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ABSTRACT

AsianrustisthemainsoybeandiseaseinBrazil,causingupto80%ofyieldreduction.
Theuseoffungicidesisthemainformofcontrol;however,duetofarmer’sconcern
with outbreaks many unnecessary applications are performed. The present study
aimstoverifytheusefulnessofaprobabilitymodel toestimatethetimingandthe
numberoffungicidesspraysrequiredtocontrolAsiansoybeanrust,usingBayesian
networksandknowledgeengineering.Themodelwasdevelopedthroughinterviews
withrustresearchersandaliteraturereview.TheBayesiannetworkwasconstructed
withtheGeNIe2.0software.Thevalidationprocesswasperformedby42farmersand
10rustresearchers,using28testcases.Amongthe28testedcases,generatedbythe
system,theagreementwiththemodelwas47.5%forthefarmersand89.3%forthe
rustresearchers.Ingeneral,thefarmersoverestimatethenumber.Theresultsshowed
thattheBayesiannetworkhasaccuratelyrepresentedtheknowledgeoftheexpert,and
alsocouldhelpthefarmerstoavoidtheunnecessaryapplications.
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INTROdUCTION

Asiansoybeanrust(ASR),whichiscausedbythefungusPhakopsora pachyrhiziSyd
&P.Syd,isthemostdevastatingsoybeandiseaseintropicalandsubtropicalregions.
Thediseasecausesannuallossesofapproximately2billionUSDinBrazil(Godoyet
al.,2016).Theyieldlossescausedbythediseasearedirectlyrelatedtotheprogression
andseveritylinkedtobioticandabioticfactorssuchasenvironmentalconditions,such
astemperatureandhumidity(Melchingetal.,1989;Tsukaharaetal.,2008;Alveset
al.,2011;Igarashietal.,2014).

Fungicidesarethemaindiseasecontrolstrategythathavebeeneffectivelyadopted
byfarmers.Duetothedestructivitycapacityoffungus,unnecessaryapplicationsare
oftenperformed,butmissingapplicationsalsooccur(Godoyetal.,2009).Additionally,
increasedfungicideapplicationscanpromoteselectionofresistantpopulations(van
denBoschetal.,2014).Onemethodofsafelyandsustainablymanagingtheaggressive
potentialofthediseaseistouseforecastingsystems,whichcanindicatetheinfection
riskandappropriatetimeforfungicideapplication.

Inthiscontext,severalauthorshaveproposedthedevelopmentofexpertsystems
tosupportdecisionmakingaswellasthedetection,diagnosis,andmanagementof
thedisease(Alvesetal.,2011;Fantinetal.,2019;Igarashietal.,2016;Zhuetal.,
2013).Theexpertsystemrepresentsandrationalizestheknowledgeofadomainto
solveproblemsandprovideinformation(Montazeretal.,2009),encodingtherelevant
knowledgeinaformalmodelknownasaknowledgebase.

InthemodelestimatingfungicideapplicationtocontrolAsianrust,uncertaintycan
arisefromyetunknownprocessesandfactors.Probabilitytheoryprovidesastrategyto
manageuncertainknowledge,andinthiscontext,theformalismofBayesiannetworks
hasbeenemployedtodevelopknowledge-basedsystems.Studiesthathaveapplied
Bayesiannetworks includethosefocusedonthe treatmentandreuseofwastewater
(Carvajaletat.,2015;Beaudequinetal.,2016),modellingtounderstandandprognose
thepathogenbehaviourandtheepidemiologyofinfectiousdiseases(Zhuetal.,2013;
Yinetal.,2015),andgeneticestimationinanimalsthataremostsusceptibletocertain
pathogensinlivestock(Özkanetal.,2016).

TheBayesiannetworkcanberepresentedbyadirectedacyclicgraph inwhich
the nodes represent the variables of the problem and the arcs are the conditional
dependencyrelationshipsbetweentheconnectednodes.Thus,X={X_1…X_n}isa
setofcategoricalrandomvariables,andEisasetofstatementsindicatingabinary
relationshipthatinformsthedirectconditionaldependencebetweenpairsofvariables.
RussellandNorvig(2003)summarizetheBayesiannetworkinagraphG=(X,E),in
whicheachelementXisanodeinthenetworkandeacharc(X_i,X_j)belongstoE.
ThesetofparentsofXinGisdenotedbyparents(X).

