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K u‘:j e uﬁ/g Sl T e o §/ S [78](Palaniappan and Awang 2008)

%Cﬂdgjuj/Dﬂé}}vﬁ%}}fl)L&Jb‘jg’ JfLuC/ﬁ:«Jgff -.l{’//.l.}'dﬁ ﬁ)l}l-&/{'{f&/l/;nd”_/dlf':‘“l

" o
v

e RS s o dlf g _w;/(%uﬁﬂiuﬂ;j .szrz‘gfﬁ A2 LUy ouze
ek NET-ut U2 L S 15 AP Ut dE 354, 909 S At S Fo ewtibed
data mining extension query £ £ & Jinteraction#\ £ Ut sle WAz i CU Ut 6
Classification »/Lift Chart 2 £ Jt élp SES S Un Ll b 4“’: Je-language
o KU BE L L Sk LS PnL IS S G fof e (s
e eI G P T meido & U Ly $ Sl e GO0 £ e bpaddon,
APl )6 GF ELSs S [79](Shouman, Turner, and Stocker 2011)
while developing the risk -/ & Ji ‘f:@/ Wt 0 L8 J ik S, £ -
researchers integrate multiple classifiers voting technique with Ji evaluation
different multi-interval discretization methods like (equal frequency, chi-merge,
like (Gini Index, v/ J* variants ¥ § § o5 ¥ <% equal width and entropy)
error pruning % s &b l_§ ¥ £ & 2 _F 7 »1 Gain Ratio and Information Gain)
equal width 2 voting & i %5 —« bt ' 616 e Jor L atd £ Jes1¢ U,Q( s S
Kl S L8791 ué o .//“J:Q S 3L discretization information gain

25 £ equal frequency discretization gain ratio decision tree & Ji o £ i/ Jubi

SSeE s F154484.1
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/Q’thu&/ Ju}l/l)l;‘!dﬁ'mJX}/;«QL%L/&W!KZ/}GJJ _”:/J/};‘d' [80] (Rani 2011)
S QJJJ,{,’LJ/G,? /d)"ﬂ.d" - Vg w1 £ S L 229301 JG‘ ey j&),:gdj[, ey _,L/
e Back-propogation learning algorithm with momentum and variable learning

ks 1/wjﬁéﬂuu‘.ﬂ;wiéa_/ﬂfKJ;/JKJJ/}_/ _LU(dJu//m’l/LC/
4 V- wE u& 1A Uty £ all hidden and output layersd L2 7 S d Zlearning
e L e Y L LML Sk GES S i)t S et G

oo i P OFS 4 erts gy o JFE [81] (Kumari and Godara 2011)
Korts 215,303 A L mbio 14 2 B Uik 2l 2, o WRIPPER s
SOl (3 Al J“g/ Pre-Processing %4 wrts g d élp Su 4 WEKA Tool st ' Je
specificity ssisensitivity < Accuracy -« 56,296 Z u‘?ﬁ Seond Bt s L2
accuracy, _ SVM S v:;c,é s JW!KJ//u//.ﬁiigévuﬁ//
574 ;éj/ (;; /Jld/&.,?uf;uﬁ J Az Lmisclassification ratesisensitivity, specificity,
A s o fL0. DS U E e S EIGs Rk u"f/?.:a’lguz‘fiROC-c‘-
cetS et g HE I P11

Lw &S U6 s pyx kdi¥i [82] (Shouman, Turner, and Stocker 2012)

:\’
:\

uﬁ/iﬁffu’;”b{bgu? quutzcwhzﬁ'l«(;b Jil u’J}Jl}l VC%( Y4 u»—’/é
7!}5} d/Kb'a%/;!‘Lglgu’;W/, .EML;U; d/13{,/?d/!/€/§ui+&§:6{/41 );&; JK{,/}JU}J _&jg{
Sy Ul < 3@ S S99% 497.4% =/ specificity . accuracy o~ < 8@ &

