the area-wide-controprogramif % and%exceedjiventhresh-
olds.An insecticidesprayis appliedafixed numberof timesperyearto all orchardsmanaged
byindividualswho havejoinedthe area-wide-controprogram.

Implementing the model

We assignedo eachof the parametersn the opinion dynamicmodelasetof valueghat,
accordingto our expertsspannedealisticrangeg Table2). Similarly,weassignedetsof val-
uesto the parametershat describedhe efficacyof theinsecticideand the numberof insecti-
cideapplicationghat wereundertakeneachyearunderarea-widecontrol. The parameter
valuesf the epidemiologicamodelremainedat the defaultsettingsastheseparameteralues
are,asexplainedrelativelywellknown. Next,alargeseriesof simulationsweredoneusingall
combinationsof parametewralues.

Results

Therearebroadlytwo typesof outcomefoundin our simulations Firstly (Fig 3a)control
succesdn this outcomescenariothe numberof orchardblocksinfectedandthe densityof
bacterialiferougCLasinfected)psyllidsinitially increaseThis,in turn, increasesherisk per-
ceptionof growersto suchan extentthattheyjoin the area-widecontrol program.As growers
join the control programmethe densityof bacterialiferoupsyllidsdecreaseandthe number
of infectedorchardblocksdoesnot further increaseleadingto anepidemicunder control:
Control successlhe secondpossibility(Fig 3b)is control failure. Initially, growersstartjoin-
ing the areawide control schemebut their trustin controlis compromisecbecausafterjoin-
ing the areawide control schemeheir orchardsbecomenfected.This stimulategshemto
drop out of the area-widecontrol program,consequentlyhe epidemicgrowsrapidly and
eventuallymostorchardsbecomeanfected:Control failure.

Thecontrol succesandthe control failure shownin Fig 3 resultedfrom exactlythe same
setof parametervaluesTheonly differencebetweerthe two simulationsis the meaninitial
risk perceptionandthe meaninitial trustin control of the growers("meanbecauseach
growerhasinitial valuedfor risk perceptionandtrustin area-widecontrol thataredrawnfrom
abetadistribution with adefinedmeanandvariance)lt mustbesaidthatthe simulations
shownwerechoserfrom asetof runs,wheredueto the stochastimatureof the model,some
runs showcontrol succeswhile otherscontrol failure.We considerthe question2Is this result
causedy the particularsetof parametenvaluesselectedr isit amore generaphenomenon?°

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 9/20
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Table2. The parametersfor the grower-dedsion and the control models,with the valuesusedin our analysk.
Thenumbersin bold wereusedin the simulations exceptvhenotherwisestated.

Name Symbol | Parametervalues
explored
Numberof individualsthat communicae. This parameteiaffectghe rate of 10,60,120

convergegeof opinion. If only fewindividualsinteractin atime-stepthe
convergenewill takelonger.

Therangeparamete determining the probabilitytwo growerscommunicae 1,3,12
(km). This parameteiaffectghe rate of spatialspreadof opinion formulation. If
therangeparamete is smallthenspatialspreadwill be somewhaslower.

Therangeparamete determining the weightingof opinionsbasedn closenessf | 0.05,0.2,0.5
opinion. This affectshowindividualsweighthe opinionsof othersgivenhow

closethatopinion isto the onetheindividual currentlyholds.Largervaluesof

giveamoreequalweight.

Frequencyhatinformation is disseminatd by extensioragentgnumberof times | # 0,3,6,12
peryear).
Impactof information from extensioragentsThe greaterthe valuethe more # 0.2,0.4,0.6

impactthe extensioragenthason the growersopinions.

History of control (months) If the growerjoined an area-widecontrol programat 2,6
least monthsagobut still observesinincreasen diseasgreaterthan 1%
acrosshis orchardstheyloosefaith in area-widecontrol (i.e.%decreasey ).