The present study aims to verify the potential for using a probability model
constructedwithexpertknowledgetoestimatetheneedforfungicidesandthenumber
ofapplications required tocontrolASRusing the formalismofBayesiannetworks
andknowledgeengineering.
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METHOdOLOGy

Themodelwasconstructedinthefollowingthreesteps:(I)modellingtodiagnosethe
disease,determinedbyrelevantvariablestopredictanASRepidemic;(II)adaptation
ofthecreatedmodelintoaqualitativemodeltoestimatefungicideapplication;and
(III) construction of the quantitative model. All of the developmental stages were
performedusingGeNIeversion2.0(Druzdzel,1999).

Qualitative Model
Thequalitativemodelwascreatedtoformalizeobjectivesandidentifythevariables
andobjectsofthedomain.Theprocesswasconductedthroughinterviewswiththe
expert“A”.Theinterviewwascarriedoutafterthe2013soybeanseasonandledto
agraphofaBayesiannetworkforAsianrust.Thevariablesandobjectsproposedby
expertAwereanalysedbyexpertsB,C,andD.Thedefinedvariableswereadapted
via an iterative process, with the insertion and removal of variables at each step,
whichresultedintheBayesiannetworkforestimatingtheapplicationoffungicides
tocontrolASR,asshowninFigure1.

For descriptive purposes, the model can be divided into two subnetworks:
subnetwork 1 concerns the first fungicide application, and subnetwork 2 concerns
theadditionalapplications.Thevariableofinterestinsubnetwork1referstothefirst
application(A1)andisdirectlyinfluencedbyWF,PS,PF,CC,D,andPSC(Table1).

BasedonAndradeandAndrade(2002)andTsukaharaetal.(2008),theweather
forecast(WF)variabledirectinfluencesvariableA1becauseitforecaststhetemperature
andhumiditywhichareessentialrequirementsfortheinitiationanddevelopmentof
thedisease.Thesameprinciplewasused forvariablePS,given that, according to
Furtadoetal.(2009)andXavieretal.(2017),thephenologicalstageoftheplantalso

Figure 1. Graph of a Bayesian network (subnetwork 1 and 2) model obtained from an expert to estimate 
fungicide applications to soybean crops to control Asian rust
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directlyaffectsinfectionanddevelopmentofthedisease;thus,itinfluencesdecision
makingregardingfungicideapplication.

AlthoughthevariablesCC,D,andPSCdirectlyinfluencevariableA1,theyare
alsoinfluencedbyothervariables.CCisinfluencedbythevariableR.Thus,Rdirectly
influencesCCandindirectlyinfluencesA1.Thesameprincipleappliestothevariable
forAsianrustdetection(D),whichindicateswhetherthediseasehasbeendetected
inthecropandisdirectlyinfluencedbythevariablesONP,VM,andSCT.The“pre-
seedingconditions”(PSC)variableismainlyinfluencedbythevariablesSPandI. 
PSCrepresentstheelementsthatcharacterizefavourableconditionsthedevelopment
ofthediseasebeforesowing.

Subnetwork 2 (Figure 1 and Table 2) is intended to simulate the decision of
the expert “A” in relation to the additional fungicide applications, that is, the
applicationsperformedbecausetheprotectionperiodofthefirstapplicationends.

