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ABSTRACT

Diabetesisachronicdiseasethatcanaffectthelifeofpeopleduetohighsugarlevelintheirblood.
Thesugarlevelisincreasedduetoalackofproductionofinsulininthehumanbody.Largenumbers
ofpeopleareaffectedwithdiabetesanditcanincreasetremendouslyduelifestylebehavior.Diabetes
canalsoaffecttheotherhumanorgans,likekidneys,hearts,retinasandleadtothefailureofthese
organs.Thisarticlepresentsadiabeticmonitoringsystemtodeterminetheriskofdiabetesbasedon
thepersonalhealthrecordofpatients.Inthiswork,severalrulesaredesignedbasedontheclinicalas
wellasnon-clinicalsymptoms.Theeffectivenessofthediabetesmonitoringsystemistestedonaset
oftwohundredfortypeople.Thesimulationresultsarealsocomparedwithwell-knowntechniques
availablefordiabetesprediction.Itisstatedthatproposedmonitoringsystemobtains90.41%accuracy
rateascomparedwithothertechniques.
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1. INTRoDUCTIoN

Diabetessisoneofpopularchronicdiseasethatcanaffectthelifeofpeoplethroughouttheworld.
Themainreasonofdiabetesislackofproductionofinsulininhumanbody.Itcanalsocharacterize
asmetabolicdiseaseandhavinghighbloodsugarrate.Thebloodsugarlevelvariesduetoinsulin
emission.Further,itcanalsoaffecttheotherbodypartsofhumanandbecomesworse,ifcannottreat
timely.Thereducedlevelofinsulincanalsocommunicatebloodglucoseinbloodplatelets.Inturn,
thechanceofseveralotherdiseaseslikeheartdisease,paralysis,strokescanalsoincreaseindiabetic
people. Indevelopedcountries,diabetesbecomewell-knownreasonofdeathand itoneofmost
commonnon-communicablediseasesthroughoutworld(WorldHealthOrganization,n.d.).Till2025,
300millionpeoplewillbeeitherdiabeticorpre-diabeticinworld.Astudyrevealsthatfiftymillion
peopleinIndiaareeitherpre-diabeticordiabetic(Alice&Balachandran,2015).Further,thisstudy
alsohighlightsthatnearlyforty-fourpeopleinIndiaarenotknow,theyarediabetesaffected.Diabetes
canoccuratanystageinhumanbeing.Clinically,diabetescanbecategorizedintype1,type2,and
gestationaldiabetes(Zhengetal.,2007).Type1diabetescanbedescribedasjuvenilediabetesand
itcanoccurinchildrenfrequently,butitalsooccursinadults.InType1diabetes,thebodyisunable
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toproduceinsulininappropriateamountandalsodestroythecellwhichisresponsibletoproduce
insulin.Type2diabetescanoccuranystageofhumanlife,butitmainlyoccursinfat,middle-aged,
andelderlypeople.Gestationaldiabetesoccursinwomenduetohormonalandotherchanges.Inthe
literature,numerousalgorithmsarepresentedforpredictingdiabetes.Thesealgorithmsincludevarious
conventionalmachinelearningmethodslikedecisiontree,logisticregression,neuralnetwork,etc.
(Kavakiotisetal.,2017;Yadavetal.,2012;Kumar&Sahoo,2013).Somemeta-heuristicalgorithms
andfeatureselectionmethodsarealsoreportedtodeterminetheriskfactorsofdiabetesdisease(Yue
etal.,2008;Duygu&Esin,2011;Sahoo&Kumar,2014;Gambhiretal.,2016).

Itisalsonoticedthatsomeensemblemethodsarealsodevelopedfordiabetesdiagnosis(Kavakiotis
etal.,2017;Ozcift&Gulten,2011;Gambhiretal.,2017;Kumaretal.,2019;Gambhiretal.,2018).
So,itisconcludedthatthereisnotasinglesystemavailableinliteraturethatcananalyzethepersonal
healthrecordofpatients.Hence,thereisneedofadiagnosticsystemthatcaneffectivelydiagnose
patientswithdiabetes.Inthiswork,adiabetesmonitoringsystemisproposedbasedonpersonal
healthrecordofpatients.Further,severalmachinelearningtechniquesarealsousedtocomparethe
resultsofproposedsystem.

