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ABSTRACT

Artificial intelligence is emerging as a persuasive tool in the field of medical science. This
researchworkalsoprimarilyfocusesonthedevelopmentofatooltoautomatethediagnosisof
inflammatorydiseasesof thekneejoint.Thetoolwillalsoassist thephysiciansandmedical
practitionersfordiagnosis.Thediseasesconsideredforthisresearchunderinflammatorycategory
are osteoarthritis, rheumatoid arthritis and osteonecrosis. A five-layer adaptive neuro-fuzzy
(ANFIS) architecture was used to model the system. The ANFIS system works by mapping
inputparameterstotheinputmembershipfunctions,inputmembershipfunctionsaremapped
totherulesgeneratedbytheANFISmodelwhicharefurthermappedtotheoutputmembership
function.AcomparativeperformanceanalysisoffuzzysystemandANFISsystemisalsodone
andresultsgeneratedshowsthattheANFISsystemoutperformedfuzzysystemintermsoftesting
accuracy,sensitivityandspecificity.
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1. INTRoDUCTIoN

Expertsystems(ES)isatriumphantcommercialproductandenthrallingresearchtoolofartificial
intelligence(AI)whichtranspiredduringearly1970s.ESissuccessfullyemployedinvariousfieldslike
medical,agriculture,automaticcontrol,dataclassification,decisionanalysisandairspace,specifically
inmedicalfield,wherepatient’shealthandsafetymeasuresareimportant.Kneeisthehingejoint
whichplaysvitalroleinskeletalsystemofhuman.Thewhole-bodyweightisonthekneejoint.A
numberofcategoriesofdiseasescouldaffectthisvitalpartofthebodysuchasinflammatorydiseases,
infectiousdiseases,neoplasticdiseases,injuries,etc.Theproposedsystemisdesignedtodiagnose
theinflammatorydiseasesofkneenamelyosteoarthritis,rheumatoidarthritisandosteonecrosisusing
adaptiveneuro-fuzzytechnique.

Thisarticle,originallypublishedunderIGIGlobal’scopyrightonDecember20,2019willproceedwithpublicationasanOpenAccess
articlestartingonJanuary14,2021inthegoldOpenAccessjournal,InternationalJournalofHealthcareInformationSystemsandInformat-
ics(convertedtogoldOpenAccessJanuary1,2021),andwillbedistributedunderthetermsoftheCreativeCommonsAttributionLicense

(http://creativecommons.org/licenses/by/4.0/)whichpermitsunrestricteduse,distribution,andproductioninanymedium,providedthe
authoroftheoriginalworkandoriginalpublicationsourceareproperlycredited.
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1.1. orthopaedic Diseases
Withtheadvancementofthescience,discoveryofRoentgen’srays(x-rays)anddiscoveryof
bacteriabyLouisPasteurtheneweraofdiseasesofskeletalsystememerged.Fromthisvarious
bones and joints diseases were came under orthopaedic, which are known as orthopaedic
diseases(Pandeyetal.,2009).

Thehumanskeletalismadeupof206boneswhereeachboneofskeletalsystemcouldbe
covered under Inflammatory, Infective, and neoplastic disorder. Moreover, the human body is
comprisedofvariousjointsassynovialfibrous,ballandsocketjointandhingejoints(Moskowitz
etal.,2006).Undertheorthopaedic,therearespine,elbow,knee,ankle,wristandshoulderbody
parts.Kneejointisthemainweightbearingjoint,sowehavefocusspecialattentiontowardsthose
largehingejointofthebody.Kneecomprisesofthreebones.Thelowerboneofthighwhichis
calledFemur,upperpartofthelegbonecalledTibiaandthekneecapboneisknownasPatellaas
showninFigure1(Chandna,2018).

Themainareaof interest inkneeare inflammatorypathologythat isOsteoarthritisofknee,
Rheumatoidarthritisofkneeandosteonecrosisofkneeandinfectivepathologylikesepticarthritis
whichcanbeacutesepticarthritis,chronicsepticarthritisandtuberculosisoftheknee.Inflammatory
diseases mean inflammation to the bony and soft tissue structures of the knee joint that causes
inflammatoryarthritis(Singhetal.,2012).Followingdiseasescomeundertheinflammatorydiseases:

• Osteoarthritis: Osteoarthritis is a common joint disorder (Justice et al., 2012). This is the
progressivesofteninganddisintegrationof thearticularcartilage. It isaccompaniedbynew
growthofcartilageandboneatthejointmargin;

