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PHATCHARAWAN CHINTHAISONG : THE DESIGN AND
DEVELOPMENT OF A HYBRID TECHNIQUE FOR MISSING VALUE
IMPUTATION. THESIS ADVISOR : ASSOC. PROF. NITTAYA

KERDPRASOP, Ph.D., 83 PP.

MISSING VALUE/IMPUTATION TECHNIQUE/R PROGRAMMING

At present data mining is important and can be useful in many domains
such as medical, education, business, engineering, and others. But if the data are
incomplete, they can affect the induced predictive model. If such model has
been used to diagnose patients, it can have deadly impact. For business
applications, the poor model can cause bankruptcy. This research thus proposes
the design of missing-value imputation techniques to help improving the
predictive performance of a classification model. An implementation of the
proposed techniques has been done with the R language, which is the
functional language used in statistics. The program has been designed to
automatically select an appropriate imputation techniques for each specific kind
of data types. The performance of our imputation methods has been tested
through the assessment of the induced classification tree model. The
imputation techniques proposed in this research can also support other kinds of

data mining tasks.
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if B =bl then Yes
if B =b2 then No
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= True Falte ———=
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Splits = 2F1 -1 (2.2)
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{ I o a . . . {a o
AUN1SN 2.5 WUMIMUIUANVAANAA (Misclassification error) NNANL THUAVDA

2.4 MIATIZHvONaMITDn

U

)

v A

2.4.1  MINABHINTAINAVANA (Mean)
v d‘ 1 <3 a a L4 A
nsHIARAsIzLUIeeMTlY 6 via (@1ava AUAVYITUNDY,  2555) A
ARDIAVANAYST 0¥ WAVANA (Arithmetic mean) ANRABITVIAUAYI DN BAUITVIADIA
. ' = J A . A ' A o o
(Geometric mean) ANNAYFT LU (Harmonic Mean) 310N@93UDIAURAYN1AITDY (Root
Mean Square) ARAAI96190U UM 11581 (Trimmed Simple Mean) HagANRAEAIDE19ULY
a 4 . Ao dy v H a
a1yl (Winsorized Simple Mean) &aluan3seti lal¥msmaundeavaaia (Arithmetic
= 1 d' a a 91 g}J A 9 o [ 9 9
mean) FIN13MIAURAsFHAavAdAd: I IManuant ludeyatimisiunuudimisaie

v H
Suvesteyanivuaadluaunsi 2.6

Mean — Sic1 Xi (2.6)

o 9 Aq ¥ 1 =
N= %11!’31!5119\‘]611634!’;11/161%1’?1?11&%68

= o EY

' 9 { 1 A A ~ o A =K o A
X = AN ANINIVINTINHIAIRAY TASIEUAUNTIUIUN 1 IUDITIUIUA N

U

$10819M1IHIAURAY

Gﬁ)’f)lqua:Z 13 7 20 1215 10 25 4 32

A Sl X
msmamasnngas Mean = ==—

2+13+7+20+12+15+10+25+4+32
10

140
10
= 14

1 d‘ 9 = 1w
ANURAYVDIVDYANAUNINY 14



16

9y A Y 2 1 ~ A
VDAL UDITYVDIAURAYLAVAUA

1 A a o ) Y = = 1
ms‘mmmamaﬁuﬂm@mmmmmmllmmuazﬁzﬂaﬂ uaz%ﬂwaawmwmwmm

2 Q) ama 1 o 9y 9y Z 1 1 A I ¥ 9 A
wﬂmﬁmmmamsm”lﬂ%maxﬁgﬂwamawauﬁauu Lmmiwwmmamﬂﬂﬂmwwmayjaw

v
=

I Aa =Y =\ Y] aA ~ a9 A A :: 1
L‘]J‘L!LGN‘]JSZJ”IQ!LLQZNﬂ”liﬂizilwgl’wl‘ﬂﬂ@]ﬂ’f]ﬂﬁﬂlliJllﬁU’fJiJﬁ‘VliJﬂ”IQNiﬂﬂ €] UTIBHNIUIN €] NI

U

) A
VYU

242  AINANHIPANIBEGIY (Median)

U

1 =} a A Yo 9 A ] Y o 1 9 v (2
NITUIAINANUTITUAAD ﬂ1361‘]5ﬂ°]J"U@11a°ﬂUllliﬂ%ﬂﬂiji]uﬂ%ﬂ1ii‘lfﬂﬂﬂﬂ
v Y

@ 1 Y @ v 9

A a o = a = 9 Ao nm Yo
ayanIanquLan (aura E‘Tuﬁuy‘imﬂﬂd,2555) e luauIveiog 1y ‘]Jﬁllm;ljaﬂﬂﬂllﬂllﬂﬁ]ﬂ

L)

e

Y A 9

oA o ¥ g Ay , ~
auno fﬂi‘I,!"ISIJ’O%I"L“I‘VIQﬂllﬂ‘ﬂﬁ@\iﬂ?iﬁ?ﬂTﬂﬁN3J1L'§Elﬂﬁnﬂll"lﬂllﬂu’ﬂﬂﬂiﬂuﬂﬂllﬂiﬂﬂ uag

2

=

° 1 H ' 1 o 1 o ] ?1’1 I 1 %
La’(’)ﬂ@'I1LL‘HLN17]i’]QiSﬁﬁ?TQﬂﬂT\ﬂlﬂ\i%ﬂHﬁLlﬁs}?u1ﬂTmﬂQQTLLWHQUUNTLﬂuﬂTﬂQTQ @Qﬂ?ilﬁ@ﬂ
o [l Aas A A Y o 9 3 o a o ] Y
AU UIIZNIDNITEADN 2 LUUND a1mmw§ﬂmmgjmﬂumummzmmsammgmuﬂﬂmu

= Y o 9 2 o ' 9 = = 4 g
quni1sn 2.7 !,LazmmmwuawayaLﬂummuﬂ%zhﬁmmi‘ﬂ 2.8 LLAZAUNITIN 2.9 INDAUN
' v v
ﬁ"l!kﬁuilél?\iulﬁlﬂ']ﬁﬂﬁﬁﬂlﬁuﬁLLE‘SI}'JﬁTﬂ"I“llfNVNﬁfNﬁ”I!Lﬁuﬂiﬂi'nJﬂu!t%’lﬁ?ﬁﬁljﬂﬁﬂﬂ G‘]:5'\1i"lﬁl n=

9
TIUvDIToYaNINUA

aar 2.7)
2
n 2.8)
2

n+2 (2.9)

A0 19NITHIAINAN

6lsij’f)l;ljﬂ:Z 13 7 20 1215 10 25 4 32

9 =

WvNANUSTEI 2 4 7 10 12 13 15 20 25 32

U

y Ao v < 2y v n n+2 '
ﬂgﬂmmg‘aumm’mm@yjmﬂummmmaﬂ%aumi E HagaunIs T INBDUININAN
o ' 10 Y o oA S 1w
AMAUN, = 7 x”lﬂmu,mum SUAUNNY 12

10+2

Yo 1A A 1w
i]x“lﬂmtmm‘ﬂ 6 UAUNINUY 13

o 1 o P 0 ' v 12+13
HIMVDIAUL U HATUDIAUN UL, LAINT A =T =125

AWMU,



17

Ananvesteyalin N 12.5

9y A Yy 1
UDALALUDLIFYVDIAINA N

1 [ 9 d’d a Aa A A1 A a A 49!
gusomaInannuleyaninisnszgneuuuAaldnanselinidalnanaduniely