Table 1. Variables of the Bayesian model for estimating fungicide application to soybean crops to control 
Asian rust, subnetwork 1

Name Description

A1 Firstfungicideapplication Decisionregardingtheexecutionoftheapplication

SCT Sporecollectiontrap Indicatesthatsporeswerefoundinthetrap

R Rain Incidenceofrainintheregion

AC Aerialcurrentfromwesttoeast AerialcurrentfromParaguaytoParaná

CC Climateconditions ConditionsfavourableforAsianrust

WR Winterrain Rainintheoff-seasonperiod

PSC Pre-seedingconditions Favourableconditionsbeforethebeginningofseeding

D Detection MethodsfordetectingAsianrust

PS Phenologicalstage Verifiestheinitialphenologicalstatesofthesoybeans

SP Seedingperiod Verifieswhethertheseedingwasperformedduringthe
recommendedperiod

FA1 Fungicideusedinthefirstapplication Chemicalgroupofthefungicideusedintheapplication

FR Frost Incidenceoffrostintheoff-season

I Inoculum Presenceofinoculumbeforeseeding

IP InoculumcomingfromParaguay EvidenceofinoculumcomingfromParaguay

ISP Inoculuminspontaneousplants Presenceoftheinoculuminspontaneousplantsintheoff-season

VM Presenceoftheinoculuminspontaneous
plantsintheoff-season Mostcommonmethodofidentifyingrustinaplantation

ONP Occurrenceinneighbouringplantations EvidenceofAsianrustinneighbouringplantations

OP OccurrenceinParaguay EvidenceofinoculuminParaguay

PF Profileofthefarmer Profileofthesoybeanfarmer(innovativeorconservative)

WF Weatherforecastforthenextfivedays Forecastoffavourableconditionsinthenext5days

SS Soybeanandsecondcrop Soybeansintheoff-season

FA Fallowingintheregion Presenceoffallowingintheoff-seasonperiod
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Inthissubnetwork,mostofthevariablesandinfluencesaresimilartothoseinthe
subnetworkofthefirstapplication.However,inthiscase,thesubnetworkhastwo
specialtypesofnodes:deterministicandnoisy-MAX.Deterministicornoisy-ORis
representedbysituationsinwhichtheresponsevariableisinfluencedbtindependent
variablesandcanassumetwovalues(Neapolitan,2013).Thenoisy-MAXenables
thedevelopmentofstructureswithmorethantwoconditionsinfluencingthevariable
response. The structure is considered the generalization of noisy-OR (Zagorecki
andDrusdezel,2013).

Quantitative Model
ThequantitativemodeloftheBayesiannetworkaimedtodefinehowmuchonevariable
influencesanother;however,evenvariablesthatarenotinfluencedbyanyotherare
subject toquantificationof theirvalues.ThevariablesWF, R, ONP, VM, SCT, PS, 
PF, SP, FA, SS, WR, FR, OP,andACwerenot influencedbyanyothervariablein
themodel.Thea prioridistributionsforthesevariableswereassumedtobeuniform
becausetheprototypewasnotdevelopedforuseataspecificlocationoronaspecific

Table 2. Variables of the Bayesian model for estimating additional fungicide applications on soybean 
crops to control Asian rust, subnetwork 2

Name Description

A2 Secondfungicideapplication Decisionregardingtheexecutionofthe
application

A3 Thirdfungicideapplication Decisionregardingtheexecutionofthe
application

D12 Differencebetweenthefirstandthe
secondapplication Difference,indays,betweentheapplications

D23 Differencebetweenthesecondandthe
thirdapplication

MS Maturationstage Verifiesthefinalphenologicalstatesofthe
soybeans

FA2 Fungicideusedinthesecondapplication Chemicalgroupofthefungicideusedinthe
application

PA1 Residualperiodfortheproductusedinthe
firstapplication

Periodduringwhichthefungicidewillbehaving
aneffect

PA2 Residualperiodfortheproductusedinthe
secondapplication

WA1 Weekoffirstapplication Weekofthecycleinwhichtheapplicationwas
performed

WA2 Weekofsecondapplication

WA3 Weekofthirdapplication

TC Toleranceofthecultivar Indicatesifthecultivarisgeneticallytolerantto
Asianrust
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date,meaningthatthevalueswereassumedonlyasarecordofevidence.Thevariables
usedareshowninTable3.

Thetablesofconditionalprobability(TCPs)fortheothervariablesindicatethe
values determined by experts A, B, C, and D during the interviews in which they
describedexpectationsbasedon theirexperiences.Tables4a,4b,and4cshowthe
TCPsforthevariablesA1,A2,andA3.Theothernodesdevelopedforthenetwork—
withtheexceptionofMS,D12,andD23—werealsoprobabilistic.