Reductionin beliefif infectionis observediespitecontrol beingapplied 0.4
Meaninitial beliefin control acrosghe populationof growers ) 0.2,0.5,0.8
Varianceof initial beliefin control acrosghe populationof growers s? 0.01,0.050.1
Meaninitial risk perceptionacrosshe populationof growers ) 0.2,0.5,0.8
Varianceof initial risk perceptionacrosghe populationof growers s? 0.01,0.050.1
Frequencyof controltthe numberof spraysperyear. 6,12

Kill rate 0.7,0.94

https://abi.org/10.1371djurnal.pbi.1007570002

Wedid asensitivityanalysigo establistwhichfactorsin our opinion dynamicsmodelwere
mostimportant for control succesdNe alsodid further simulationsandcalculatedhe proba-
bility of control successr control failurefor arangeof meaninitial risk perceptionandmain
initial trustin the control optionsof the growers(seebelow).

Sensitivityanalysis

Model parametergor the epidemiologicaimodelwerebasedn publishedinformation on the
epidemiologyof HLB andfrom publishedmodels[35+38].For the opinion dynamicspart of
themodelthereareno parametewalueknown to quantify the effectsof interactionsof grow-
erson their opinion, no quantitativeinformation is known aboutthe effectof consultants,
extensionworkersandresearcheon groweropinion, nor is anythingknown aboutthe levelof
risk andlevelof trust neededor agrowerto join the area-widecontrol program.Therefore,
weusedexpertknowledgeelicitationto obtainplausiblerangedor thesgparametersTo this
end,rangef parametervaluedor the opinion dynamicsmodelwereprovidedto usby
expertgoneof themisthe secondauthor). Theinitial risk perceptionandinitial trustin the
control for eachindividual growerweresampledrom betadistributionswith definedmean
andvariance(seeMethods).

Wedid asensitivityanalysigo establistwhichfactorsin our modelweremostimportant
for control succesOur emphasiss on factorsrelatedto control efficacyandgrowerbehav-
iour. Forthisreason{andbecaus¢he parametersvaluedor the epidemiologicamodelare
relativelywellknown) the parametewvaluef the epidemiologicamodelremainedatthe
defaultsettingsandweonly exploredthe modelsensitivityto the parameterselatedto control

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 10/20
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Fig 3. (a) A simulated scenariowherecontrol of HLB is successfulTheevolutionof risk perceptionandtrustin control is shownfor
eachgrowerin theregion(eachgrowersperceptionis representd by acolouredline). Risksharplyincreasesvhengrowersobserve
diseasén their orchardsandthenquickly persuadé¢heir neighbousthediseasés aserioughreatandto trustin area-wid control. (b)
A simulated scenariowherecontrol of HLB fails. Groweruptakeof control is not rapid enoughto control the diseas@andsothe
diseasecome&ndemicand proliferates. Growe's who havejoined an area-widecontrol programobservehatit is not workingand
drop out. We notethe modelhasamonthly timestep.

https:/Hoi.org/10.137/ournal.pchi.207570.g003

efficacyandbehaviour(seeMethods,Tablel for detailsof the 11 parametergxploredandthe
setof valueaused).

We analysedhe simulationresultsusingANOVA with up to three-wayinteractionsto
identify the mostimportant factorsfor controlling the epidemic(measuredasthe proportion
of cellsinfectedat the endof 36 months).In the ANOVA, parametersveretreatedasfactors,
while specifigparametenvalueq4 for oneof the parameters3 for 8 of the parameterand 2 for
3 of the parametersjveretreatedaslevelgTablel). We could not treatall 11 parametersis
factorsat oncebecausavehadno replication(i.e.weran eachcombinationof parametewal-
uesonly once).Thereforeweusedcombinationsof eightparameterat atime asfactorsand
comparedhe percentagearianceaccountedor to determinewhich combinationof factors
bestexplainedhe proportion of infectedcells.Thatis to say weconsideredi95statistical

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 11/20
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Table3. The ANOVA tablereporting main effectsonly.

Sourceof variation Degreeof freedom Sumof squares | Meansquares |Varianceratio Fpr.
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 perceptionacrosghe populationof growers 2 8.083 4.041 83.18 < .001
0)

Meaninitial beliefin control acrosghe populationof growers 2 1309 654.7 13475.39 < .001
0)

Variancein belief(s?) 2 13.02 6.512 134.03 < .001
Freg.of spray(numberof sprayperyear)( ) 1 9166 9166 188600 < .001
Sprayefficacy( ) 1 7854 7854 161700 < .001
Residual 209936 10200 0.04859

Total 209951 31760

https://da.org/10.1371durnal.pbi.100757Q003

models( 15 #12choose8°) to seewhich combinationof eightparametersccountedor the
mostvariation.Oncethe bestmodelwasselectedwe usedthe F-probabilityto orderthe
importanceof the eightfactorsusedin thefinal selecteanodel.