• Rheumatoid arthritis:Rheumatoidisanautoimmunedisease.Itisthecommonestcauseof
thechronicinflammatorydisease.ThemostcommoncharacteristicfeaturesareelevatedESR,
symmetricalpolyarthritisandmorningstiffness.PathologyofRAinknee,stage1issynovitisand
swellinginjoint,stage2isearlyjointdestructionwithparticularregionandstage3isadvanced
jointdestructionanddeformity.Thisdiseaseiscommoninallagegroup(children,young,old).
Itcanbeseropositiverheumatoidarthritisorseronegativerheumatoidarthritis.Therearetwo
outputsfortheRAdisease,oneforadultandotherforjuvenile;

• Osteonecrosis:Theavascularnecrosisofthemedialcondyleofthefemurisverycommoninthe
kneejoint.Itisoftenassociatedwiththealcoholismanddrugaddictive.Itisthreetimesmore
commoninfemales,abovetheageof60years.

Figure 1. Parts of knee
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2. LITeRATURe ReVIew

In1970s,thefirstexpertsystemdevelopedforinfectiousblooddiseaseswasMYCIN.Itisarule
base system, implementedwith500 rules inLISPanddealswith certaindegreeofbeliefusing
combiningfunctions.Withtheadvancement,manyexpertsystemsinvariousfieldisdesignedlike
DENDRAL,PROSPECTOR,ENT,cancer,dengue,gynecology,tumor,asthmaanddiabetes.Many
ArtificialIntelligencetechniqueslikefuzzylogic,Artificialneuralnetwork,GeneticAlgorithm,case-
basedreasoning,particleswarmoptimization,rule-basedreasoningisappliedtodesigntheexpert
systems.LiteraturestudyhasprovedthatArtificialNeuralNetwork(ANN)andFuzzylogic(FL)
haswideapplicabilityinvariousfieldslikestudentmodeling,medical,economics,trafficcontrol,
imageprocessing,forecasting,manufacturing,electricalandelectronicsystems(Karetal.,2014).
ANNandFLmethodsarealsowidelyappliedintechnicaldiagnosticsandmeasurement(Viharos
etal.,2015).Inlastfewyears,itisobservedthatANFISmethodsareusedinvariousgeotechnical
engineeringproblems(AliCabalaraetal.,2012).

Anadaptiveneuro-fuzzysystemwasdevelopedtodetecttheabnormalredbloodcellsandit
hasgiven96.6%accurateresults.Innerandouterdiameterofredbloodcellswereextractedusing
boundingboxandadaptivelocalthresholdingmethodafterwhichtheANFISmethodclassifiesthe
redbloodcellsasnormalandabnormal(Khamenehetal.,2012).AnapplicationofANFISmethodis
alsoseentoestimatethebiochemicaloxygendemand(BOD)ofSurmaRiver.Tenqualityparameters
weretakentoestimateBODandtheperformanceoftheANFISmodelswasassessedthroughthe
meansquarederror,correlationcoefficient,Nashmodelefficiencyandmeanabsoluteerror(Ahmed
etal.,2017).ANFISmethodwasalsousedtopredicttheinjectionprofilesduringthedevelopment
ofoilfield.Twoneuro-fuzzysystemsbasedongridpartitionandsubtractiveclusteringwasdesigned
tocomparetheperformanceofboththesystems.Itisfoundintheresearchthatgridpartitionbased
ANFISsystemsoutperformssubtractiveclusteringbasedANFISsystems(Weietal.,2007).Asystem
wasdevelopedtopredicttheskintemperatureinlowerlimbprosthesesusingadaptiveneuro-fuzzy
techniqueandGaussianprocessesformachinelearning.Resultsforboththetechniquesaremeasured
andit isobservedthatboth the techniqueshavecomparableperformancemetrics(Mathuretal.,
2016).InanotherapplicationofANFIS,asystemwasdesignedtopredictthermalerrorcompensation
onCNCmachinetools.Forthisresearchalsotwoneuro-fuzzysystemsbasedongridpartitionand
fuzzyc-meansclusteringwasdesigned.Itisfoundintheperformanceevaluationthatfuzzyc-means
clusteringbasedANFISsystemissuperiorintermsofaccuracy(Abdulshahedetal.,2015).ANFIS
method isalsoapplied foroccupational riskassessment in theshipbuilding industry.Parameters
takenforthestudyweretypeofincident,specialty,dayandtime,dangerousactionsanddangerous
situationsinvolvedintheincident.(Fragiadakisetal.,2014).Anapplicationinfieldofagriculture
isalsodesignedtopredictthewheatgrainyieldonthebasisofenergyinputs.Thesystemisalso
developedusingANNandtheperformanceofANNbasedsystemANFISsystemsarecompared.
ThecomparativeresultshaveshownthatANFISsystemhaspredictedtheyieldmoreaccuratelyand
preciselythanANNsystems(Khoshnevisanetal.,2014).