The MS node is influenced by disjunctive conditions; thus, it was inserted
into theBayesiannetwork asnoisy-MAX.Thedistributionwasperformedbased
onthedegreetowhichthesoybeansfilledout.UntilstageR6,thegrainisstillin
formationandcanbeintheR5.5stage(thelastbeforeR6)withadegreeofgrain
fullnessbetween76%and100%.AccordingtoEMBRAPA(2013),instageR6,the
grainwillbecomplete.Thedistributionofvaluesforthisnodewasconstructedin
suchamannertoshowthefollowing:

P MS untilR WA= ∨ ≤( ) =6 2 15 1 0. 

Table 3. Variables and their respective values adopted in the Bayesian network model for estimating the 
application of fungicides to soybean crops to control Asian rust

Abbreviation Values Abbreviation Values

A1 no,yes FR alittle,alot

A2 no,yes I low,high

A3 no,yes IP absent,present

SCT absent,present ISP low,high

R alittle,normal,alot VM negative,positive

AC no,yes ONP no,yes

CC unfav,fav OP no,yes

WR dry,normal,rainy PF conservative,innovative

PSC unfav,fav PA1 withinPeriod,
outsidePeriod

D absent,present PA2 withinPeriod,
outsidePeriod

D12 lessthan14days,between14&21days,morethan
21days WF withinPeriod,

outsidePeriod

D23 lessthan14days,between14&21days,morethan
21days WA1 1...17

PS beforeFlowers,fromFlowersOnward WA2 1...17

MS untilR6,fromR6Onward WA3 1...17

SP early,normal,late SS no,yes

FA1 triazolEstrob,carbEstrob TC susceptible,tolerant

FA2 triazolEstrob,carbEstrob FA no,yes
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P MS untilR WA= ∨ ≤( ) =6 3 15 1 0. 

P MS fromR onward WA( ) .= ∨ > =6 2 15 1 0 

and:

P MS fromR onward WA( ) .= ∨ > =6 3 15 1 0 

Table5showstheconditionalprobabilityforthevariableMS.TheLEAKvalue
representstheprobabilityofreachingtheR6stage,evenwithoutallevidenceavailable
(ZagoreckiandDruzdzel,2004).

ThenodesD12andD23aredeterministicanddonothaveaTCP.Thus,thevalues
ofthesenodesweredeterminedfromthedifferencebetweentheweeksoffungicide
application,whichgeneratesvalueconsideredtobetheresidualperiodfortheproduct

Table 4. Conditional probability for the (a) first application, (b) second application, and (c) third 
application variables for the Bayesian network model for estimating fungicide application to soybeans to 
control Asian rust

First Application (a)

D Absent Present

PS beforeflowers FromfloweringOnwards

PF Conservative Inovative

CC Unf. Fav

WF Unf. Fav. Unf. Fav.

PSC Unf. Fav. Unf. Fav. Unf. Fav. Unf. Fav.

No 1 0 1 0.8 0.3 0.2 0.7 0.5 0.3 0 0

Yes 0 1 0 0.2 0.7 0.8 0.3 0.5 0.7 1 1

Second Application (b)

TC Susceptible Tolerant

PA1 WithinPeriod OutsidePeriod WhitinPeriod OutsidePeriod

No 1 1 1 1

Yes 0 0 0 0

Third Application (c)

TC Susceptible Tolerant

MS UntilR6 FromR6onward UntilR6 FromR6onward

PA2 WithinP. OutsideP. WhitinP. OutsideP. WithinP. OutsideP. WhitinP. OutsideP.

No 1 1 1 1 1 1 1 1

Yes 0 0 0 0 0 0 0 0

Fav=favourable; Unf=Unfavourable; Whithin; P=WhitinPeriod; Outsidep=OutsidePeriod
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applied.Thealgorithmswiththelogicfortherepresentationofthesevaluesareshown
inFigure2.