-~ ‘fﬁnuﬁ(:ﬂft}&/yaduj)ﬂé:é.@,f(/lﬁiﬂd/}flﬁcé_/fﬂfué»,J/“L-(:Aku
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$4 2 ¥ 2 ID3, CART and Decision Tablel ¥ [83](Chaurasia 2013)
M},ﬁgdz.@ /Jfl. J/ﬁgg’j -.L;KJL}' Jfl, Ul d.é:/;, K573 u{}"/(d}l}b‘g’;n Z_/'/Jl.*:’“i Kalgorthims

UJJVCJ -LL{M/JJWEKA,} KU1 Ld./ﬂfg - y/y/,j/.xb://;u/l,

“““““

z\’
z\

10-fold crossiéa.b//d@/?(ma./f/blasa.u‘”; b Lguﬁ;ﬂ/f;ﬁt{d/dﬁ

Chi-& L & fb ptd etr§ 52 wo$o i 2 £35S 8 P Uik validation
FICART.S. %C%:gc;él} A ¥ Lowoitsl square, information gain and gain ratio
b 3t g e L0 L pifee Sy kS SR AL S S e bt ey
S ek (‘Z A back propogation neural network & el [84] (Al-Milli 2013)
K 13 L2 et /U exrts g5 e ASAE 2 T ke Ui s 00T s K e
W Ll § o e U Lo S U6 JIMATLAB L 7,20 -t S Silosl
S gppre St 2 10 Jﬁ’l.u‘:.ﬁu@uﬁdi%ﬁf-ézaﬂg —F 29 10,000=t £
e e e LElosles? B e A 10 i St ét;&t/" -« <& s results
SUdn W el en AL L ST = S LG ST B0
uﬁ/Lc,gj"ZZ-c‘-(gnﬁuz”u{, St 6 2o \Tless error Joutput data Ut U7
SEG S ks it e e LB B ps1L 2

Simple « U4l §x < J48 L ¥ [85](Masethe Hlaudi and Masethe Mosima 2014)
L2 LS 3S B S em LS e algorithms (.3 _u:‘gﬁ/l, < REPTREE:CART
e i d il SIS e U3 Adi ertiind el L AU - WAz U3

B L S EWEKAZ L35 28 8 P ptos-tion ] Li380 490 U272 et
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<l o éu dL/ (Owi610 fold cross validation gext:s ALL@;}'K{;C«';UW@ZL
ﬂ/’utﬁ/}dﬁ S dS S F i L0 G e Sk classification algorithms ¥ _> ./
R LY

L udert ¥ wrtd v ¥ Use 3155 o2 [86](Ngueilbaye, Lei, and Wang 2016)
JW!Z/ﬁu?}gﬁngmuﬁgd}ji LJ:@?J%IJQF‘&/LA’;TJL{LK/}MC"c_databases
Jgj-wwgfnwmm,uw4@;)5;&2_05@;12’_Lg@/&/@wm,wmgm_g
e S G P IS Stz o G

B A /fd,ﬁéu‘/’ Wzhgrd 2.1.2

Usy Lin i ok Krelationships $okk L6 S o 44 € Lt Descriptive Data mining
Descriptive -« ¢/ 1 f (correlations, trends, clusters, trajectories and anomilies)
L =olos d/ ol S in d/ éb sl data mining tasks are often exploratory in nature
cedne s P FELFpost-processing 2

