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DATA PARTITIONING / IMBALANCED DATA/ DATA MINING

Classification using imbalanced dataset is a challenging problem in the data
mining research area. The difficulty is due to the fact that the number of data
instances in the minority class is much less than the number of instances in the
majority class. The majority data can over-shadow the minority data and make the
classification performance of the minority class unacceptable. For instance, the
imbalance between non-cancer patients and patients with breast cancer. The minority
of breast cancer records in the majority group of non-cancer patients can absent when
classifying with traditional techniques. This thesis, therefore, proposes a partitioning
technique to handle the imbalanced dataset problem.

This research solves the imbalanced dataset problem by partitioning data into
two groups: overlap and non-overlap data. Each partition has its own classification
model. To predict the future event, both classifiers are used in order to improve the
minority class prediction. The experimental results show that partitioning technique
based on Euclidean distance measure when applied to the SVM with linear kernel

yields the best performance in classifying minority data.
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5.1 35 1.4 0.2 setosa
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4.6 3.1 1.5 0.2 setosa

5 3.6 1.4 0.2 setosa
54 3.9 1.7 0.4 setosa
4.6 3.4 1.4 0.3 setosa

5 3.4 1.5 0.2 setosa
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6.9 3.1 4.9 1.5 versicolor
5.5 2.3 4 1.3 versicolor
6.5 2.8 4.6 1.5 versicolor
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6.3 33 4.7 1.6 versicolor
4.9 2.4 33 1 versicolor
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Partition | Sepal.Length Sepal. Width Petal.Length Petal. Width Species
5.1 35 1.4 0.2 setosa
4.9 3 1.4 0.2 setosa
4.7 3.2 1.3 0.2 setosa
4.6 3.1 1.5 0.2 setosa
Train 5 3.6 1.4 0.2 setosa
Data 7 3.2 4.7 1.4 versicolor
6.4 3.2 4.5 1.5 versicolor
6.9 3.1 4.9 1.5 versicolor
5.5 23 4 1.3 versicolor
6.5 2.8 4.6 1.5 versicolor
54 3.9 1.7 0.4 setosa
4.6 3.4 1.4 0.3 setosa
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6.3 33 4.7 1.6 versicolor
4.9 2.4 33 1 versicolor
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9 A (] = v @ 4 = U Y] A
W1ﬂ‘llf)1J”aﬁlﬂ 9 “VI?J‘Q‘UL!'D'%L!TULﬂEJ’JﬂL!ﬂ‘UllﬁlﬂﬂilWﬁu%%NﬂWﬂﬂﬁNﬂﬁ“ﬂ 2-2)

h(x) = wix+b 2-1)

Tae h(x) fin lalosmau

A Jd 1

Y
w ABINABINININYIN
Ay

x foveyalu D

bAoA luued (Bias)
h(x) = wix+b=0 (2-2)

4 ugJ) 0 v o’/’
Taglanlosimau h(x) (Jayadeva et al, 2007) Hiuaziimsulsdoyaniaoenaldoon
o A I c’d'qs/‘ o 4 & ) a

1nnu Taedil w iunnmes ndsnniuszuiuves lawlesmau Fuiludrdvuanamanay
=} 4 1 n’j I 9 9 = I 4 A =\
anudeued lanlesinau diu x wiudeyalugadoyaidnvuzidunnmes uaziile v, i
1T o 1 1 [ [l T o 1
Andu +1 9219 hx) T wmsemdy 1 audmin v, daudu -1 3219 heo Tan

Y 1 A (Y o oy =\ I Y o A & A
Hoon 3oy —1 udaaegili 2.4 Tasaunsod@ewduaums ldaeaunisi 2-3) Fuilo

o 1 o a g { ) o 1
ey, gaud ludaagd ldinaduaunsi 2-4) dmsunn q swesy,

wix+b > 1,wheny;, = +1

wix+b < 1,wheny; = —1 @3

Vi (WTx +b) =21 (2-4)
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ETJ“VI 24 Llﬁmﬁums'lmﬂ@smauu,azmmu

qﬂjl d‘ogj J 4 Ja Y
QHH?&ﬂgﬂﬁ\iﬂ'lﬂﬁg‘ﬁ’JNllaLﬂﬂﬂWﬁu (HO) !,Lazm'i%mmwau“a“luﬂmﬁ + (HI)

wTx+b 1 o o ' '
= — NUUITTITHUNIEHIN HI

9 v ~ 2 o Y
ﬁ"liJ"IiﬂLLﬁﬂ\‘]ulﬂﬂﬂz‘]Jﬂ 2.5 "]f\?ﬁ']iJ']ﬁﬂﬂ']u'Jﬂ!hlﬂﬁJWﬂ W Wi

= 2
lag H2 W?@ﬂl@ﬂm@ﬁﬂﬁ’lﬁ + UAZAATH - UA m

H2

= Ia
ZJ,'IJ‘VI 2.5 HEPNUUIAUDINITIU
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° Y Y o s s A o o & Aw P} '
lumsswundoyalasmslddnnosanmassunasFuiusniundedliszezviig
I'4 Y] Ia A ~ A 1 o o Qs/l o 1
vod'lanlosimauninsiulinminigaienuiudrlums swuntiuansasiuiun,
1 Ja o 4 1 : o J { :/l o & {
szozr1aveansauny lanlesiman 1dan mc'ﬁwzm“lﬁ’"léfﬂmmﬁqwum;ﬂu‘ﬁ lwl|

v [ 4 [
wdsslimtiesngananulou luil lddeaunsn (2-5) uag (2-6)

. w|?
Objective Function: TN, {” 2” } (2-5)
Linear Constraints: Y; (w'x +b) >1,Vx; €D (2-6)

Y o 1 ~ a . Y
lumsudilymimsmiaiesNgase 4maiin Lagrange Multipliers Tun1sudilaynn

o1 b ¢ Y A Yo
Ao o; gand 1 luaums deednielanenlues Karush-Kuhn-Tucker (KKT) uaaalaga

aumsn (2-7)

o;(y;(wTx +b) —1) =0 2-7)
and o; = 0

1 3 9 o J { . @ 3
Tumsmia wuag b HuazassdIum o Taeni=1,2,3, ..., n HAI9INTTUI

awnsomal w uaz b lauaegmelditonlvves KTT ssensoutasgd 1dqsaunisi 2-8)
o;(yi(w'x +b) =1) =0 (2-8)

a a o A a a’dg/ 9 A
MINMINNTUIIT AT 1WA (8) auninnamamsaivula 2 nidife
a g
1. o Uandu 0

2.y;(wTx 4+ b) — 1 = 0 vFovimeds y;(wTx +b) =1

4
v v

&£y o JAy YA A 1 < IS (% A A 19
%QﬂWﬁWﬂNaaW‘ﬁﬂVlﬂﬂfl o; UATWINNI 0 ﬂﬂ%tﬂuﬂﬁﬂim‘ﬂ 2 uﬁm’gwayjamuu%

4
A 9 Y

o o J J 1 < ' o ~ A
Wudeyadunesannmes uadmin y;(wlx + b) > 1 duaasianiunsdin 1 Aedoyariu

U
4

T o s v o ° "o 7 J o A
%$13JL?JH%WWE]5¢]L’JNG]@§ ANUULITIFIVITDATUIU W %1ﬂﬂ1°ﬁWWfliGll’Jﬂm'é)‘iul,g]}ﬂﬂﬁﬂﬂTiﬂ

w = Z a;yiXi (2:9)

i,a;i>0

(2-9)

o QSI’ 5 o L]dJ A 9 =

9
aariulumsrinives w duduiun o ACADINUATININNIT O ﬁqﬁummmmuﬁ}

4
v A

A 1 = 1 9
aumMsiiona b wsoa lunoa laaail
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o (y;(wx+b)—1)=0
yiwTx +b) =1
b; =%—WTX= y; —wlx

iin'ldn b, ueazdFeuTesud M IMmaARasYeIA1 b3z IddeaunIN (2-10)

b = avga>0{bi} (2-10)

matavesdaneiiudunesannmesuusFufemsmieyadnweiannnesiaziin
4 { 1 1 @ Ia {
msadelaosimaunamnsoutiideyauaaz Uszinnesnaininla laslinsiunieiiga

118 Taslumsiuunawnsaduundoyaiioglu D Iddeaumsi -11)

y = sign(h(2)) = sign(w'z + b) @-11)

A A A o < A "2
Iﬂﬂy AepaaNIMIe U +1 ©30 -1 iy
o o @ 1 1 J TS J '
Sign(+) AailandudSuardmniiauinnd 0 sz xiauilu +1 wazdrliaiesnin o

vz ianilu -1

o Ay Y % Ja o o o Y] ~ Y Y A

Wa\ii]'lﬂﬂllﬂvlalﬂflilwaullag1]']5%u’ﬁ'lwiﬂﬂ'lﬁﬁ]'llllv!ﬂﬂiglﬂﬂﬂ]@ga!aﬁfJTJj@EJlLﬁ'JLWE]
A 1 [ Y= @ 4 4 = Y o a 4 a

‘ﬂ'g'lllﬂﬂwEJ‘L!GU’E]Qﬂaﬂ@51/]llG]fWW@5@13ﬂ£@@5llﬂ%$“1@ﬂﬂ1iww uuﬂﬂUﬂG}f@V\lﬁM'ﬁﬂu (Soft
. £ A A A ' 4 £ A £ < Y1 4
Margin) Yuniomuaudanguyod lanlosmauduaalugili 2.6 dazmiuldnlales

o vy W Y Y v v g 1y vy
mau h(x) Wuoyaalidoya + aunsnegileaiudoya - lduazdoya — negau + laae