U

9

9 (= o v AN Y 1 1 Y = =} Y !
éllflﬁallﬁvlﬂ IﬂﬁlullllJWﬁﬂigﬂ‘UﬂUﬂ1ﬂﬁNﬂhlﬂ HANTATVINAWADIUTYLIAINUTYIVDYANDUNIT

9 1 9 9 1 o =1 A v o 1 1 g’l
ﬂu‘ﬁnla5uluhlmélf"ll@ylanﬂﬂ'lﬁluﬂ'ﬁﬂ']ujmlwENla@ﬂﬂ']éllf)\‘]ﬁ']llﬁu\‘]ﬂa'l\ucﬂ'luu

243 anlsingueswsemgiuiien (Mode)

' A P} A A 9 A A A A A
ﬂ]ﬁﬁTﬂ]ﬂTuuﬂﬂJm@qmﬂgaﬂﬂﬂ"ﬁmﬂﬂ"llf’)llua‘ﬂﬂiwﬂgU@ﬂ%q@lﬁi@uﬂ?TNﬂﬁﬂ

U

A(E@IE¥a FUANYIUNDY, 2555) FHIMTMIsIgIuTsuliaesriiane n1smiAIgIuion

=).
o))

[ 9 A n Yo 1 a Y A 1 A 1 a o o
”IWi‘]JsUﬂﬂJuﬁ‘VllliJllﬂﬁ]ﬂﬂﬂqﬂ%%W%Timﬁli’)lluavl‘ﬂiTﬂ{(]‘]_l@ﬂ%q@&tﬁ$ﬂ15ﬁ1ﬂ1ﬁ1uuEJllﬁ"I‘Viﬁ‘]J

'
v 2 9 2

A ' Ao ] a0 & vy ' A
HYANUNITIANYUITWINTAUIVUDYANNUANUNGIFA G]NQTH?%&H%%i%ﬂTiﬁWﬂWﬁWHUﬂN

U

o [ 9 d' " YA ] 1
dwisudoyan luldimsdanqu

U

A10819A191U Y
Foya: 001200111221
MPUHENAWNNY 1 W31z 1 1U5nguosNganInnal o N 2

9y A Y A 1 a
VDALUAS VDL YUDIAITIUU YL

1 a [ 9 A a 9 (= 1
ﬁ]‘ll”lﬁﬂﬁ”lﬂ”lﬁ”luuflllﬂﬂ"[jﬂﬂ]@yjaﬂlﬂul“ﬁﬂﬂﬂ!ﬂTWllﬂllﬂgllllllﬂaﬂig‘ﬂﬂ@]@ﬂTiﬂixﬁ]”Iﬂ
a a 'Y @ 1 9 A Y o 1 1 a 9 Yy 9
nalna l!@]ﬂ1““@3;!@11Nﬂ§1ﬂ§]mﬂyjaﬂ°ﬁ1ﬂumﬂﬂ$ulllﬁ”l?J”IiﬂW”lﬂTj@”luu&ﬂJllﬂuagﬂ”l"llﬂialjaﬂinlﬂf‘]

ao’ ' @ o YA a 1 & 1 9
SFUNT 9 ﬂl!i’)"ﬁ]il%ﬂﬂﬁllﬂ"lﬁ"luuElllll"lﬂﬂ’JﬁrilNﬂ”lllﬂ

244  ANNITOADRENTUAU (Linear regression)
a 4 a 9 <3 =S [ o 4 %

N5 AATIENANNITDADOUFUT D UM TANHIANUFUNUTVDIa DAY
2 ' vq ¥ a 9 A ) v o ' v ° Ay v
Au 1wy msldlumumsvedumneg ldanudunusszrnieamaunuuaz i lsi 1dan
M3ve e ldns Ut nuduius naneanudunusuas sy ANNFURUTIZHIN
(% 4 1 1 [ -4 @
auils (Lﬁm1ﬂmmiﬁﬂy1%z”l%’mmﬁuwumaqmuﬂﬂu“lugﬂmmté’mn Simple Linear
Regression Analysis) tWo1i111yuedindsnlaunsua @us) Taserdearnniiuainda

2 o Y X oo Y 2 ) o
TIERATN (@l’JLL‘]JSG]Ll) cmmm,mumuuﬂzmuﬂ‘ufﬂmawua33auazmmuﬂsﬂimmawaga

(A5%8 WAHITY, 2555)



18

Simple Linear Regression Analysis
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number sizel @ sizel.l have class
I 1 1.5 13.64 NA 1
2 2 l.e1 13.89 e 2
S0 3 2.ee 13.53 NA 1
4 < 1.5 13.21 1 1
5 5 1.5 13.27 1 2
6 6 1.e0 13.84 1 1
7 7 1.5 13.89 e 2
8 8 2.00 13.53 NA 1
9 9 l.ee 13.21 NA 1
10 1e 1.ee 13.27 NA 2

() MvdlmItoyaniinvesvoyagyne

EY

rowW.Names number sizel sizel.l hawe  class
1 2 2 1.81 13.859 @ 2
2 ) 4 1.58 13.21 1 1
3 5 5 1.58 13.27 1 2
4 B & 1.88 13.64 1 1
5 7 7 1.5 13.89 @ 2

(V) MegnmsTeyalio1FAa4 na.omit

A o ! o & ) 7’ w .
5'1J°I/] 2.9 mamawaammﬂmmﬂm%u na.omit
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Gﬁﬂﬂl@uallﬁ%ﬂﬂﬁﬂuﬂﬁﬂﬂﬂ'ﬁaﬂhl‘]J Llﬁgﬂ'lﬁuﬂﬁlﬁﬂ'lellﬂﬂaﬁmﬁ’lﬂuluﬁﬂ\iu'lw'lﬂﬂlﬂaﬂ 8
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#0814 dataset[is.na(dataset[[Column]]),Column] <-mean(dataset[[Column]],na.rm=T)
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number  sizel @ size? high class
1 1 1.58 13.64 28 1
2 2 1.81 13,89 HA 2
3 3 2.e8 13.53 22 1
4 4 1.58 13.21 25 2
5 & 1.58 13.27 28 2
6 G 1.88 13.64 HA 1
7 7 1.58 13,89 HA 1
8 8 2.88 13.53 23 2
9 9 1.88 13.21 38 1
10 18 1.88 13,27 35 1

(N) Mvdlmetoyantinvesoyagymeniimsnizaeduuulng

Y

number = sizel  sizel high class
1 1 1.58 13.64 28 1
2 2 1.81 13.89 26 2
3 3 .88 13.53 22 1
4 4 1.58 13.21 25 2
5 & 1.58 13.27 28 2
B & 1.88 13.64 26 1
7 7 1.58 13.89 25 1
8 32 2.88 13.53 23 2
g 9 1.88 13.21 8 1
10 18 1.88 13.27 35 1

(v) degnmsndeyalioldmaslunisminunae (mean)

=~ (A v J Y Jd o A
gﬂVl210ﬁ?@813WaﬁWﬁﬂWii%QTuﬂﬁﬂ%uiuﬂ1iﬁ1ﬂnﬂaﬂ

7w . < Jo o @ ' v oA 1 A
WanHu median() Wulassudmsumsmainarsluaeduindosnms Taonslase
9 v A Y ° Y19 Ty o a A v
Youyadoyaaznoaninasinas il uazimualdadoyagymeludeninnfamasais
M3 1d namm=T uaziha ldulumvesdoyanngymensgili 2.11