1.2 Statement of the Problem
Theaimofthisworkistodevelopasystembasedonpersonalhealthrecordofusersformonitoring
diabetes.Further,severalrulesaredesignedtoaccurateclassificationofdiabetesdisease.Moreover,
adiabetesapplicationisalsodevelopedtocollectthedataformusersandthisappisdeployedin
mobileenvironment.

1.3 Contribution of the work
Theaimofthisworkistodevelopadiabetesmonitoringsystembasedonpersonalhealthrecord
todeterminetheriskofdiabetes.Anonlinediabetesapplicationisdevelopedtokeeprecordofthe
userinformationandalsotocollectthedata.Throughthisapp,severalsuggestionscanalsosendto
theregistereduserregardingdiabetespreventionandalsoenablesusertoconsultwithdoctorand
medicalstaff.Theaimofthemonitoringsystemistoovercometheriskofdiabetesandalsotoaware
thepeopleregardingdiabetes.Thecontributionofthisworkishighlightedbelow.

1. Adiabeticmonitoringsystemisdevelopedtomonitorthehealthofusers.
2. Severalrulesaredesignedforaccurateclassificationofdiabetesdisease.
3. Thedevelopeddecisionsystemintegrateswithmobileenvironment.

Restofpaperisorganizedas.Section2highlightsrelatedworkondiabetesprediction.Section
3presentsPHRbasedmonitoringsystemsfordiabetes.Theimplementationandsimulationresults
ofproposedmonitoringsystemarediscussedinsection4.Theworkissummarizedinsection5.

2. RELATED woRKS

Nilashietal.(2017)developedanintelligentsystembasedonmachinelearningtechniquestoimprove
diabetesclassificationaccuracy.Theproposedsystemisthecombinationofclustering,noiseremoval
andclassificationtechniques.Inthissystem,SOMisadoptedforclustering,whereas,PCAtechnique
isappliedfornoiseremoval.Further,classificationtaskisperformedusingneuralnetwork.ThePima
diabetesdatasetisusedtoevaluatetheperformanceoftheproposedsystem.Authorsclaimedthat
theproposedsystemimprovestheclassificationaccuracy.

Priyadarshinietal.(2017)presentedahybridclassifiertodeterminediabeticaffectedpeople.The
proposedhybridclassifieristhecombinationofK-MeansandGSAalgorithm.Inproposedclassifier,
GSAalgorithmisappliedtooptimizetheinitialcentroidforK-meansalgorithm.Moreover,K-means
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algorithmisusedtoidentifydiabeticaffectedpeoplecorrectly.Itcanbestatedthatproposedclassifier
obtainsgoodclassificationresults.

Cuietal.(2018)designedadecisionsupportsystemforthemanagementofpatientswithdiabetes,
especiallyforclinicians.Inthismodel,acombinationofsupportvectormachineandgeneticalgorithm
isappliedtodeterminetheriskofdiabetes.TheimbalancedataishandledusingSMOTEbased
method.Theresultsofdecisionmodelarecomparedwithotherexistingclassifierslikenaivebayes,
DT,LRandNN.Itisobservedthattheproposeddecisionmodelachieves81.02%accuracyrate.

Aljumahetal.(2013)presentedastudyondiabetesaffectedpeopleanddividedintwogroup
i.e.youngagegroupandoldagegroup.Theobjectiveofthisworkistoexaminetheeffectsofdrug
treatmentespeciallyforcontrollingdiabetes.Theoracledataminertoolisappliedforpredictingthe
treatmentofdiabetes.Further,SVMtechniqueisusedforanalysispurpose.Thisstudyrevealedthat
thedrugtreatmentforyoungagegroupcandelaysideeffects,butthisstudyalsorevealedthatthe
olderagegrouprequiresimmediatetreatment.

AbdullahandSelvakumar(2013)developedPSObaseddecisiontreealgorithmtodetermine
riskfactorofType-2diabetes.Moreover,conceptofself-adaptiveinertiaweightisalsointegrated
intoPSOalgorithmforacceleratingthesearchprocess.Simulationresultsofproposedalgorithmare
comparedwithseveralPSOanddecisiontreevariants.Itisstatedthatproposedalgorithmeffectively
identifiestheriskfactorsassociatedwithdiabetes.