1 = %
IFUIAYINU

) A ¢ A o 5 1|1 . ) A 9 Yo ¢ ¢
G]f\‘llﬂﬂl:lﬂc])'ﬂwﬁ3J1i]uuuﬂ31/nﬂ1§ﬂ/‘ll|ﬂ1 Slack Variable lel’lh],ﬂLW’f]GlWG]fWWf]iﬁmﬂl@ﬂﬁ
A A A ] d? 4 :JI 9 ~ a 4
LLN(’])'G]fullﬂ'J'uJﬂﬂWfalu"Uu IﬂEllla!ﬂ@ilwauuua’lm'ﬁﬂﬂ'lulﬂ%’lﬂﬁllﬂ'li‘vl (2'4) Lla$!1/]ﬂ‘11!ﬂc]5’f]1/\|@

PIUTUILINUAT Slack Variable 191 111 uaunsn 2-4) 1ddaaumsn (2-12)

ywlx +b)=1- ¢ (2-12)

9

[ 4
Taosvuald &Aon1 Slack Variable taziiio & > 0 awsiliinavu lasavua 3 nsdl

9
faae llil

1. & = 0 mneanunvoyai lildeglumnssunazeggnils

>=8-

v 9 qul 1 Ja '
2.0< fi <1 ﬁummwmwagauu@gmaiums%uuazaﬂgﬂ

U

J
19 qazl I~ Y Ao a A 3A 9 1a o
3. Ei 2 1 ‘ﬁm&mmaw@yjauugﬂuﬂmnaﬂmuuﬂWﬂ ﬁiﬂﬂﬂ@ﬂl@ﬂaﬂgﬂﬂﬂﬁ
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A a 4 a
711 2.6 aaamaiasedIY

1 IMTINNAT Slack Variable udalunsswuniszinnvesdoyavzaunsonaas

Tadaerunan (2-13) uag (2-14)

2 k
Objective Function: minw,bjgi {@ +C Z?=1(€i) } (2-13)
Linear Constraints: Y; wlix+b)=>1- fi,in €D (2-14)
§,>0Vx; €D

TagNal C wag k ADAIMLIVBNDINTIMUNAALTLANFIAT C LUIVBNDITIUIY
{ o a @ [ ] 1 I~} o a

doyanoyTanldiiueia’la sndredrugudiningr ¢ =2 naeey Tanldiuedala 2
9 2 kY 1 I 1 9 1 o o 9 Y 1 ng
doyadediinar C1fuain q udregdiwansznuiumsiuundoyald aaua k iuez

o 1 1 09/1 1 1 g 1 3 o 1 1
ansomviua laimes 2 aunniuaeliar k uaudu 1 w3e 2 mniudvinmruan k 19ian
WA 1 aznueanu Iinmasuidesigaues Slack Variable 11 ns1vuan k Tniian

WD 2 sgrneanu N IdnnasNTesNiqaves Slack Variable §189 2
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@ 4 [y J @ '
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AQ Vo o a R [ 4 14 = d? = J 1
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Radial-basis function exp(—yllx — x; 12, y >0
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ganesugnnosanNaesuusTuy Iaeegua 2.7 salugdlunuiunu X Aed1 Sepal.Length
' 1 = J 8 Ao A & A

daaluuuiunu Y Aed1 Sepal Width azil lalosimaudsanaodudsidudunldlunis

dy J 4

° v 4 Y Y o 7 7 A Ay o P
muuﬂﬂlayjamwﬂﬂmﬂmﬂ%GﬁWWﬂim’mLGlai Iﬂﬂiu‘ﬂu%&'ll"llﬂyja%WWﬂﬁﬁnﬂm@i 3 ﬂl@ﬂsljﬁ

& o B v . o Y} 4
Tﬂmﬂuﬂmyjammﬂmﬁ setosa V1UIU 1 Tﬂy‘ﬁllﬁgﬂlﬂyjﬁﬂﬁ1ﬁ versicolor 91HIU 2 UBUA “dl);\i

U

Y A w s s Y A v Y] o
ﬂl@llﬁﬂlﬂu%WWf]iﬁHﬂm@iﬂ’f]all’é]iJ“aGlUﬂ1W‘1/13J’J\‘1ﬂaiJa®3J§f]U Iﬂﬂﬂl@yjﬁﬂa1ﬁ setosa HUIS

U

Y o s & P

o 9 I = = = = A9
UNUAIYITUANHU + cmmmmﬂu + ﬁLL@]\?ﬂﬂﬂl@llﬁFJﬂﬁ@Ul!ﬁ% + ﬁhlﬁﬂﬂﬂlﬂyﬁﬂﬂﬁﬁ)ﬂ

U

@ t4 =3

' 9y . 9 o 9y IS A A A 9 2
AIUVOUANAA versicolor ﬂ%L!ﬂu@]ﬂﬂﬁﬂJﬁﬂ‘Hm * G]Nﬂ'l’l’i'lﬂl,ﬂu * ﬁmmﬂamagadﬂaauuaz *

4
v o

a Ay T 1 Y] % Y}
a 1?1'0"Ufllluﬁ°vlﬂﬁflﬂ iﬂﬂvlalﬂ@LWﬁuﬂﬁi1Qﬂluuuﬁ1NT§ﬂ%HLUﬂ"UE]iJﬂﬁ‘ﬂﬂﬁ@‘UulﬂQﬂﬁfN

k4 1
$1mu 6 Foyanndeyanadouiarua 6 Joya Fanmedalszansnmlumsiwunlszian

v 9
youdoyanen losa1nasied 2.2 Huiidnnugndes (6/6) 100%
[ Aa R Y] 4 4 =\ uszl I [ AR Aa 9 o
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E‘IJVI 2.7 HEANNITALUNVDYAAIYDANDINUF NN ITALINADTUN Y YU

) 9
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aMsleFnnesanneosuurFuLUUUNA 1azUITEVDA Peng and Xu (2012) taue 1% 14
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2.3 MIIAIZHZINIIZHNNVONA

L'l

Aav a a J o dy 9 9 A~ 9 @ 1 9
NuAteveIneiwusatuii lduuammsuendeyaninisdouiusenindoya
anaadoonu 1nveyah lilimsdousiu taz lumsinsanmsdounuvesdoyaneaaia
22 1¥mM 3Tz e 1982833111 Euclidean t1az101 Hausdorff

o 1 ' . . [
mimmmmﬁzﬂ$w1Qi$WJWQ%’ayaﬁaa Euclidean Distance (Lee et al., 2014) Wums

=1

o ] o £ g o 1 @ § = PN £
ﬂ']u'JmﬁxEJ$WWQLLUUV]'JH11J%QL‘]J1!ﬂ13ﬂ?u?ﬂ!i%ﬂgﬁ']%!ﬂﬂﬂigﬂﬂﬂﬂglluﬂﬂ1ﬁﬂaﬂﬁlf\1ﬁ1u13ﬂ

o Y ~ o vy Aaa ) c?/’ ana Y
mmm"lmmﬁumm (2-15) TaamrualitoyalUavesioyaniviug n 4A LAZABINITH

U U

1 1 9 Y A
52021 NIZHINT0YA 2 Joya A0 p=(p,. pyr .... p,) HAZ q=(q;» s -..» q,)

Dist(p,q) = Dist(q,p)

Dist(p,q) = (p1 — q1)* + (02 — @2)%+...+(Pn — qn)?

n
Dist(p,q) = Z(pi —q;)? (2-15)
i=1

] ' . 4 9 o U Y
fnii’ﬂ'l‘igfJZﬂNﬁSiW'JNEIQJ}EJy,ﬁLL‘]J‘U Euclidean Distance PITAIBYNVDYD A,B,C,D,E,

[ ~ & 1 1 1 9 3 9 ~
F Laaaden1519n 2.4 G]f\‘ll,ﬂuﬂﬁ’ﬁﬁgﬁlg‘I’iNiZ"rY’JNﬂ%@QﬂJ@QﬁﬂQWN@Iﬂﬁ]slﬂiﬁllﬂﬁ‘ﬂ (15)

AT 2.4 AI0E1MITMITZIZHT2HINURYALUY Euclidean

5191}’034“61 A(3,8,4) B(6,1,4) C(8,0,9) D(4,3,9) E(2,1,5) F(3.4,5)
A(3,8,4) 0.00 7.62 2.24 5.92 3.16 8.60
B(6,1,4) 7.62 0.00 8.31 2.24 5.66 9.90
C(8,0,9) 2.24 8.31 0.00 6.48 3.61 10.34
D(4,3,9) 5.92 2.24 6.48 0.00 4.58 8.77
E(2,1,5) 3.16 5.66 3.61 4.58 0.00 10.30
F(3,4,5) 8.60 9.90 10.34 8.77 10.30 0.00
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Y

N1SAUINTZIL YUY Hausdorff Distance (Fischer et al., 2015) HUAZ01H8HANNIS

Y v

' . < @ 1 @ a A

W152824 1LY Euclidean Distance (Juiugmlumsiaszozvina laoiimsdsodsunmanls

U 1 Qij d @ 3 ' M v
1135395282 W19V Hausdorff Distance Huaz1ilun1sinszeziionszoz ianniniigaves

v 9 J A ~ Y Y - 1A & an 1 dy
naudeYya 2 ngu TagonFeuIoeud19s NA UNIIAUAST FITTNINITLILH VLT IO

asu10 lAdoaumsn (2-16)
h(4, B) = max(maxgeaminpepdist(a, b), maxpegmingeadist(a,b))  (2-1¢)

a 3 ° Y . 99 =
N1TDTUIIVUADUNITATIUIUISIENINAIY Hausdorff Distance %zﬁlw@yjaiumﬁw

o 1 £ = A I Yo =t
2.5 Tumsuaasdiededaiidoya 2 nquas A uaz B Tnsmusoudauiuglninladegl

U

£ 9 ' v v ' Yy A A
2.8 PRUDYANQY A SUTAIAIYINNAN HASVIYANQN B ICUTAINWYTINAYN

M15199 2.5 uaatoyaf106131uN13A1UIY Hausdorff Distance

A B

X Y X Y
1 4 4 1
1 5 4 2
2 5 5 1
3 4 5 2

6 ' . ' . '

5r ® ® .

