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Performance Analysis of the Machine
Learning Algorithms on Heart Condition
Predictions

Geetha.M, Ganesan.R, TallamTharun Sai

ABSTRACT---Now-a-
daysHealthcaremonitoringwidelyusesinternetof Things(loT)andbi
gdatawhichisfurtherintegratedintowearablebiosensors. Thispaperi
saboutfindingthebestalgorithmforpredictingtheheartconditionusi
ngdifferentmachinelearningalgorithms.Inthiswehavealsoinclude
dthebasicArtificialNeuralNetworksalgorithmforpredictingthehear
tconditionofanindividual.

Inthisworkwehadpredictedthepersonsheatconditionsbyknowing
somekeyattributes.Byincreasingtheuseofmachinelearningalgorith
ms,theaccuracyofeachalgorithmiscalculatedandthequalityandval
ueofthehealthservicesincreasesefficiency.

Thisismainlyabouthowdifferentthealgorithmspredictandtheacc
uracyofeachalgorithm.HeretheANNhastheheightaccuracywhenc
omparedtoallothermachinelearningalgorithmslike,SVM-
ploy,SVM-RBF,NaiveBayes,Decisiontree,RandomForest,K-
NearestNeighbor.

Keywords-DecisionTree,K-
nearestneighbour,NaiveBayes,Randomforest,SVMPoly,SVMRBF
,ANN(ArtificialNeuralNetworksusingmulti-layerPerceptron).

I INTRODUCTION

MachinelLearningandanalysisistheextractionofnewinforma
tionbyexamininglargeamountofdata. ltcanbeusedtotakecertai
ndecisions,estimateandpredictusingdifferentalgorithms.Byus
ingmachinelearningalgorithmswithloTdeviceswecanpredictd
ifferentdiseaseslikeCardiovascular Diseasesandmanymoreby
knowingtheconditionoftheheart. Theseheartconditionscanbep
redictedusingdifferentfactorswhichincludesfamilyhistory(ge
netics),cholesterollevel,diabetes,BloodPressure,heartbeat,ag
e,alcoholicornot,exerciseetc.So,theperson’sdataistakenandan
alyzedtopredicthis/herheartcondition.

A. Back-GroundMotivation

Theheartisveryimportantorganofourbody.So,it’sourdutytot
akecareofourheart’scondition. Therateofheartmalfunctionsisi
ncreasingenormouslynow-a-
days.Thisisduetothebusylifestylethatpeoplearefacing. Mostly
peopleareeatingjunk,fastfoodanddoingtheirworkfromsittingi
noneplacelikesoftwareengineers,bankersandetc.Andpeoplear
edoinglessexerciseandarelessactive.Physicalactivitiesareredu
ced.So,theyarenotatalltakingcareoftheirheartcondition. These
factorscausemanypeopletosufferfromheartdiseases.Peopleare
busiertotaketheregularcheck-ups.
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B. Objective

Theobjectiveofthepaperistocollecttheheartbeatdataandtrai
nthedatabyatraineddatasetcalled““Cleveland”dataset. Thisdata
setisgivenbyHungarianandSwitzerlanddoctorsfromdifferenth
ospitals.Ithas14attributesand300datarecordsinit. Thisprojectu
sessupervisedmachinelearningtechniquesforthepredictions.
Wewillpredictonlytheseverityoftheheartconditionwhichisran
kedfromOto4. Thiscanbedonebythetakingtherealdatafromthes
ourceslikeFithit,GoogleFitapps,etc. Andaddinganextrafeature
toitthat,theheartcondition.

1. LITERATURESURVEY

Therearemanypapersonthissolution.Hereonlyfewarediscus
sed.

InapaperthepredictionsaredonebythealgorithmcalledDecis
ionTree,oneofthebestmachinelearningalgorithms.Bythisalgor
ithmtheauthorwillcombinedifferentdatasetstoavoidallowingir
regulardetailsintothescenario.So,thisisaboutfindingthebestda
tafromwhichthepredictionsaremadecorrectly.Onlysomefeatu
resfromthedatasetsareextractedandusedinthepredictionalgorit
hmtogetthebestresults.