Dalakleidietal. (2017)adoptedseveralmachine learningapproachesforestimating therisk
of Type 2 diabetes. In their work, authors applied ensemble neural network to determine long
termdiabetesrisks.Somepopularmachinelearningapproacheslikelogisticregression,Bayesian
approachesanddecision treearealsoconsidered in thiswork.Simulation results stated that the
ensembleneuralnetworkachieves80.20%accuracyrateascomparedtootherapproaches.

Mengetal.(2013)consideredLR,ANN,andDTmethodstopredictpre-diabetesanddiabetes
affectedpatients.Thisstudyidentifiedthatsevenhundredthirty-fivepeopleareeitherpre-diabetes
ordiabetesandsevenhundredfiftytwopeoplearenormal.Further,itisnoticedthatdecisiontree
methodobtains77.52%accuracyrateincomparisontologisticregressionandartificialneuralnetwork.

YuvarajandSriPreethaa(2017)implementedseveralmachinelearningalgorithmsinHadoop
environmentfordiabetesprediction.Thesemachinelearningalgorithmsareneuralnetwork,SVM,
decisiontree,NaïveBayesandrandomforest.TheperformanceofthesealgorithmsistestedonPima
Indiandiabetesdataset.Authorsclaimedthatrandomforestalgorithmobtainshigheraccuracyrate.

Pimenteletal.(2018)designedascreeningmethodtodeterminethesymptomsofType-2diabetes.
Inthiswork,amachinelearningframeworkbasedonelectronichealthrecordisreportedtodetermine
theriskofType-2diabetes.Further,temporalfeaturesarealsoconsideredinthiswork.Itisseen
thattheproposedscreeningmethodprovideshigheraccuracyrateandaccuratepredictionofT2DM.

Wuetal.(2018)developedapredictionmodelbasedonimprovedK-meanandlogisticregression
forType2diabetesprediction.TheperformanceofpredictionmodelistestedonPimaIndiandiabetes
dataset.Authorsclaimedthattheproposedpredictionmodelachieves3.04%higheraccuracyratein
comparisontoexistingmodelreportedinliterature.

Varmaetal.(2014)appliedadecisiontree-basedapproach.Further,itisseenthattoovercome
crispboundariesproblemofdecisiontree,fuzzybaseddecisionboundariesareintegratedtoachieve
betteraccuracyrate.TheeffectivenessoftheproposedapproachisevaluatedonPimaIndianDiabetes
dataset.Authorclaimedthattheproposedapproachoutperformsthanothers.Indiabetespatients,
diabeticretinopathyisonecommoncausesforvisionloss.

Foraccuratepredictionofdiabeticretinopathy,aclinicaldecisionsupportsystem(CDSS)is
reportedin(Pirietal.,2017).Theproposedsystemrequiresdemographicandlabdatafordetecting
susceptibilityofretinopathyinpatientsratherthanophthalmologistsandexpensiveequipment.Itis
noticedthatCDSSprovideshigheraccuracyrate.

AmachinelearningbasedframeworkispresentedfordetectingType2diabetes(Zhengetal.,
2017).Thisstudyexploresgenome-wideassociationtofindrelationbetweengenotype-phenotype
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associations.Theframeworkincludesk-NN,NB,DT,RF,SVM,andLRmethodstodetectT2DM.
ItisobservedthatproposedframeworkismoreaccurateandefficientforidentifyingT2DM.

Ruizetal.(2017)presentedawebbasedCDSSforthetreatmentofpatientswithgestational
diabetes.TheobjectiveofCDSSis toimprovespecializedhealthassistanceandpreventpatients
fromunnecessarydisplacements.ItisclaimedthattheproposedCDSSiscapabletoavoidgestational
diabeteswithadverseoutcomesandprovidesremarkableresults.

To provide an efficient framework for diabetes prediction, Dwivedi (2017) adopted six
computational intelligence techniques.These techniquesareDT,SVM,LR,NB,andANN.The
performancesofthesetechniquesaremeasuredusingdifferentperformancemetrics.Itisreported
thatANNandLRgivebetterresultsthanothertechniques.

Heartrateinformationbasedautomatedsystemtodetectnormalanddiabetespatientsispresented
in(Acharyaetal.,2015).TheElectrocardiogramsignalsareusedtodetermineheartrateinformation.
Resultsstatedthattheproposedsystemobtainedanaverageaccuracyratemorethan92%.