A * L 1

3_ .

2t o o .

1+ [n] [n] .

[] 1 1 1 1 1

0 1 2 3 4 5 6

319 2.8 mwdeyalunsfiuan Hausdorff Distance
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E4 9 9
=< (% =

09/’ [ { A 1 @ 1
ﬂlumauuiﬂ%L‘]Jumimizﬂz1/1Nﬁmmumwumzﬁawﬁ}auﬁamﬁaﬂﬂquﬂa oya

¥
U

' 1 2 < ' . e ' 9
ﬂﬁjll Auazﬂqu B m%mﬂumimﬁzﬂzmumu Euclidean ﬁgﬁ’JNsUleluﬁnﬂ 9 @Gumsumga

1 ~ o kY ~
53ﬂ%ﬁ%‘]‘l’]ﬂ?l&')ﬂﬂﬂllﬁﬂﬂﬁlu@'l31\11/] 2.6

] 9
A15199 2.6 Ll’c’fﬂﬁ3385141@3314’31\1%634@11??\114%@1

b 4,1) (4,2) (5,1) (5,2)
A
(1,4) 4.24 3.61 5.00 4.47
(1,5) 5.00 4.24 5.66 5.00
(2,5 4.47 3.61 5.00 4.24
(3,4) 3.16 2.24 3.61 2.83

09)1 1 I 1 . . % H
Tuneudas llveidumsmin max,e mingcpdist(a, b) aazuaailuaisiai 2.7

& A 1w 1 1 i i A s 1w
FINAUMNY 4.24 AIUAT maxpegMingeadist(a, b) nanilua13190 2.8 YAUNINY 3.61

=1

ansouandldaasili 2.7

C1]

M3199 2.7 uereeszeg 19Tz nadoya A uag B 14 Hausdorff distance = 4.24

b 4,1) (4,2) (5,1) (5,2)
A
(1,4) 1.24 3.61 5.00 4.47
(1,5) 4.24 5.66 5.00
(2,5) 4.47 3.61 5.00 4.24
(3,4) 3.16 2.24 3.61 2.83

M135199 2.8 uEANTog 19Tz HINYoYA B 1oz A 14 Hausdorff distance = 3.61

5 4,1) (4,2) (5,1) (5,2)
A
(1,4) 4.24 3.61 5.00 4.47
(1,5) 5.00 4.24 5.66 5.00
(2.5) 4.47 3.61 5.00 4.24
(3.4) 3.16 2.24 3.61 2.83
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nqu A
5t ® .
at * §
4.24
3 o -
3.61
2} o .
1} o ]
nqu B

U 1 1 | | 1

0 1 2 3 1 5 6

zﬂﬁ 2.9 UAANIZIL NNV Hausdorff Distance : h(A,B) = 4.24 a2 h(B,A) = 3.61

9 4
v v A

@ A 1 1 1 o A J ]
auiungU 2.9 ewnsaail 1891 haB) Wulinuniny 4.24 Tasiiluszezvig

9 1

1 U A 9 A 1 (Y Y] A [ Y A =
FTHINNYY A NUBYAUAUNINY (1,5) NUUYBYANQN B NUAUNINUY 4,2) Tuvaeh h(B,A) UM

1w y <3| @ 1 A @ 1 {
i 3.61 ilesnmitlumsiaanngu B 1deya (5.1) Tdengu A ideya 3.4)
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MM U DY ULV IUATAFAIAITIN 2.8

A13197 2.8 LEAAY confusion matrix YBIAINIUIY (Prediction) 1T 81NeUN VAT (Actual)

Prediction
Positive Negative
Actual
Positive TP FN
Negative FP TN

A = < A g zﬂy o 1 A o
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SVM (Original)
redict
A B
Actual
A 1 1
B 1 1
Accuracy | (2/4)=50%
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SVM (Euclidean) SVM (Hausdorff)

Overlap | Non-Overlap Overlap | Non-Overlap
Predict Predict

A | B A B A | B A B

Actual Actual
A 1 0 1 0 A 1 0 1 0
B 0 1 0 1 B 0 1 0 1
Accuracy 100% 100% Accuracy 100% 100%
Total (4/4) = 100% Total (4/4) = 100%
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v 71 Mean IR OR
VDY Majority | Minority | Majority | Minority | Total
D1 [10 10 10; [200; | [0.500; 868 132 1000 | 6.58 | 39.99
1112 12] 020; 00.50;
002] 000.5]
D2 [10 10 10; [200; [100; 868 132 1000 | 6.58 | 51.32
1112 12] 020; 010;
002] 001]
D3 [10 10 10; [200; [200; 868 132 1000 | 6.58 | 65.97
1112 12] 020; 020;
002] 002]
+ Msoriy “ C
@ Minority

n) gadoya DI

A Y @ L4
19 4.1 uaasguanyuzvosgadoyadunsIziIn Talsunsy DI 59 D3



51

* Majority At 1

@ Minority

Attr 2 Attr 1 * Maority Attr 1

G Minority

f) gAdoya D3
~ [ 9 [ 4 = [
51U 4.1 naasguanyuzvegadoysdunszionlsunsy D1 89 D3 (s0)

4.1.2 yadoyaninuriastoyainnsg I

Y A Aq ¥ a a J @ dyd 9 A Ay v L/
ﬂlauaﬁ)imﬂlﬂmma‘ﬂmuwuﬁﬂuumﬂuﬂmua%N‘lfl"lﬂmmmmawaga

QU U

1 4
1193311 Keel Repository (http:/www.keel.es/datasets.php) c'ﬁa"lﬁ’ﬂw%’agauﬂ%’ﬁmmﬁhmu 7

9y = = 1 ] @ ~
Favola Tﬂﬂui]ﬂaglf’]ﬂﬂll@agGljﬂﬂlﬂialjallﬁﬂ\iﬂ\?@ni’mﬂ 4.2



52

AT 4.2 HAAINUANHAUZVOIFATOYAIF NN IUTOYANIATFIY

Yadoya Attributes Bkiniiiady IR OR
Majority Minority Total
Haberman 3 225 81 306 2.78 89.86
Liver 6 200 145 345 1.38 65.27
Pima 8 500 268 768 1.87 85.03
Page-Blocks 10 444 28 472 15.86 49.65
Vehiclel 18 629 217 846 2.90 69.96
Vehicle3 18 634 212 846 2.99 71.69
German 24 700 300 1000 233 98.45
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[ Imbalanced Data

A\ 4

Train Data (70%) ) Test Data (30%)
4[ Train / Test Splitting

v Overlap Pattern A\ 4
[ Overlapping Data Partitioning Overlapping Data Partitioning ]
Non-Overlap Data Overlap Data Overlap Data Non-Overlap Data
v v \ 4 A4
[ Learning (SVM) ] [ Learning (SVM) ] Overlap Non-Overlap
Model Model

Overlap MOdel EvaluatiOIl Evaluation

Overlap Model Non-Overlap Model
Performance Performance
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L  Overall Performance ]
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Non-Overlap Model
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4.3 %03l Confusion Matrix M udred1alumsdmiuiuilszaninimvesluaa lagainise
E4
Aundasaelad
o A ' Y Y L oA
TP Rate §#3 14N13A1UIUAD TP / (TP+EN) unuAmAINL 19 68/(68+22) Halia
4
1IN 0.7556 130 75.56% aaa luaadiilszansnmlumssuundeyadiutlos 75.56%
0 A A Y v
TN Rate g3 1UNM3AIMIUAD TN / (TN+FP) iounuaiang 14 148/(148+62)
d! S L% A 1 z:lyd a a o 9 1
FIUAUMAY 0.7047 130 70.47% uaadn laai sz dniamlumsduundeyaadiuuin

70.47%

G* gaslunisdiuiune VTP Rate » TN Rate iloununindiaz1d

V0.7556 + 0.7047 A aiifiniy 0.7297 w3e 72.97% unuiennuin Tumaiitanumiv
maelumsiuundeyadiuiosuasfoyadmnnmiy 72.97%

F* qm“lumsﬁmauﬁa (2 * TP Rate * Precision) / (TP Rate + Precision) Lﬁ'i’)
unuAmd9z 18 (2 * 0.7556 * 0.5230) / (0.7556 + 0.5230) FaTAUNIFY 0.6181 W30 61.81%
ﬁ?uwu1sjmmiﬂumaf;mmmjumﬁffluﬂ”liﬁ'imuﬂ%’@gadauﬁ’@ﬂm”lﬁu 61.81%

Accuracy ga314n3A11IURAD (TP+TN) / (TP+TN+FN+FP) il ounusmiuding
18 (68+148) / (68+148+22+62) UAUNIA 0.72 U3 72% waash e nanuinluns

Swunlszndoyaminu 72%

[ Confusion Matrix ]
Prediction
Positive Negative
Actual
Positive 68 (TP) 22 (FN)
Negative 62 (FP) 148 (TN)

17 4.3 @19819 Confusion Matrix 1M TUNITAIUIU

Qo



55

43 wamanaaeuilszansmw
nnmseenuuuIsnadeulszaniam seluauiseluinerinusativuil 1815y

o o P} & Ay ¥ o 7o v
ﬂyjammﬂmwuﬂ 10 "Ijﬂsll@u“a Iﬂﬂlﬂuﬂl@y‘aﬂqﬂﬂ']ﬂﬂWﬁﬁﬁLﬂﬁ']%ﬁﬂ']uﬁu 3 G]gﬂ“llf)ll"al!ﬁg

pyavsemihnngudeyamasguduag 7 gadoya Fevzldnasialunmsiaszezrig
9

aiua 3 1A 3 AN Euclidean, City Block 1tag Mahalanobis tije 14doyanadoulunisuiia

R Re

N
9 I ) A 9 o ) Ay 1y o Y o .

