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ABSTRACT

Thisstudydevelopedaclassificationmodelformonitoringtheriskofsexuallytransmitteddiseases
(STDs)amongfemalesusinginformationaboutnon-invasiveriskfactors.Structuredinterviewwith
physicianswasdoneinordertoidentifytheriskfactorsthatareassociatedwiththeriskofSTDs
inNigeria.ThemodelwassimulatedusingthefuzzylogictoolboxaccessibleintheMATLAB®
R2015aSoftware.Theresultsshowedthatninenon-invasiveriskfactorswereassociatedwiththe
riskofSTDsamongfemalepatientsinNigeria.Two,three,andfourtriangularmembershipfunctions
wereappropriatefortheformulationofthelinguisticvariablesofthefactorswhilethetargetriskwas
formulatedusingfourtriangularmembershipfunctionsforthelinguisticvariablesnamelynorisk,
lowrisk,moderaterisk,andhighrisk.Thestudyconcludedthatthefuzzylogicmodelapproachwas
adequateforpredictingtheriskofSTDsbasedontheknowledgeoftheriskfactors.
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1. INTRoDUCTIoN

Sexually transmitted diseases (STDs) are infections that can be transferred from one person to
anotherduringsexualactivity(Bryan,2011).IndevelopingcountrieslikeNigeria,STDsexhibita
higherincidenceandprevalenceratesthandevelopedcountries(Adebowale,Titloye,Fagbamigbe,&
Akinyemi,2013).STDsremainamajorpublichealthchallengebecauseoftheirhealthconsequences
andseverecomplications,especiallyamongwomenwhoexcessivelybeartheirlong-termconsequences.
Among,themostpopularSTDsareHIV/AIDSandSyphilis(LakshmiandIsakki,2017).HIVisa
humanimmunodeficiencyvirus.Itisthevirusthatcanleadtoacquiredimmunodeficiencysyndromeor
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AIDSifnottreated(Ojunga,Peter,Otulo,Omollo,Edgar,2014).Othersincludechlamydia,cancroid,
pubiclice(crabs),genitalherpes,hepatitisB,scabies,humanpapillomavirus(HPV),gonorrheaetc.

TheNigerianHealthsectorhassetambitioustargetsforprovidingessentialhealthservicestoall
citizens;improvingthequalityofdecisionsaffectingtreatmentoptionsforpeopleatriskofSTDsis
veryessentialtoreducingdiseaseriskinNigeria.Acrosstheworld,thenumberofcasesofsexually
transmitteddiseases(STDs)arecontinuouslyonasteadyincreaseduetothenumberofunprotected
sex,lackofqualityandtimelysexualeducationandonmostpartignorance.Theneedforaneffective
meansofreducingthenumberofassociatedcasesofSTDsisnecessaryowingtothesteadyincrease
in thenumberofsex-relatedprofessions, suchassexualworkersalongside thosewhoengage in
unprotectedsextomentionafew.

InformationandCommunicationsTechnology(ICT)hasthecapabilityofimprovingthequality,
efficiencyandsafetyofhealthcareandallowshealthcareproviderstocollect,store,retrieve,and
transferinformationbyelectronicmeans(Shekelle,Morton,&Keeler,2006).Predictiveresearch,
whichaims topredict futureeventsoroutcomesbasedonpatternswithinasetofvariables,has
becomeincreasinglypopularinmedicalresearch.Accuratepredictivemodelscaninformpatients
andphysiciansaboutthefuturecourseofanillnessortheriskofdevelopingillnessandtherebyhelp
guidedecisionsonscreeningand/ortreatment(Waijee,Higgins,&Singal,2013).

Expertsystems(alsoknownasknowledge-basedsystems)arecomputerprogramsthataimto
achievethesamelevelofaccuracyashumanexpertswhendealingwithcomplex,poorlystructured
problems inaparticulararea,whichallowsnon-specialists touse themfor receivinganswers to
problemsorforexpertstogaindecisionsupport(Turban,Sharda,&Delen,2010).Thestrengthof
thesesystemsliesintheirabilitytouseexpertknowledgealmostwhenanexpertisunavailable.Expert
systemsmakeknowledgemoreaccessibleandhelpsolvetheproblemoftranslatingknowledgeinto
practicalusefulresults.Asaresultofthis,fuzzylogicisusedmainlytoeliminatetheuncertainties
inhuman-orientedanalysisasawayofprocessingcomplex,inaccurate,uncertain,andvaguedata.

