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ABSTRACT

Inthiseraoftechnologicalgrowth,thediagnosisofdiseasesandfindingcures,personal
healthparametermanagementandpredictingthepossibilityofsusceptibilitytosome
diseaseshavebecomeaccessibleandeasy.Althoughallover theworldmillionsof
peoplearefallingvictimtodiabetes,inmostofthecasestheyarenotevenawareof
their situationdue to the silentnatureofdiabetes.Therefore, theobjectiveof this
researchistoproposeanintelligentsystembasedonamachinelearningalgorithm
toimprovetheaccuracyofpredictingdiabetes.Toattainthisobjective,analgorithm
wasproposedbasedonNaïveBayeswithpriorclustering.Second,theperformance
oftheproposedalgorithmwasevaluatedusing532datarelatedtodiabeticpatients.
Finally,theperformanceoftheexistingNaïveBayesalgorithmwascomparedwiththe
proposedalgorithm.Theresultsofthecomparativestudyshowedthattheimprovement
intheaccuracyhasbeenmadeapparentfortheproposedalgorithm.
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1. INTRoDUCTIoN

Diabetesisalifestylediseasewithnocure.Itslifelongexistenceinthebodygradually
initiates other diseases and decays different organs. Most of the times diabetes
remains hidden in the patient’s body and do not show any syndrome. Currently,
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DiabetesMellitusisspreadingatanalarmingrate.AccordingtoWHO(2016),about
422millionpeoplewerelivingwithdiabetesin2014andthisnumberwasestimated
toincreasetoabout693millionbytheyear2045(Arnholdetal.,2014;Choetal.,
2018).Abouthalfofallpeople(49.7%)livingwithdiabetesareundiagnosed,andthe
estimatedhealthcarecostofdiabeticpatientswasUSD850billionin2017(Choetal.,
2018).TheWHOreportalsohighlightedthat3.7milliondeathshavebeencausedby
diabetes(WHO,2016).Thisalarminggrowthrateofdiabetesisputtingpeoples’lives
atriskworldwide,whichiswhyithasbecomeoneoftheforemosthealthconcerns.
Again,thoughmanypeoplehavetype2diabetesbutstill,itsexistenceisnotevident
tothem(Jourdan,2012).Diabetescanbediagnosedthroughvarioustypesofblood
testswhichdonotcomehandyandneitheraretheycheap.So,therateofunawareness
remainshigh.Asdiabetesisahiddenepidemicandaglobalhealthissue,predicting
diabetesatanearlystageor itsprobabilitybeforehandgivesthepatientsscopesto
rebuildtheirlifestyleandfoodroutinetosavetheirlives.Thus,thedevelopmentof
anintelligentsystemforpredictingthepossibilityofbeingdiabeticbecomesessential
forthegeneralpeople.

Inthefieldofmachinelearning,thefamilyofNaïveBayesclassifiersisregarded
asoneofthemostcommonwaysofpredictivecategorizationusingtheprobabilistic
assumptionofindependentfeatures(Wuetal.,2008).Thisgroupofalgorithmshas
foundtheirwayintovariousfieldsliketextcategorizationandanalyzingdocuments
(Chen et al., 2008; Schneider, 2005; Kibriya et al., 2004). In this research, Naïve
Bayes classifier has been chosen primarily to propose an intelligent system for
diabeticpredictiondespitetheavailabilityofotheralgorithmsduetosomespecific
reasons that includes: firstly,NaïveBayes is remarkably simple to implement,has
lowcomputationalcomplexity(Elkanetal.,1997)andprovidesverygoodaccuracy
(Tingetal.,2011).Secondly,NaïveBayesclassifierregardsallthefeaturesequallyfor
prediction.Finally,NaïveBayesclassifieriswellknownforitswiderangeapplication
in healthcare prediction systems (Langarizadeh et al., 2016; Bhuvaneswari et al.,
2012).Consideringalltheseconveniences,NaïveBayesclassifierwasconsideredas
moreprominentforimplementingthediabetespredictingsystemcomparedtoother
machinelearningalgorithms.