propose(g AKMIXZ £ 35 3 d Sk & [87] (Nguyen and Davis 2007)
5341 LU et Sl Z U1 e l/l/.:uz’.uiwa(.,@fu/d Ll ek -
& n S Je6Linear Transformation — rdl el £ S S, Jilupelor® A9
Je 16U WEK At/ w it B A G s e ol U w 2011 wlioone 1
c‘_ﬂg:gc;ét:@y Y -ﬁ;f U1 specificity ulsensitivityéj.iélg/ J:/%J f‘? vz S
s o i) Srl | (‘“’/ AIK-Means £\ £ specificity §0.89.sisensitivity §0.25 L KMIX S
eSS E I FRMIXE £ fUs, LCVD S (F
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Maximal Frequent £ £ .S b S Uss’ J15 & g e VWS e i B g 0
Lo S i e wie Ll B Aoy (end £ E Pz JL»“wb/(g L Ttemset
U & F P o1 O3 Lingis o s e io§ s Ll me b\ o6 i/ B S fr s
G SGBEIA AL B L B P g AL S bl S L3t
&f g é!,&.!u( U2 L AT 35K Luf;'; [89] (Shouman, Turner, and Stocker 2012a)
FErd L2 e ot o665 88 F F ¥ K-Means it 4 FALied £
e W1 L8 Sz Gt ps f S K 3 fSatssid $olmce o3 S et u‘«“'d/(;{»ﬁ'
10-fold cross JWIKJ?Q«’/HU.‘IU;KLélg/}l&gi‘/&{lﬁé_@?yiLL/'/Jlln’/él;';u!glg
F13 U2 J i 2972 S ek ents w5 e i o 5o validation
Kuss b LJ@.‘.;}.LM:J,};%}V,@‘ T Kot & bl Lgﬁa’ 4 /-m}u“f Luteiofe B
End S b $i S et 6 e GO0 F et L L B P
st End Ay LSS B SUR £ B i S p A S K
S Laué sk UL o 5T ALy us HEasd_ U MG ¢ Jeis s S ‘Lag:/?c,ét:-m
i s o ﬁv_‘a,gu'éjmg}L_,L'}'uLﬁ,j-;wqu(iw”/g»dguq/“f-’u/d"u_J
EE S & Sure & B ple i S S B LRI E s e fis
‘mu:f.iu;
I S B P piens S, JWWQ& A 2.1.3
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Jd/@/,wqﬂcg:%@/(ﬁﬁ/sjg -4‘_”5(/@)”&;;”&,@qufz:rw@,gﬁ’s/g
s LSS R by G § F P B gt 2 S P g L LT
LS S S s

CoActive Neuro Fuzzy System uf”“; [90] (Parthiban and Subramanian 2007)
CANFIS_Y Uk i35 U 18 B P pents e Jdof & n & S 1§ (CANFIS)
/by /EJ_LJLJ-;]D{'L?' S s sl S %u@%/“); =3 AL S nes i Ay LiJiProposed
AL L a2 e £ genetic algorithm 2 Z 2t % &) Jﬁtu}[ <
e imutations T/ /':/jgf“g/ (3 /}ﬂ/fGenetic-‘ng Ve L8 S Fusdg 7S, =
L Z SN W e U g an P S E 2 S e o 6 LSS
-LL‘[ =+Mean Square Error ¢ Ji S U+’

fuzzy resource allocation < O alt] [91] (Polat, Sahan, and Gunes 2007)

Zw &S Je dartificial immune recognition system algorithm #L- £ mechanism

KIS L unE KNNE e i B Wy 7 77 U 2 L8 81§05 L3k
Fuzzy-¥ C‘-L"tgﬂg}; pre-processing—2 A SF L:“J s e S 410) Wy arts 5103
SISkt B g 150 B ety erts 570303 weight #AIRS
Sl kS s ST UK Ut JE T Ui 270 e 13 2 S e el
Y -§_rnJLx?/;4J;bL,b/,ér,4jlfK-NNz§_KgAg/;i£ 20 51510 Sleisks
&;Jifuq/“d‘ufd,&.gu -but except to k value fJuf&iJ/u:J}flﬁg/u L sx

Jdﬁ.guf}dﬁ.«)li££J'~/}1L87%.€?Kuénd/dﬁ:,?ud/ Weis _x15 ox:f’d/ku?a&lag
- z/g : r ‘
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fuzzy sweighted K NN preprocessingL Utz s G0 —e Pl g L& U7

_‘LL"J:/@J: arrhythmia.3., 7 53,6 resource mechanism with AIRS
=4 =i I UESCAD LS g Ji s Ui Lo 1 [92] (Tsipouras et al. 2008)
FULl il & —relio 1920 550 199L 63 Al ire St TUE 2 W U el 3

LR TIRES

S kS U Wb e p et G 10-fold cross validation 62 #1osie £ i S

-

sensitivity 1 specificity §54% s 62% s L §7 FFIEEAF - Pirbe =il
—F 65%.s1 80% =\ wuuwgumdw“ugédww;&/zicu.au,;f;ﬁ;,,g_ugaf/;w/
P