Validation
TheBayesiannetworkfordefiningfungicideapplication tocontrolAsianrustwas
testedandvalidatedforthestateofParanáinthesouthernregionofBrazilusingthe
2013knowledgeof fungicideapplication.TheBayesianmodel testwasperformed
with42farmersand10ASRresearchers.Thetestwascomposedoftestcases,which
represent the conditions or situations (i.e., rain, detection of Asian rust) used for
decisionmakingregardingfungicideapplication.

Theperformanceoftestcasesoccurredinthreesteps.Forthefirststep,thetest
casesusedwereproposedbyexpertAandwerealsogeneratedbyGeNIe2.0software.
ThetestcasesofthefirststepwereconductedbyexpertsB,C,andD.Inthesecond
step,thenumberoftestcasesincreasedaccordingtosituationsproposedbyexpertsB,
C,andD.Basedonthetestcasesproposedinthefirstandsecondsteps,thesoftware
generateddifferentcombinationsoftestcases.Thetestcasewasconductedby10rust
researchersand42farmers.

Figure 2. Algorithm with the logic for the representation of the values used in the Bayesian network model 
for estimating fungicide application to soybean crops to control Asian rust

Table 5. Table of conditional probability (TCP) for the “maturation stage” (MS) variable for the Bayesian 
network model for estimating fungicide application to soybeans to control Asian rust

WA2 WA3 LEAK

1...15 16 17 1...15 16 17

untilR6 1 0 0 1 0 0 0.7

fromR6onward 0 1 1 0 1 1 0.3

WA2: weeks after the second application
WA3: weeks after the third application
LEAK: the value that represents the probability of reaching the R6 stage, even without the presence of all of the evidence.
untilR6: the plants in the phenological stage by R6 (EMBRAPA, 2013).
fromR6Onward: the plants in the phenological stage in or after R6 (EMBRAPA, 2013).
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RESULTS ANd dISCUSSION

First Stage
Thetestcasesforvalidationexpressedsituationsthathadpreviouslybeenfacedby
expertA,whowasresponsibleforconstructingthemodel,andadditionalsituations
faced by experts B, C and D. The information on such cases was included in the
networkthatwasimplementedinGeNIe2.0software.Theresultofeachproposed
casewasassumedbythemodelasahypothesisofmaximumposteriorprobabilityfor
thevariablesofinterest—A1,A2,andA3.

Asexpected,expertsB,C,andDapprovedtheresults.Usinganexampleofexpert
Bproposingatestcasetodecideonthefirstfungicideapplication,thefollowingset
ofevidencewasinformed:

1. R:normal;(seeTable3);
2. IP:present.

Giventheevidenceprovided,theresultdisplayedbythesystemforvariableA1
wasyeswithaprobabilityof0.878andnowithaprobabilityof0.122,asshownin
Figure3.

AssumingtheBayesiandecisionruleofmaximumposteriorprobability, the
decisionreportedbythesystemindicatedtheperformanceofthefirstfungicide
application, in accordance with the choice of the expert. The results can be
explained by the combination of the evidence of rain (Del Ponte et al., 2006;
Tsukahara, et al., 2008), leaf moisture (Igarashi et al., 2014), and inoculum
(Minchioetal.,2016).

Figure 3. Probabilities for A1 variable (first application of fungicide), given the evidence for R (rain) and IP 
(inoculum coming from Paraguay), for the Bayesian network model for estimating the fungicide application 
to soybean crops to control Asian rust
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Second Stage
Subsequently,inthesecondstageoftesting,expertsB,C,andDproposedanother
eighttestcaseswithdifferentcombinationsofevidence.Theresponsesinformedby
thesystemforthevariablesofinterest(A1,A2,orA3)agreedwiththedecisionsof
expertsB,C,andDandtheproposedcases.AccordingtoTsukaharaetal.(2008),
effectivediseasecontrol ismainly related to the timingofapplication. Inaddition
topromotingdiseaseeffectivecontrol,performingapplicationsat thecorrect time
andinthecorrectnumberalsocontributestoissuessuchasreducingtheappearance
offungicide-resistantpopulations(Godoy,2012;vandenBoschetal.,2014),which
inturnreducesthenumberofapplicationsandenvironmentaldamage.Problemsof
reducedsensitivitytothefungicidesusedindiseasecontrolhavebeenobservedby
Xavieretal.(2015),Reisetal.(2015),Klosowskietal.(2016),Schmitzetal.(2014),
andSimõesetal.(2018),whonotedtheneedtoapplyfungicidewithcaution.