3. KNowLeDGe ACQUISITIoN

Theforemoststepfordesigningthefuzzysystemistocollectdataandidentifyallinputandoutput
parameters.Knowledgeacquisitionismostproblematicalandstrenuoustasksintheconstructionof
expertsystems.Sometimeobstaclesencounteredwhileelicitingknowledgefromhumanexperts.
ThesecanbedonebyconsultingwithOrthopaedicexpertdoctor.Thedataiscollectedfromthe
varioussourcessuchasresearchpapers,booksandexpertdoctors.Undertheorthopaedicdiseases,
therearevariouscategoriesofthekneejoint.MajorcategoriesoftheKneejointareInflammatory
diseases,InfectiveDiseasesandNeoplasticdiseasesasshowninFigure2.Thedataiscollectedas
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showninFigure2.fortheinflammatorycategorywhichcoveredosteoarthritis(OA),rheumatoid
arthritis(RA)andosteonecrosis(ON)diseases.

4. MATeRIALS AND MeTHoDS

Theproposedsystemisimplementedusingafive-layeradaptiveneuro-fuzzy(ANFIS)architecture.
ANFISisanamalgamationoftwofamoussoftcomputingtechniques,i.e.ArtificialNeuralNetwork
(ANN)andfuzzy logic. Incontrast toBoolean logicwhichprovides theanswer in trueor false,
Fuzzylogicdealswithuncertaintyprovidingvaluesrangingfrom0to1.Fuzzylogichastheability
todealwiththevaguevalues;however,itdoesn’thaveaspecifiedmethodwhichcouldbeusedin
theprocessofemulatinghumanexpertiseintofuzzyrulebaseinferencesystem.Italsotakesfairly
ahugetimeforadjustinganddecidingthemembershipfunctions.Thisdrawbackoffuzzylogiccan
becompensatedbyapplyingArtificialNeuralNetwork(ANN)whichcanautomaticallydecideand
adjustthemembershipfunctions.Thisamalgamationoffuzzylogicandneuralnetworkwillalso
helptoreducetheerrorratesinformulatingthefuzzyrules.

4.1. Fuzzy Inference System
AFuzzyInferenceSystemworksinmainlythreephases.Initiallythecrispinputvaluesarefuzzified
usingmembershipfunctionswhicharedecidedusingintuitionisticmethod.AftertheFuzzification
ofinputparameters,fuzzyrulesin“IF-Then”formataredesignedbyrigorousconsultationwiththe
expert.Inferenceengineistheheartofthefuzzysystemwhichhelpsinreasoninganddeducingthe
resultsbasedontherulesinthesystem.Theinferenceenginegeneratesanaggregatedmembership
functionthroughwhichacrispoutputvalueisobtainedbyapplyingdefuzzificationmethodslike
centroid.Figure3showsthedetailedstructureoftheFuzzyInferenceSystem.Thereareseveraltypes
ofFIS,namelyTakagi–Sugeno,Mamdani,andTsukamoto.ATakagi–SugenoFISmodelwasfound
tobewidelyusedintheapplicationofANFISmethod.

4.2. Adaptive Network
Figure4depictsanadaptivenetworkwhichisanexampleofmultiplelayerfeedforwardneural
network(Jang,1993).Supervisedlearningalgorithmsareoftenusedduringthelearningand
trainingprocessofthesenetworks.Theadaptivenetworksarecomposedofanumberofadaptive

Figure 2. Symptoms collected for the knee diseases
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nodeswhicharedirectlyinterlinkedwitheachotherwithouthavinganyvalueofweightbetween
them.Intheadaptivenetworkeverynodehasaspecifiedfunctionandjob.Theoutputofthe
nodesisdependentontheparametersandincomingsignalswhichareavailableinthenodes.
Therulesgeneratedafterthetrainingoftheadaptivenetworkwillhelptominimizetheerrors
ofadaptivenetwork’soutput.