C4.5.4C4.5 ,Bagging with Naive Bayesé_uf‘y ¢ [93] (Tu, Shin, and Shin 2009)
e S 5T s K predictive (12 s IS 1 u";{ A with classification
E S e ﬁ}éz,;,g(’"’/ﬁu@-ug L It [ G ety e e, £ F P
Lol Al Forts Bl ree ) IS S DS i wSF S LSS
il JWEKA Tooll o e Qo d @7 LS U s &0 o d e 5003 B2 )
Bagging with Decision Tree with (22 . 7 </ J&1 K(E»ﬁi $FFE3 L f L el f
Bagging with Naive Bayes & 3 & £ . | J&1 € reduce error pruning operation
e i zre s B G2 10-fold cross validation & £ o 7 /1K (5{ A
o uﬁéaqﬂa‘. Naive Bayes fc‘_ﬂg:gc;ém}@/:-éj—k’/l;’UL»"ﬁZLLé./{/bias )

B LSS FHET P e nde i B i [94] (Das, Turkoglu, and Sengur 2009)

posterior « Uil 1o L J&f u@" L g - & Ji Neural Network Ensemble /» (|

20



Jeiunseen Ji sl WL Lol £ 1 165z dind_sad L iz S probability
Jz"’zﬁ.@)&f/’é,mkﬂ,qdnjié AT NS U.?ay-bandl.»"’liié./uﬁt
297 U2 U S AT U LK Jed s 'ujé J&1 € SAS Enterprise Miner 5.2 2 L3S
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K L3 xS ¢ A 310556 L [99] (Jabbar, Deekshatulu, and Chandra 2015)
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L (j 2L u‘i’g S EA = [102](Srinivas, Rao, and Govardhan 2014)
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Table3.2 Description of the Heart Disease Dataset

Features Data Types Features with Subsequent values and Explanation
Age Numeric Represents the age of a patient and is calculated in the
number of years
Sex Nominal Represents the sex of a patient where 0= Female and 1=
Male
. . Represents the height of the patient and is measured in
Height Numeric P . g P
Centimeters
Weight NUMeric _Repr_esents the bodyweight of the patient and is measured
in Kilograms
Systolic BP NUMeric Bepresents the systolic blood pressure of the patient and
is measured in mmHg
Diastolic BP Numeric Diastolic BP of a patient is measured in mmHg
Whether the patient had inherited heart disease. It is
Hereditary Nominal represented in the form of 1 and O, where 1=Yes, and 0=
No
. . Does the patient take a nutritious diet? It is represented
Healthy Diet Nominal . i i
y as 0=Following, 1=occasionally and 2= Not Following
Physical Nominal Whether the patient is exercising or not. Represented as
Activity 0= No Exercise, 1= Regular Exercise and 2= occasionally
Alcohol Nominal How often the patient drinks alcohol and it is represented
Consumption as 0= Non-Alcoholic, 1= occasionally and 2= Alcoholic
. . Whether the patient is smoking or not 0= Non-Smoker,
Smoking Nominal . .
1= Regular and 2= occasionally smoking
Socio- . .
Economic Nominal Represents the economic level of the patient where
0=Poor, 1= Middle Class and 2= High Class
Level
Diagnosis Nominal 0= No and 1= Yes

< Ul o~ U1 exploratory data analysisgestiyzicd s & Lo S f e S o b
6 s sl - SO 31 L ismissing values se™ 23 Z o (9 Uk Ul slenoisy wrtsyys e S
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Figure 4.4 Correlation in Risk Attributes Through Heatmap Representation
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Table 4.1 Feature Selection Techniques with their Mean Value on Risk Attributes