Therefore, the objective of this research is to propose a Naïve Bayes based
intelligent system forpredictingdiabetes. It is alsoworthmentioninghere that an
earlierversionofthisresearchwaspublishedin(Khanetal.,2017),whereamobile
application was built for predicting diabetes based on the existing Naïve Bayes
algorithm.Inthisresearch,anadvancedalgorithmisproposedtopredictthepossibility
ofbeingdiabeticornon-diabeticmoreaccuratelyandefficiently.

Latersectionsofthispaperareorganizedasfollows.Therelatedworksarebriefly
introducedinSectionII.Themethodologywhichwasfollowedthroughoutthisresearch
ispresentedinSectionIII.LaterinSectionIV,thedevelopedalgorithmisdiscussed
along. Section V discussed the performance of the algorithm. The comparison
of performance between existing Naïve Bayes classifier and the newly developed
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algorithmarediscussedinSectionVI.Thefinalsectionpresentsthemainoutcomes,
practicalimplications,limitationsofthisworkandconcludingremarks.

2. LITeRATURe ReVIew

Useofmachinelearningisprominentinthefieldofhealthinformatics(Holzinger,
2014;Inanetal.,2018)andpredictingthepossibilityofvariousdiseases(Agarwalet
al.,2018;Omaretal.,2019).Thissectionbrieflydiscussestherelatedworkfocusing
tothetechniquesofpredictingdiabetes.

Some studies have been carried out for analyzing the risk factors of diabetes.
Cafazzoetal.(2012)developedanapplicationfor(type1)diabeticpatientstomonitor
theirbloodglucoserate.Apatient-centeredframeworkforpersonalizedhealthcare
hasbeenproposedbyChawla&Davis(2013).In(Mougiakakouetal.,2010),asystem
SMARTDIAB consisting two units like patient unit and patient management unit
wasdevelopedtoprovidemanagement,treatment,andmonitoringsupportoftype1
diabetesmellitus.

Someother studieshavebeen carriedout topredict the riskof diabetesbased
on Naïve Bayes. For example, Guo et al. (2012) tried to predict the possibility of
developingtype2diabetesapplyingBayesNetworkusingWekasoftwareandtheresults
werequiteaccurate.Similarly,Manietal.(2012)strivedtoforecasttype2diabetes
riskusingdatafromEMRbasedontheGaussianNaïveBayesandLogisticRegression
algorithms.Inanotherwork,Parthibanetal.(2011)proposedapredictionmodelto
predicttheriskofdevelopingheartdiseaseofdiabeticpatientsbasedonNaïveBayes
dataminingclassifier technique.Artificial intelligence-basedtechniqueswerealso
usedtopredict thediabetic.Forexample, in(Leeetal.,2011),adiabeticdecision
supportsystemwasdevelopedbasedon thefuzzyexpertsystem.Inanotherstudy,
El-Sappaghetal.(2018)proposedacase-basedpreparationframeworkforcase-based
reasoning(CBR)systemswhichconvertstheelectronichealthrecordmedicaldatainto
fuzzyCBRknowledge.Barakatetal.(2010)proposedanintelligentrepresentationof
supportvectormachines(SVMs)thatproducesacomprehensiverulesetmatchingthe
resultsofotherrelatedmedicalstudiesforthediagnosisofdiabetes.Again,boththe
GeneralizedDiscriminantAnalysis(GDA)andLeastSquareSupportVectorMachine
(LS-SVM)techniqueswereusedtodiagnosediabetesin(Polat,2008).

A few studies have been focused to explore the possible factors of diabetic
prediction.Forexample,Breaultetal.(2002)highlightedthefactorslikeage,HbA1c,
hypertension,andgendertoanalyzethedataofdiabeticpatientsandusedthedata
miningtechnique.PatienthabitsandA1cdatawasusedtodiagnosingthepossibility
ofbeingdiabeticin(Sakshaugetal.,2014).Similarly,somecommonfactorsoftype2
diabeteslikegenefactors,excessiveweightgain,age,unhealthyfoodhabitandlifestyle
andpollutedenvironmentwerepointedoutbyMarx(2002).