U

#9814 dataset[is.na(dataset[[Column]])Column]<- median(dataset[[Column]],na.rm=T)
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number  sizel  sizel high class
1 1 1.58 13.64 12a 1
2 2 1.81 13.89 NA 2
3 3 2.88 13.53 22 1
4 4 1.58 13.21 25 2
5 5 1.58 13.27 2 2
6 g 1.88 13.64 NA 1
T 7 1.58 13,889 NA 1
g2 = 2.88 13.53 23 2
9 9 1.88 13.21 328 1
10 12 1.28 13.27 35 1

(N) MegNMTToyaniimvestoyagymeNininizeaDBe

U

number  sizel  size? high class
1 1 1.58 13.64 laa 1
2 2 1.81 13,89 25 2
3 3 2.88 13.53 22 1
4 4 1.58 13.21 25 2
5 5 1.58 13,27 2 2
B ] 1.8 13.64 25 1
7 7 1.58 13.859 25 1
8 8 2.88 13.53 23 2
9 5 1.88 13.21 38 1
10 1a 1.22 12,27 EL 1

() Aegnmdoyaiiie ldmaalun1suiAIna1s (median)
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$10814 cor (dataset[ number:number ] , use= ‘complete.obs’ )
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= symnum { cor (iris[ , 1:4 ] , use= 'complete.obs’) )
S.L 5.W P.L P.W
Sepal.Length 1

Sepal.width 1

Fetal.Length + . 1

Fetal.width + . B 1
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#9814 table(predict(rf), Dataset$Goal)

> table(predict(iris_ctree), trainbata%species)

setosa versicolor virginica

setosa 34 0 0
versicolor 0 35 3
virginica 0 1 33

{ o v ¢ 7
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—_— User Load Dataset into Program —

User
Check Dataset Type

Analysis of Missing Value

Fill for Missing with Appropriate techniques

o ]

Create Dedision Tree Model

A

Performance test of Prediction
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User

User Load Dataset into Program —

\

4

Check Dataset Type

N

4

Analysis of Missing value

v

if Categorical type use Mode technigques

v

Murmeric type and no outliners use Mean

technique, otherwise use Median technique

A4

Fill for Missing with Appropriate technique
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Algorithm Automatic Hybrid Technique
Input : Dataset
Output : NEWDataset
(1) Read Dataset
(2) Call function missing-amount () to check missing value in each column
(3) If missing value > 40 % Then remove that column
(4) Check data type of each column
(5) If (data type is numeric ) AND ( there is outlier ) Then call function
median_value impute( )
(6) If (data type is numeric ) AND ( there is no outlier ) Then call function
mean_value impute()
(7) If ( data type is categorical ) Then call function mode_value impute ()

(8) Return NEWDataset
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|

Select techniques
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Analysis type of Missing value
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Fill for Missing with Appropriate technigue

User
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Algorithm User-Specified Technique
Input : Dataset
Output : NEWDataset
(1) Read Dataset
(2) Check Technique that user selects for missing value imputation
(3) Check Type Attribute
(4) Call corresponding function for each selection code
1 : Call function mode value impute ()
2 : Call function replacement _value impute ()
3 : Call function median_value impute ()
4 : Call function mean_value impute ()
5 : Call function regression_value impute ()

(5) Return NEWDataset
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Algorithm MeanMedian
Input : Dataset
Output : NEWDataset.
(1) Read Dataset
(2) column = column contains missing value
(3) Check distribution of colM
(4) If distribution is nomal Then call function mean ()
(5) If distribution is not nomal Then call function mean ()

(6) return NEWDataset
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= imputation.mm<- function(datam,colm){
more=hoxplot. stats(datam[[colmM]]) $out
if(Tength(more)==0){

datam[is.na(datam[[coIM]]), coIM]<-round(mean(datam[[coIM]],na. rm=T))
Telsef

dataM[is.na(datam[[coIM]]),coIM]<-round (median(datam[[coIM]],na. rm=T))
H

+
+
+
+
+
+
+ return(datam)
+
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Algorithm Linear regression
Input : Dataset
Output : NEWDataset
(1) Read Dataset
(2) column = a column contains missing value
(3) Find the column C that most correlates to column
(4) call function mean linear regression ( ) to find coefficients in the equation
y =a+bx

(5) Use the results to fill missing values in colM

(6) return NEWDataset
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= Crexy<- Tunction(colM,dataM,NN){

+ m<-1Im{colM,data=datam) fcoefficients [NN]
+ mN<-mM[1] [[1]]

+ return{mn)

+ §

> inputf<- function(oP){

+ it ( is.naloP) ) return(Na)

+ else return { (oP+{my))/mx )

+}

> line.input<- function(cola,colB,datam){

+ dataM[ is.na ( dataMm[[colal] J,cola ] =-
+ round(sapply ( datam[ is.na (datam[[cola]]),colB],inputf))
+ return{datam)
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Algorithm Mode
Input : Dataset, Column
Output : NEWDataset
(1) DataM=Dataset ,ColM= Column
(2) If column contains missing value {
(3) Call function to find the value that appears most often in column
(4) Use the most frequent value to fill missing value in dataset }

(5) return NEWDataset
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val.mode<- function (%) {
if (is.factor(x)) levels(x) [which.max({table(x))]
else {
f <- as.factor(x)
Tevels({f) [ which.max(table(f)) ]

¥

imputation.mode<- function(datam,colm) {
v.mode<-val. mode(datam[[coImM]])
dataM[is. na{datam[[coImM]]),colmM]<-v.mode
return{datam)
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Algorithm Replacement
Input : Dataset, Colum
Output : NEWDataset
(1) DataM = Dataset, ColM = Columm
(2) If variable of column is missing value {
(3) Call function to add factor that is name missing in column
(4) Use variable is missing to replacement missing value in dataset }

(5) return Dataset is complete
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return{levels{datamM[[colM]]))
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+
=
> imputation.mis<- function(datam,colm) {
+ var="missing"

+ datamM[is.na(datam[[colIm]]),colM]<-var
+ return{dataMm)

+
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@DATR
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GFender {F, M}
BI-RADS NUMERIC
Rge NUMERIC
Shape NUOMERIC
Margin HUMERIC
Density HUOMERIC
Severity {0,1}
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M,4,74,2,1,
F,5,80,3,5,

3,1
4,

[ T S

3,
2,
3,

37

1 3.14 gavpYad)

9

@

mdalumnihgadeyarinnldaulullsunsy

o819 1Wg arff

38

" " |r I~ U 4 X <
> dataex<-read.arff("dataex.arff")  lupiseruvlauwana.arft elursduey

= o 3 { 1 < o 4
Wumslare ldvesyadoya nazsanu liduesgadoyaieruudrnuduludnlsde

dataex

L= - < I - T BN B S B

=
=]

Gender
F 4
M
HA
M

=

L]

L]