Intheotherpapertheimportanceoffeaturescalinganddimensi
onalityreductionisexplainedclearly. Thisisfinallyshownbyther
esultsusingsimplemachinelearningalgorithms

InotherstudythedatasetisputintotheJ48classifierUn-
prunedtree,Decisiontree, NaiveBayesclassification,NeuralNet
works.Fromwhichtheyaregettingtheaccuracyofabove90%.Th
entheyhaveusedSensitivityandSpecificityrateforcomparing. T
hismodelisdonebyusingtheDataMiningmodelcalled Transthor
acicEchocardiographyReportdataset.

Theotherpaper,reflectedthatthecompletestudyofdifferentpa
persthathavedonetheheartconditionisusingDataMiningTechn
iquesandlintelligentFuzzyApproach.Thisanalysisisbasedonth
enumberofattributesusedinthedataset,accuracyandsuccessoft
hemodels.Alltypesofalgorithms,toolsusedetcaretakenintocon
siderationand

broughtintotheversusplatformwhichtellsthebestmodel.
Onfurtheranalysisandresearch,apapershowedhowthedepen
denciesofthedifferentattributesinthedatasetareresponsiblefort
heheartconditionprediction.Inthistheauthorhadtakenthe4diffe
rentdatasetsofsimilarkindofattributes. Thispaperwilltellthatth
oseattributesarenotsufficientforpredictingtheheartcondition.
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ThishavebeentestedbymachinelearningalgorithmslikeNaive
Bayes,DecisionTree,SVM,Ada-
Boost,LR,MLPetc.Healsofoundabouttheselectionofattributes
bylGandGeneticalgorithmsforselectingthemainattributes.
Inotherpaperthecomparativestudyaboutthedifferentmachin
elearningalgorithmslikeSVM, Logisticregression,Neuralnetw
orks,RBFs,etc.andhowaccuratetheirpredictionsare.

1. PROBLEMFORMULATION
ANDEXISTINGWORK

[13]Thereareexistingworkslike,comparingtheresultsofdiff
erentalgorithmsnamely, DecisionTree,NaiveBayes,Multilaye
rPerceptron,K-
NearestNeighbor,SingleConjunctiveRuleLearner,RadialBasi
sFunctionandSupportVectorMachine.Hereensemblepredictio
nsofclassifiers,whichincludesbagging,stacking,boosting,area
ppliedtothedataset.

Thereareworkslikeunderstandingofdifferentdatasetspredic
tions.Inthese,relationshipsbetweentheinputandoutputattribut
eshadbeenconcentratedmore.

[4]Intheotherpapertheheartconditionwaspredictedbythene
uralnetworksandneuro-fuzzysystem. TheyhaveusedCRIP-
DMmethodologytotheClevelanddatasetforpredictions.Thisis
donebyestablishingtherelationships,patternsconnectedwithhe
artdiseases.Bywhichtheyaregettinganaccuracyof75.93%.

Therearemanyexistingworkssuchasthebestalgorithms,theh
ighlydependedattributes,dimensionalityreducedmodels, featu
rescalingimportanceonceetc.Butthisprojectisdifferentbecause
bytheusageofmachinelearningalgorithmswhicharefeaturescal
ed,andalsodimensionalityreducedone.

V. PROPOSEDWORK

Inthisproposedworkthedifferentmachinelearningalgorithm
slikeDecisiontree,Randomforest,NaiveBayes,SVMkernel (R
BFandploy),K-
nearestneighbourareapplieddirectlytothedataset. Andthenappl
iedafterdimensionalityreductiontechniquetothedatasetbyappl
yingPCA(PrincipleComponentanalysis)algorithmwhichtakes
thehighestvariantattributesandthenpredict. Thisprojectalsosho
wshowthedataisdistributedgraphicallybyplottingthegraphtaki
ng2attributestoplotlinearly.