Afewstudieshavebeenfocusedoncomparingtheperformanceofdifferentdiabetic
predictionmodels/systems.Forexample,in(Mengetal.,2013),logisticregression,
artificial neural network (ANN)anddecision tree-basedmodes topredict diabetic
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werecompared.Anotherstudyshowscomparisonofdifferentclassifiersfordiabetes
prediction,thatincludesartificialneuralnetworks,decisiontree,logisticregression
andNaïveBayes(Nai-arun&Moungmai,2015),whileSarwarandSharma(2014)
analyzed the efficiency of algorithms implementing Naïve Bayes, artificial neural
network(ANN),andk-nearestneighbors(KNN)topredictdiabetics.Again,Temurtas
etal.(2009)comparethemultilayerneuralnetwork(MLNN)diabetesdiagnosiswith
the Levenberg-Marquardt (LM) algorithm and probabilistic neural network (PNN)
separately.Asanoutcome, their studyshowedanaccuracyof82.37%and78.13%
respectivelywhilePimaIndianDiabetesdatasetwasused.

Insum,theliteraturesurveyshowedthatthereareseveraltechniquesfordisease
predictionandNaïveBayesisamentionableoneamongthem.TheaccuracyofNaïve
BayeswasfoundtobebetterthanotherexistingalgorithmslikeSMO,IB1,andId3
(Cufogluet al., 2009).Moreover,NaïveBayeswasquicker to converge thanother
classifieralgorithms.Thus,thisresearchworkfocusesonNaïveBayestechniqueto
enhancetheaccuracyofdiabetesprediction.

3. ReSeARCH MeTHoDoLoGy

AnoverviewoftheresearchmethodologyhasbeenpresentedinFigure1.Firstly,the
objectiveofthisresearchwasdefinedthatistodevelopadiabetespredictoralgorithm
withenhancedperformancecomparedtotheexistingalgorithms.Afterthat,therelated
workswerereviewedthroughasystematicliteraturereviewapproach.Summaryof
the reviews has been presented in the previous section. Next, a dataset related to
diabeteswasselected.Thereafter,analgorithmwasproposedbasedonNaïveBayes
ClassifierwithPriorClusteringtopredictiftheuserisdiabeticornot.Lateron,the
algorithmwasevaluatedusingtheselecteddataset.Finally,theproposedalgorithm
wascomparedwiththeexistingNaïveBayesalgorithmtoshowtheeffectivenessof
theproposedalgorithmfordetectingdiabetesusingtheselecteddataset.

Figure 1. An overview of the research
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4. PRoPoSeD ALGoRITHM FoR THe 
INTeLLIGeNT PReDICTIoN SySTeM

Analgorithmwasproposedtodeveloptheintelligentsystemforpredictingdiabetes.
Thealgorithm(Algorithm1)wasproposedprimarilybasedonNaïveBayesclassifier.
Toimprovetheaccuracyandefficiencyofthealgorithm,unsupervisedclassification
hasbeenintegratedwiththeexistingNaïveBayesClassifier(supervisedlearning)as
showninAlgorithm1.Thisalgorithmworksintwostages.Firstly,theBSAS(Basic
SequentialAlgorithmicScheme)approachwasimplementedtoclustersimilardatasets
[Line1-15].Secondly,theNaïveBayesalgorithmwasimplementedonthespecific
clusterwhichcontainsthetestdata(userinput)[Line16-25].Asetofcommonfeatures
relatedtopredictionofdiabeteswereselectedfortrainingandtestingpurpose;that
includes:Plasmaglucoseconcentration,diastolicbloodpressure(mmHg),tricepsskin
foldthickness(mm),bodymassindex(weightinkg/heightinm2),andage(Schrier,
2000;Ohlsonetal.,1985;Hoda&Cheng,2017).