Guqu,aLﬂuclgml'e)an,aﬂ%auwmmmgﬂmeyaﬂ"lu%umumammmzﬂzu,mJ Euclidean 9%
ﬁ"liﬂimlﬁ'ﬂ\‘]llﬁﬁﬂﬁ'lﬁﬁﬁ 4.3 gIUMTIATSISHINDY City Block %3@11%139&!?[@\11&{3\1@1313

] v 9
N 4.4 1182 N15IATLOLH1VY Mahalanobis %gﬁTNWiﬂLLﬁﬂQVlﬁﬁﬂﬁﬁNﬁ 4.5 Tag99 3 A1514

Y

< o Y} ' P} ' Y Aa Y} Ay
ufﬂzLﬂummﬁmmuaum@gamuum uazﬂmyjamuuaEJ‘mJagiuﬂgﬂmaua%%auwuuawﬂ

U

Qe

~

19 @
pyah lidousiu

Qe

{ Y A ] @ .
GﬂiNﬁ 4.3 L!ﬁﬂﬁﬂ]@yjﬁﬂﬂﬁ@ﬂﬂqgﬁﬂﬂfﬂiLLUQ@Q]}’J‘(’Jﬂﬁ’Jﬂi‘éﬁEJ&UJII Euclidean

- ie 4o Ovelap Non-Overlap Total

Maj Min Total Maj Min Total Maj Min

D1 14 12 26 246 28 274 260 40
D2 36 12 48 224 28 252 260 40

D3 72 9 81 188 31 219 260 40
Haberman 48 17 65 19 7 26 67 24
Liver 46 35 81 14 8 22 60 33
Pima 122 33 155 28 47 75 150 80

Page-Blocks 31 3 34 102 5 107 133 8
Vehiclel 124 41 165 65 24 89 189 65
Vehicle3 140 36 176 50 28 78 190 64
German 161 60 221 49 30 79 210 90
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M3190 4.4 udastoyanadoui 1dvInMsuLNRIenIIaszezIUY City Block

- 2o 4o Ovelap Non-Overlap Total
Maj Min Total Maj Min Total Maj Min

D1 19 12 31 241 28 269 260 40
D2 33 14 47 227 26 253 260 40
D3 80 12 92 180 28 208 260 40
Haberman 50 17 67 17 7 24 67 24
Liver 48 35 73 12 8 20 60 43
Pima 119 30 149 31 50 81 150 80
Page-Blocks 26 3 29 107 5 112 133 8
Vehiclel 125 42 167 64 23 87 189 65
Vehicle3 134 37 171 56 27 83 190 64
German 156 59 215 54 31 85 210 90

{ Y A } @ .
GﬂiNﬁ 4.5 L!ﬁ'ﬂ\‘]"ll?J33!ﬁﬂﬂﬁ@ﬂﬂqﬁQWﬂﬂWSLlﬂﬂa’JﬂﬂW5’Jﬂi‘éﬁ‘c’l&lfﬂll Mahalanobis

- 2o 4 Ovelap Non-Overlap Total

Maj Min Total Maj Min Total Maj Min

D1 20 2 22 240 38 278 260 40

D2 62 2 64 198 38 236 260 40

D3 63 8 71 197 32 229 260 40
Haberman 49 17 66 18 7 25 67 24
Liver 48 26 74 12 17 29 60 43
Pima 68 40 108 82 40 122 150 80
Page-Blocks NA NA NA NA NA NA NA NA
Vehiclel 126 13 139 63 52 115 189 65
Vehicle3 121 6 127 69 58 127 190 64
German 133 59 192 77 31 108 210 90
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[ 3 9 o 1Y) a A o 9 Y [ a R
waenniu laiinmsdadszaninmlumsswunilszinndeyadredaneiiny SVM
¥ Y
#4149 kernel N9111A 3 kernel 1ALA Linear, Polynomial, Radial Basis Function (RBF) Tagaz 1
Y I
A3 IANarua 5 W1a33a 1A TP Rate, G*, F*, Accuracy, TN Rate $4918a9U52 N5

Tumssmunidsznndoyadinisnei 4.6 - 4.10

M15197 4.6 1d@AIA1 TP Rate N1 @0 1ngadoyanadow

v Euclidean CityBlock Mabhalanobis
YAvoYA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF
D1 92.50 | 87.50 | 95.00 | 90.00 | 95.00 | 85.00 100 100 100
D2 87.50 | 80.00 | 82.50 | 80.00 | 82.50 | 80.00 | 97.50 | 97.50 | 95.00
D3 87.50 | 82.50 | 87.50 | 85.00 | 72.50 | 85.00 | 87.50 | 82.50 | 87.50

Haberman | 66.67 | 50.00 | 62.50 | 45.83 | 50.00 | 58.33 | 54.17 | 50.00 | 58.33

Liver 74.42 | 58.14 | 48.84 | 69.77 | 65.21 | 55.81 | 74.42 | 55.81 | 65.12

Pima 81.25 | 55.00 | 61.25 | 77.50 | 60.00 | 67.50 | 80.00 | 56.25 | 76.25

Page-Blocks | 100 100 62.50 100 100 62.5 NA NA NA

Vehiclel 86.15 | 69.23 | 56.92 | 84.62 | 67.69 | 53.85 | 83.08 | 78.46 | 67.69

Vehicle3 92.19 | 71.88 | 56.25 | 93.75 | 70.31 | 56.25 | 85.94 | 81.25 | 76.56

German 71.11 | 5222 | 556 | 67.78 | 51.11 1.11 | 66.67 | 45.56 | 1.11
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v Euclidean CityBlock Mahalanobis
YAvoYA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF
D1 92.60 | 90.06 | 94.61 | 91.15 | 94.61 | 90.41 | 88.58 | 99.03 | 99.42
D2 88.36 | 86.82 | 87.27 | 86.82 | 88.17 | 86.11 | 90.62 | 92.87 | 91.67
D3 85.85 | 85.80 | 88.74 | 86.34 | 80.78 | 86.52 | 87.02 | 87.08 | 89.12
Haberman | 70.53 | 58.59 | 66.21 | 61.34 | 58.59 | 63.97 | 66.68 | 54.64 | 60.47
Liver 69.55 | 59.88 | 60.52 | 68.20 | 63.37 | 65.41 | 71.31 | 58.67 | 89.88
Pima 75.77 | 64.65 | 70.00 | 72.24 | 67.53 | 72.25 | 81.65 | 67.92 | 79.39
Page-Blocks | 97.72 | 98.87 | 79.06 | 97.72 | 99.25 | 79.06 | NA NA NA
Vehiclel 82.41 | 77.74 | 70.71 | 83.03 | 77.80 | 70.21 | 78.45 | 85.23 | 80.29
Vehicle3 87.28 | 78.77 | 70.31 | 87.17 | 79.32 | 70.31 | 78.14 | 84.51 | 84.69
German 70.31 | 63.47 | 23.51 | 68.88 | 62.99 | 10.54 | 66.9 | 60.55 | 10.52
M31971 4.8 ierman F* i ldnngadeyananoy
v Euclidean CityBlock Mahalanobis
YAvOYA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF
D1 77.08 | 74.47 | 81.72 | 75.00 | 81.72 | 80.95 | 58.82 | 94.12 | 96.39
D2 67.96 | 73.56 | 7097 | 73.56 | 75.00 | 70.33 | 65.00 | 71.56 | 70.37
D3 60.34 | 6535 | 69.31 | 64.15 | 61.05 | 64.76 | 63.64 | 70.21 | 70.71
Haberman | 56.14 | 42.11 | 50.85 | 46.81 | 42.11 | 48.28 | 53.06 | 38.01 | 44.44
Liver 66.67 | 5495 | 53.16 | 64.52 | 59.57 | 59.26 | 68.09 | 53.33 | 65.12
Pima 68.78 | 55.00 | 61.64 | 64.92 | 58.54 | 64.29 | 75.74 | 59.21 | 73.05
Page-Blocks | 72.73 | 84.21 | 76.92 | 72.73 | 88.89 | 76.92 | NA NA NA
Vehiclel 69.57 | 67.16 | 59.20 | 70.97 | 68.22 | 60.34 | 64.29 | 78.46 | 74.58
Vehicle3 75.64 | 67.65 | 58.54 | 75.00 | 69.77 | 58.54 | 63.22 | 74.82 | 78.40
German 58.72 | 50.81 | 10.42 | 57.01 | 50.27 | 2.20 | 54.79 | 47.67 | 2.17
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v Euclidean CityBlock Mahalanobis
YAVDYA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF
D1 92.67 | 92.00 | 94.33 | 92.00 | 94.33 | 94.67 | 81.33 | 98.33 | 99.00
D2 89.00 | 92.33 | 91.00 | 92.33 | 92.67 | 91.00 | 86.00 | 89.67 | 89.33
D3 84.67 | 88.33 | 89.67 | 87.33 | 87.67 | 87.67 | 86.67 | 90.67 | 90.33
Haberman | 72.53 | 63.74 | 68.13 | 72.53 | 63.74 | 67.03 | 74.73 | 57.14 | 61.54
Liver 68.93 | 60.19 | 64.08 | 67.96 | 63.11 | 67.96 | 70.87 | 59.22 | 70.87
Pima 7435 | 68.70 | 73.48 | 70.87 | 70.43 | 73.91 | 82.17 | 73.04 | 80.43
Page-Blocks | 95.74 | 97.87 | 97.87 | 95.74 | 98.58 | 97.87 | NA NA NA
Vehiclel 80.71 | 82.68 | 79.92 | 82.28 | 83.86 | 81.89 | 76.38 | 88.98 | 88.19
Vehicle3 85.04 | 82.68 | 79.92 | 84.25 | 84.65 | 79.92 | 74.80 | 86.22 | 89.37
German 70.00 | 69.67 | 71.33 | 69.33 | 69.67 | 70.33 | 67.00 | 70.00 | 70.00
31971 4.10 LAAIA1 TN Rate 71 180 ngadoyanaaon
v Euclidean CityBlock Mabhalanobis
YAVDYA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF
D1 92.69 | 92.69 | 94.23 | 92.31 | 94.23 | 96.15 | 78.46 | 98.08 | 98.85
D2 89.23 | 94.23 | 92.31 | 94.23 | 94.23 | 92.69 | 84.23 | 88.46 | 88.46
D3 84.23 | 59.23 | 90.00 | 87.69 | 90.00 | 88.08 | 86.54 | 91.92 | 90.77
Haberman | 74.63 | 68.66 | 70.15 | 82.09 | 68.66 | 70.15 | 82.09 | 59.70 | 62.69
Liver 65.00 | 61.67 | 75.00 | 66.67 | 61.67 | 76.67 | 68.33 | 61.67 | 75.00
Pima 70.67 | 76.00 | 80.00 | 67.33 | 76.00 | 77.33 | 83.33 | 82.00 | 82.67
Page-Blocks | 95.47 | 97.74 | 100 | 9549 | 985 100 NA NA NA
Vehiclel 78.84 | 87.30 | 87.83 | 81.48 | 89.42 | 91.53 | 74.07 | 92.59 | 95.24
Vehicle3 82.63 | 86.32 | 87.89 | 81.05 | 89.47 | 87.89 | 71.05 | 87.89 | 93.68
German 69.52 | 77.14 | 99.52 | 70.00 | 77.62 | 100 | 67.14 | 80.48 | 99.52
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e lddszaniainlumsdwmundszinndoyaiFoniooudaldiwadans 1o
=) =3 [ a o . d! =) = a A o 9