In total209952=4 3¥ 2 simulationsweredoneto exploreall combinationsof the
parametersThemodelthat accountedor the mostvariationin the responsevariable(the pro-
portion of cellsinfected,O) was

O"k, #. # m m s? y

whereeachparameteiis describedn Table3.

All of thesefactorsandmanyof their two andthree-wayinteractionswerehighly significant
<0.001(Table3),which canbeattributedto thelargesizeof the dataset. Theseareshownin
Fig4in order of highestto lowestimportance.

Furtherexplorationshowedhat f the efficacyof theinsecticide, ispoor (eitherbecause
theinsecticidds ineffectiveor becausé is appliedtoo infrequently)then control successan-
not beachievedFigs5 and6). If theinsecticides effectivehoweverfrequentand effective
contactwith extensiorservicegansubstantiallyncreasehe probability of control success
(Fig5). Initial trustin the control methodalsohasa strongeffect(Fig 6) comparedwith, for
exampletheinitial risk perceptionof the growers(Fig 7).

Wedid further simulationsand calculatedhe probability of control successr control fail-
urefor arangeof meaninitial risk perceptionandmain initial trustin the control optionsof
thegrowers(Fig 8). This confirmsandillustratesthat the meaninitial trustin the control
optionsis afar moreimportant factorin the successf the diseaseontrol campaigrthanthe
meaninitial risk perception.

Discussion

To our knowledgeplant-epidemiologicainodelshaveneverbeencoupledwith opinion
dynamicmodels We showherehow anopinion dynamicmodelcanbeintuitively coupledto
anepidemiologicamodel. Thekeyaspects thatthe opinion of agivengroweron risk and
trustin control (which areinfluencedby the opinionsof otherindividualsandthe direct
observatiorof the epidemic)determinethe probability that the individual will join the area-
wide-controlschemeln turn, the control affectshe courseof the epidemic. Opinionsarekey
driving forcesbehindhumandecisionmakingandsoit is essentialhat theseareaccounted

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 12/20
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Fig 4. Tornado graph showingthe correlation betweeneachvariableandthe proportion of cellsinfected.

https://abi.org/10.137/ournal.pchi.107570.g004

for whenconsideringhowto maximizethe potentialimpactof voluntarydiseaseontrol
campaignsuchasthoseassociate@ith the control of HLB. We haveshownthat couplingan
epidemiologicamodelwith an opinion dynamicmodelcangiveinsightinto thesesortsof
systems.

Clearly,andintuitively, the efficacyof the control program.,i.e.,theinsecticidekill rateand
thenumberof applicationsjs the mostimportant factorin the successf an HLB control cam-
paign.Of the opinion-dynamicparametersywe haveshownthatfor HLB aimingto inform
growersaboutthe effectivenessf the regionallycoordinatedcontrol actionsandthe efficacy
of theinsecticideprogrammaybeof greatesimportance.This coincideswith thewider social
sciencditeraturewhereit is reportedthat growerengagemenuith adviceandsupportnet-
worksplaysa critical role in the take-upof participatoryactivitiessuchasregionalpestcontrol
or agri-environmentabcheme$§43+45].Thisis thoughtto bebecaus¢hesenetworksprovide
avaluablesourceof information andhelpto engendeia sensef sharedresponsibility. The
extentto whichengagementanshapeattitudestowardsbeliefis dependenbn thelengthand

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 13/20
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Fig 5. Theresultsof the simulations. Theproportion of cells(1 haareas)nfectedat the endof the simulatian is
plottedagainsthe frequeng atwhichinformation is disseminatedby extensioragentgor eachcombinationof spray
efficacy() andsprayfrequency( ).All otherparametersaluesverevariedasdescribedn Table2 resultingin the
rangef outcomebservedor eachcombinatian of and

https:/Hoi.org/10.137/ournal.pchi.107570.g005

frequencyof engagement[7] andreferencesvithin): if contactbetweerextensiorservices
andgrowersbecomesnfrequentthenimportant scientificmessagesanbecomeorgottenor
diluted. Thisagreesvith the findings of our model.