4.1. Clustering Using BSAS
Clusteringisatypeofunsupervisedlearningwherethemodeldividesthegiveninput
data intodifferentclustersbasedonthesimilarityof thefeaturesanditdealswith
findingastructureinacollectionofunlabeleddata.So,similartypesofinputdata
areexpectedtoremaininthesameclusterwhiledatahavingdistinguishedfeaturesare
containedindifferentclusters.Aclusteris,therefore,acollectionofobjectswhich
are “similar” to each other and are “dissimilar” to the objects belonging to other
clusters(Karim,2017).InFigure2wecanseehowsimilartypesofdataareclassified
intodifferentclusters.Differenttypesofsequentialclusteringareexistent,suchas
BSAS(BasicSequentialAlgorithmicScheme),MBSAS(ModifiedBasicSequential
AlgorithmicScheme),K-means;butinthisproposedalgorithmBSAShasbeenused
toclusterthedatasetasit’sthebasicone.

Intheconventional techniqueofNaïveBayesClassifier,all thedatapresent in
thedatasetaresupposedtobeusedtotrainthemachineandthenthemachinewould
giveoutput for thecurrent input.Butwith the improvedversion, themachinewill
firstdivideallthedatapresentinthedatasetintodifferentclusters.InAlgorithm1,
thedissimilaritybetweenthedatawascalculatedbasedonfivefeatures.Theclustering
algorithm was implemented on the dataset taking different values of q (maximum
allowableclusters)andθ (thresholdofdissimilarity)anditwasseenthattheaccuracy
wasmaximumforq=5andθ =17.So,inthisalgorithm,amaximumoffiveclusters
areallowedandusedthresholdvalueofdissimilarityis17.Thenbasedonsimilarity,
themachinewillassigntheuserinputdatatoanyoneoftheclustersandthefurther
workwillbedoneusingthedataofthatspecificcluster.Forinstance,ifuseddatain
thisalgorithmcouldbedividedintofiveclusters(cluster0,1,2,3,4)asshownin
Figure2andthetestdatabelongedtocluster3,thenfurtheroperationwouldbedone
usingthedatabelongingtocluster3only.
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InAlgorithm1,Line[1-15]representthesectionwhereclusteringhasbeendone
andthesymbolsusedhererepresentthefollowingmeaning:

Dataset,X={x1,x2,...,xn}
d(x,C)=DissimilaritybetweenfeaturevectorxandclusterC
θ =Thresholdofdissimilarity
q=Maximumallowableclusters
m=Currentclusterno.aftereachstep
N=Totalno.oftrainingdata
Xinput=Inputfeature

Clusteringhasbeendoneusingthefollowingsteps:

• Initially,thenumberofclustersisconsideredtobe1[Line3];
• Thefirst inputdatabelonging to the trainingdataset isassigned to the first

cluster[Line4];

Figure 2. Dividing data into different clusters
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• Thenfortheremainingtrainingdata{x2, x3, ..., xn},dissimilaritybetweeneach
dataxiwherexi∈ {x2, x3, ..., xn}andalltheexistingclustersatthatmomentare
calculated. If thecalculateddistance isgreater than thresholdvalue θ  and the
currentnumberofclustersmislessthanthemaximumpossiblenumberofclusters
thenanewclusteriscreatedandmisincrementedby1.Thedataxiisthenassigned
tothenewlyformedcluster[Line5-13];

Algorithm 1. Improved algorithm for predicting the possibility of diabetes

1. features Glucose, BloodPressure, SkinThickness, BMI, Age�← { }}
2. classes Diabetic, Nondiabetic�← { }
3.m = 1

4.C x
m
= { }1

5. for i N do= 2 to� �

6.Find � : , min ,C d x C d x C
k i k j m i j( ) = ( )≤ ≤1

7. if AND then� �,� � � �d x C m q
i k( ) > <θ

8.m m= +1�
9.C x

m i
= { }

10.else
11.C C x

k k i
= ∪{ } 

12.endif
13.endfor
14.FindC d x C min d x C

k input k j m input j
: , ,( ) = ( )≤ ≤1

15.C C
input k
=  

16. for each in classes doc
i

17.
Calculate and for Glucose, BloodPressure, SkinThicknesµ σ ss,

BMI,Age for data contained in cluster�C
input

18.endfor
19. for each case in test data of cluster doC

input

20. for each in classes doc
i

21. posterior c
P c P x c

x
i

i i i

i( ) ← ( )∏ ( )
∈

� �|�
� � � �

evidence
where featuress

22.endfor
23.max posterior posterior c classes

i
_ max← ∈( )( )

24.resulting class c c classesand posterior c
i i i

_ ← ∈ ( )such that ==max posterior_

25.endfor
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• Afterclusteringallthegiventrainingdata,thetestdata(userinput)isassigned
tothespecificclusterhavingtheminimumdissimilaritywiththetestdata[Line
14-15].