nf3euifieun U9V Piyanoot et al. (2015) FavzlSouiioniszaninmlumssuundoya

) [ 9 1 A 1 Av A 9
a1 3 11330 181 TP Rate, G* uag F* 1110991091 TN Rate 1183 Accuracy 143113987 14 1y
msfSeudionlalaszy 138e1dies 3 masiadenann Taveg 19szaniamuesmssun
Uszinndoyadien1sIauuy Euclidean Tag148ano3fiu SVM kernel Ao Linear kernel 4 91%

[ L

HaaNSANYA Faannsonaasladansei 4.11-4.13 naz g1 4.4-4.6

~ = =3 a a o 9
M13°199 4.11 uaaamanfseumelszaninmmsiwunilszandoya

SVM (linear) Piyanoot et al. (2015) Ineniwusatiuil

YAdoYa
TPR | G* F* | TPR | G* F* | TPR | G* F*

Haberman 33.33 | 55.09 | 42.11 | 54.32 | 71.03 | 62.41 | 66.67 | 70.53 | 56.14

Liver 53.49 | 61.19 | 54.76 | 65.52 | 68.68 | 64.19 | 74.42 | 69.55 | 66.67

Pima 57.5 69.5 | 61.33 | 59.06 | 71.12 | 63.58 | 81.25 | 75.77 | 68.78

Page-Blocks 87.5 | 91.41 | 66.67 | 59.19 | 71.86 | 58.90 100 | 97.72 | 72.73

Vehiclel 78.46 | 74.03 | 58.96 | 47.57 | 65.06 | 53.09 | 86.15 | 82.41 | 69.57

Vehicle3 8438 | 77.71 | 62.79 | 4538 | 62.56 | 48.73 | 92.19 | 87.28 | 75.64

German 66.67 | 66.19 | 54.05 | 54.32 | 67.26 | 57.42 | 71.11 | 70.31 | 58.72

=\

A ~ ~ a a ° v Y ax 19
A1TWN 4.12 meﬂmﬂia‘ummeJﬁzﬁmmwmimuuﬂﬂizmmayamﬂnqmay‘a

J

Random Undersampling | Random Oversampling Inenfinusauil

gadoya
TPR | G* | F* | TPR | G* | F* | TPR | G* | F*

Haberman 38.27 | 58.35 | 49.21 | 65.36 | 78.29 | 75.48 | 66.67 | 70.53 | 56.14

Liver 6.21 | 24.60 | 11.32 | 11.45 | 40.43 | 27.66 | 74.42 | 69.55 | 66.67

Pima 54.85 | 70.65 | 63.91 | 52.99 | 68.99 | 61.61 | 81.25 | 75.77 | 68.78

Page-Blocks | 50.00 | 70.71 | 66.67 | 94.75 | 97.23 | 97.14 100 | 97.72 | 72.73

Vehiclel 18.43 | 42.73 | 30.42 | 10.14 | 31.72 | 18.03 | 86.15 | 82.41 | 69.57

Vehicle3 849 | 2898 | 1549 | 5.66 | 23.72 | 10.53 | 92.19 | 87.28 | 75.64

German 4933 | 65.86 | 55.74 | 5591 | 70.43 | 61.73 | 71.11 | 70.31 | 58.72
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A15199 4.13 LAAIAUNAGVOIADZNIATIAVDIYAT DY AT

Euclidean CityBlock Mahalanobis

WNIIA
Linear | Poly RBF | Linear | Poly RBF | Linear | Poly RBF

TP Rate 81.68 | 65.21 | 50.55 | 77.04 | 66.33 | 50.76 | 74.05 | 61.22 | 57.51

G* 79.08 | 71.71 | 62.90 | 76.94 | 72.69 | 61.68 | 73.86 | 68.59 | 67.54

F* 66.89 | 60.27 | 52.96 | 64.57 | 62.48 | 52.83 | 63.20 | 58.58 | 56.29

Accuracy 78.19 | 75.08 | 76.39 | 77.57 | 76.29 | 76.99 | 74.33 | 72.43 | 76.73

TN Rate 76.68 | 79.26 | 85.77 | 77.73 | 80.19 | 86.22 | 74.34 | 77.39 | 84.80

{ 1o o Y ! 9
mﬂﬁﬁNﬁ 4.13 TP Rate ﬁ@ ﬂ’J’lil!lﬂJufJ’]Gl,Uﬂ’lﬁFﬂ']LLuﬂﬂiglﬂﬂmall”aﬁquuaﬂ, TN

1 o o Y 1 ' ) o
Rate ﬁ’ammgmumslumimuuﬂﬂizmwmmgamumﬂ, F* ﬁammgmuﬂﬂumimuuﬂ

ﬂi%mﬂ%’i)yﬁiﬂﬂi’)u
TP Rate

100 \j7 > N
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0

Haberman Liver Pima Page-Blocks  Vehiclel Vehicle3 German
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7UN 4.4 ugaamsnlFeuney TP Rate
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—o— NIRRT = A - Piyanoot
31071 4.5 naasmnlSouiion G+
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function [Xtr, Xts, ytr, yts] = imbalanced( X, y, MulVal)
close all;

clc;

%% WIMILUIVOYA train 70% test 30%

[ Xtr, Xts, ytr, yts ] = TrainTestSplit( X, y, 0.7);

%% Mmsswunilszinndoyadeds Tauuuan
DistMethod = ['euclidean'];

overlap( Xtr, Xts, ytr, yts, DistMethod, 1);
DistMethod = [cityblock];

overlap( Xtr, Xts, ytr, yts, DistMethod, 1);
DistMethod = ['mahalanobis'];

overlap( Xtr, Xts, ytr, yts, DistMethod, 1);

end

function [ Xtr, Xts, ytr, yts ] = TrainTestSplit( X, y, TrainPercen)
%% ﬁmuﬂﬂmm‘ﬂmma

Class = unique(y);

yClassA = stremp(y,Class(1));

yClassB = stremp(y,Class(2));

disp(['Instances == ',num2str(size(X,1))]);

disp(['NumClass == ',num2str(size(Class,1))]);

disp(['Class : ',char(Class(1)),' have ',num2str(sum(yClassA))]);
disp(['Class : ',char(Class(2)),' have ',num2str(sum(yClassB))]);
XcA = X(yClassA,:);

XcB = X(yClassB,:);

ycA = y(yClassA);

ycB = y(yClassB);
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%% 11LNToYA train 1A test YOIARIAT 1
indA = randperm(length(ycA));

splA = round(length(ycA)*TrainPercen);
lenA = length(ycA);

XtrA = XcA(indA(1:splA), :);

XtsA = XcA(indA(splA+1:lenA), :);

ytrA = ycA(indA(1:splA));

ytsA = ycA(indA(splA+1:lenA));

%% L!‘].i\“l"lallﬂialja train LiQg test Glla\iﬂa'lﬁﬁ 2
indB = randperm(length(ycB));

spIB = round(length(ycB)*TrainPercen);
lenB = length(ycB);

XtrB = XcB(indB(1:spIB), :);

XtsB = XcB(indB(splB+1:1enB), :);

ytrB = ycB(indB(1:spIB));

ytsB = ycB(indB(splB+1:lenB));

%% sdeyaniaesnaailugadoya Train 1az Test
Xtr = [XtrA; XtrB];

Xts = [XtsA; XtsB];

ytr = [ytrA; ytrB];

yts = [ytsA; ytsB];

disp(['Train : ',num2str(size(Xtr,1)),' ',char(Class(1)),":',num2str(size(XtrA,1))," |
' char(Class(2)),":',num2str(size(XtrB,1))]);

disp(['Test : ',num2str(size(Xts,1))," ',char(Class(1)),':',num2str(size(XtsA,1))," |
' char(Class(2)),":',num2str(size(XtsB,1))]);

end
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function [ ] = overlapV1( Xtr, Xts, ytr, yts, DistMethod, MulVal)
disp(['Distance Method ==',DistMethod]);

disp(['MulVal ==", num2str(MulVal)]);