Fuzzylogicisanextendedsetoftraditional(Boolean)logicdesignedtoaccesstheconceptof
partialtruth(Massad,Ortega,deBarros,&Struchiner,2008).Fuzzylogicisassociatedwiththe
morphologyoflogicalinference,whichcanapplytheapproachesofhumanthinkingtoknowledge-
basedsystems.Fuzzylogicisacomputationalapproachbasedondegrees of truth,andnotonthe
classictruth or falseBooleanlogic(1or0).Thisisbecauseitisdifficulttoassignanaturallanguage
inabsoluteterms0and1.Fuzzylogicuses0and1asextremecasesoftruth,butalsocontainsvarious
statesoftruthrepresentedbythemeaningsthatliebetweenthem.Fuzzylogicwasintroducedin
ordertosolvetheproblemofimprecisionanduncertainty,soastoimprovetractability,robustness
andlow-costsolutionsforrealworldproblems(ShararehandXiao-Jun,2009).

Fuzzylogicgenerally,usessimplerulestodescribethesystemofinterestandthismakesiteasy
toimplement.TheseareusuallyrepresentedasasetofIF-THENrules.Inaddition,Fuzzylogichas
theabilitytoexpresstheambiguityofhumanthinkingandtranslateexpertknowledgeintocomputable
numericaldata(Cheng,2004).Indevelopingnationsinsub-SaharanAfricasuchasNigeria,thereare
nosystemsinplacethatcanhelpprovideameansviawhichindividualswholiveasociallifeofcasual
sexcanbeabletoaccesstheirriskofhavingSTDs.Therefore,thereisaneedforthedevelopment
ofasystemwhichrequirestheuseofnon-invasiveriskfactorsfortheassessmentofSTDsinan
individual.PredictivemodelsfortheclassificationoftheriskofSTDsusingfuzzylogiccanallow
physicianstomakeuseoftheriskfactorsassessedfromindividualsinordertodeterminetheriskof
STDsthusimprovingqualityhealthcaredelivery.

2. ReLATeD woRKS

Idowuet al.(2019),workedontheclassificationoftheCD4countofHIVpatientsusingmachine
learningalgorithm.ThestudyidentifiedthefactorsthatareassociatedwiththeestimationofCD4
countamongHIVpatients thencollectedrelevantdata.Theclassificationmodelwasformulated
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usingdecisiontrees(DT)thencomparedwiththeperformanceofsupportvectormachines(SVM)
andmulti-layerperceptron(MLP).TheresultsrevealedthatusingtheDThadabetterperformance
comparedwithusingSVMandMLPalgorithms.ThestudywaslimitedtotheclassificationofCD4
countofHIVpatients.

KhormehrandMaihami(2016),appliedfuzzylogictothedevelopmentofapredictivemodelfor
theriskofSTDsusinginvasiveandnon-invasivefactors.Thestudyidentifiedanumberofinvasive
andnon-invasiveparametersthatwereassociatedwiththeriskofSTDs.Thecuckoosearchalgorithm
wasappliedtothereductionofthevariablesbeforethemodelwasformulatedusingfuzzymembership
functions.Theresultsofthestudyshowedthatthepredictivemodelshowedanaccuracyof95%
followingvalidation.Thestudywaslimitedtotheuseofbothinvasiveandnon-invasiveriskfactors
fortheidentificationoftheriskofSTDs.

Idowuet al.(2015),appliedfuzzylogictheorytothedevelopmentofasurvivalmodelforSickle
AneamiaDisease (SCD)amongpediatrics inNigeria.Thestudy identified three (3) factors that
wereassociatedwithseverityofthesurvivalofSCDamongpediatrics.Thestudyadoptedtheuse
oftriangularmembershipfunctionsfortheformulationoftheclassificationmodelfortheseverity
ofsurvivalbasedontheidentifiedfactors.TheresultsofthestudyshowedthatusingtheIF-THEN
rulesformulatedandprovidedbyexperts,theoutcomeoftheseverityofSCDsurvivalwaseasily
assessedfrompediatrics.Thestudywaslimitedtothedevelopmentofaclassificationmodelforthe
survivalofSCDpatients.

3. MATeRIALS AND MeTHoDS

Inthisstudy,fuzzylogicmodelwasadoptedforthedevelopmentofaclassificationmodelwhichis
requiredfortheassessmentoftheriskofSTDinanindividual.Therefore,thevariousvariableswhich
areassociatedwiththeassessmentoftheriskofSTDwereidentifiedfromgynecologistsselected
fromtertiaryinstitutionsinNigeria.Theseinformationwaselicitedfromtheexpertsviatheuseof
interview.ThevariousvariableswhichwereassociatedwiththeriskofSTDwerereferredtoarisk
factorsandwerefurtherclassifiedassocio-demographicandsociallifestylerelatedinformation.The
linguisticvariablesforeachriskfactorwereidentifiedandassociatedwithacrispvaluewithina
fixedintervalwhichwasusedtomeasurethedegreeofassociationwiththeriskofSTD.Therefore,
thehigherthecrispvaluethenthehigherthedegreeofassociationwiththeriskofSTD.Thecrisp
intervalswererequiredfordefiningtheassociationofthedegreeofmembershipofeachlinguistic
variablewiththeriskofSTDusingmembershipfunctions.Table1showsinformationaboutthe
variousriskfactorsthatwereidentifiedtobeassociatedwiththeriskofSTD.