4.2. Naïve Bayes on Specific Cluster
NaïveBayes,aconditionalprobabilitymodel(Leung,n.d.),wasappliedtothedataset
belonging toonly thatclustercontaining theuser input.Thus, themachinecanbe
trainedusingonlysimilartypesofdataandthepossibilityofmisleadingthemachine
willdecrease.InAlgorithm1,Line[16-25]representshowtheNaïveBayeshasbeen
implemented.Givenaprobleminstancetobeclassified,representedbyavectorx=
{x1, x2, ..., xn},NaïveBayesassignsprobabilitiesp(Ck|x1, ...., xn)foreachofKpossible
outcomesorclasses.Here,x={x1, x2, ..., xn}representingsomenfeatures(independent
variables).UsingBayestheorem,theconditionalprobabilitycanbedecomposedas:

p C x
p Ck p x Ck

p xk
|

|
( ) = ( ) ( )

( )
 (1)

where:

p(x|Ck)=p(x1|Ck)*p(x2|Ck)*…*p(xn|Ck)

Theequationcanbewrittenas:

posterior= prior likelihood
evidence

∗  (2)

Again,inNaïveBayes(Lowd&Domingos,2005),ifclassisrepresentedbyCand
featuresarerepresentedusing{x1, x2, ..., xn},thenthejointprobabilityis:

P C x x x P C P
n

i

n

i
| , , , ( | )
1 2

1

…( ) = ( )
=
∏ x C  (3)

Here,P(C|x1, x2, ...., xn)representstheprobabilityofbeinginclassCwhilethe
featuresare{x1, x2, ..., xn}.Inthisresearch,GaussianNaïveBayeshasbeenusedas
allthefeaturesarecontinuous.Thesecondstage(NaïveBayesonSpecificCluster)
oftheproposedalgorithm[Algorithm1]isexecutedusingtwophases:trainingphase
andtestingphase.Inthetrainingphase[linenumber16-18inAlgorithm1],initially
thesystemtakingthetrainingdataonasinputtoenhancesitsknowledgebase;and
then,usingGaussianNaïveBayesthemean µ( ) andvariance σ2( ) werecalculated
forallthefeaturesofeachclass.Inthesecondphase,thesystemistested[line19-25
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inAlgorithm2]usingthefollowingsteps:Firstly,consideringthetestdataasinput,
theconditionalprobabilityP(x|C)ofeachfeaturearecalculatedusingEquation4as
thedataareinnormaldistribution:

P x C e
x

|( )
√

−
−( )

1

2 2
2

2

2

πσ

µ

σ  (4)

Next,posteriorprobabilityP(C|x)ofbelongingtoeachpredefinedclasshaving
features{x1, x2, ..., xn}iscalculatedusingEquation3.Finally,accordingtotheMAP
(maximum a posteriori) decision rule, the class having the maximum posterior
probabilityistakentobetheresultantclassforthatdataset.

5. eVALUATe THe ALGoRITHM

This sectionunfolds the evaluationof theperformanceof theproposed intelligent
system(algorithm)byintroducingtheselecteddatasetandsimulatingtheproposed
algorithmtoassessitsperformanceintermsofaccuracy,sensitivity,and,specificity.

5.1. Selection of Dataset
ThePimaIndianDiabetesDataset(Pima,n.d.)wasselectedtoevaluatetheeffectiveness
and efficiency of the proposed algorithm because all the five features required to
evaluatethealgorithmwasavailableinthisdataset.Itisafreelyavailableopensource
onlinedataset,aswellasusedindifferentresearchworks(Frank&Hall,2003;Tong&
Koller,2000).Thisdatasetcontainsatotalof768data.Allparticipantsinthisdataset
arefemalesofPimaIndianheritageandareatleast21yearsold.Afterprocessingthe
dataset,532datawerefoundtobereliabletouseforfurtherimplementation.