M
LI R B = B ) B SR

BI-RADS

Age

BE

EE
NA
5o
42
&7
74
28

Shape

HA

Margin

NA
MA

Density
MA

1

1

MA

Wom oW b oww

Severity

[T -~ I =R -« N I =R = T “- R SR «

517 3.15 Megngadeyagnuilasiietiunldaulullsunsy



39

) Y d‘ = Y
3.3.2 ﬂ151!1‘l.fﬂ‘ll@Hﬂﬂ!ﬂﬁﬂﬂﬂﬂ‘lﬁ]iﬂui%ﬂﬂ

A w wAa
1. M IFNUTZVVHUUDATUNA
A A Y] A 9 a Yo 9 Y ° ) 9
wamssugadayanszlslumaduamldnudeyagymendd swihgadoyariiunly

v
o a1

Y o =\ 9 = @ dy o a
szuuagazlemaaFenlsauszuu@anuuuon lula auil 1Usunsuazmuuamatans

wum i udoyaganouuuda Tula sTuuIzasaeUlssANUoIToNaLaZAT VAU

Y Y v RY

9 A

nszNeAIvetoyn INeiAuANINz auuduaaIHadnsvestoyansgi 3.15

o v o 9 9 A [ =Y
maslumsihyadeyaulsnuluszunenunudn e

' l < 1 J v 4 1
> hybrid.Technique(bataset) qyifunisGenldarussuumiutanyuarodn

. . =~ a s A 9 A v o a 1 Yo 9
hybrid.Technique 3J°WWiTNLWE)ﬁLiJuGH@Gljﬂﬂl@NaW@I@QfﬂilﬂllWLﬁiJﬂﬂﬁﬂUGU’E]ﬂJﬁQ'iUUWWEJ

U K1)
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5 F 5 59 4 4 3 1
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Gender BI-RADS Age  Shape Margin Density  Sewverity
1 F 4 48 1 NA NA @
2 M NA BE MA NA 1 1
3 F 4 g 4 3 1 1
4 M 4 43 1 NA NA 2
5 F 5 WA 4 4 3 1
B F 4 59 2 4 3 1
Fi M 2 42 WA NA 4 @
8 F 5 E7 4 5 3 1
9 M 4 74 2 1 2 @
10 F 5 2a 3 5 3 1
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Gender BI-RADS Age Shape Margin Density  Sewerity
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2 M NA B& NA HA 1 1
3 4 2 4 3 1 1
4 M 4 43 1 NA HA 2
5 F 5 NA 4 4 3 1
] F 4 59 4 3 1
7 M 2 42 NA MA 4 2
B8 F 5 &7 4 5 3 1
9 M 4 74 2 1 2 a
10 F 5 28 3 5 3 1
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Gender
1 F
2 M
3 HA
4 M
5 | F
6 F
7 M
g F
9 M
10 F

BI-RADS  Age

4 48 1
NA &6 NA
4 ] 4
4 43 1
; .
4 59 2
2 42 NA
5 &7 4
4 74

5 za E]

Margin
A
HA

Sewverity
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5 &7 Fl
3 74 2
5 28 3
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> m¥<-crexy{Age ~ Density,datatesi,z}
= my<-crexy{Age ~ Density,datatest,l)
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= hybrid. Technique(Dataset, 5, "Age", "Density")

Gender BI-RADS Age  Shape Margin Density  Sewverity

1 F 4 48 1 NA NA

2 M HA EE Ha HA 1 1
3 NA 4 B 4 3 1 1
4 M 4 43 1 H& HA 2
5 F 5 =25 4 4 3 1
& F 4 59 2 4 3 1
F M 2 42 HA NA 4 a8
8 F g &7 4 g 3 1
g M 4 74 2 1 2 a8
0 F g g8 3 g 3 1
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ERELATIOCH HeartDiseaseseVa

BATTRIBUTE RAge
BATTRIBUTE Sex
BLTTRIEUTE Cp
BATTRIBUTE Trestbps
BATTRIEBUTE Chol
BATTRIBUTE Fbs
BATTRIBUTE Restecg
BATTRIBUTE Thalach
BATTRIBUTE Exang
BATTRIBUTE Oldpeak
BATTRIEUTE Slope
BATTRIBUTE Ca
BATTRIEBUTE Thal

HOMERIC
10,1}
11,2,3,4%
HOMERIC
HOMERIC
10,1}
{0,1,2%}
HOMERIC
10,1}
HOMERIC
{1,2,3}
10,1,2,3%
{3,6,7}

BLATTRIEUTE Num

@ADATR
48,1,3,132,220,1,1,162,0,0,2,2,6,1
61,1,1,142,200,1,1,100,0,1.5,3,2,2,3
66,1,4,112,261,0,0,140,0,1.5,1,2,2,1
68,1,1,7,181,1,1,2,2,2,2,2,2,0
55,1,4,172,260,0,0,73,0,2,2,2,2,3
62,1,3,120,220,0,2,86,0,0,%,2,2,0
71,1,3,7?,221,0,0,2,2,2,2,2,2,3
53,1,3,155,175,1,1,160,0,%,2,2,6,0
5g,1,3,150,219,0,1,118,1,0,2,2, 7,2
75,1,4,160,310,1,0,112,1,2,3,2,7,0
56,1,3,7,208,1,1,2,2,2,2,2,2,4
5g8,1,3,2,232,0,1,2,2,7,2,2,2,2

a2}
.S
-

,134,273,0,0,102,1,4,3,2,7,4
2,203,0,1,2,2,2,2,2,2,0

2,2
?,182,0,1,2,2,7,2,2,2,0

-

n

1.8
-
-
-

n
.S
-

n
n
-

I T T T I I T T B S Sy ey e B N R S =
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T Y Y Y Y Y ST N LS P ST S 7 B 7 R S PR R SURE U Ry W

-
-

59,1,4,140,274,0,0,154,1,2,2,2,2,0

, 2, 204,0,1,2,2,2,2,2, 7,1
57,1,4,144,270,1,1,160,1,2,2,2,7,3
61,1,4,2,292,0,1,2,2,2,2,2,2,3
41,1,4,150,171,0,0,128,1,1.5,2,2,2,0
71,1,4,130,221,0,1,115,1,0,2,2,7,3
s8,1,4,110,289,0,0,105,1,1.5,3,2, 2,1
57,1,4,122,264,0,2,100,0,0,2,2,2,1
5g,1,4,128,223,0,1,119,1,2,3,2,7,2
64,1,4,150,193,0,1,135,1,0.5,2,72, 7,2
72,1,4,160,%,1,2,130,0,1.5,2,2,72,2
69,1,4,122,216,1,2,84,1,0,2,2,7,2
61,1,4,190,287,1,2,150,1,2,3,2, 7,4
64,1,4,130,258,1,2,130,0,0,2,2,6,2
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A A o Y { 19

Tumafadeammaiiai 1 7o 3 udnhyadeyandumdeyagymealomaiai 1 1y 3 w1
I v A o { Aa A
afrailuTumadulifdaaulsldaeg i 4.4 - 4.1 mwsanSeudfoulszdniamlasnis
o Aaa oY Yo ~ 3
Mwelunennitiadhvine (o, 1, 2, 3, 4) ladems1an 4.2, 4.4, 4.6, 4.8 Yuminaaey
A a H A ' o
UYszanTamves Tuwmanadannmadiauuy 1 uaga1319n 4.3, 4.5, 4.7, 4.9 1Wumsnadey
UszansnmivesTaanadeonmatauuy 3 dslugadoyaliniale (Heart Discase) 92

9 ]

] [~ =
uisdoyailugadoyagosdn 4 yadoyade Cleveland, Hungary, Switzerland 1182 Va  1agn1s
nadouANYNAeIzaNITaA UM IAIINMTTINA TUIUINIEY LU I T 1R I TR Y
v Ao v & ) v Y ¥ & o A
anvnelananuaudiguaie 100 9z las1vesnugndss Famsaazlansed 4.10
' ¥ A Y A ~ A ~ A
uazudaansannugndesveslumaaivnmatauuud 1 uazmatiauuui 3 Tugdd