Thesocio-demographicinformationthatareassociatedwiththeriskofSTD,include:marital
status of the individual, socio-economic status and toilet facility used. The marital status of an
individualwasdefinedusingtwo(2)linguisticvariables,namely:marriedandsingle.TheriskofSTD
wasidentifiedasbeenmoreassociatedwithbeensinglethanbeenmarried.Therefore,acrispvalueof

Table 1. Description of the socio-demographic risk factors

Risk Factors Linguistic Variables Crisp Value

MaritalStatus Married
Single

0
1

Socio-EconomicStatus
UpperClass
MiddleClass
LowerClass

0
1
2

ToiletFacilityUsed Personal
Shared

0
1
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0wasusedtodefinemarriedwhileacrispvalueof1wasusedtodefinesingle.Thesocio-economic
statusofanindividualwasdefinedusingthree(3)linguisticvariables,namely:lowerclass,middle
classandlowerclass.TheriskofSTDwasidentifiedasbeenmoreassociatedwithindividualsof
thelowerclass,followedbymiddleclassandleastwithindividualsoftheupperclass.Therefore,a
crispvalueof0wasusedtodefineupperclassindividuals,1usedtodefinemiddleclassindividuals
while2wasusedtodefinelowerclassindividuals.Thetypeoftoiletfacilityusedbyanindividual
wasdefinedusingtwo(2)linguisticvariables,namely:personalandshared.TheriskofSTDwas
identifiedasbeenmoreassociatedwithindividualswhousedsharedtoiletfacilitythanthosewho
usedpersonaltoiletfacility.Therefore,acrispvalueof0wasusedtodefinepersonaltoiletfacility
whileacrispvalueof1wasusedtodefinesharedtoiletfacility.Table2showsinformationaboutthe
varioussocial-lifestylerelatedriskfactorsthatwereidentifiedtobeassociatedwiththeriskofSTD.

Thesocial-lifestylerelatedinformationthatareassociatedwiththeriskofSTD,include:ageat
firstsexualintercourse,sexprotectionpractice,sexualactivity(inlast2weeks),lifetimenumberof
partnersandcasualsexpractice.Theageatfirstsexualintercourseofanindividualwasdefinedusing
four(4)linguisticvariables,namely:never,above18years,between14and18yearsandbelow14
years.TheriskofSTDwasidentifiedasbeenmoreassociatedwithindividualswhomwerebelow
14years,followedbythosewhomwerebetween14and18years,thosewhomwereabove18years
andthosewhomhadneverhadsexhadthelowestassociation.Therefore,fortheageoffirstsexual
intercourse,acrispvalueof0wasusedtodefinethosethathadneverhadsex,1todefinethose
whomwereabove18years,2todefinethosewhomwerebetween14and18yearsand3todefine
thosewhomwerebelow14years.

Thepracticeofsexprotectionbyanindividualwasdefinedusingthree(3)linguisticvariables,
always, sometimes and never. The risk of STD was identified as been more associated with
individualswhoneverpracticessexprotectionfollowedbythosewhomsometimespracticesand
theleastamongindividualswhomalwayspracticessexprotection.Therefore,acrispvalueof0
wasusedtodefineindividualswhoalwayspracticessexprotection,1usedtodefineindividuals
whomsometimespracticedsexprotectionwhile2wasused todefine individualswhomnever
practicessexprotection.Sexualactivityinthelast2weeksbyanindividualwasdefinedusingtwo

Table 2. Description of the social-lifestyle related risk factors

Risk Factors Linguistic Variables Crisp Value

AgeatFirstSexualIntercourse

Never
Above18years
Between14and18years
Below14years

0
1
2
3

SexProtectionPractice
Always
Sometimes
Never

0
1
2

SexualActivity(inlast2weeks) Inactive
Active

0
1

LifetimeNumberofSexualPartners NoneorOne
MorethanOne

0
1

CasualSexPractice No
Yes

0
1

HistoryofSTD No
Yes

0
1
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(2)linguisticvariables,namely:inactiveandactive.TheriskofSTDwasidentifiedasbeenmore
associatedwithindividualswhohadactivesexthanthosewhohadaninactivesexlife.Therefore,
acrispvalueof0wasusedtodefinethosewhomwereinactivewhileacrispvalueof1wasused
todefineindividualswhomwereactive.