Feature Selection Techniques with Their Results and Mean Values
Attributes
ETC GBC RF RFE XGB MEAN
Age 0.92 0.92 0.87 0.25 0.92 0.78
Sex 0.0 0.0 0.11 0.83 0.0 0.19
Alcohol 0.09 009 | 0.00 0.75 0.09 0.22
Consumption
Physical 0.25 025 | 008 0.67 0.25 0.30
Activity
Healthy Diet 0.71 0.71 0.52 1.0 0.71 0.73
BMI 0.74 0.74 0.79 0.0 0.74 0.60
Hereditary 0.38 0.38 0.4 0.92 0.38 0.49
Smoking 0.17 0.17 0.09 0.5 0.17 0.22
Systolic BP 1.0 1.0 1.0 0.08 1.0 0.82
Diastolic BP 0.88 0.88 0.78 0.33 0.88 0.75
Socio Econom 0.17 0.17 0.11 0.42 0.17 0.21
ic Level
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Figure 4.5 Risk Attribute Hierarchy by Feature Selection Techniques

Table 4.2 Mean Ranking of Risk Attributes using Feature Selection Techniques

Sr. No Attributes Mean Ranking of Attributes
1 Systolic BP 0.82
2 Diastolic BP 0.80
3 BMI 0.78
4 Age 0.76
5 Healthy Diet 0.54
6 Hereditary 0.42
7 Smoking 0.28
8 Physical Activity 0.24
9 Socio-Economic Level 0.16
10 Sex 0.14
11 Alcohol Consumption 0.12
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Figure 4.7 AUROC by the Decision Tree Model
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Figure 4.11 AUROC by Support Vector Machine Model
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Table 4.3 Performance Metrics of Different Proposed Heart Disease Models

Performance Measures
Models Sensitivity | Specificity| Accuracy | Precision | Error Rate | AUROC
Decision Tree 82% 80% 81% 84% 18% 81%
K Nearest Neighbor 73% 66% 70% 69% 30% 70%
Support Vector Machine 82% 81% 82% 84% 17% 82%
Random Forest 85% 83% 84% 85% 15% 85%
Naive Bayes 2% 66% 69% 70% 30% 70%
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Figure 4.16 Combined AUROC: of the Developed Risk Evaluation Models
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Table 5.1 Hyperparameter Optimization Results of the Decision Tree Model

Max Depth | Min Samples Split | Min Samples Leaf Max Features| Criterion | Accuracy
10 18 15 Auto Entropy 81%
15 25 12 Auto Gini 82%
18 11 10 Sgrt Gini 2%
20 15 20 Sqrt Gini 83%
25 10 50 Auto Entropy 71%
30 12 30 Auto Entropy 4%
35 22 25 Sqrt Entropy 5%
40 8 14 Sgrt Gini 78%
45 5 16 Auto Entropy 73%
50 14 Not Used Auto Gini 78%
70 17 18 Auto Entropy 75%
80 13 Not used Auto Entropy 84%
100 20 Not used Sgrt Entropy 84%
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Figure 5.6 AUROC of Optimized Decision Tree Model
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Table 5.2 Hyperparameter Optimization Results by the K NN Model

Leaf Size Metric Neighbors Weights Accuracy
5 Euclidean 5 Distance 82%
10 Minkowski 11 Uniform 67%
30 City Block 13 Distance 85%
25 Euclidean 9 Distance 70%
15 Minkowski 7 Uniform 2%
20 City Block 11 Uniform 68%
12 Euclidean 15 Distance 75%
16 Minkowski 13 Uniform 77%
18 Minkowski 7 Uniform 80%
28 Euclidean 9 Distance 82%
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Table 5.3 SVM Hyperparameters Optimization with their Accuracies

Kernel Gamma Regularization Accuracy
Linear 0.001 0.11 71%
Sigmoid 0.1 1.0 70%
Sqrt 0.00001 0.001 68%
rbf 0.1 1.0 81%
Linear 0.001 0.001 2%
rbf 0.0001 0.1 80%
Linear 0.01 0.10 73%
rbf 0.0011 0.0001 78%
Sgrt 0.0001 0.010 75%
Sgrt 0.1 0.11 76%
Sigmoid 0.01 1.0 74%
Linear 0.0001 1.0 71%
Sigmoid 0.010 0.11 7%
Rbf 0.11 0.0001 69%
Sgrt 0.10 0.001 73%
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Figure 5.10 AUROC of the Optimized SVM Model
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Table5.4 Experimental Results of the Optimized Random Forest Model