Theproposedworkistotakethereal-
timedatabyusingECGandBPMsensorsandpredictthatdatausin
gdifferentalgorithmslikeDecisiontree,Randomforest,NaiveB
ayes,SVMkernel(RBFandploy),K-
nearestneighbourandfordimensionalityReductionPCA(Princi
pleComponentanalysis)isused. Thisisusefultofindthepatients
whosehasheartdiseaseinaneasyway.Andwearegoingtocompar
ethesealgorithmsandfindoutthebestalgorithmbyitsaccuracyva
lue.

V. TOOLS/HARDWARE/SOFTWAREREQUIRE
MENT

TheThehardwareandsoftwarerequirementsusedforthisprop
osedworkareWearableMedical System,ECGandBPMsensors,
Spyderlde-Pythonanaconda,JupiterNotebook.

V1. IMPLEMENTATIONSTRATEGY

A. AlgorithmsusedforPredictions:
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ThesearethealgorithmsusedforpredictionoftheHeartCondit
ion.Theseareallmachinelearningalgorithms.Forgivingthebest
resultsPCA(PrincipleComponentAnalysis).

1. DecisionTree:

DecisionTreeAlgorithmisanensemblelearningofmethodsli
keclassification,regressionandothertasks. Thisisbasedonthecl
assificationoftheattributesbasedontheirInfoandgain.Theheigh
tgainattributeissplitintoitsrespectivevalues. Thenewsplitdatais
setintonewdatasetsandtheappliedasnewdecisiontree. Thisisre
peateduntilwegetpuresubsets. Thisisoneofthebestalgorithmsf
orlinearlydistributeddatasets.[14] Treemodelswithadiscretese
tofvaluesthatthetargetvariablecantakearecalledclassificationt
rees; Inthesetreestructures,leavesrepresentclasslabelsandbran
chesrepresentcombinationoffeaturesthatleadtoclasslabels.

2. RandomForestAlgorithm:

RandomForestalgorithmorRandomforestsarethesam
ealgorithmsTheseareensemblesofimethodsforclassification,r
egressionandothertasks. Theseworkonthebasisofconstruction
ofmultipledecisiontrees. Thiswillbebetterthandecisiontreebec
ausehereweareusingmultipletreestopredicttheresults,astherea
remoretreestopredicttheaccurateresults.Randomdecisionfore
stscorrecttheflawofdecisiontreealgorithm’shabitofoverfitting
totheirtrainingset.

Randomforestalgorithmismoreadaptableandeasiertousema
chinelearningalgorithmthatpredictsandproduces,evenwithout
hyper-
parametertuning.Itismostlyusedalgorithmbecauseofitssimpli
city.

NaiveBayes:

NaiveBayesclassifierisamere"probabilisticclassifierwithi
nthefamily. ThisisbasedonapplyingthetheoremofBayeswithst
rongindependentassumptionsamongthefeaturesoftheattribute
s.NaiveBayesclassifiersareexceptionallyadaptable,requiringd
ifferentparametersintheamountoffactorsinalearningproblem.
Byevaluatingiterativeapproxthemostextremeprobabilitytraini

ngcanbeperformed.

_ p(Ci) p(x | C)
P(Ck | x) = ()

ThroughthisNaiveBayesformula,thepredictionsaremade.

4. SVMKernel(RBFandPOLY):

InMachineLearning,kernelmethodsareaclassofalgorithmsf
orpatternanalysistheSupportVectorMachine(SVM)beingtheb
est-
knownmember. Thepatternanalysistaskistostudyandfindthege
neralrelationshipsinclusters, rankings,inanygivendatasets.

RadialBasisFunctionkernel,orRBFkernel,iswidelyusedinv
ariouslearningalgorithms.Inprecise,itisordinarilyusedinSupp
ortVectorMachineClassification.