Theinitial trustin the control optionsis alsoshownto beof keyimportance justasin the
simulationsshownFigs3 and 8. Themostsurprisingfinding is thattheinitial risk perception
playsarelativelyunimportantrole in determiningthe successf anHLB control campaign.
Furtheranalysiof this phenomenorshowedhatthereasorfor thisis foundin the effectof
thedirectdiseas@bservation®n therisk perceptionWhenthe epidemicstartsto infectmore
andmore orchardsgrowersform opinionsfrom “direct'observatiorconcerningthe chances
thattheir orchardswill alsobecoménfected.Thesedirect observationstartto overriderisk

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 14/20
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Fig 6. Theresultsof the simulations. The proportion of cells(1-haareas)nfectedat the endof the simulationis
plottedagainstheinitial beliefin the control methodfor eachcombinatian of sprayefficacy() andsprayfrequeny
(). Onall simulationsthe frequeng information wasdisseminateavassetto zero(# = 0).All otherparaméers
valuesverevariedasdescritedin Table2 resultingin therangesf outcomes observedor eachcombination of and

https://abi.org/10.1371djurnal.pbi.100757@®006

perceptiondynamicsdueto the “indirect'opinionsderivedfrom othergrowersThisincreased
risk perceptiondoesnot applyto thetrustin the control option. The socialdynamicswith
advisordncreasinghetrustin controlis still strongly,but negativelyaffectedvhengrowers
seghecontrolfailing. In practice perceptionf thelevelof risk of diseaséavebeenshown
to beconnectedwith the proximity of diseas¢7]. Thereforejt isimportant thatgrowersare
givenfrequentandaccurateipdateson thelocationandintensity of diseaseutbreaksaswell
asclearinformation on appropriatecontrol measures.

Therangeof opinionsthat growerspayattentionto wasalsoon our list of important social
factors.n practice thisrelateso howwilling growersareto adapttheir opinionsto views

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 15/20



O PLOS

COMPUTATIONAL

BIOLOGY

What makes an effective disease control campaign?

Fig 7. Theresultsof the simulations. The proportion of cells(1-haareas)nfectedat the endof the simulationis
plottedagainstheinitial risk perceptim aboutHLB for eachcombinaton of sprayefficacy() andsprayfrequeny

() onallsimulatilnsthefrequencyinformation wasdisseminatd wassetto zero(# = 0). All otherparaméersvalues
werevariedasdescritedin Table2 resultingin the rangef outcomes observedor eachcombinationof and

https://abi.org/10.1371durnal.pbi.100757@007

quite differentfrom their own. If growersarewell connectedthenit is morelikely thattheir
opinionswill evolveovertime astheywill encounterangesof opinionsthat mayslowlyper-
suadehem.Thisreflectsthe phenomenorthat growerswho aremoreisolatedin opinion

or not wellnetworkedtendto bemoredifficult to engagestheylackinformation andare
reportedto bepotentiallymoreimmuneto influencesrom their peerq46].

In manyinformation programsaimedatinforming andpreparingthe public, or aprofes-
sionalgroupof apossiblénfectiousdiseasethereoftenis muchemphasi®on therisksthe dis-
easgosesOur researchyuestionsvhetherthatis anecessargpproachgspeciallyn thelight
of the potentiallossof trust with the public if the epidemicdoesnot actuallytakeplace aswas
the casdor the official swineflu warningin 2009[34]. We note howeverthat we haveshown

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007570 February 6, 2020 16/20
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Fig 8. The probability of control failure consideing growerinitial risk perceptionversustrust in area-widecontrol. Thewhitedisc
relatego the simulation shownin Fig 3aandthe blackdiscto the simulation shownin Fig 3b.

https://da.org/10.1371§urnal.pbi.100757@008

thisfor HLB andit remainsto beinvestigatedvhetherthis holdsmoregenerallyor if the
emphasi®finformation campaignshouldbedecidedon a caseby casebasis.

Supporting information

S1Data. From the simulation runs.
(ZIP)
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