4.12

Thalg 4.5
Caq05 | Oldpegk=0.7
| Cp3.5 Ca<0.5 Oldpeaf= 2.25
0.1428 | Exang=05 |7_| Cpd35 |
0344 | | 03846 1388 | Oigpege=13 2613
1111 2.455 1 r_|
1696 2647

v

1 4.4 myasduldaagulan1dnnTuman 1 vesgadoya Cleveland

M3197 4.2 Msnadeulszannmves Tumaiaieninmaliauuy 1 vesgadoya Cleveland

fAnNugNADY 62%

Cleveland 0 1 2 3 4
0 44 7 0 0 0
1 2 5 2 4 0
2 0 4 1 2 1
3 0 1 7 6 5
4 0 0 0 0 0




Thalz 4.5
Cad05 | Oldpegk=0.7
| Cp<3.5 Ca<05 Oldpeaj= 2.35
0.1423 | Exang= 0.5 r—| Cpq3.5
02448 | | 03846 1288 | Oigpege=ts 2613
1111 2455 T[]
1696 2.647
7107 4.5 m3adadu ldFadulef 180 Tunad 3 vesyadoya Cleveland
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M3197 4.3 manadevlsza@nsnmvesTumanadeoinmaiiauuy 3 veeyadeya Cleveland

naAugndes 62%

Cleveland 0 1 2 3
0 3 2 0 0
1 5 6 3 1
2 3 4 8 6
3 0 3 5 6
4 0 0 0 0
Exang=0.5
Cpq3.5 | Cpq3.5
Cp=g15 Thalach==131 ‘ Sext 0.5
Thalacn= 149 Cldpegk=0.5 05294 Oldpeaf= 0.75
0.069930.3636 ‘ ‘ ‘ 05 r_‘
0125 0.4667 0.4615 1 06 09615
7107 4.6 m3adadu ldFadulef 180 Tumad 1 vesyadoya Hungary



M3199 4.4 msnadevlszaninmves Tumanadwanmaiiauuy 1 vesyatoya Hungary

A Y
UATNITNYNAD 78.40%

Hungary 0 1 2 3 4
0 27 12 0 0 0
1 2 42 0 0 0
2 0 0 0 0 0
3 0 0 0 0 0
4 0 0 0 0 0
Exang=0.5
Cpd 3.5 | Cpd35

Thalau:?|\>='131 |

Cp=F15 Sext 0.5
05294
’7_‘ Thalach= 149 Oldpegk=05 Oldpealk=0.75
0.069930.2636 | | | | 0.5 —‘
0.125 04667 0.4615 1 0.6 09615

1 4.7 myaseduldaagulenldninTunad 3 vosgadoya Hungary

M39 4.5 Msnadevulszaninmves Tumanadwanmaiauuy 3 vesyadoya Hungary

fimnnugndes 78.40%

Hungary 0 1 2
0 27 12 0
1 2 42 0
2 0 0 0
3 0 0 0
4 0 0 0
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Thalachp=103.5
Cpq25 ! Oldpeafc=< 0.15
Reste#gd 05
0.9474 Oldpedk=<1.9 |
| 2167 1643 2455
Trestbpg==1325 22

1.222
1.286  1.938

R1

i 4.8 myahedulddadulonldnnTueai 1 vosgadoya Switzerland

A15197 4.6 Msnadevlsz@ninimvoslumanaseninmaidauun 1 vosgadoya

Switzerland Tf1AUNABY 51.35%

Switzerland 0 1 2 3 4
0 0 0 0 0 0
1 3 9 1 1 0
2 1 3 9 5 2
3 0 0 1 1 1
4 0 0 0 0 0

Thalach==108.5
Cp43.5 !

Oldpedk= 1.9
0.89474 Resteqg=05

| 2231 1733 2455
Trestopg==132.5 2.071

Oldpeak=0.15

1.222
1.286  1.938

1 4.9 myasduldaagulan1dnnTumadn 3 vesyadoya Switzerland
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M319i 4.7 manadeulizdniamvesTuaaiiadwnnmaiiaunn 3 vesyateya
Switzerland IMIAWNADY 43.24%
Switzerland 0 1 2 3 4
0 0 0 0 0 0
1 3 4 1 1 0
2 1 3 9 3 2
3 0 0 1 3 1
4 0 0 0 0 0

Oldpealkﬁ 225
I

Age<[45.5

D_Q?thﬁ‘f 05 Exanq=c 0.5

[ |oldpeaf=T125 Re<60.5
0.2 1.1 Cp=g35 Cpd35
0.833317 AQE=FI8.5 |  [Restedg=<05
resiogs< 1842 533
0.7692 178@.524

1.082.429

pd25

Chol=|244 5
Thalach==124
3.286

18 28

a 2 Y

~ Y Y Y Yo { = )
gﬂﬂ 4.10 ﬂ']‘iﬁﬁN@ullﬂﬂﬂﬁuﬁlﬂﬂleQWﬂiiJLﬂﬁﬂ 1 YDNPATDYA Va

3190 4.8 Minadeudszaninmves lumaNadwnnmaliauuy 1 vesyadoya Va

HAMNUYNADL 40.00%

Va 0 1 2 3 4
0 3 2 0 0 0
1 5 6 3 1 0
2 3 5 9 8 0
3 0 3 5 6 3
4 0 0 0 0 0
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Gldpealkﬁ 225
[

1.78@2.524
1.15£.429

Age~:|4::|.:u Chol=]244 .5
| Cpde5 Thalact==
be 05 Exang= 0.5
0.272F 3.236
IdpeaE (] EOoe=60.5 18 28
0.2 11 Age= ) esteqg= 0.5
0833317 5= 139
resiopg bzgﬂ%aa.ama

v

g0 4.1 msaheduTddadulen1dnnTuaai 3 vosgadoya va

M3Nd 4.9 Mminageulsza@ninmveslumanaiwninmatauuy 3 vesyadoya Va il

ANUYNADY 38.33%

Va 0 1 2 3 4

0 3 2 0 0 0

1 5 6 E) 1 0

2 3 4 8 6 0

3 0 3 5 6 3

4 0 0 0 0 0
M3 4.10 manugndesvesluaaiiadunnyadeyalsaiale

gadoya ANNNYNADY
Technique 1 | Technique 2 | Technique 3 | Technique 4 laifimsiau

Cleveland 62.22% NA 62.22% NA 58.88%
Hungary 78.40% NA 78.40% NA 76.13%
Switzerland 51.35% NA 51.35% NA 40.54%
Va 40.00% NA 38.33% NA 30.00%

HUYLYA Technique 1 Ao Hybrid Technique (Mean or Median + Mode)

Technique 2 Ao Hybrid Technique (Mean or Median + Replacement)
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Technique 3 Ao Hybrid Technique (Linear Regression + Mode)

Technique 4 Ao Hybrid Technique (Linear Regression + Replacement)

90%

80%

70% /
¢— HybridTechnique 1

60% ¢

¥

ANANNYNADY

== HybridTechnique 3
50%

Not Manage Missing

40%

30% T T T 1
Cleveland  Hungary Switzerland Va

. .
gadayatasuasisanala

A ' Y A 9 a A a A
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A 1 Y A v P} A o
AT NN 4.11 ﬂ1ﬂ313~l§]ﬂﬁﬂ\‘]ﬂl@\‘]Iﬂlﬂﬂﬂﬁi1ﬂﬂ1ﬂ‘1§ﬂﬂl@1ﬂjaiﬁﬂW’J‘I’THQ