Thelifetimenumberofsexpartnersofanindividualwasdefinedusingtwo(2)linguisticvariables,
namely:noneoroneandmorethanone.TheriskofSTDwasidentifiedasbeenmoreassociatedwith
individualswhohadmorethanonelifetimesexpartnerthanthosewhohadnoneoronelifetimesex
partner.Therefore,acrispvalueof0wasusedtodefineindividualswhohadnoneoronelifetimesex
partnerswhileacrispvalueof1wasusedtodefineindividualswhohadmorethanonelifetimesex
partners.Thepracticeofcasualsexamongindividualswasdefinedusingtwo(2)linguisticvariables,
namely:noandyes.TheriskofSTDwasidentifiedasbeenmoreassociatedwithindividualswho
practicedcasualsexthanthosewhodidnotpracticecasualsex.Therefore,acrispvalueof0was
usedtodefineindividualswhodidnotpracticecasualsexlifewhileacrispvalueof1wasusedto
defineindividualswhopracticescasualsex.

HistoryofSTDamongindividualswasdefinedusingtwo(2)linguisticvariables,namely:no
andyes.TheriskofSTDwasidentifiedasbeenmoreassociatedwithindividualswhohadahistory
ofSTDthanthosewhodidnothaveSTDhistory.Therefore,acrispvalueof0wasusedtodefine
individualswhodidnothavehistoryofSTDwhileacrispvalueof1wasusedtodefineindividuals
whohadhistoryofSTD.Furthermore,thesumofthecrispvaluesforalltheriskfactorswasusedto
defineintervalsrequiredfordefiningtheriskofSTDamongindividuals.Table3showsadescription
ofthevariousintervalsthatwereusedfortheclassificationoftheriskofSTDbasedonthecrisp
valuesoftheriskfactorsselected.

ThetotalcrispvaluesfortheriskofSTDwasclassifiedintofour(4)classesusingcrispintervals.
Atotalcrispvalueof0wasusedtoidentifyNoRiskofSTD,atotalcrispintervalof[1,4]wasused
toidentifyLowRiskofSTD,atotalcrispintervalof[5,9]wasusedtoidentifyModerateRiskof
STDwhileatotalcrispintervalof[10,13]wasusedtoidentifyHighRiskofSTDamongindividuals.
Therefore,acrispvalueof0wasmappedtoNoRiskofSTD,acrispvalueof1wasmappedtoLow
RiskofSTD,acrispvalueof2wasmappedtoModerateRiskofSTDwhileacrispvalueof3was
mappedtoHighRiskofSTD.

FuzzyInferenceSystems(FIS)arewidelyusedtomodelorcontrolprocessesandcanbedeveloped
basedonexpertknowledgeordata.Thefuzzyinferencemechanismconsistsofthreephases,namely:
fuzzification,inferencerulesgenerationanddefuzzification.Fuzzificationwasusedforidentifying
linguisticvariablesofinputvariablesasnumericalinputsusingmathematicalmembershipfunctions
withsomedegreeofcompatibility.Theprocessingofinferencerulesgenerationinvolvedtheuseof
If-Thenstatementstocommunicateacombinationofthevaluesofthesetofidentifiedinputvariables
withrespecttovaluesoftheriskofSTD.Defuzzificationinvolvestheconversionoftheresultsof
aggregatedrulesintoanumericalvaluerequiredforgeneratingthelinguisticvariablesoftheriskof

Table 3. Classification of risk of STDs

Linguistic Variable Crisp Interval Crisp Value

NoRisk 0 0

LowRisk [1,4] 1

ModerateRisk [5,9] 2

HighRisk [10,13] 3
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STD.Thisprocedureallowstheuseoffuzzycategoriesintherepresentationofwordsandabstract
ideasofapersoninthedescriptionofdecision-makingprocedures.