Third Stage
Inthethirdstageoftesting,thesoftwaregenerateddifferentcombinationsofinput
variables.Theinputandoutputvariableswereselected,andthesystemwasresponsible
fordeterminingdifferentcombinationsofvalues.Eachtestcasewasshowntothe10
rustresearchersand42farmerstoverifywhethertheiranswerswereconsistentwith
thosegeneratedbythesystem.

Thevalidationscriptofthetestcaseswasasfollows:

• Thegeneraldescriptionofthemodeltoeachoftherustresearchers;
• TheexhibitionofmodelimplementationinGeNIe2;
• The performance of tests for decision making regarding each of the possible

applications;
• ThepresentationoftheTCPsforeachvariable,whenofinteresttotheexpert.

Theoutputsgeneratedforeach testcase—whichhad thevariablesA1,A2,and
A3 as targets—were considered by the rust researchers. In total, GeNIe generated
28testcases.Therustresearchers’decisionsshowedtheagreementof89.3%with
themodelinrelationtotheirexpectations.However,thefarmers’decisionsshowed
47.5%agreement.

Thelowagreementoffarmerscanbeattributedtothelimitedinformationavailable
tothem.Usually,theapplicationdecisionbyfarmersisbasedonthedateanddoesnot
considertheparametersandfavourablevariablesfordiseaseoccurrence.Thus,this
practicecanresultinunnecessaryapplications.Thepresentstudydemonstratedthat
usingtheformalismofBayesiannetworkstoconstructanexpertsystemiseffectivefor
predictingtheneedforfungicidesandthenumberofapplicationsrequiredtocontrol
ASR.Thus, insteadof settingadate andnumberof fungicide applications (which
isoftenoverestimated),itwaspossibletomakeaccuratedecisionsaboutthetiming
andthenumberofapplicationstocontrolASRwiththemodel.Thesameresultwas
obtainedbyCarmonaetal.(2015)inastudythatdevelopedascoringsystemtoaid
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theapplicationstocontrollateseasonsoybeandiseases.Thispossibilityindicatedthe
potentialforreducingenvironmentaldamagecausedbytheexcessiveuseoffungicides
as well as improving economic factors and sustainability for producers due to the
reductioninunnecessaryapplications.

The interviews conducted with experts A, B, C, and D enabled knowledge
engineering,whichculminatedintheconstructionofavalidatedformalmodel.The
testsconductedshowedthatthemodelaccuratelysimulatedtheneedforfungicide
applications.Theknowledgeengineeringusedinthemodelaccuratelyrepresented
the experts’ thinking in relation to fungicide applications to control ASR in the
stateofParaná.However, somevariableshavebeenchangingduring theseasons
resulting less agreement with the model. Thus, frequent updates to incorporate
moreknowledgevariablessuchas“nutritionalbalance”,asnotedbyGasparetal.
(2015),the“maturationgroupofthesoybeancultivar”whichindicatesthetimeat
whichthecropwillbeinthefield(Moreiraetal.,2015),and“fungicideresistance”
(Klosowski et al., 2016; Schmitz et al., 2014; Simões et al., 2018; Xavier et al.,
2015) which influences the chemical group used and time between applications
(Jørgensenetal.,2017;vandenBoschetal.,2014)couldincreasetheaccuracyof
fungicideapplicationrequirementsimulations.

CONCLUSION

Based on what has been stated, it can be concluded that the Bayesian network
systemsimulatesexpertknowledgetoassistindecisionmakingregardingtheneed
forfungicideapplications.Consideringthatthenumberoffungicideapplicationsis
generallyoverestimated, the systemhaspotential to reduceenvironmentaldamage
causedbytheexcessiveuseoffungicidesandtogeneratesavingsforproducersdue
reducedunnecessaryapplications.
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