4.3. ANFIS Architecture
AdaptiveNeuro-Fuzzy(ANFIS)architectureisanadaptivenetworkwhichusessupervisedlearning.
Takagi-SugenoinferencesystemisusedtoimplementANFISmethod.Figure5showstheinference
mechanismforTakagi-SugenoFIS.Equation1and2definestwo“IF-THEN”rulesforTakagi-Sugeno
modelifitisassumedthattherearetwoinputsaandb,andoneoutputf:

Figure 3. Fuzzy inference system

Figure 4. Adaptive network
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Figure6showsthefive-layerarchitectureofANFISmodel(Noureen,2017).Thefirstandfourth

layersoftheANFISarchitectureconsistsofadaptivenodewhereasthesecond,thirdandfifthlayers
consistsofafixednode.Thedescriptionofallthefivelayersisgivenasfollows:

Layer 1:ThefirstlayeroftheANFISarchitecturehasadaptivenodes.Theinputsaremappedtothe
degreeofmembershipvalue.Themembershipfunctiononwhichtheinputsaremappedcanbea
GaussianmembershipfunctionasdefinedinEquation3,abellmembershipfunctionasdefined
inEquation4,oranyothertypeofmembershipfunction(Supartaetal.,2013):
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Figure 5. A Sugeno fuzzy inference system
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Layer 2:InthesecondlayerofANFISarchitectureeverynodeisfixedornon-adaptive.Everynode
ofthislayerrepresentsthefiringstrengthsoftherules.Theoutputfromthesenodesisgenerated
bymultiplyingtheincomingvaluestothenodeandoutgoingvaluestothenextnode.Inthis
layer,theT-normoperatorsuchasANDoperatorisappliedtogettheoutput:

O w a b i
i i Xi Yi2

1 2= = ( ) ( ) =� � *� , ,µ µ  (7)

wherew
i
representsthefiringstrengthofeveryrule.

Layer 3:InthethirdlayerofANFISarchitectureeverynodeisfixedornon-adaptive.Eachnodein
thislayercalculatesthenormalizedfiringstrengthofrulewhichisgivenastheratiooffiring
strengthofi-thrulestothetotalsumoffiringstrengthsofalltherules:

Figure 6. Architecture of ANFIS
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Layer 4:InthefourthlayerofANFISarchitectureeverynodeisanadaptivenodewhichmappedto
anodefunctiondefinedas:
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i i i
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Layer 5:FifthlayerofANFISarchitecturecontainsasinglenodewhichisafixedornon-adaptive
node. This node calculates the final output as the sum of all the incoming values from the
precedingnodes:
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4.4. Algorithm for Proposed System
Figure7illustratesthealgorithmdesignedfortheproposedworkwhichhasbeenimplementedusingNeuro-
FuzzyDesignertoolboxinMATLAB.TheresultsobtainedfromtheimplementationofANFISmodelare
thencomparedwiththeimplementationoffuzzymodeltoevaluatetheperformanceofboththemodels.

Figure 7. Algorithm for proposed system
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5. eXPeRIMeNTAL ReSULTS

The proposed model is implemented in MATLAB using Neuro-Fuzzy toolbox. Three types of
inflammatory diseases of knee namely Osteoarthritis, Rheumatoid Arthritis, Osteonecrosis are
predictedusingANFISmodel.Figure8showsthefive-layerANFISmodelforpredictingOsteonecrosis
disease.4inputparametersaretakenwhicharemappedtotheinputmembershipfunctions,input
membershipfunctionsaremappedtotherulesgeneratedbytheANFISmodelwhicharefurther
mappedtotheoutputmembershipfunction.Finally,theoutputmembershipfunctionsaremapped
tothesingle-valuedoutput.

Dataof68patientsweretakentotraintheANFISmodelforpredictingosteonecrosisdisease.
232patient’sdataweretakentotraintheANFISmodelforpredictingOsteoarthritisandRheumatoid
Arthritisdisease.Figure9showsthemappingoftrainingdatawiththeFISoutputforosteonecrosis
disease.Afterthetraining,theANFISsystemforpredictingosteonecrosisdiseaseistestedon20
patientsasshowninFigure10.

GridpartitionmethodisusedtogeneratetheFIS.Whiletrainingofthesystemerrortolerance
wassettozero,numberofEpochswere10andhybridmethodforoptimizationwasused.TheANFIS
modelgenerates54optimizessetofruleswhichareshowninFigure11.Figure12displaysthesurface
viewoftheANFISmodelwhereinput1(pain)ismappedatx-axis,input2(swelling)ismappedat
y-axisandtheoutput(stageofosteonecrosisdisease)ismappedatz-axis.

Theproposedsystemisimplementedusingfuzzylogicaswellusingneuro-fuzzytechnique.
Figure13illustratesthecomparativeresultsofthesystembeingimplementedusingfuzzyandANFIS
oninflammatorydiseasesoftheknee.ThesystemforpredictingOsteoarthritisdiseaseistestedon65
patientsandthecomparativeresultsshowsmoreaccuracy,sensitivityandspecificityobtainedthrough
ANFIStechnique.65patient’sdataareusedtotestthesystemforpredictingRheumatoidArthritis
diseasewhichalsodepictsasmallernumberoffalsenegativeandfalsepositiveresultsobtained

Figure 8. ANFIS model structure
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usingANFIS.ForOsteonecrosisdiseasethesystemistestedon40patientsandtheANFIStechnique
outperformsinthiscategoryaswell.Figure14,Figure15andFigure16presentsthegraphicalview
ofthecomparativeresultsobtainedaftertesting.