5.2. Simulation of the Algorithm
Anexampleisdiscussedheretoshowhowtheproposedalgorithmworkstoanticipate
a probable condition of the patient of being diabetic or nondiabetic and classify
accordingly.Inthisexample,arandomcasewasconsideredasthetestdatawhilethe
restof531dataconsistedofthetrainingdataset.Afterrunningtheclusteringportion
of the algorithm, the total 532dataweredivided into five clusterswhere the first
clustercontained77data,2ndonecontained162data,3rdonecontained87data,4th
onecontained149dataandthe5thclusterconsistedof57data.Itwasseenthatthe
testcasewascontainedinthefourthcluster(shownascluster3inFigure2).So,only
the148data(excludingthetestcase)belongingtothisclusterwereconsideredfor
trainingthemachine.Now,inthetrainingphase,itwassupposedthatforaparticular
featurefromthetrainingset,meanisµ

1
andvarianceisσ

1
incaseofdiabeticandµ

2


and σ
2
forclassnondiabetic.ThemeanandvariancesareshowninTable1.

Hereintestingphase,thevaluesofthefeaturesofatestcaseareage=‘23’years,
BMI=‘30.4’kg/m2,Tricepsskinfoldthickness=‘31’,Plasmaglucoseconcentration
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=‘93’,Diastolicbloodpressure=‘70’mmHg.Now,forclassdiabetic,puttingthese
valuesinEquation4weget,P(age|diabetic)=0.0123,P(BMI|diabetic)=0.0116,
P(skinThickness|diabetic)=0.0141,P(glucose|diabetic)=0.0045,P(pressure|diabetic)
=0.0063.Similarly,fornondiabetic,P(age|nondiabetic)=0.0149,P(BMI|nondiabetic)
=0.0138,P(skinThickness|nondiabetic)=0.0160,P(glucose|nondiabetic)=0.0044,
P(pressure|nondiabetic) = 0.0061. The prior probabilities are P(diabetic)=0.0540
and P(nondiabetic)=0.9459. Now using Equation 3 yields the following posterior
probabilities which will help to predict the class in which the test case belongs.
After calculation, P(diabetic|x) = 0.0353 and P(nondiabetic|x) = 0.9647. As the
posteriorprobabilityofbeingnondiabetic ishigh, thecase isassumedtobeunder
classnondiabetic.

5.3. Performance evaluation
Performanceoftheproposedalgorithmwasevaluatedandtheprobabilityoferrorof
theclassifierwascalculatedtodecidetheefficiencyoftheproposedalgorithm.With
aviewtoestimatingtheaccuracyoftheproposedalgorithmandevaluatingitinterms
of sensitivity and specificity, the algorithm was applied on 532 processed data of
‘PIMAIndianDiabetesDataset’.Forevaluatingthesystem,fourperformancemeasures
wereconsidered,whichareTruePositive(thenumberofcasescorrectlyidentifiedas
patient),TrueNegative(thenumberofcasescorrectlyidentifiedashealthy),False
Positive(thenumberofcasesincorrectlyidentifiedaspatient)andFalseNegative(the
numberofcasesincorrectlyidentifiedashealthy).Table2representstheconfusion
matrixshowingthevaluesoffourperformedmeasures.

Table 1. Mean and variance calculation for continuous features

Feature µ
1

σ
1

µ
2

σ
2

Glucose 88.375 7795.5 90.493 8234.329

BloodPressure 62.0 4009.0 64.536 4228.786

SkinThickness 26.25 778.25 22.5 547.986

BMI 33.425 1167.688 28.724 829.759

Age 30.875 996.0 26.186 702.357

Table 2. Confusion Matrix

Actual Diabetic Actual Nondiabetic Total

TestDiabetic TruePositive(TP)=95 FalsePositive(FP)=39 134

TestNondiabetic FalseNegative(FN)=82 TrueNegative(TN)=316 398

Total 177 355 532
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Theaccuracy,specificity,andsensitivityoftheproposedalgorithmwascalculated
based on the values of Table 2 and using the Equations 5, 6, and 7, respectively.
Accuracyisthemeasureofhowcorrectlythealgorithmdifferentiatesbetweenhealthy
humananddiabeticpatients;Sensitivityisthemeasureofhowcorrectlythediabetic
patients are identified while specificity represents how correctly healthy humans
are identified.TheobtainedvaluesareAccuracy=77.26%;Sensitivity=53.67%;
Specificity=89.01%asshowninFigure3:

Accuracy=
TN TP

TN TP FN FP

 +( )
+ + +( )

 
 (5)

Sensitivity= TP

TP FN+( )
 (6)

Specificity= TN

TN FP+( )
 (7)

Toestimatethepossibilityoferrorofthesystemleave-one-out-technique(Elisseeff
&Pontil,2003)wasused.Inthistechnique,eachtimeoneobservationfromthewhole
datasetistakenastestdataandtherestofthedatasetisconsideredtobethetraining
data(OnlineResource,n.d.).Thusfirstly,thefirstsamplewasusedastestdataand
therestn-1sampleswereusedastrainingdata.Thenagain,thesecondsamplewas
usedastestdatawhileotherswereusedastrainingdata.Thus,theprocesswasrepeated

Figure 3. Result obtained by evaluating the proposed
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n-1times.Foreachcase,whileestimatingtheerrorofthetestsamplethefractional
countingwasusedwhichusestheestimatedprobabilityofclassmembershipofsample.
P̂ (Ci|x) is the largestofprobabilities forCiclassandsamplex. Insuchacase, its
probabilityofbeingerroneousisfoundbyEquation8:

ˆ ˆ |P P C x
i

ε( ) = − ( )1  (8)

ˆ |P P x
i

n

i
ε ε( ) = ( )

=
∑
1

�  (9)

Table 3 shows error calculation for two sample cases where class Diabetic is
representedby‘A’andNondiabeticisrepresentedby‘B’.Thetotalestimatederror
fornsampleshasbeencalculatedusingEquation9andtheresultantestimatederror
wasfoundtobe P̂ ε( ) = 0.204.

6. CoMPARISoN wITH eXISTING NAÏVe BAyeS ALGoRITHM

The proposed algorithm used the concept of the basic Naïve Bayes technique and
incorporatedtheconceptofpriorclustering.Thiswaschosentoexaggeratethelevelof
accuracyandenhancetheeffectivenessoftheexistingalgorithm.Thus,acomparative
studywasconductedtoportraytheeffectivenessoftheproposedalgorithmincontrast
totheexistingNaïveBayesAlgorithm.ThebasicNaïveBayesalgorithmispresented
inAlgorithm2.

Boththeproposedandtheexistingalgorithmwasimplementedusingthesame
IDE and was executed on the 532-usable data of Pima Indian Dataset separately
consideringthesimilarsetoffeaturesforboththecases.Again,forevaluatingthe
algorithms,accuracy,sensitivity,specificity,andtheprobabilityoferrorofclassifiers
forthetwoalgorithmswerecalculatedfollowingthesameprocedure(asdiscussedin
Section5.3).TheresultsareshowninTable4andFigure4.

The result showed that the accuracy of the proposed algorithm was increased
by10.34%whichindicatesthatthepercentageofcorrectassumptionsbythesystem
increasesbyanamountof10.34%.Theresult related tosensitivity showsarise in
sensitivityby53.11%,whichindicatesasignificantincreaseintheabilitytodetect
actualdiabetescasescorrectly.Althoughtherehasbeenafallofspecificityby10.99%

Table 3. Error estimation

Test Case True Class P(A x�|� ) P(B x�|� ) P̂ ( ε | x )

1 A 0.69 0.31 0.31

2 B 0.63 0.37 0.37
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Figure 4. Difference in accuracy of the two algorithms

Algorithm 2. Predicting the possibility of diabetes using basic Naïve Bayes

1. features Glucose, BloodPressure, SkinThickness, BMI, Age�← { }}
2. classes Diabetic, Nondiabetic�← { }
3. for each in classes doc

i

4.Calculate and for Glucose, BloodPressure, SkinThicknesµ σ ss, BMI,Age

5.endfor
6.foreachcaseintestdatado
7. for each in classes doc

i

8. posterior c
P c P x c

x
i

i i i

i( ) ← ( )∏ ( )
∈

� �|�
� � � �

evidence
where featuress

9.endfor
10.max posterior posterior c classes

i
_ max← ∈( )( )