Criterion Max Depth | Max Features N Estimators| Min Samples Leaf Accuracy
Gini 70 Not Used Not Used Not Used 85%
Entropy 60 Auto Not Used Not Used 86%
Gini 50 Auto 100 Not Used 87%
Entropy 80 Auto 100 100 73%
Gini 100 Auto 100 50 76%
Entropy 30 Not Used 80 60 80%
Gini 40 Not Used 90 40 78%
Gini 25 Auto 70 30 75%
Entropy 20 Auto 40 25 82%
Entropy 35 Auto 30 20 81%
Gini 45 Not Used 60 35 80%
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Figure 5.11 Confusion Matrix of the Optimized Random Forest Model
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Table 5.5 Performance Measures of Different Optimized Heart Disease Models
Performance Measures of the Models
Models TPR TNR | Accuracy | Precision Error Rate | AUROC
Decision Tree 0.83% | 0.80% 0.82% 0.82% 0.5% 0.82%
K Nearest Neighbor 0.87% | 0.81% 0.84% 0.83% 0.15% 0.85%
Support Vector Machine | 0.80% | 0.82% 0.82% 0.86% 0.18% 0.82%
Random Forest 0.87% | 0.84% 0.87% 0.86% 0.13% 0.86%
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Table 5.6 Performance Comparison of Proposed Heart Disease Models
Comparison among Different Heart Disease Risk Evaluation Models
Performance . ;
Decision Tree K NN SVM Random Forest | Naive Bayes
Measures
DMP | HPT | DMP | HPT | DMP | HPT | DMP | HPT DMP
TPR 0.82 | 0.83 0.73 0.87 | 0.82 0.80 | 0.85 0.87 0.72
TNR 0.80 | 0.80 0.66 0.81 | 0.81 0.82 | 0.83 0.84 0.66
Accuracy 0.81 | 0.82 0.70 0.84 | 0.82 0.82 | 0.84 0.87 0.69
Precision 0.84 | 0.82 0.69 0.83 | 0.84 0.86 | 0.85 0.86 0.70
Error Rate 0.18 | 0.05 0.30 0.15 | 0.17 0.18 | 0.5 0.13 0.30
AUROC 0.81 0.82 0.70 0.85 0.82 0.82 | 0.85 0.86 0.70

TPR means (True Positive Rate), TNR (True Negative Rate), DMP means (Default Model

Parameters) and HPT means (Hyperparameter Tuning).
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Table5.7 Integrating Different Non-Invasive Heart Disease Risk Factors

Techniques Risk Attributes Sensitivity | Specificity | Accuracy
Systolic BP, Diastolic BP, Age, Heredity 78% 80% 77.3%
Systolic BP, Diastolic BP, Age, BMI 2% 70% 70.9%
Age, Healthy Diet, BMI 68% 61% 63.3%
Systolic BP, Diastolic BP, Age, Physical 53% 60% 58.6%
Activity
Healthy Diet, BMI, Physical Activity, 58% 41% 50.9%
Decision Age
Tree Healthy Diet, Physical Activity, Age, 45% 43% 425

Systolic BP, Diastolic BP

Physical Activity, Age, Healthy Diet, 38% 30% 38.2%
BMI, Systolic BP, Diastolic BP