Thetriangularmembershipfunctionwasusedtoformulatethelinguisticvaluesassociatedwith
eachidentifiedriskfactorduringthefuzzificationprocess.Thisisbecausethetriangularmembership
functionwasappropriateforspecifyingcrispvaluesusedfordescribingeachlinguisticvalueasthe
centerapexpoint,bofeachdefinedtriangleaccordingtoaninterval[a,b,c].Equation(1)shows
therelationshipbetweenthecrispinterval[a,b,c]ofeachlinguisticvaluesuggestedforthisstudy
andtheirrespectivefuzzifiedvalues:

linguistic value x a b c

x a

x a

b a
a x b

c x
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b x
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Forthisstudy,thecrispinterval[a,b,c]thatwasformulatedforthelinguisticvariablesofthe
identifiedriskfactorsthatareassociatedwiththeriskofSTDarepresentedasfollows.Thecrisp
intervaloftriangularmembershipfunctionsthatwasusedtodefinelinguisticvariableswithcenter0
was[-0.5,0,0.5].Thecrispintervaltriangularmembershipfunctionsthatwasusedtodefinelinguistic
variableswithcenter1was[0.5,1,1.5].Thecrispintervaltriangularmembershipfunctionsthat
wasusedtodefinelinguisticvariableswithcenter2was[1.5,2,2.5].Thecrispintervaltriangular
membershipfunctionsthatwasusedtodefinelinguisticvariableswithcenter3was[2.5,3,3.5].

Therefore,riskfactorswith2linguisticvariablesused2triangularmembershipfunctionswith
centers0and1;riskfactorswith3linguisticvariablesused3triangularmembershipfunctionswith
centers0,1and2;andriskfactorswith4linguisticvariablesused4triangularmembershipfunctions
withcenters0,1,2and3.Also,thecrispinterval[a,b,c]thatwasformulatedforthelinguisticvalues
oftheriskofSTDs,namely:NoRisk,Lowrisk,ModerateRiskandHighRiskwere[-0.5,0,0.5],[0,
5,1,1.5],[1.5,2,2.5]and[2.533.5]respectivelywithcenters0,1,2and3respectively.

Finally,theinferencerulesfortheinferenceengineofthefuzzymodelwasformulatedbasedon
thecombinationofthepossiblelinguisticvaluesoftheidentified9riskfactorsthatareassociated
withtheriskofSTDs.Thiswasdonebydeterminingthepermutationofalllinguisticvariablesof
the9riskfactorsaccordingtoEquation(2):

Number of Rules n linguistic variables
i

risk factor i
   

 
= ( )

=
−∏

1

9

,
 (2)

wheren linguistic variables
risk factor i

 
 

( )
− ,

isnumberoflinguisticvariablesofriskfactori.
Accordingtotheequationshownabove,thenumberofrulesinferredfortheriskofSTDs

isequaltotheproductofthenumberoflinguisticvariablesofallidentifiedriskfactors.From
theidentifiedriskfactors,itwasobservedthat6riskfactorshave2linguisticvariables,2risk
factors have 3 linguistic variables and 1 risk factor has 4 linguistic variables. According to
Equation(2),thetotalnumberofrulesinferredforthefuzzylogicmodelrequiredforriskof
STDswouldrequire2304(= 2 3 46 2 1× × ) rulesintotal.Therefore,2304ruleswereinferredfor
determiningtheriskofSTDsbasedonthe9identifiedassociatedriskfactors.Theruleswere



International Journal of Big Data and Analytics in Healthcare
Volume 5 • Issue 2 • July-December 2020

44

inferredbyusingIf-Then statementswhichwereusedtocombinethevariouspossiblelinguistic
variablesoftheidentifiedriskfactorsastheantecedent(theIf part)whiletheirrespectiveoutput
linguisticvalueoftheriskofSTDs(theThen part)wereadoptedastheconsequentpartofthe
rules.Table4showsthedescriptionofsomeoftherulesthatwereinferredfromthecollection
of2304rulesrequiredfortheassessmentoftheriskofSTDbasedonthecombinationofthe
linguisticvariablesofthe9associatedriskfactors.

4. ReSULTS

Thissectionpresentstheresultsofthisstudywhichincludesthefuzzificationofthelinguisticvariables
oftheriskfactorsassociatedwiththeriskofSTDsusingthetriangularmembershipfunction.As
statedearlier,thenumberoftriangularmembershipfunctionadoptedforthefuzzificationoftherisk
factorswerebasedonthenumberoflinguisticvariablesofeachriskfactor.Thetriangularmembership
functionswereformulatedasfunctionofthevaluesofa,bandcasidentifiedintheirrespective
interval[a,b,c].Foreachlinguisticvalue,thevalueofawasusedtodefinetheleftbasepoint,cto
identifytherightbasepointandbtoidentifythecentralapexpointwhichcorrespondstothecrisp
valueofthelinguisticvariable.

Theresultsshowedthatalltriangularmembershipfunctionsadoptedforthefuzzificationofthe
riskfactorsassociatedwiththeriskofSTDswereformulatedbasedonthecentralvaluesofthecrisp
intervalsdefinedforeachlinguisticvariables,namely:0,1,2and3.Also,theriskofSTDswasalso
formulatedusing4triangularmembershipfunctionswithcenters0,1,2and3forNoRisk,Low
Risk,ModerateRiskandHighRiskrespectively.