%% sruanma luilendu

Class = unique(ytr);

yClassA = stremp(ytr,Class(1));

yClassB = stremp(ytr,Class(2));

yClassAts = stremp(yts,Class(1));

yClassBts = stremp(yts,Class(2));

%% fMuAYoya Train
XcA = Xtr(yClassA,:);
XcB = Xtr(yClassB,:);
ycA = ytr(yClassA);

yeB = ytr(yClassB);

%% fMuAYoya Test

XcAts = Xts(yClassAts,:);

XcBts = Xts(yClassBts,:);

ycAts = yts(yClassAts);

ycBts = yts(yClassBts);

%% surudoyaiideuivuasdoyai lideuivuudoya Train
%% Muaumssounulunaid B

pointXtrA = mean(XcA);

calDistA = quantile(sort(pdist2(XcA,pointXtrA,DistMethod)),0.75);
DistA = calDistA*MulVal,

DistBonA = pdist2(Xc¢B,pointXtrA,DistMethod);

indPureB = DistBonA > DistA;

XPureB = XcB(indPureB,:);
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yPureB = ycB(indPureB,:);
XOverB = XcB(~indPureB,:);

yOverB = ycB(~indPureB,:);

%% fuaumsdeuiulunata A

pointXtrB = mean(XcB);

calDistB = quantile(sort(pdist2(XcB,pointXtrB,DistMethod)),0.75);
DistB = calDistB*MulVal;

DistAonB = pdist2(XcA,pointXtrB,DistMethod);

indPureA = DistAonB > DistB;

XPureA = XcA(indPureA,:);

yPureA = ycA(indPureA,:);

XOverA = XcA(~indPureA,:);

yOverA = ycA(~indPureA,:);

9 Y] [}

v 4
%% Yoyangounuiuuaz lideuiunuuesiaeinaidvosdoya Train

Ll

XPureTr = [XPureA; XPureB];
XOverTr = [XOverA; XOverB];
yPureTr = [yPureA; yPureB];
yOverTr = [yOverA; yOverB];

o Y Ay o Y Ay vy o )
%% mmumauawmau%uuazmay‘aﬂu%auﬂuuumayja Test

%% Murumssounulunaid B

DistBonAts = pdist2(XcBts,pointXtrA,DistMethod);
indPureBts = DistBonAts > DistA;

XPureBts = XcBts(indPureBts,:);

yPureBts = ycBts(indPureBts,:);

XOverBts = XcBts(~indPureBts,:);

yOverBts = ycBts(~indPureBts,:);
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%% ﬁmaumicff’é]uﬁﬂuﬂmﬁ A

DistAonBts = pdist2(XcAts,pointXtrB,DistMethod);
indPureAts = DistAonBts > DistB;

XPureAts = XcAts(indPureAts,:);

yPureAts = ycAts(indPureAts,:);

XOverAts = XcAts(~indPureAts,:);

yOverAts = ycAts(~indPureAts,:);

%% %’ayjaﬁ%’auﬁuﬁuuaﬂaj%uﬁuﬁumm‘ﬁqamﬂmmm%ya Test
XPureTs = [XPureAts; XPureBts];

XOverTs = [XOverAts; XOverBts];

yPureTs = [yPureAts; yPureBts];

yOverTs = [yOverAts; yOverBts];

%% ﬁ'lﬂ']iﬁ%ﬁ\‘]ju!ﬂﬁLLﬁ&!ﬁﬂQWﬁﬁW‘g

nCa = sum(yClassA);

nCb = sum(yClassB);

if (nCa < nCb) choseC = 1; else choseC = 2; end;

printResult( XPureTr, XOverTr, yPureTr, yOverTr, XPureTs, XOverTs, yPureTs, yOverTs,
choseC );

end




79

2q 9 Y

%% andunldadralunauazuaainadng
function [] = printResult( XPure, XOver, yPure, yOver, XPurel, XOverl, yPurel, yOverl,
choseC )

mi = statset('"MaxIter',500000);

%% ﬁ%’wiuma?ﬁa SVM Linear Kernel

disp (‘H########HHH Linear #HHHHHHHHHHT'),

disp (' Over ";

%% ﬁ%ﬁﬂumaﬁ’w%’auﬁaﬁ%’auﬁuﬁu

cl = svmtrain(XOver,yOver,' Kernel Function', 'linear','option',mi);
predict = svmclassify(cl,XOver);

predict = svmclassify(cl,XOverl);

cfimts = confusionmat(yOverl,predict);

tmp1 = cfmts;

tst = cfmts(1,1)+cfmts(2,2);

tsf = cfmts(1,2)+cfmts(2,1);

accts = tst/(tst+tsf);

disp ('Test Metric');

disp ([num2str(cfmts)]);

disp (['Test accuracy = ',num2str(tst),’ or ',num2str(round(accts*10000)/100),'%');
disp (['TP Rate Class 1 ="', num2str(cfmts(1,1)), or

' num2str(round((cfmts(1,1)/(cfmts(1,1)+cfmts(1,2)))*10000)/100),'%']);
disp (['TP Rate Class 2 = ',num2str(cfmts(2,2)), or

' num2str(round((cfmts(2,2)/(cfmts(2,1)+cfmts(2,2)))*10000)/100),'%']);
disp ('");

%% a5 19 Tuaadedeyan ludeuiuiu

disp (' Pure ;
if (Iength(unique(yPure))>1 && ~isempty(yPurel))

cl = svmtrain(XPure,yPure,'Kernel Function', 'linear','option',mm);
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predict = svmclassify(cl,XPure);
predict = svmeclassify(cl,XPurel);
if (Iength(unique(yPurel))>1)
cfimts = confusionmat(yPurel,predict);
tmpl = tmp1 + cfmts;
tst = cfimts(1,1)+cfmts(2,2);
tsf = cfmts(1,2)+cfmts(2,1);
accts = tst/(tst+tsf);
disp ('Test Metric");
disp ([num2str(cfmts)]);
disp (['Test accuracy = ',num2str(tst)," or ',num2str(round(accts*10000)/100),'%']);
disp (' );
disp ('$$$$$ Summary $$$$$");
disp ([num2str(tmp1)]);
if (choseC == 1)
disp (['TP Rate Class 1 =", num2str(tmp1(1,1))," or
" num2str(round((tmp1(1,1)/(tmp1(1,1)+tmp1(1,2)))*10000)/100),'%']);
else
disp (['TP Rate Class 2 ="' ,num2str(tmp1(2,2)),' or
', num2str(round((tmp1(2,2)/(tmp1(2,1)+tmp1(2,2)))*10000)/100),'%']);
end
Measure(tmp1,choseC);
disp ('");
else
accts = sum(stremp(yPurel,predict))/length(yPurel);
disp (['Test accuracy = ',num2str(tst),’ or ',num2str(round(accts*10000)/100),'%']);
end
else
if isempty(yPurel)

disp('Null Pure test');
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else

[

disp(['Acc Class',unique(yPure),' = ',[num2str(sum(strcmp(unique(yPure),yPurel))),’ from
', num2str(length(yPurel))]]);
end

Measure(tmp1,choseC);

end

%% 514 111AARY SVM Polynimial Kernel

disp (H#HHHHHHHH#H# Polynomial #HHHHHHHHHHIHH]),

v o

Y Y 9 A
%% ﬁﬂﬂumamﬂmamw%uwmu

U

disp (' Over ";

cl = svmtrain(XOver,yOver,' Kernel Function', 'polynomial','option’,mm);
predict = svmclassify(cl,XOver);

predict = svmeclassify(cl,XOverl);

cfmts = confusionmat(yOverl,predict);

tmp1 = cfmts;

tst = cfmts(1,1)+cfmts(2,2);

tsf = cfmts(1,2)+cfmts(2,1);

accts = tst/(tst+tsf);

disp ('Test Metric');

disp ([num2str(cfmts)]);

disp (['Test accuracy = ',num2str(tst)," or ',num2str(round(accts*10000)/100),'%']);
disp (['TP Rate Class 1 = ',num2str(cfmts(1,1))," or

' num2str(round((cfmts(1,1)/(cfmts(1,1)+cfmts(1,2)))*10000)/100),'%']);
disp (['TP Rate Class 2 = ',num2str(cfmts(2,2)), or

' num2str(round((cfmts(2,2)/(cfmts(2,1)+cfmts(2,2)))*10000)/100),'%']);

disp ("");
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%% a5 Tuaadedeyan ludeuiuny

disp (' Pure ");

if (Iength(unique(yPure))>1 && ~isempty(yPurel))
cl = svmtrain(XPure,yPure,'Kernel Function', 'polynomial','option’,mm);
predict = svmclassify(cl,XPure);
predict = svmclassify(cl,XPurel);
if (Iength(unique(yPure1))>1)
cfmts = confusionmat(yPurel,predict);
tmpl = tmp1 + cfmts;
tst = cfmts(1,1)+cfmts(2,2);
tsf = cfmts(1,2)+cfmts(2,1);
accts = tst/(tst+tsf);
disp ('Test Metric");
disp ([num2str(cfmts)]);
disp (['Test accuracy = ',num2str(tst),’ or ', num2str(round(accts*10000)/100),'%');
disp ('");
disp ('$$$$$ Summary $$$$$");
disp ([num2str(tmp1)]);
if (choseC == 1)
disp (['TP Rate Class 1 =" ,num2str(tmp1(1,1))," or
", num2str(round((tmp1(1,1)/(tmp1(1,1)+tmp1(1,2)))*10000)/100),'%']);
else
disp (['TP Rate Class 2 = ',num2str(tmp1(2,2))," or
", num2str(round((tmp1(2,2)/(tmp1(2,1)+tmp1(2,2)))*10000)/100),'%']);
end
Measure(tmp1,choseC);
disp ('");
else
accts = sum(stremp(yPurel,predict))/length(yPurel);

disp (['Test accuracy = ',num2str(tst),’ or ',num2str(round(accts*10000)/100),'%']);
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end
else
if isempty(yPurel)
disp('Null Pure test');
else
disp(['Acc Class',unique(yPure),' = ',[num2str(sum(strcmp(unique(yPure),yPure1))),' from
',num2str(length(yPure1))]]);
end
Measure(tmp1,choseC);