Sraumstiia ANNNPNADY
Missing value Taigimsiaa a‘ljliﬂﬂi’)%ﬂ Hybrid Technique
Yoyagaye 1 2 3 4

10% 92.72% 92.72% 96.36% NA 96.36% NA
20% 92.72% 92.72% 96.36% NA 96.36% NA
30% 90.00% 85.45% 96.36% NA 95.45% NA
40% 87.27% 83.63% 94.54% NA 93.63% NA
50% 90.90% 80.9% 94.54% NA 93.63% NA

Y8LYiel Hybrid Technique 1 A® Mean or Median + Mode
Hybrid Technique 2 1™ Mean or Median + Replacement
Hybrid Technique 3 f® Linear Regression + Mode

Hybrid Technique 4 f® Linear Regression + Replacement

100.00%

4 e —
95.00% o

: N\ =¢=Delete Missing Records
90.00% P g
\\/ == Hybrid Technique 1

P

AIANQNADY

Hybrid Technique 3

85.00% o
\ =>=Not Manage Missing

80.00% T T T T "
10% 20% 30% 40% 50%

% sruauaas Missing value

A ~ ' EY A 19
gﬂ‘ﬂ 4.13 ﬂiTV\IL']_I%flllW]fl‘Uf"lﬂlﬂfJnJgﬂﬁﬂ\‘]%f’]\iﬂTiV]ﬂﬁﬂU!WNﬂ]%@NaﬂflJWTﬂ
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Y UV v

d v 1Y o (% o
hybrid. Technique <- function(dataset) { #W9AFUnAnTUMIMNULDLOR TUIA
cc=1
for(i in seq(ncol(dataset))){

= d v A o Y ~
Cn<-check.NA(dataset,cc) #L‘iﬂﬂﬁm%umam’mﬁ@ummuﬂmuﬂawqﬂgma
v Jda A [
VDNADANUINUL0% W‘ifl‘lh
iflcn==T){
dataset=dataset[,c(-cc)]
cc<-cc-1

} ce<-cc+l

colM=1
for(i in seq(ncol(dataset))){
dataset<-hybrid.Col(dataset,colM) #3 onilasFuAnmtoyagyme
Tunodunl
colM<-colM+1
} return(dataset)
}
hybrid.Col<- function(dataset,colM) {
if(is.numeric(dataset[[colM]])){ #03 ’Jﬁ]ﬁﬂﬂi’ljﬂu“a’juﬂu Numerical 19%50 12
dComplet<-imputation.mm(dataset.colM) #iFonflanFudmsuausdoya
152199 Numerical
telse{
dComplet<-imputation.mode(dataset,colM) si3enansudimsudun
%’agaﬂﬁzmﬂ Categorical
H
return(dComplet)

}
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imputation.mm<- function(dataM,colM){ # ﬁﬂﬁ%uﬁWﬁ%U@iJﬁW%ﬂyjﬂ /52191 Numerical
more=boxplot.stats(dataM[[colM]])$out #A3IVAOUNINITZIIBAIVOITOYA
if(length(more)==0){
dataM[is.na(dataM[[coIlM]]),colM]<-round(mean(dataM[[colM]],na.rm=T))
Y a a Yo v ~
#lamaauaunaglinuteyangamvie

telse{

dataM[is.na(dataM[[coIlM]]),colM]<-round(median(dataM[[colM]],na.rm=T))

v 9 ~

#lamaduamnanaldnudeyaigayme

U

} return(dataM)
H
val.mode<- function (x) {
if (is.factor(x)) levels(x) [which.max(table(x))]
else { f<-as.factor(x)
levels(f) [ which.max(table(f)) ] }
H
#ﬁqﬁﬂ?m?mi"u@mh%yaﬂizmm%aﬁ’ﬂymz (Categorical)
imputation.mode<- function(dataM,colM) {
v.mode<-val.mode(dataM[[colM]])
dataM[is.na(dataM[[coIM]]),colM]<-v.mode #Eﬂﬂﬁqﬁﬂ?uﬁ’ummﬂﬁ1ﬂgﬁ@ﬂ«§1
return(dataM)

}

check NA<- function(dataset.colM) { #WnFuasInaeuTuIUTeyagaMIBIAUTLA
num=1
ck=0
for(i in seq(nrow(dataset))){
if(is.na(dataset[[colM]][num])){ ck<-ck+1 }
num<-num+1 } dataC=F
per <-round(nrow(dataset)*0.4) #ﬁmum?ay‘aqagmﬂ“hjgﬁu 40%

if(ck>per){ dataC=T }

return(dataC) }
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Iﬂi!!ﬂﬁl!‘ﬂﬂ‘aﬂfni!a3»1ﬂ'1sil}i’)llﬂﬁﬂlﬁ]ﬂ!!ﬂﬂﬂﬂ“ﬂﬁﬁ«!i%ﬂﬂw %’ﬁmumm

L' Y o _Y

Jd v o a
hybrid.User<- function(dataset,tech,colM,colN) { #angunanuuudlaenmaiiald

if(is.numeric(dataset[[colM]])) { #0150 DU ’e‘)y,a’iuﬂu Numerical 19150 1aJ

=

if(tech==3){ #21§ 1 FA0IMsIANAToyaNgyMIsaIaMALAAING1S

U U v

dComplet<-imputation.mu(dataset,colM,T)}

ifttech—4){ #${190emaAuadoyaiigumodromaiinunie
dComplet<-imputation.mu(dataset,colM,F)}

if(tech=—5) { #81ldR0smaRumMdoyafigamediomaiaaumsaanesFudy

dComplet<-line.input(colM,colN, dataset) }

telse{

] { a VA Y

if{tech==1){ #21% 1¥A0Im AN oyaNigyealamatina Nl ing e
dComplet<-imputation.mode(dataset,colM)}

ifitech==2) { #81} [¥ADINTIANAITOYaNgMBRIBmatianINs N

dComplet<-imputation.mis(dataset,colM)}

return(dComplet)}

val.mode<- function (x) { #W4 AFUEMSUIIA1 Mode
if (is.factor(x)) levels(x) [which.max(table(x))]
else { f <- as.factor(x)
levels(f) [ which.max(table(f)) ] } }
imputation.mode<- function(dataM,colM) {
v.mode<-val.mode(dataM[[colM]])
dataM[is.na(dataM[[colM]]),colM]<-v.mode
return(dataM)

}
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imputation.mis<- function(dataM,colM) { slanFudmsumsmum Missing
levels(dataM[[colM]])<-c(levels(dataM[[colM]]),"missing")
var="missing"
dataM[is.na(dataM[[coIlM]]),colM]<-var
return(dataM) }
imputation.mu<- function(dataM,colM,more=T){ #anFUAINS VYA Mean 1182 Median
if(more){
dataM[is.na(dataM[[colM]]),colM]<-round(median(dataM[[colM]],na.rm=T))
telse{
dataM[is.na(dataM[[coIlM]]),colM]<-round(mean(dataM[[colM]],na.rm=T)) }
return(dataM) }
lookCor<- function(crn){ #W4 ﬁ"ﬂ" TRV ER I AGE Regression
gg<-(cor(crn,use="complete.obs') )
gp<-symnum(gg)
return(gp) }
creXY<- function(colM,dataM,NN){
mM<-Im(colM,data=dataM)$coefficients|NN]
mN<-mM[1][[1]]
return(mN) }
inputf<- function(oP){
if (is.na(oP) ) return(NA)
else return ( (oP*(mX))+mY ) }
line.input<- function(colA,colB,dataM){
dataM][ is.na ( dataM[[colA]] ),colA ] <-
round(sapply ( dataM[ is.na (dataM[[colA]]),colB],inputf))

return(dataM) }
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Abstract

This paper presents a comparison of techniques to impute and predict values that are
missing in the data set. Missing value is an important problem because mining from data with
missing values can incur an inefficient model that might predict future data with a high error
rate. To improve the model efficiency, we study several techniques to handle missing value
cases. These techniques are to impute with the mean value if data in that column
distribute normally, impute with the median if data are skew, impute with the mode if data
are nominal, and impute with correlated value. We will implement these imputation techniques
with R language.