Sappaghetal.(2015)developedafuzzyontology-basedCBRframeworkforsemanticdiabetes
diagnosis.Thefuzzyontologyisappliedonsixtyrealdiabeticcases.Itisclaimedthattheproposed
systemachievesanaccuracyrateof97.67%.

Togenerate theoptimalruleset fordiagnosisofdiabetes,Cherukuetal. (2017)proposeda
SM-RuleMinerfordiabetesprediction.ThePimaIndiansDiabetesdatasetisadoptedtomeasurethe
performanceofSM-RuleMiner.Theproposedruleminergivesbetterperformanceintermsofrule
lengthandrulesetsize.

Amachinelearningbasedapproachforclassificationofhealthcaredataisreportedin(Srivastava
etal.2019). In thiswork,RF,SVMandmulti-layerNNareapplied toaccurateclassificationof
healthcaredata.ItisclaimedthatSVMbasedsystemprovidesmoreaccurateresults.

Afog-basedhealthcaresystemdevelopedforprovidingsupporttotheremotepatients(Devarajan
etal.,2019).ThissystemcomprisesofIOTandcloudcomputingtechniques.Thesimulationresults
statedthatproposedsystemprovidesbetterperformanceintermsofenergyefficiency,accuracyand
latency.

Amobilecloudcomputing-baseddecisionsystemdevelopedtomonitortheprogressofstroke
patients(Karacaetal.,2019).Theproposedsystemconsistsoftwomaincomponents,i.e.mobile
applicationandserverapplication.ANNtechniqueisusedtoclassifyingthedata.Theaimofthis
workistodevelopuserfriendlystrokemanagementsystem.

3. PRoPoSED DIABETES MoNIToRING SySTEM

Thissectionpresentsdiabetesmonitoringsystemfordeterminetheriskofdiabetesinhumanbeing.To
designtheproposedmonitoringsystem,asetofrulearedesignedforaccuratepredictionofdiabetes.
Thisrulesetconsistsoftwelverulesthataredescribedinsubsection3.1.Theserulesaredesignedon
thebasisofseveralstandardswhicharementionedinTables1-5.Further,theserulesarealsocertified
throughapanelofexpertinthefieldofdiabetesandthispanelrecommendstheserulesfordiabetes
identification.Afterthat,adiabetesapplicationisdevelopedtocollecttheinformationofpatients.
Thisapplicationisdeployedinonlineenvironmentanddataiscollectedthroughonlinemode.This
applicationiseasilydownloadedonusermobilephoneandusercanprovidethedetailsthroughthis
particularapplication.Theaimofthisapplicationtoconnectwiththeuseralltimeandalsoprovides
thefeedbacktousersimmediately.Somesuggestionsareprovidedtotheuserregardingdiabetes
prevention.SomeofsnapshotsthisapplicationisillustratedinFigures1-9.Themajorattributesof
collectedinformationishighlightedinTable1.Inthiswork,diabetescandivideinthreecategories-
Pre-diabetesType-1diabetesandType-2diabetes.Thepseudocodeofdiabetesisgiveninsubsection
3.2.Table2illustratescholesterolstandards.Table3showsbloodpressurestandards.Table4shows
standardsforType-1diabetes.Table5displaysstandardsforType-2diabetes.
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3.1 Rule Set for diabetes Identification
Thissubsectiondescribesdifferentrulesdesignedforaccuratepredictionofdiabetesdisease.The
rulesaregivenas

Rule1:If((BMI>25)&&(BP==Yes)&&(CL==high)&&(HD==Yes)&&(PrenatalDB==Yes)
&&(lifestylebehavior==Yes)&&(Age>40));Pre-diabetic

Rule2: If ((BMI>25)&&(BP==Yes)&&(CL==high)&&(HistoryHD==No)&&(Prenatal
DB==Yes)&&(Lifestylebehavior==Yes)&&(Age<40));Pre-diabetic

Rule3: If ((BMI<25)&&(BP==Yes)&&(CL==high)&&(HistoryHD==No)&&(Prenatal
DB==Yes)&&(Lifestylebehavior==Yes)&&(Age<40));Pre-diabetic

Rule4:If((BMI<25)&&(BP==Yes)&&(CL==lower)&&(HD==No)&&(PrenatalDB==Yes)
&&(Lifestylebehavior==Yes)&&(Age<40));Gofordiabetictest