End

%% o %’thaéfaﬂ SVM Radial Basis Function Kernel
disp (H#HHHHHHHHHH RBE S,

v W

%% a319 Tuaadredouandoun Uy

QU

disp (' Over ;

cl = svmtrain(XOver,yOver,'Kernel Function', 'rbf');

predict = svmclassify(cl,XOver);

predict = svmeclassify(cl,XOverl);

cfmts = confusionmat(yOverl,predict);

tmp1 = cfmts;

tst = cfmts(1,1)+cfmts(2,2);

tsf = cfmts(1,2)+cfimts(2,1);

accts = tst/(tst+tsf);

disp ('Test Metric');

disp ([num2str(cfmts)]);

disp (['Test accuracy = ',num2str(tst), or ',num2str(round(accts*10000)/100),'%']);
disp (['TP Rate Class 1 ="',num2str(cfmts(1,1)), or

' num2str(round((cfmts(1,1)/(cfmts(1,1)+cfmts(1,2)))*10000)/100),'%']);

disp (['TP Rate Class 2 ="', num2str(cfmts(2,2))," or
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' num2str(round((cfmts(2,2)/(cfmts(2,1)+cfmts(2,2)))*10000)/100),'%'1);

disp ("");

%% a5 19 Tuaadedeyan ludeuiuiu

disp (' Pure ";

if (Iength(unique(yPure))>1 && ~isempty(yPurel))
cl = svmtrain(XPure,yPure,'Kernel Function', 'rbf');
predict = svmclassify(cl,XPure);
predict = svmclassify(cl,XPurel);
if (Iength(unique(yPure1))>1)
cfmmts = confusionmat(yPurel,predict);
tmpl = tmp1 + cfmts;
tst = cfmts(1,1)+cfmts(2,2);
tsf = cfmts(1,2)+cfmts(2,1);
accts = tst/(tst+tsf);
disp ('Test Metric');

disp ([num2str(cfmts)]);

disp (['Test accuracy = ',num2str(tst),' or ',num2str(round(accts*10000)/100),'%');

disp (')
disp ('$$$$$ Summary $$$$3");
disp ([num2str(tmp1)]);
if (choseC == 1)
disp (['TP Rate Class 1 = ',num2str(tmp1(1,1))," or
", num2str(round((tmp1(1,1)/(tmp1(1,1)+tmp1(1,2)))*10000)/100),'%']);
else
disp (['TP Rate Class 2 = ',num2str(tmp1(2,2))," or
", num2str(round((tmp1(2,2)/(tmp1(2,1)+tmp1(2,2)))*10000)/100),'%']);
end
Measure(tmp1,choseC);

disp ("");
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else
accts = sum(strcmp(yPurel,predict))/length(yPurel);
disp (['Test accuracy = ',num2str(tst), or ',num2str(round(accts*10000)/100),'%']);
end
else
if isempty(yPurel)
disp('Null Pure test');
else
disp(['Acc Class',unique(yPure),' = ',[num2str(sum(strcmp(unique(yPure),yPure1))),' from
', num2str(length(yPurel))]]);
end
Measure(tmp1,choseC);
end

end
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Data Mining in Semantic Web Data

K. Chomboon, N. Kaoungku, K. Kerdprasop, and N. Kerdprasop

Abstract—This research aims at studying the data mining
role in semantic web data. Semantic web is popular in a variety
of different applications, but research in data mining in
semantic web data, appears less. As open source software for
data mining in semantic web open source is minimal, and data
model of the semantic web requires RDF or OWL format.
These specific formats cannot be used directly in most data
mining tools. We thus propose a methodology to mine data that
appear in an RDF format. The mining process has been
demonstrated through the use of R packages.

Index Terms—Data mining, semantic web, R language.

I. INTRODUCTION

Current data is not stored on a single computer, because
the current is the era of information technology and social
media, data can be stored in many computers on the internet,
is difficult for them to access data quickly and easily. The
researchers presented the technology to help manage these
data called semantic web. The data in the format or the same
specification as RDF/XML, N3, Turtle, N-Triples and OWL.

Semantic web [1], [2] has been used in various fields such
as Information Systems, Search Engine etc. Large data
technology to handle with this is data mining, because the
large data analyzed find patterns or relationships of data is an
advantage of data mining. Research in the field of data
mining in semantic web data is not yet widely, since there is a
management tool for data mining of semantic web is less, and
data from the semantic web is stored in a format that cannot
be used directly in data mining. The research in data mining
has appeared very little.

Research in the field of data mining in semantic web data
applied to various algorithms of data mining, such as data
classification, association rule mining etc. Most research
using the licensed software such as Microsoft Data Mining
Extension (DMX) which is Microsoft SQL Server.

From the above it can be seen that the present data are not
stored on a single computer always, is difficult to put that
information in the internet is analyzed find patterns or
relationships with the data mining. This research has
proposed methods for data mining in semantic web data.

II. BACKGROUND

A. Semantic Web
Semantic web, have been developed since the storage is
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work was supported in part by grant from Suranaree University of
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only human to understand the meaning, but the machine
cannot understand it, because data without structure.
Semantic web has been developed to provide useful data on
the Internet that can be analyzed and applied to various tasks.
The language used for defining the data structure is RDF
[3]-[5] (Resource Description Framework). Which is written
in the form of sentences consists of the subject, predicate and
objects show in Fig. 1.

Fig. 1. RDF triples.

The standardization for semantic web in the context of web
3.0 shows in Fig. 2.

User interface and applications j
’ Trust j
’ Proof ‘
{ Unifying logic ‘
\ \4 ‘ Ontologies: Rules:
Querying: OwL RIF/SSWRL 8
SPARQL °
[ Taxonomies: RDFS ‘ @
- £
V' =3
{ Data interchange: RDF ‘
i Syntax: XML I
’ Identifiers: URI ’ ’Charaderset: UNICODE‘

Fig. 2. Standard of semantic web in the context of web 3.0.

The components of semantic web are as follows:

e XML stands for Extensible Markup Language: XML is a
markup language much like HTML, but XML was
designed to transport and store data, not to display data.
XML provides an elemental syntax for content structure
within documents.

e XML Schema: XML Schema is a language for providing
and restricting the structure and content of elements
contained within XML documents.

o RDF stands for Resource Description Framework: RDF
is a language for expressing data models. RDF was
designed to provide a common way to describe
information so it can be read and understood by
computer applications.

e RDF Schema: RDF Schema extends RDF and is a
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vocabulary for describing properties and classes of

RDF-based resources.
¢ OWL stands for Web Ontology Language: OWL was
designed to provide a common way to process the

content of web information. OWL and RDF are much of

the same thing, but OWL is a stronger language with
greater machine interpretability than RDF. OWL comes
with a larger vocabulary and stronger syntax than RDF.

o SPARQL: SPARQL is a protocol and query language for

semantic web data sources.

B. XML
XML stands for Extensible Markup Language. XML was

designed to carry data, not to display data. Tags are not

predefined. The components of XML are as follows:
1) Tree structure
XML documents must contain a root element. This

element is "the parent” of all other elements. All elements can
have sub elements. The example shows as Fig. 3.

<root>
<child>
<subchild>....... </subchild>
</child>
</root>
Fig. 3. Show tree structure of XML documents.

2) Syntax
The syntax rules of XML are very simple are shows as
follows:
o All XML elements must have a closing tag:
<p> This is a paragraph </p>
o XML tags are case sensitive:
<Note>This is incorrect<note>
<note>This is correct<note>
o XML elements must be properly nested:
<b><i>This text is bold and italic</b></i>
o XML documents must have a root element:
<book>
<title>XML Manual</title>
<price>25.00</price
</book>
The root element is <book>.
o XML attribute values must be quoted:
<book category="MANUAL">
<title>XML Manual</title>
<price>25.00</price
</book>
o White-space is Preserved in XML:
Input = Hello World
HTML output: Hello World
With XML, the white-space in a document is not
truncated.
o Entity References.
There are 5 predefined entity references in XML.
&lt; <less than
&gt; >greater than
&amp; &ampersand
&apos; "apostrophe
&quot;" quotation mark
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3) Elements

An XML document contains XML elements. An XML
element is everything from (including) the element's start tag
to (including) the element's end tag. Example shows as Fig. 4.

<bookstore>

<book category="CHILDREN">
<title>Harry Potter</title>
<author>J K. Rowling</author>
<year>2005</year>
<price>29.99</price>

</book>

<book category="WEB">
<title>Learning XML</title>
<author>Erik T. Ray</author>
<year>2003</year>
<price>39.95</price>

</book>

</bookstore>
Fig. 4. Show elements of XML documents.

In the Fig. 4. <bookstore> and <book> have element
contents, because they contain other elements. <book> also
has an attribute (category="CHILDREN"). <title>, <author>,
<year>, and <price> have text content because they contain
text.

XML elements must follow these naming rules:

e Names can contain letters, numbers, and other

characters.

e Names cannot start with a number or punctuation
character.

o Names cannot start with the letters xml (or XML, or Xml,
etc).

e Names cannot contain spaces.