Keyword : Missing value imputation, Data mining, R language
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Discretization and Imputation Techniques for
Quantitative Data Mining

Nuntawut Kaoungku*, Phatcharawan Chinthaisong, Kittisak Kerdprasop, and Niftaya Kerdprasop

Absiraci—Association rule mining from nwmerical datasets
has been known inefficient because the number of discovered
rules is superfluous and sometimes the induced rules are
inapplicable. In this paper, we propose the discretization
technique based on the Chil algorithm to categorize numeric
values. We also handle missing values in the dataset with
statistical methods. The discovered association rules are then
evaluated with the four measurement metrics, that is,
confidence, support, lift, and coverage. The dataset imputed
with various missing value handling rechniques has also been
evaluated with the tree-based data classificarion method 1o
assess predictive accuracy.

Index Terms—Association rule analysis, Data mining,
Discretization, Missing value imputation

I. INTRODUCTION

urrent adoption of data mining technology can be seen

i varous fields such as economics, education
engineening, life science, medicine. and many more. The
models automatically leamed from data can facilitate future
event prediction, as well as can explain curmrent relations.
Models bult from datasets with some mussing values can,
however, cause error in the prediction. Efficient predictive
model building, thus, requires the imputation of mussing
data.

In this research, we comparatively perform three schemes
of mussing value handling. These schemes are (1) removing
record that show mussing data. (2) imputation with average
attribute value, and (3) mmputation with the most correlated
value. After data imputation, we mvestigate these mussing
value handling scheme through the decision tree induction
technique. The decision tree induction is a data classification
technique. This data mining task aims at inducing a model in
a form of decision tree. This kind of model can be used to
predict class of data that may occur in the future We can
call thus kind of task as predictive data mining.
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Another kind of learming task 1s explanatory data muning.
The purpose of such task is to explain existing relationships
among various data attributes. Association rule nuning 15 a
type of data muming that will find the association among data
objects and create a set of rules to model relationships. To
perform association rule mining, data to be mined have to be
categonical. Discretization of numencal values is thus an
essential data preparation step for association rule mining.

In this paper, we propose a framework of mussing value
mmputation and numerical data discretization as two major
preparation steps for classification and association muming
tasks. We also present evaluation results of classification
and association rule mining using afferent benchmarks.

This research solves the problem by preparing dataset
appropnately before association and classificanon of
discretization methods for numeric n association rule and
predicts of data mussing that 1s closest to the most possible
value.

II. PRELIMINARIES AND RELATED WORK

Data can be 1n a vanety of formats. For example, numeric
data, nomumal data, and a muxed type of numeric and
nominal data. But data muning in some categories is not
possible. For mstance, to find the association rules from
dataset with numeric attnbutes is mmpossible for some
algonithms. Therefore, methods for managing numeric
attribute data 15 essential. The common method to handle
categonizing numeric values 15 discretization. Many current
researches on how to divide the discretization 1 a vanety of
ways. For example in [3], Chi 2 algorithm was used as
discretization method for handling numernic attributes. The
discretization methods for numeric attnibutes in association
rule analysis [7] had been applied with R language [3]. The
algonithms used to discretization are, The Chi2 algorithm
formed by x’ they are often used in statistics and
discretization methods for numeric attributes.

The predictive value of the data missing is another
important problem We comparatively study the value of
data nussing technique, lost out in praise. The average value
i that column 1f data nussing 1s disrupted data or skew data.
We are used median value. If the data in column aren’t
numeric. We used value that appears most often in the
column. And how to use the value of the correlation between
a column that has a data missing value with another column
that 1s associated with the most. Other research also has
using Rough Set theory [5] Include 1s used to determune the
association between each column is set to create a rule that
allows predicting. Datasets were used i this study was a
series of patients that most data is dispersed across numeric
data. With the numencal data will be grouped into ranges
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(Discretized) are so easy to do the research to find the value
of the data missing And Jianhua's research [1] propose a
techmque to fill up the nussing data by using Rough Sets
theoretical and add a techmique to compare the 3 methods:
how to cut data rows that contamn data values that are
missing out, and data mumng How to select values that are
come to mussing data from data that contains values that
appear most frequently in the column, and how to convert
the entire datasets as a Discermibility matrix and create a rule
for predicting the missing value. By using a senes of six sets
of data to compare efficiency, how to find the value of the
data that 15 nussing all three methods and data sets through
the techmque of value for the information that 1s mussing,
and the range, and then create a decision tree to test the data
prepared for the test of efficiency techmique to predict the
best. The mules for an association with the four
measurements the effectiveness and value of the gauge is
decision of each of the algorithm for discretization methods
for numeric attnibutes.

IOl METHODOLOGY

A. Framework

This research proposed discretization and imputation
techniques for quantitative data mimng. Figure 1 shows
conceptual framework of the research First. the mussing
value imputation has been applied. Second, the
discretization has been performed on numerc attnibutes.
Third, apply the association rule muning Finally, the
benchmarks on association rule mining result are to be
evaluated.

I Missing value imputation |

!

| Discretization |

!

I Association rule mining |

:

| Benchmarks |

Fig. 1 Conceptual framework of the research

B. Predict the missing value
Techniques to handle missing values i our study are as
follows:

1) Remove record that some values are missing.

2) Impute missing values with the average value of the
attnbute, 1f the data 15 normally distnibuted.

3) Use the cormrelation of column with nussing values to
another column, and mmpute with that column’s value.

C. Algorithm Chi2

Chi2 algorithm that is based on the x* statistics was used
to perform discretization the numerical data [4]. The
computation for x2 1s as follows.

P =33(4-E /e, ®
tml =l

where:
k = number of classes,
Ay = number of patterns i the 1th mterval, jth class,
Ejj = expected &equencyof,!v =R, *C;/N

R;= number of patterns in the ith interval = $°* 4,
sl
C; = number of patterns in the ith class = E-:.a“w

N = total number of patterns = ZH&

The Chi2 algonthm is divided into two parts. The first part
starts with a lugh level of sigmficance, that 1s 0.5 (siglevel =
0.5), for all numerical data. After that, it will sort all the
numbers continuously.

Part 2 will be on the sideline of the first start of siglevel0
as set forth in Part 1, then the consistency check after
performung an indmidual attnbute the inconsistency rate
cannot exceed the assigned siglevel [1] for inclusion
attributes n the next round. This process stops when there 15
no value left in the attnbute.

D. Benchmarks
The benchmarks in this study are the four measurements:
support, confidence. lift. and coverage.
1) Support 1s the frequency of the event occurring,
Compute support of equation (2).
Support(4 — B) = P(A4 A B) )
2) Confidence 1s the frequency of the mncident with other

events occumming together, Compute confidence of
equation (3).