Age, Physical Activity, Smoking, Systolic 30% 28% 42 7%

BP, Diastolic BP, Healthy Diet, Alcohol
Consumption, BMI

Age, Healthy Diet, Alcohol Consumption, 42% 45% 38.2%
K Nearest Smoking
i 0, 0, 0
Neighbor Age, BMI, Healthy Diet 70% 60% 67.9%
(KNN) Age, BMI, Alcohol Consumption, 52% 50% 48.9%
Smoking, Sex
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BMI, Systolic BP, Diastolic BP, Age, 38% 35% 42.7%
Physical Activity
BMI, Systolic BP, Diastolic BP, Age 68% 74% 72.5%
Age, Systolic BP, BMI, Diastolic BP, 68% 70% 72.8%
Heredity
Systolic BP, Diastolic BP, Age, Healthy 51% 48% 45.4%
Diet, Smoking
BMI, Age, Systolic BP, Diastolic BP, 72% 78% 78.9%
Heredity
Random Alcohol Consumption, Physical Activity, 35% 45% 58.7%
Forest Age, Systolic BP, Diastolic BP, BMI,
Smoking, Healthy Diet
Age, Sex, Physical Activity, BMI, 32% 34% 40.8%
Age, Sex, Physical Activity, BMI, 39% 45% 42.6%
Systolic BP, Diastolic BP
Systolic BP, Diastolic BP, Age 72% 62% 76.1%
Systolic BP, Diastolic BP, Age, BMI, 70% 78% 75.2%
Heredity
Support Healthy Diet, Age, BMI 41% 53% 50.9%
Vector Systolic BP, Diastolic BP, Age, BMI, 50% 44% 51.6%
Machine Physical Activity
(SVM) BMI, Physical Activity, Alcohol 49% 50% 52.4%
Consumption, Age
Age, Alcohol Consumption, BMI, 41% 59% 52.2%
Healthy Diet
Systolic BP, Diastolic BP, Age 74% 78% 75.1%
Age, Alcohol Consumption, Healthy 40% 44% 48.8%
Diet, Sex, BMI
Naive Systolic BP, Diastolic BP, Age, BMI, 68% 75% 77.2%
Bayes Heredity
Systolic BP, Diastolic BP, Alcohol 46% 51% 50.6%

Consumption, Heredity, Age, BMI,
Smoking, Healthy Diet, Sex, Physical
Activity,
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Figure 5.14 Heart Disease Expert System Evaluation Tool Components
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“In Machine Learning All Models Are Wrong But Some Are Useful” [94]
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HEART DISEASE RISK EVALUATION MODEL USING DATA MINING TECHNIQUES

GE IPlcase Enter Your Age |

Sex Please Enter Sex

Weight(in kg) |Pleaso Enter Your Weight in Kgs |

Height(in centimeters) |Pleas¢ Enter Your Height in Centimeters |

Systolic BP(in mm Hg) |Please Enter Your Systolic BP in mm Hg |

Diastolic BP(in mm Hg) |Please Enter Your Diastolic BP in mm Hg |

Alcohol Consumption Do You Consume Alcohol

Physical Activity Are you Performing Physical Activity
Healthy Diet Do You Take Healthy Diet

Hereditary Is It Hereditary or Not

Smoking Are You Smoking

Socio-Economic Level Which Class Do You Belong

SUBMIT

Please Note! This Heart Disease Risk Evaluation Model Is Not Intended To Substitute for Professional Medical Advice,

Diagnosis or Treatment. Please Consult Your Physician if You Suspect You May Have Heart Disease.

This Model is Development by Syed Immamul Ansarullah under the Supervision of Dr. Pradeep Kumar

Figure 5.15 The Heart Disease Risk Evaluation Model Interface

HDREM Ul -c b f st usid =il op 136 fre £ 6lse S AESA05.16 £
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S Ho™E
HEART DISEASE RISK EVALUATION MODEL USING DATA MINING TECHNIQUES
Percentage of Getting Heart Disease is:

57 %
Your Health Condition is Critical. Please Visit Doctor!

Please Note: This Heart Disease Risk Evaluation Model is not intended to be substitute for Professional Medical
advice, Diagnosis or Treatment. Consult your physician if you suspect you may have Heart Disease

This Moded is Develaped by Syed Immamul Ansaruliah under the Supesvision of Dr. Pradeep Kumar

Figure 5.16 High-Risk Heart Disease Evaluation Example
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HEART DISEASE RISK EVALUATION MODEL USING DATA MINING TECHNIQUES
Percentage of Getting Heart Disease is:

18 %

Congratulations! You are Healthy

Please Note: This Heart Disease Risk Evaluation Model is not intended to be substitute for Professional Medical
advice, Diagnosis or Treatment. Consult your physician if you suspect you may have Heart Disease

This Model is Developed by Syed Immamul Ansarulizh under the Supervision of Dr. Pradeep Kumar
Figure 5.17 Low-Risk Heart Disease Evaluation Example
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