Thetriangularmembershipfunctionwithcenter0wasformulatedbasedontheinterval[-0.5,
0,0.5]accordingtoEquation(3)suchthattheextremepointshadcrispvaluesof-0.5and0.5.The
triangularmembership functionwithcenter1was formulatedbasedon the interval [0.5,1,1.5]
accordingtoEquation(4)suchthattheextremepointshadcrispvaluesof0.5and1.5.Thetriangular
membershipfunctionwithcenter2wasformulatedbasedontheinterval[1.5,2,2.5]accordingto
Equation(5)suchthattheextremepointshadcrispvaluesof1.5and2.5.Thetriangularmembership
functionwithcenter3wasformulatedbasedontheinterval[2.5,3,3.5]accordingtoEquation(6)
suchthattheextremepointshadcrispvaluesof2.5and3.5:

Table 4. Description of some of the rules inferred for STD risk

V1 V2 V3 V4 V5 V6 V7 V8 V9 STD 
Risk

Married Upper Personal Never Always Inactive 0or1 No No No
Risk

Married Upper Personal Never Always Inactive 0or1 No Yes Low
Risk

Married Upper Personal Never Always Inactive 0or1 Yes No Low
Risk

Married Upper Personal Never Always Inactive 1or
more No No Low

Risk

Single Lower Shared Below14 Never Active 1or
more Yes Yes High

Risk
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Thefuzzificationofthefuzzyinferencesystemofthefuzzylogicmodelrequiredfortheriskof
STDwassimulatedusingtheMATLABFuzzyLogicToolboxavailableintheMATLABR2015a.
Thesourcecodeforthesimulatedfuzzylogicmodelexcludingthe2304rulesispresentedinthe
Appendix.Thesourcecodeconsistsof thespecificationof thefuzzymodelwhichweredefined
underthesystemcomponentofthecodewhichcontainedthemodeltypeasMamdani,numberof
inputsas9,numberofoutputas1,numberofrulesas2304,andmethodasminimumfuzzyvalue,or
methodasmaximumfuzzyvalue,implicationmethodasminimum,aggregationmethodasmaximum
whilethedefuzzificationmethodwascentroid.Followingthis,thedescriptionofthefuzzification
ofthe9inputalongsidetheriskofSTDswerespecifiedbasedontheirname,rangeofcrispvalues,
numberofmembershipfunctionswithinrangealongsidetheintervalofeachtriangularmembership
functionusedtoformulatethelinguisticvariables.Figure1showsthescreenshotofthesourcecode
ofthefuzzylogicmodelforriskofSTDsusingtheMATLABFuzzyLogicToolboxasviewedvia
notepad++software.
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TheresultsofthesimulationofthemodelforthemaritalstatusisexpressedinFigure2such
thattheinterval[-0.5,0.5]withcenter0wasusedtomodelmarriedwhile[0.5,1.5]withcenter1
wasusedtomodelsingle.Theresultsofthesimulationofthemodelforsocio-economicstatusis
showninFigure3suchthattheinterval[-0.5,0.5]withcenter0wasusedtomodelhighclass,[0.5,
1.5]withcenter1wasusedtomodelmiddleclassand[1.52.5]withcenter2wasusedtomodellow
class.TheresultsofthesimulationofthemodelfortoiletfacilityuseisshowninFigure4suchthat

Figure 1. Screenshot of source code of Fuzzy logic model for risk of STDs

Figure 2. Fuzzification of marital status
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theinterval[-0.5,0.5]withcenter0wasusedtomodelpersonalwhile[0.5,1.5]withcenter1was
usedtomodelshared.

TheresultsofthesimulationofthemodelforageatfirstsexualintercourseisexpressedinFigure
5suchthattheinterval[-0.5,0.5]withcenter0wasusedtomodelnever,[0.5,1.5]withcenter1was
usedtomodelabove18years,[1.52.5]withcenter2wasusedtomodelbetween14and18years
and[2.53.5]withcenter3wasusedtomodelbelow14years.Theresultsofthesimulationofthe

Figure 3. Fuzzification of socio-economic status

Figure 4. Fuzzification of toilet facility used
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modelforpracticesexprotectionisshowninFigure6suchthattheinterval[-0.5,0.5]withcenter0
wasusedtomodelalways,[0.5,1.5]withcenter1wasusedtomodelsometimesand[1.52.5]with
center2wasusedtomodelnever.