Rule5:If((BMI<25)&&(BP==NO)&&(CL==lower)&&(HD==No)&&(PrenatalDB==Yes)
&&(Lifestylebehavior==Yes)&&(Age<40));Gofordiabetictest

Rule6:If((BMI<25)&&(BP==NO)&&(CL==lower)&&(HD==No)&&(PrenatalDB==No)
&&(Lifestylebehavior==No)&&(Age>40));Normal

Rule7:If((BMI<25)&&(BP==NO)&&(CL==lower)&&(HD==No)&&(PrenatalDB==No)
&&(Sedentarylifestyle==No)&&(Age<40));Normal

Rule8:If((LDL>100)&&(HDL<40)&&(Triglycerides>150));HighCholesterol
Rule9:If((LDL>100)||(HDL<40)||(Triglycerides>150));HighCholesterol
Rule10:If((LDL<100)&&(HDL>40)&&(Triglycerides<150));LowCholesterol
Rule11:If((Randomtest>100)&&(Fastingtest>126)&&(Glycatedhemoglobin>140));Type-1

Diabetes
Rule12:If((Two-hourtest>180)&&(Oralglucosetolerancetest>200));Type-2Diabetes

Figure10showsaDiabetesMonitoringSystem.

3.2 Pseudo Code of Proposed Decision System
Thissubsectionsummarizesthepseudocodeofproposeddecisionsystem.Fig.10illustratesthe
proposeddiabetesmonitoringsystem.Thepseudocodeofproposedsystemisdividedintothreephases.

Phase 1:Thisphasecontainsthepersonalhealthreportofindividualpatients.Thestepsofthisphase
arelistedbelow.
1. Ifuserisalreadyregisteredwithdecisionsystem,thenuserclickonloginoption,otherwise

clickonregistrationlink.

Table 1. Standards for pre diabetic screening

Sr. No. Standards Range

1 BMI >25

2 BP >120/80

3 CL High/Low

4 HD Yes/No

5 Lifestylebehavior Yes/No

6 PrenatalDB Yes/No

7 Age >40
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2. Aftersuccessfullogin,UserentertheirpersonalhealthdetailslikeBMI,bloodpressure,
cholesterol,historyofdiabetesetc.todetectpre-diabeticornormalcondition.

3. Ifuser ispre-diabetic, thenit issuggestedforpredeterminedlaboratorytests toidentify
Type-1orType-2diabetes,otherwise,suggestedforworkoutandcontrolBMI,etc.

4. ForType-1diabetes,somenon-clinicalparameterslikethirstlevel,urinationlevel,lossin
weight,tirednessandvisionbullringaredescribed.Ifexistenceoftheseparametersisfound,
thengoforclinicaltestsforconfirmationofType-1diabetes.

5. Ifclinicaltests,confirmType-1diabetes,thenpatientstakerecommendeddoseofinsulin
andalsogoforType-2diabetes.

6. InType-2diabetes,goforpostprandialtestandOGTT,iftestpositive,patientsisaffected
withType-2diabetesandprecautioncanbetaken.

7. Ifanyuserneedsdoctorconsultation,thengofordoctorconsultationlink.
Phase 2:ThissectiondealswithPHRdatawhichisstoredonserver.Further, thestoreddata is

classifiedusingrulesdescribed insubsection3.1.Themain taskof theserules is todivide
dataintwoclassnormalanddiabetes.Thediabetesisfurtherclassifiedinprediabetes,Type-1
diabetesandType-2diabetes.Somesuggestionsandrecommendationsarealsogivenincase
ofpresenceofdiabetes.

Phase 3:Thissectiondealswiththedoctoropiniononclinicalreports.
1. TheinformationofpatientsisavailablefordoctorsthroughPHRsystem.
2. Doctorscanseetheinformationafterlogintothesystem.
3. Patientreportonlineandprescriptionissenttouserthroughmail.