Confidence(A — B) = Supp(4 — B)/ Supp(4) (3)

3) Lift s the influence of the association rule mining.
Compute Lift of equation (4).

Lifi(A — B) = Conf (4 — B)/ Supp(4) @

4) Coverage 15 considered the frequency of the association
rules mining, Compute coverage of equation (5).

Coverage(A — B) = Supp(A) = P(4) 3)
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IV. EXPERIMENTAL RESULTS

This research expermmentation used Hepatitis dataset from
the UCI Machimne Learning Repository [7]. Hepatitis dataset
has 20 attributes and 103 data instances.

For discretization and imputation techmiques for
quantitative data muning, we used classification and
association mining for experimental result assessment. Table
1 and Fig2 show comparative accuracy of classification
both algorithm mussing value and mussing value +
discretization of three models. Model 1 is removing records
that contan missing values. Model 2 1s nussing value
imputation with the attnibute mean. Model 3 1s mussing value

imputation with correlated value.
TABLE 1
COMPARATIVE RESULTS OF CLASSIFICATION ACCURACY
Algonithm Model 1 Model 2 Model 3

Missing value 65.95% 74.46% 80.85%

Missing value + o o
Discreti 85.13% 89.36% 87.23%

| LI
100%

—

» —t—Missing value

/ ~#— Missing value
+ Discretize

Model 1 Model 2 Model 3

Accuracy (%)
§ 3 8 §

Fig. 2 Accuracy comparison for both algorithms: missing
value and nussing value + discretization

Table 2 show comparative results of association rule
mining using the average of support, confidence, lift, and
coverage values to measure performance.

Measure

104% —'\‘.——_.

» 102% -
=g The average

o

100% of e

=== The average
98% gt ’ of lift

96% T 1
Model 1 Model 2 Model 3

Fig.

3 Comparative the average of confidence and lift both

three models

Measures

64%
=g The average

-
+ of support
/ sl The average
61% of coverage
T

60%

(=1
e
R

T
Modell Model2 Model 3

Fig.

4 Comparative the average of support and coverage

both three models

V. CONCLUSION

This research aims to study discretization and imputation
techmques for quantitative data nuning. The results show

that

the best model of classification 1s model 2 that used

mussing value imputation with the average value if the data 1s
nommally distributed and used chi2 for discretization. The
results also show that the best model of association rule
nmuning is model 2. Therefore, it can be concluded that the
model 2 that mputes mussing values by attributes means

gives the best result.
TABLE 2
COMPARATIVE RESULTS OF ASSOCIATION RULE MINING REFERENCES
Models The The average The The ) i, . .
average of of average of | average of [1] Janhua Dai, Qmg Xu, and Wentao Wang (2011). “A Comparative
" ) Study on Strategies of Rule Induction for Incomplete Data Based on
support confidence lift coverage
Model 1 | 60.99% 97.66% 103.63% | 6265% P 5";‘1’1’“’“‘* 5&";"“"“’;“" Joumal of Advancements tn
Model2 | 62356% 9837% 10204% | 6378% &y, 48 500> PP
Model3 | 6202% | 9833% | 10307% | 6327% S K“"““ oot it 0 e il o) M"‘;‘;l“;"“” ond
) htq)s.ffmesgoogie ite/kittisakthailand5 S/ ining)-55
Fig. 3 compares the average of confidence and lift for [3] Huan Lin, Farhad Hussain, Chew Lim Tan, and Manoranjan Dash
three models. It can be seen from the result that model 3 is (2002). “Discretization: An Enabling Technique,” Data Mining and
. Enowledge Discovery, vol.6, no.4, pp. 393-423
the highest compared to the other models. [4] Huan Liu and Rudy Setiono (1995). “Chi2: Feature Selection and
Fig 4 compares the average of support and coverage Di of Numeni gs of the Seventh
values for three models. It can be seen from the result that International Canfmcc on Tools \ﬂl'.k Amﬁcm.i' Intelligence, pp.
model 2 1s the highest compared to the other models. 388-391
[5] Fulufhelo V. Nelwamondo and Tshilidzi Marwala. (2007). “Rough
Sets Computations to Impute Missing Data,” CoRRabs/0704.3635
[6] UC kvine Machine Leaming Repository, (1988) Hepatitis Data Set.
Retrieved October 5, 2012 from
http://archive ics.uci edw/ml/d Hepatitis
[71 Mohammed J. Zaki (2002). “Scalable Algorithms for Association

Mining,” IEEE Transaction on Knowledge and Data Engineering,
vol12, mo3, pp. 372-390
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APPENDIX
Source code in R language to perform mussing value
imputation and discretization is presented as follows:

# Missing value imputation
hepatitis<-read.csv("hepatitis.csv", fill = TRUE)
hepatitis <- hepatitis [-c(62,199) . ]
predict]<- function(dataM){

cutMissing <-na.omut(dataM)
retum(cutMissing)
)

predict2<- function(dataM.colM.more=F){

1f (more){
dataM[1s.na(dataM[[colM]]).colM]<-

mean(dataM[[colM]].na rm=T)

Jelse{
dataM[1s.na(dataM[[colM]]).colM]=-

median(dataM[[coIM]].na.cm=T)

}

retumn(dataM)
}

lookCor<- function(cm){
gg=-(cor(crm,use="complete.obs’) )
gp<-symnum(gg)

| e

creXY<- function(colM,dataM NN){
mM<-lm(colM, data=dataM)Scoefficients[NN]
mN<-mM[1][[1]]
returmn(mN)

)

mputf<- function(oP){
if ( 1s.na(oP) ) return(NA)
else return ( (oP+(-mY))/mX )

cor.input<- function(colA colB,dataM){
dataM[ 1s.na ( dataM[[colAJ] ).colA ] <-
sapply ( dataM][ 1s.na (dataM[[colA]]).colB] wnputf)
return(dataM)

h

dataset1<-predict1(hepatitis)
dataset2<-predict2(hepatitis,"Chla".T)
dataset2<-predict2(dataset2."C1",T)
dataset2<-predict2(dataset2,"PO4".F)

mX<-creXY(oPO4-P04 hepatitis.2)
mY<-creXY(oPO4-PO4 hepatitis.1)
dataset3<-predict3("PO4"."oPO4" hepatitis)
dataset3<-predict3("Chla" "oPO4" dataset3)

library(rpart)

t.al<-rpart(al~. data=dataset1[,1:12])
plot(rt.al uniform=T branch=1, margin=0.1, cex=0.9)
text(rt.al cex=0.75)

t.a2<-rpart(al~. data=dataset2[,1:12])
plot{rt.a2 uniform=T branch=1, margin=0.1, cex=0.9)
text(rt.a2.cex=0.75)

rt.a3<-rpart(al~. data=dataset3[.1:12])
plot(rt.a3.uniform=T branch=1, margin=0.1. cex=0.9)
text(rt.a3,.cex=0.75)

testPred <- predict(rt.al, newdata = test.hepatitis)
prnt(testPred)
table(testPred, test.hepatitis$al)

#Discretization
hepatiisM<-read.csv("hepattis.csv", fill = TRUE)
new.dataset<-chi2(hepatiisM.0.5.0.05)$Disc.data

#Association rules nuning

rules <- apnion(new.dataset, parameter= lst(supp=0.5.

conf=0.8))

# Benchmarks
quality(rules) <- cbind(quality(rules), coverage
interestMeasure(rules, method = "coverage”, tr))
WRITE(rules, file = "data_disc.csv", quote=TRUE, sep
"" colnames =NA)
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