Theresultsofthesimulationofthemodelforsexualactivity(inthelast2years)isexpressedin
Figure7suchthattheinterval[-0.5,0.5]withcenter0wasusedtomodelinactiveand[0.5,1.5]with
center1wasusedtomodelactive.Theresultsofthesimulationofthemodelforlifetimepartnersis

Figure 5. Fuzzification of age at first sexual intercourse

Figure 6. Fuzzification of practice sex protection
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showninFigure8suchthattheinterval[-0.5,0.5]withcenter0wasusedtomodelnoneoroneand
[0.5,1.5]withcenter1wasusedtomodelmorethanone.Theresultsofthesimulationofthemodel
forpracticecasualsexisshowninFigure9suchthattheinterval[-0.5,0.5]withcenter0wasused
tomodelnoand[0.5,1.5]withcenter1wasusedtomodelyes.

TheresultsofthesimulationofthemodelforhistoryofSTDsisexpressedinFigure10such
thattheinterval[-0.5,0.5]withcenter0wasusedtomodelnoand[0.5,1.5]withcenter1wasused

Figure 7. Fuzzification of sexual activity (in last 2 weeks)

Figure 8. Fuzzification of lifetime partners
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tomodelyes.TheresultsofthesimulationofthemodelforriskofSTDsisshowninFigure11such
thattheinterval[-0.5,0.5]withcenter0wasusedtomodelnorisk,[0.5,1.5]withcenter1wasused
tomodelabovelowrisk,[1.52.5]withcenter2wasusedtomodelmoderatenriskand[2.53.5]with
center3wasusedtomodelbelowhighrisk.

Figure12 shows the screenshotof the resultsof the simulationof the2304 rules thatwere
inferredfortheassessmentoftheriskofSTDsbasedoninformationaboutthe9riskfactors.The

Figure 9. Fuzzification of practice casual sex

Figure 10. Fuzzification of history of STDs
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resultsshowedthateachruleinferredisuniqueanddoesnotcontainlinguisticvariablesoccurring
inthesamepatternofanyoftheotherrulesdefined.Therefore,foranygivensetofrulesrands
withinthe2304rulesthereisnorulerthathasthesamelinguisticvariablesforasetofriskfactors
asindicatedbyanotherrules.

Figure13showstheresultsofthegraphicalregionoccupiedbytheassessmentofthefuzzy
logicmodelfortheriskofSTDswithrespecttothevaluesofthelinguisticvariablesselectedforthe

Figure 11. Fuzzification of risk of STDs

Figure 12. Inferred rules of the Fuzzy inference engine for risk of STDs
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riskfactors.Itpresentstheresultsofthedefuzzificationoftheaggregationofthecrispvaluesofthe
linguisticvariablestestedoverthe2304rules.

Theinputprovidedincludedthevalues:0,2,1,3,2,1,1,0and1whichconsistentwiththe
linguisticvariables,namely:marriedformaritalstatus,lowforsocio-economicstatus,sharedfor
toiletfacilityused,below14yearsforageoffirstsexualintercourse,neverforpracticesexprotection,
activeforsexualactivity(inlast2weeks),morethanoneforlifetimepartners,noforpracticecasual
sexandyesforhistoryofSTDsrespectively.Thesevalueswereconsistentwiththevaluesofthe
linguisticvariablesforthe9riskfactorsasindicatedbyrulenumber783.Theresultsshowedthat
sincethedefuzzifiedcrispvaluerevealedavalueof5whichfallswithinthetriangularmembership
functionwithinterval[2.5,3,3.5]thentheriskofSTDishigh.

5. DISCUSSIoNS

Basedontheresultsofthisstudy,theassessmentoftheriskofSTDsforanindividualcanbeassessed
basedonknowledgeaboutassociatedriskfactors.Inthisstudy,afuzzylogicmodelwasdevelopedbased
onthedevelopmentofamultipleinputandsingleoutput(MISO)Mamdanifuzzylogic-basedmodelfor
theriskofSTDsbasedoninformationcollectedaboutthevaluesof9riskfactors.Theriskfactorsthat
wereidentifiedinthisstudytobeassociatedwiththeriskofSTDswereallnon-invasiveriskfactorswhich
consistedofsocio-demographicandsocial-lifestylerelatedinformation.Thestudyshowedthatthevalues
ofthelinguisticvariablesoftheriskfactorsofassociatedwiththeriskofSTDshavevaryinglevelsof
associationwhichwasassignedbasedoncrispvalues.Thus,thedegreeofimpactofeachlinguisticvariable
ontheriskofSTDswereidentifiedasafunctionofthecrispvalueassignedwhichlaidbetweenanumbers
ofintervals.Therefore,theriskofSTDswasdeterminedbyanintervalwhichcorrespondedtothetotalsum
ofthecrispvaluesofthelinguisticvariablesoftheriskfactorsthatareassociatedwiththeriskofSTDs.