Figure 1. LOGIN details
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4. EXPERIMENTAL SECTIoN

Tovalidatetheeffectivenessofproposedmonitoringsystem,informationoftwohundredfortypeople
werecollectedusingadiabeticapp.Thedatacollectionappisdevelopedinandroidenvironment.
Thisinformationcomprisesofseveralattributes.Theinformationoftheseattributesissummarizedin
Table1.Outoftwohundredforty,onehundredfiftyarediabetespatientsandrestofarenon-diabetic
ornormal.Thesimulationresultsoftheproposedsystemarecomparedwithartificialneuralnetwork
(ANN),decisiontree(DT),supportvectormachine(SVM),logisticregression(LR)andRBF-SVM.
Thesearewelldefinedandpopularmachinelearningmethodsusedinhealthcareapplications.In
thiswork,accuracy,sensitivity,specificityanderrorratearetakenasperformanceparametersto
assess the performance of machine learning methods. A confusion matrix is designed to derive
aforementionedparameters.Table6illustratestheconfusionmatrixofANN,DTandNBtechniques.
TheconfusionmatrixofSVM,LR,andRBF-SVMispresentedinTable7.Theconfusionmatrix
ofproposedmonitoringsystemismentionedinTable8.Itisobservedthattheproposedapproach
successfullydetectsdiabetes-affectedpatientsmoreefficientlythanothertechniques.Itisalsoseen
thatdecisiontree-basedapproachexhibitsworstresultsamongalltechniques.Table9consistsof
simulationresultsofproposedsystemandotherclassificationtechniques.

Itisseenthatproposedsystemobtainshigheraccuracyrateascomparedtoothertechniques.
Further,analysisofsensitivityandspecificityparameters,itisstatedthatproposedsystemexhibits
betterperformancethanothers.ItisobservedthatDTapproachexhibitsworstperformanceusing

Figure 2. User registration
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allparameters.Theperformancecomparisonofproposedsystemandothermethodsusingaccuracy,
sensitivity, specificityanderror rateparameters is shown inFigure11. It canbeconcluded that
proposedsystemoutperformsthanothers.

Moreover,theeffectivenessofthediabetesmonitoringsystemisalsoevaluatedonPimaIndian
diabetesdataset.Table10summarizestheresultsoftheproposedsystemandotherclassification
techniques using pima Indian diabetes dataset. The results are evaluated in terms of accuracy,
sensitivity, specificity and error rate. It is revealed that proposed system obtains more accurate
resultsthanotherclassificationalgorithms.Further,arankparameterisalsodesignedtoobtainrank
ofeachtechnique.Itisseenthatproposedsystemhavingfirstrankamongalltechniques,whereas,
ANNtechniqueshavinglastrank.ItisalsonoticedthatRBF-SVMobtainssecondrankamongall
techniques.Figure12illustratesthecomparisonofalltechniquesusingaccuracy,sensitivity,specificity
anderrorrate.Itisclearlystatedthatproposedsystemattainsbetterresultsthancomparedalgorithm
anddeterminesriskofdiabetesinpeoplemoreaccurately.

5. CoNCLUSIoN

Thispaperpresentsadiabetesmonitoringsystemforpredictionofdiabetesaffectedpeople.The
proposedsystemcomprisesofseveralrulesfortheidentificationofdiabetes.Moreover,adiabetesapp
isdevelopedtocollectthepatient’sinformationandthisappisdeployedinonlineenvironment.This

Figure 3. Pre-diabetic interface
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appalsoprovidessomesuggestionregardingdiabetesdiseases.Throughthisapp,informationoftwo
hundredfortypatientsiscollectedandthisinformationisprocessedusingtheproposedmonitoring
system.Thesimulationresultsofproposedmonitoringsystemarealsocomparedwithwell-known
approachessuchasNN,LR,SVM,RBF-SVMandDT.Theresultsareevaluatedusingspecificity,
accuracy,errorcontrolandsensitivityparameters.Itisobservedthatproposedmonitoringsystem
90.41accuracyrates.Thesensitivityrateofproposedsystemis93.19,whereas,specificityrateof
proposedsystemis86.02.Moreover,itisalsonoticedthatDTapproachexhibitsworstperformance
amongallapproaches.ItisalsostatedthatproposedsystemalsoobtainshigheraccuracyrateforPima
diabetesdatasetascomparedtootherclassificationtechniques.Itcanbeconcludedthatproposed
monitoringsystemisaneffectivesolutionfortheidentificationofdiabetesaffectedpatients.