Thepolynomialkernelisakernelfunctionwidelyusedwithsup
portvectormachines(SVMs)andotherkernelizedmodels,thatex
emplifiesthesimilarityofvectors(trainingsamples)inafeatures
paceoverpolynomialsoftheoriginalvariables,allowinglearning
ofnon-linearmodels.

K-NearestNeighbour:
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OneofthesimplestofallMachinelearningalgorithmsisthek-
NNalgorithm.Thealgorithmk-
nearestneighbourisamethodusedtoclassifyandregress.Inbothc
ases, theinputconsistsinthefeaturespaceofthekclosesttraininge
xamples. Theoutputdependsonwhetherclassificationorregress
ionk-NNisused

K-
NNisalazylearningmethodinwhichthefunctionisonlylocallya
pproximatedandthecomputationispostponeduntilfinalclassifi
cation.

ArtificialNeuralNetworks:

AcrtificialNeuralNetworksareinspiredbythebiologicalneura
Inetworksandarethemimicofthehumanneuralnetworks. Thisis
notitselfanalgorithm,itisframeworkofmanydifferentmachinel
earningalgorithms.Thereareacollectionorgroupofconnectedn
odescalledArtificialNeurons.Eachneuronisconnectedlikebrai
nsynapsesusedtotransmitthesignalfromneurontoneuron.

Itreceives,processesthensendsthesignalstotheotherartificial
neuronsinwhichtheyareconnected.Eachneuronalconnectionis
calledEdges.

ThereisaweightinArtificial NeuronsandEdgesthatadjustsasl
earningprogresses. Theweightsareadjustedtoreflectthestrengt
hofthesignalataconnection.Artificialneuronsaretypicallyasse
mbledintolayers.

Differentlayerscantransformtheirinputsindifferentways.Si
gnalstravelfromthefirstlayer(theinputlayer)tothelastlayer(the
outputlayer)aftermultiplecrossingsofthelayers

Input Hidden Layer Output
Layer Layer

B. FordimensionalityReduction:

Forthebetteraccuracydimensionalityisreducedsothatonlyth
eattributesthatareresponsibleforthepredictionoftheheartcondi
tionpredictionistakenintoconsiderationandtherestwhichdoesn
otaffectthechangeintheclasslabelisdiscardedfromthedataset. T
hentheaccuracyofthemodelwillbechangedappropriately.

1. PCA(PrincipalComponentanalysis):

PrimaryComponentAnalysis(PCA)isastatisticalprocedure
usinganorthogonaltransformationtoconvertasetofobservation
sofpotentiallycorrelatedvariablesintoasetofvaluesoflinearlyu
ncorrelatedvariablescalledmaincomponents. Ifvariablesareob
served,thenumberofseparatemaincomponentsismin(n-
1,p).Thistransformationisdefinedinsuchawaythatthefirstmain
componenthasthegreatestpossiblevarianceand,inturn,eachsuc
cessorcomponenthasthehighestpossiblevarianceunderthecon
straintthatitisorthogonaltothepreviouscomponents. Theresulti
ngvectorisanorthogonalbasesetthatisuncorrelated. PCAissensi
tivetotheoriginalvariables'relativescaling.
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VII. METHODOLOGY
A. Thedatasetusedis

¢ ThedatasetisaHungarianhospital’sdataof400persons.

¢ Inthistherearel4attributes.

¢ With400datarecordsofdifferentpersonsinHungary.

e Hereweareusingallsupervisedlearningalgorithmsforpredi
ction.