11.resulting class c c classesand posterior c
i i i

_ ← ∈ ( )such that ==max posterior_

12.endfor

Table 4. Comparing the performance between two algorithms

Algorithm Accuracy Sensitivity Specificity Probability of Error

ExistingAlgorithm
(NaïveBayes) 66.92% 0.56% 100% 0.185

ProposedAlgorithm
(NaïveBayeswith
PriorClustering)

77.26% 53.67% 89.015 0.204
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oftheproposedalgorithmwithrespecttotheexistingNaïveBayesalgorithmwhich
is quite evident as sensitivity and specificity are inversely related. The value of
specificitywaslesssignificantcomparedtotheoverallimprovementofperformance.
Theprobabilityoferroroftheproposedalgorithmwasincreasedbyasmallfraction
of0.019thanthatoftheexistingalgorithm.Thecomparisonclearlyindicatesthatthe
proposedalgorithmgivesbetterperformancefordiabetespredictionthantheexisting
NaïveBayesalgorithm.

7. DISCUSSIoN AND CoNCLUSIoN

Tocreateawarenessamongpeople,differentmachinelearningalgorithmsincluding
the Naïve Bayes classifier have been in use for prediction of probabilities of
diseases(includingdiabetes)sincelong.Onassessment,asbasicNaïveBayeswas
foundtoprovideaninadequatelevelofaccuracy,anattempttogainanexpected
level of accuracy and lesser probability of error was made. Therefore, in this
researchanintelligentpredictionsystemisproposedtoprovideabetterprediction
ofdiabetesspecificallyinaneasilyaccessiblemethodandtherebycontributeto
createawarenessamongpeopleaboutthedisease.TheBasicSequentialClustering
algorithmandNaïveBayestechniquewereincorporatedtodeveloptheintelligent
system.TheproposedalgorithmwasthenevaluatedwithPimadatasetandlater
compared to the existing algorithm. The comparative study showed that the
proposedalgorithmisbetterintermsofaccuracythanthatoftheexistingNaïve
Bayesalgorithmby10.34%.Therehasbeenaslightfallinspecificityby10.99%
andtheprobabilityoferrorofclassifierby0.019%butadynamicriseinsensitivity
by53.11%.Thesignificantincreaseinaccuracyandsensitivityindicatesthatthe
proposedalgorithmcouldbeabetterchoice.

The study has some limitations as well. For example, insufficient amount of
dataoffemalepatientswasusedinthisresearch.Again,thealgorithmwasproposed
considering only five features. However, the algorithm can be made to function
with datasets containing other features which lie in the root of diabetes keeping
necessaryconditionsunchanged.Insuchacase,theperformanceofthealgorithm
issubjectedtoevaluation.

Thefocusforfutureexpansionwouldbetheenhancementoftheknowledgebase
bycollectingasufficientlylargeamountofdatabothfrommaleandfemalepatientsof
allagegroupstoimprovetheaccuracyofthesystem.Again,comparingtheproposed
algorithm with the other existing machine learning algorithms to find the most
appropriateoneforpredictingdiabeteswouldbeanotheroptionforfutureresearch.

In this paper, an algorithm has been proposed that can predict the state or
possibilities of diabetes of a person more accurately than that of existing Naïve
Bayes technique.Theproposedsystemwill assist any individual toknowhis/her
probabilityofbeingdiabeticevenwhenathomewithoutconsultingadoctor.This
reducestheeffortsrequiredtomeetaphysicianinpersonalongsideraisingawareness.
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Asdiabetescanremainunrevealedforalongtimeandthecausesofdiabetesareyet
notcertain,itsexplosionrateisgrowingdaybydayanomalously.Inthishazardous
situation,itissincerelyhopedthatsuchadiabetespredictionsystemwouldbeable
to mitigate the explosion rate of diabetes by creating awareness among general
peopleregardingdiabetes.
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