Mathematically,thetestingaccuracy,sensitivity,specificitycanbecalculatedbasedonthenumber
ofTruePositive(TP),TrueNegative(TN),FalsePositive(FP)andFalseNegative(FN)entitiesas
definedbythefollowingequations:

PositivePredictivevalue(PPV)=TP/(TP+FP) (11)

NegativePredictivevalue(NPV)=TN/(TN+FN) (12)

Sensitivity=TP/(TP+FN)*100 (13)

Figure 9. Mapping of training data and FIS output

Figure 10. Mapping of testing data and FIS output
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Specificity=TN/(TN+FP)*100 (14)

TestingAccuracy=(TP+TN)/(TP+FN+TN+FP)*100 (15)

Forinstance,basedontheaboveequationsPPV,NPV,Sensitivity,Specificityandtestingaccuracy
iscalculatedasfollowsforOsteoarthritisdisease:

Figure 11. Rule viewer

Figure 12. Surface viewer
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PPV=TP/(TP+FP)=44/(44+1)=0.97
NPV=TN/(TN+FN)=19/(19+1)=0.95
SENSITIVITY=TP/(TP+FN)=44/(44+1)*100=97.77%
SPECIFICITY=TN/(TN+FP)=19/(19+1)*100=95.00%
TESTINGACCURACY=(TP+TN)/(TP+FN+TN+FP)*100=(44+19)/(44+1+19+1) 
*100=96.92%

Figure 13. Result analysis of Fuzzy and ANFIS system

Figure 14. Comparative results of ANFIS and Fuzzy model based on testing accuracy
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6. DISCUSSIoN AND CoNCLUSIoN

The proposed system based on Adaptive Neuro-Fuzzy technique is designed to diagnose the
inflammatorydiseasesoftheknee.Thisfuzzyrulebasetechniqueisveryhelpfulandaccurateto
diagnosetheinflammatorydiseases.Therefore,thisproposedexpertsystemcouldbeusedasatool,
whichcanabettheorthopaediccliniciansaswellaslearningsystemfororthopaedicmedicalstudents
andpractioners.Figures14,15and16presentacomparisonamongfuzzyandANFISmodelusing
accuracy,sensitivityandspecificityrespectively.Figure14illustratesthatOsteoarthritishad92.30%
(fuzzy)and96.92%(ANFIS)accuracy,rheumatoidarthritishad92.30%(fuzzy)and96.92%(ANFIS)

Figure 15. Comparative results of ANFIS and Fuzzy model based on sensitivity

Figure 16. Comparative results of ANFIS and Fuzzy model based on specificity
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accuracyandosteonecrosishad92.50%(fuzzy)and95%(ANFIS)accuracy.Figure15depictsthat
osteoarthritishad93.33%(fuzzy)and97.77%(ANFIS)specificity,rheumatoidarthritishad95.91%
(fuzzy)and97.87%(ANFIS)specificityandosteonecrosishad93.54%(fuzzy)and96.55%(ANFIS)
specificity.Figure16illustratesthatOsteoarthritishad90%(fuzzy)and95%(ANFIS)specificity,
rheumatoidarthritishad90%(fuzzy)and94.44%(ANFIS)specificityandosteonecrosishad88.88%
(fuzzy)and90.90%(ANFIS)specificity.Theobtainedcomparativeresultsbetweenfuzzysystemand
ANFISsystemhasunveiledthattheANFISsystemhasoutperformedforallthediseases.Certainly,
thesefuzzificationintelligentcomputingmethodscannotremovethediagnoseperformedbymedical
practitionerbutmayactsasusefulresourcetoassistpatientaftercarefulexaminationoftheirmedical
report.TheproposedstudyisalsoaneffortinthatdirectiontoproposeanArtificialneuralnetwork
andfuzzybasedintelligentmodelfortheefficientandeffectivediagnosisofkneerelateddiseases.

Thisproposedresearchworkcanfurtherbeextendedforanothercategorylikeinfectivediseases
andneoplasticdiseases.Thesystemcouldbedesignedusingmoreparameters.Dataofmorepatients
couldbecollectedtotrainthesystem.Thesystemcouldbedesignedusingothersoftcomputing
techniqueslikegeneticalgorithm,evolutionarycomputationandmachinelearningtechniques.
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