Figure 4. Type- 1 symptoms non clinical
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Figure 5. Type-1 clinical symptoms
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Figure 6. Suggestions for Type- 1 diabetes
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Figure 7. Type- 2 diabetes symptoms
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Figure 8. Type- 2 diabetes clinical symptoms
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Figure 9. Suggestions for Type- 2 diabetes

Table 2. Illustrate cholesterol standards

Standard Classification Range

CL LDL >100mg/dl

HDL <40mg/dl

Triglycerides >150mg/dl
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Table 3. Blood pressure standards

Standard Classification Range

BP

HealthyBP 120/80mmHg

EarlyHighBP Inrangeof120/80-140/90mmHg

HighBP >140/90mmHg

Table 4. Standards for Type-1 diabetes

Diabetes Tests Range

Type-1 Randomtest >100mg/dl

Fastingtest >126mg/dl

Glycatedhemoglobin >140mg/dl

Table 5. Standards for Type-2 diabetes

Diabetes Classification Tests Range

Type-2 Two-hourtest >180mg/dl

Glucosetest >200mg/dl
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Figure 10. Diabetes monitoring system

Table 6. Confusion matrix of ANN, DT and NB methods using tenfold cross validation method

Confusion Matrix

ANN DT NB

Predicted

P N P N P N

Actual
P 116 34 113 37 112 28

N 18 72 20 21 21 69
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Table 7. Confusion matrix of SVM, LR and RBF-SVM methods using tenfold cross validation method

Confusion Matrix

SVM LR RBF-SVM

Predicted

P N P N P N

Actual
P 124 26 125 25 137 21

N 18 72 16 74 14 80

Table 8. Confusion matrix of proposed system using tenfold cross validation method

Confusion Matrix

Proposed System

Predicted

Positive Negative

Actual
Positive 137 13

Negative 10 80

Table 9. Performance comparison of proposed approach and other classification techniques

Parameters
Techniques

ANN DT NB SVM LR RBF SVM Proposed 
System

Accuracy 78.33 76.25 79.5 81.6 82.9 85.83 90.41

Rank 6 7 5 4 3 2 1

Sensitivity 86.56 84.96 84.21 87.32 88.65 90.72 93.19

Rank 5 7 3 6 4 2 1

Specificity 69.23 65.42 71.13 73.46 74.74 78.35 86.02

Rank 6 7 5 4 3 2 1

ErrorRate 21.66 23.75 20.5 18.4 17.1 14.17 9.59

Rank 6 7 5 4 3 2 1

OverallRank 5.75 7 4.5 4.5 3.25 2 1
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Figure 11. Performance comparison of proposed system and other methods using different performance measures

Table 10. Performance comparison of proposed approach and other classification techniques using Pima Indian diabetes 
dataset

Parameters
Techniques

ANN DT NB SVM LR RBF SVM Proposed 
System

Accuracy 65.51 62.45 68.19 72.06 62.83 76.56 85.23

Rank 5 7 4 3 6 2 1

Sensitivity 65.23 85.14 84.21 77.02 65.38 86.14 90.16

Rank 7 3 4 5 6 2 1

Specificity 64.48 65.56 71.13 74.56 72.84 81.64 87.34

Rank 7 6 5 3 4 2 1

ErrorRate 34.59 37.55 31.81 27.94 37.17 23.44 14.77

Rank 5 7 4 3 6 2 1

OverallRank 6 5.75 4.25 3.5 5.5 2 1
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Figure 12. Performance comparison of proposed system and other methods using Pima Indian diabetes dataset
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Table 11. List of Abbreviations

PHR PersonalhealthRecord

SOM Self-OrganizingMaps

PCA PrincipleComponentAnalysis

GSA GravitationalSearchalgorithm

DT DecisionTree

LR LogisticRegression

NN NeuralNetwork

SMOTE SyntheticMinorityOver-samplingTechnique

SVM SupportVectorMachine

PSO ParticleSwarmOptimization

ANN ArtificialNeuralNetwork

T2DM Type2DiabetesMellitus

NB NaiveBayes

CDSS clinicaldecisionsupportsystem

k-NN k-NearestNeighbour

RF RandomForest

CBR CaseBasedReasoning

BMI BodyMassIndex

BP BloodPressure

CL CholesterolLevel

HD HeartDisease

DB Diabetes

LDL LowDensityLipoproteins

HDL HighDensityLipoproteins

OGTT OralGlucoseToleranceTest

RBF RadialBasisFunction