6. CoNCLUSIoN

Thisstudydevelopedafuzzylogic-basedmodelforthepredictionoftheriskofSTDsamongyoung
femaleadultsinNigeria.Thisstudyconcludedthatusinginformationabouttheriskfactorsthatare

Figure 13. Validation of rules inferred for the risk of STDs
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associatedwiththeriskofSTDs,fuzzylogicmodelingwasadoptedforpredictingtheriskofSTD
basedonknowledgeabouttheriskfactors.Triangularmembershipfunctionswereusedtoformulate
thelinguisticvariablesof9riskfactorsalongsidethetargetriskofSTDs.2304ruleswereextracted
abouttheknowledgeofthevaluesoftheriskfactorsrequiredforpredictingtheriskofSTDs.The
studyrecommendsthatadditionaleffortsbeputplaceintotheidentificationofadditionalnon-invasive
riskfactorsrequiredfortheearlydetectionofSTDsamongindividuals.Also,dataaboutriskfactors
associatedwithSTDsshouldbecollectedsothatdataminingandmachinelearningalgorithmscan
beadoptedforthedevelopmentofobjectivepredictiveclassificationmodelswhichdonotdepend
onruleselicitedfromexpertswhichmaybelimitedbybias.
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APPeNDIX

Source Code of Fuzzy Logic Model for Risk of STDs
[System]
Name=’FuzzyLogicPredictiveModelfortheRiskofSTDs’
Type=’mamdani’
Version=2.0
NumInputs=9
NumOutputs=1
NumRules=2304
AndMethod=’min’
OrMethod=’max’
ImpMethod=’min’
AggMethod=’max’
DefuzzMethod=’centroid’
[Input1]
Name=’Marital-Status’
Range=[-0.51.5]
NumMFs=2
MF1=’Married’:’trimf’,[-0.500.5]
MF2=’Single’:’trimf’,[0.511.5]
[Input2]
Name=’Socio-economic-status’
Range=[-0.52.5]
NumMFs=3
MF1=’High-class’:’trimf’,[-0.500.5]
MF2=’Middle-class’:’trimf’,[0.511.5]
MF3=’Low-class’:’trimf’,[1.522.5]
[Input3]
Name=’Toilet-facility-use’
Range=[-0.51.5]
NumMFs=2
MF1=’Personal’:’trimf’,[-0.500.5]
MF2=’Shared’:’trimf’,[0.511.5]
[Input4]
Name=’Age-at-first-sexual-intercourse’
Range=[-0.53.5]
NumMFs=4
MF1=’Never’:’trimf’,[-0.500.5]
MF2=’Above-18’:’trimf’,[0.511.5]
MF3=’Between-14-to-18’:’trimf’,[1.522.5]
MF4=’Below-14’:’trimf’,[2.533.5]
[Input5]
Name=’Practice-sex-protection’
Range=[-0.52.5]
NumMFs=3
MF1=’Always’:’trimf’,[-0.500.5]
MF2=’Sometimes’:’trimf’,[0.511.5]
MF3=’Never’:’trimf’,[1.522.5]
[Input6]



International Journal of Big Data and Analytics in Healthcare
Volume 5 • Issue 2 • July-December 2020

56

Name=’Sexual-activity-last-2-weeks’
Range=[-0.51.5]
NumMFs=2
MF1=’Inactive’:’trimf’,[-0.500.5]
MF2=’Active’:’trimf’,[0.511.5]
[Input7]
Name=’Lifetime-partners’
Range=[-0.51.5]
NumMFs=2
MF1=’None-or-one’:’trimf’,[-0.500.5]
MF2=’More-then-one’:’trimf’,[0.511.5]
[Input8]
Name=’Pratice-casual-sex’
Range=[-0.51.5]
NumMFs=2
MF1=’No’:’trimf’,[-0.500.5]
MF2=’Yes’:’trimf’,[0.511.5]
[Input9]
Name=’History-of-STDs’
Range=[-0.51.5]
NumMFs=2
MF1=’No’:’trimf’,[-0.500.5]
MF2=’Yes’:’trimf’,[0.511.5]
[Output1]
Name=’Risk-of-STDs’
Range=[-0.53.5]
NumMFs=4
MF1=’None’:’trimf’,[-0.500.5]
MF2=’Low-Risk’:’trimf’,[0.511.5]
MF3=’Moderate-Risk’:’trimf’,[1.522.5]
MF4=’High-Risk’:’trimf’,[2.533.5]
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