B. TheAttributesare:

TheseattributesaretakenfromtheUCImachinelearningrepos
itorywheretheattributesdescriptionisgivenandexplainedclearl
y.[16]

1.  Age-ageinyears

2. sex-sex(l=male;0=female)

3. Cp-
chestpaintype(1=typicalangina;2=atypicalangina;3=no
n-anginalpain;4=asymptomatic)

4.  trestbps-

restingbloodpressure(inmmHgonadmissiontothehospita

1)

chol-serumcholesterolinmg/dl

fbs-fastingbloodsugar>120mg/dI(1=true;0=false)

Restecg-

restingelectrocardiographicresults(O=normal;1=having

ST-T;2=hypertrophy)

8.  Thalach-maximumheartrateachieved

9. Exang-exerciseinducedangina(1=yes;0=no)

10. Oldpeak-STdepressioninducedbyexerciserelativetorest

11. Slope-
theslopeofthepeakexerciseSTsegment(1=upsloping;2=f
lat;3=downsloping)

12. ca-numberofmajorvessels(0-3)colouredbyfluoroscopy

13. Thal-3=normal;6=fixeddefect;7=reversabledefect

Nou

14. Num-thepredictedattribute-
diagnosisofheartdisease(angiographicdiseasestatus)(Va
lue0=<50%diameternarrowing;Valuel=>50%diameter
narrowing)

C. Methodofapplyingthealgorithm:

Firstimportingthelibraries
Readingthedataset,splittingthedatasetintotrainingandtes
tof80%and20%

ApplyingFeatureScaling
SettingtheClassifierforalltheMLalgorithmsoneatatime
Predicatingtheresults
FindingtheaccuracybyusingConfusionMatrix
ApplyingthePCAalgorithmandtakingthenewtrainingan
dtestdatasets.
SettingtheClassifierforalltheMLalgorithmsoneatatime
Predicatingtheresults
FindingtheaccuracybyusingConfusionMatrix
Comparingtheresults
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VIII. ACCURACYOFEACHALGORITHM

DifferenttypesofalgorithmslikeDecisiontr.ee,Randomfores In [5]: em
t,NaiveBayes,SVMKernel(RBFandpoly), K- :ﬂ:g;g[[% o, o, 1,13,
nearestneighbourareusedtopredictthedataoftheheartpatientsa [2, 1, 1, @ 6],
ndfordimensionalityReduction,PCA(PrincipleComponentan [8, 2, &, @& 7],
alysis)isusedusingPythonanacondasoftware. E g: g: ;: 1 13%5: dtypenintes)

1. DecisionTree

. . AccuracyafterPCAdimensionalityreduction:
e Accuracywithl4attributes:

e 59.21%
o 44.73% - -— -—
In [4]: cm In [7]: cm
out[4]: Out[7]:
array([[28, 8, @, 3, 1], array([%BS, 2, @, @, E%,
[ 3, 3, & 3 1], 6, 2, 2, @, @],
ri, s, 1, 1, 1], [2, 5, 2, @, @],
[1, 4, 1, 2, 4], [1, 3, 5, 3, @],
[ @, 4, @, 1, @]], dtype=intsa) [e, 2, 2, 1, @]], dtype=int64)
e AccuracyafterPCAdimensionalityreduction: 4. Randomforest
e 52.63% e Accuracywithl4attributes:
e 53.94%
In [8]: cm
Out[8]: .
array([[31, 6, 2, 1, @], ;:t%:% cm
%gr ;r ir gr g%r ar~r~a;,r|:[£3?r 1, 1, 1, a%,
¥ ¥ ¥ ¥ ¥ ?; 1)- 11- B} 1 ¥
[ 3, 1, 3, 4, 1], [ 3 3 1, 2, @],
[1, @&, 2, 2, 8]], dtype=intsd) [ 3, 3, 4, 2, 8],
[1, 4, @, &, @]], dtype=int&4)
2. K-Nearestneighbour To rat. |
e Accuracywithl4attributes: e AccuracyafterPCAdimensionalityreduction:
e 52.63% e 57.89%
In [18]: cm In [5]: cm
out[10]: out[5]:
array([[37, 3, @, @, @], array([[35, 2, 2, 1, @],
[ 6, 3, @& @, 1], [6, 3, 1, 8, @],
[ 2} ?: 9‘; E‘, E], [ 3) 1r 3) 2r a]r
3 6 3 E a [ 31 21‘ 4} 31‘ B]J‘
[3 6 3 e @] , [1, 2, 1, 1, B8]], dtype=int64)
[e, 4, 1, @&, @]], dtype=inted)
5. SVMPoly
e Accuracywithl4attributes:
e AccuracyafterPCAdimensionalityreduction: * 5131%
e 53.94%
In [4]: cm
In [25]: cm out[4]:
Out[25]: array([[38, 1, @, 1, @]
array([[37, 1, 1, 1, e], [s: a: 2: a: E]:
LN (s Lo o ol
[ g ' ! g ]: [ 4: 3: 31 1r 1]:
[2, 3 5, 2, @], . [1, 3, @, 1, @]], dtype=ints4)
[e, 1, 3, 1, 8]], dtype=ints4)
¢ AccuracyafterPCAdimensionalityreduction:
3. NaiveBayes e 59.21%
e Accuracywithl4attributes:
e 42.10%
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Fig-4.1
In [6]: cm DecisionTree(Trainingset)
Out[6]:
ET‘FE}’I: I: [4@, 'BJ 'BJ. 'BJ 'B]J Decision Tree (Test set)
[& 1, 1, @, e],
[7, e 2, @ @a],
[ 4, 2, 4, 2, 8],
[ 2, 2, 1, @, @]], dtype=ints4)
6. SYVMRBF
e Accuracywithl4attributes: ;
e 48.68%
In [4]: cm
out[4]:
array([[36, 3, 1, @, @], 1
[7, 1, 2, @, e],
[2, 7, @, @, a], 5
[5, 3, 4, @, @], -3 2 -1 0 1 2 3 1 s
[1, 3, @, 1, 8]], dtype=int64) x

Fig-4.2

¢ AccuracyafterPCAdimensionalityreduction: DecisionTree(Testset)

e 57.89%
- T cT ' KNN (Training set)
In [B]: cm
Out[6]: ‘
array([[38, 2, @, 8, a],
[& 3 1, &, @&],
[ 4, 3, 2, @, @e], i
[ 3 3 5 1, e],
[e, 3 2, 8, @]], dtype=ints4) ¢
7. ArtificialNeuralNetworks:
e Accuracy-58.53% y
Epoch 193/169 o
wm | | - 85 142/step - loss: -6.0687 - acc: 8.5853 _Figsl
o | ] - b Bis/step Nearestneighbour(Trainingset)
e AfterPCA:- KA (Test set)
Epoch 109/109
W | ] - 85 234us/step - loss: -5.5517 - acc: 85530
U | - 85 Uns/step

IX. RESULTSANDGRAPHS

Decision Tree [Training set)

Fig-5.2
K-Nearestneighbour(Testset)
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Naive bayes(Training set) Random forest (Test set)

Fig-6.1
NaiveBayes(Trainingset) Fig-7.2
RandomForest(Testset)

kernel svm(Training set)

Fig-6.2 o
NaiveBayes(Testset) Fig-8.1
SVMPoly(Trainingset)

Random forest{Training set)
kernel sum (Test set}

Fig-7.1 - —_— -

RandomForest(Trainingset) Fig-8.2
SVMPoly(Testset)
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svm kemel rbf(Training set)

PCL

Fig-9.1
SVMRBF(Trainingset)

swm kernel rbf (Test set)

Fig-9.2
SVMRBF(Testset)

X. CONCLUSION

Theconclusionofthispaperistheneuralnetworksisthebestalg
orithmforthepredictionoftheheartconditionamongtheotheralg
orithmslikeKNN,SVM,RandomForest,NaiveBayes,andDecis
iontree. Theneuralnetworksresultsaredirectlyproportionaltoth
enoofinputstheyaregiven.So,themoretheinputsforthemthemo
retheaccuracytheyshow.
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