4) Namespace

XML Namespaces provide a method to avoid element
name conflicts. Example show as follows:
e This XML carries book properties:
<book>
<weight>150</weight>
<length>29.7</length>
<width>21</width>

</book>

This XML carries book information:

<book>
<title>Harry Potter</title>
<author>J K. Rowling</author>
<year>2005</year>
<price>29.99</price>
</book>
If these XML fragments were added together, there would
be a name conflict. Both contain a <book> element, but the
elements have different content and meaning. An XML
parser will not know how to handle these differences. Name
conflicts in XML can easily be avoided using a name prefix
show as follows:

<p:book>

<p:weight>150</p:weight>

<p:length>29.7</p:length>

<p:width>21</p:width>
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</p:book>

<i:book>

< iititle>Harry Potter</ i:title>

< i:author>J K. Rowling</ i:author>

< iiyear>2005</ i:year>

< i:price>29.99</ i:price>

</ i:book>

There will be no conflict because the two <book> elements
have different names. When using prefixes in XML, a
so-called namespace for the prefix must be defined. The
namespace is defined by the xmlns attribute in the start tag of
an element show as follows:

<root>

<p:book xmlns:p="http://www .ex.com/properties">

<p:weight>150</p:weight>

<p:length>29.7</p:length>

<p:width>21</p:width>

</p:book>

<i:book xmlns:i="http://www.ex.com/information">

< ittitle>Harry Potter</ i:title>

< i:author>J K. Rowling</ i:author>

< iiyear>2005</ i:year>

< i:price>29.99</ i:price>

</ i:book>

</root>

C. SPARQL Language

SPARQL [6] is a query language for the semantic web,
which is format in RDF / XML or OWL. SPARQL language
to access data through a Triple (Basic Graph Pattern) consists
subject predicate and object. The main structure consists of a
"SELECT" to define a variable to store the results of the
query and "WHERE" as a condition for the query. Table I
show example data and query with SPARQL language.

TABLE I: EXAMPLE DATA AND QUERY WITH SPARQL LANGUAGE

Data Query
@prefix foaf: PREFIX foaf:
<http://xmins.com/foaf/0.1/> . <http://xmins.com/foaf/0.1/>
_:a foaf:nameb "Alice" . SELECT ?name
_a foaf:mbox WHERE {
<mailto:Alice@example.com> . 7x foaf:name name .
_:b foaf:name "Bob". )
_:b foaf:mbox <mailto:

Bob@example.org> .
_:c foaf:name "Peter".

Table I shows example data and query with sparql
language are as follows:
o PREFIX is defines a resource that is defined in the head.
o SELECT is set the variable to store the results of query,
by define variable need the “?” before variable name.
o WHERE is the conditions used for the query (e.g. ?x
foaf:name ?name etc.)

D. R Language

R language [7], [8] is a functional and object-oriented
language that was developed to replace the S language for
statistical, developed in 1995 from the Department of
Statistics, University of Auckland, New Zealand. R language
has been applied to various fields, the data mining applied R
language in the research, Because of strength of the R
language for data mining is to analyze large data and
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open-source software. In this research study the data mining
in semantic web data. The command in R language for data
mining in semantic web data as follows.

Rrdf is a package on R language, handling triples on
ontology within “RDF/XML” format. Now we use rrdf
package to transformation data on “RDF/XML” to data frame
format on R. Then we easily to use data on data frame format
to mining.

o Joad.rdf(filename, format = "RDF/XML") is command
to load data from file format RDF / XML.

e spargl.rdf(model, spargl) is command to query data with
SPARQL language.

III. METHODOLOGY

In this section we present the process of data mining on
semantic web dataset. We use R language for implementing
our method. The overview our techniques show as Fig. 5.

Step I: use library rrdf on R language to import dataset
from RDF file as data frame

Step 2: use data on R language to classification.

Step 3: use model to predict data

D

SPARQL
y

Data in R language

Classification

Prediction with Data

Fig. 5. The overview of techniques to mining dataset.

IV. EXPERIMENT RESULT

This research experimentation used Iris dataset from UCI
Machine Learning Repository. Iris dataset has 5 attributes
and 150 data instances.

Step 1: use library rrdf on R language to import iris dataset
from RDF file as data frame. We can use this command to
load data from RDF file.

“RdfData <- load.rdf("iris.rdf”)".

Then convert data to data frame can use this command.
“Data <- data.frame(sparql.rdf(RdfData,

“PREFIX ir: <http://127.0.0. 1/iris#>

SELECT ?SepalLength ?SepalWidth

?PetalLength ?PetalWidth

?Species { ?x ir:SepalLength ?SepalLength.

?x ir:SepalWidth ?Sepal Width.

?x ir:PetalLength ?PetalLength.

?x ir:Petal Width ?Petal Width.

?x ir:Species ?Species.}))”
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Convert iris data to data frame on R language (show in Fig.
6).

Consuie 5 8
> Data <- data.frame(sparql.rcf (RdfData,"PREFIX ir: <http://127.0.0.1/irisés SELECT 7
SepalLength “Sepalwidtn 2Petaliength ZPetalwi ir:Sepallencth 7

¥ pecies
risepalwicth ?sepalwidth. 2x ir:petalLengel

sepalLength, " PetaiLenceh. 7x
Ariretalwidth width. ?x ‘rispecies 2spectes. 1))
Dara

sepallength sepalwicth Peraliength Peraluddrh  Species
% 6.1 2.6 5.6 1.4 virginica
2 5.1 25 30 1.1 versicolor
3 5.8 3. 15 0.2 setosa
4 7.9 3.8 5.4 2.0 virginica
5 6.7 N a7 1.5 versicolor
e s.e W s 0.4 cetosa
7 7.3 29 (¥} 1.8 wirginica
] 4.5 2.3 1.3 0.3 setoss
9 6.9 3.2 5.7 2.3 virginica
10 4.9 2.6 14 0.1 etosa
1 6.0 2.7 5.1 1.6 versicolor
12 6.7 1.0 5.0 1.7 versicolar
1 5.0 iy 1.3 0.3 setoss
1 4.6 3.0 1.3 0.2 setosa
15 5.0 2.2 2.0 1.0 versicolor

Step 2: then use data on R language to classification. First
we can generate model form data with this command.

“model <- ctree(Species ~ ., data = Data)", use column
Species to decision show in Fig. 7.

Comola /-
> mode] < crree(species ~ ., data - pata)
» mode?

¥

conditional inference tree with 3 terming] nodes

mesponse:  species
inputs:  Sepalienqth, sepalildrh, peraliength, peralwicrh
Nusber of coservations: 148

1) petaliength — 1.0, 1.1, 1.2, 1.3, 1.4, 1.5 b eriterion - 1, statistic
266. 364

2+ wetghts
1) peralengr
o3 4

3, 4.4, 45, 4.6,
: 61, 8.3, 8.4, 6.5,
&.7, 6.51

3) petalwidth — {1.0, 1.1, 1.2, 1.3, 1.4, 1.5, 1.6, 1.7} criterion = 1, statfstic =
0,388

O* weights = 5
3) PeTalwidth — (1.8, 1.9, 2.0, 2.1, 2.2, 2.3, 2.4, 2.5}
9" weights - a5

Fig. 7. Generate model from data use Species to decision.

Step 3: we use model to predict data and view the result of
model with this command “table (predict(model, data = Data,
Datal.5])”, show in Fig. 8.

Console - /i/
> table(predict(model,data = pata), pata[,5])

setosa versicolor virginica

setosa 48 0 0
versicolor 0 49 5
virginica 0 5 | 45

Fig. 8. Result of the model.

V. CONCLUSION

This research aims to study how to use dataset from
semantic web in format RDF/XML and apply to mining with
R language. Because R language is open source program, we
can use library is already in R and easy to create function for
mining data. We can use semantic web dataset or open linked
dataset to improve performance of data mining.
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Abstract

This research aims at studying the performance of
k-nearest neighbor classification when applying different
distance measurements. In this work, we comparatively
study 11 distance metrics including Euclidean,
Mahalanobis, City block,

Minkowski, Chebychev, Cosine, Correlation, Hamming,

Standardized  Euclidean,

Jaccard, and Spearman. A series of experimentations has
been performed on eight synthetic datasets with various
kinds of distribution. The distance computations that
provide highly accurate prediction consist of City block,
Chebychev, Euclidean, Mahalanobis, Minkowski, and
Standardize Euclidean techniques.

Keywords: Data Classification, Synthetic Data, Distance
Metrics, k-Nearest Neighbors.

1. Introduction

Data mining is the extraction of knowledge hidden in
the data. Data mining is often done with the large datasets.
The knowledge from data mining has been used in various
fields, such as prediction over future situation, assisting in
medical diagnosis, forecasting relation of chronology.

Current data mining methodology has been classified
into several tasks, such as classification, clustering, and
association mining. Data mining each for task will have a
different purpose. Classification task will be trying to
classify data with high accuracy for classifying future
example, such as trying to distinguish between patients with
heart disease and those who are healthy. Clustering task
will try to categorize groups of data such that data in the
same group look similar, whereas they are dissimilar to
others in different groups. Association mining task will try

DOI: 10.12792/iciae2015.051

280

to find rules that represent relation between data with some
support and confident values.

Classification task of data mining can be done with
many algorithms such as k-nearest neighbor. Beyer"
explained the significance and origin of the nearest
neighbor. Cover'? used k-nearest neighbor to classify data.
Dudani® did research about weighting of distance matrix
values with k-nearest neighbor. Fukunaga® developed
techniques for running k-nearest neighbor faster. Keller®
K-Nearest
Neighbor™ based on k-nearest neighbor with the purpose to

developed mnew algorithm named “Fuzzy

use it with fuzzy task. Kohn® used city-block distance
matric to increase performance of k-nearest neighbor
algorithm.

This research also studies classification technique with
a specific interest in the k-nearest algorithm. We aim to
analyze the performance of different distance metrics to
finally choose a proper metric that makes a good
classification performance. In this research use 8 synthetic
datasets with different distribution, and a dataset for each
distribution has 2 classes but has different amount of data in
each class. This is to test the impact about amount in each
class on the performance of classification.

The rest of this research is organized as follows:
Section 2 gives details of the k-Nearest Neighbor and the
computation of each distance metric. Section 3 gives details
of our proposed method. The experimental results and
analysis will be presented in Section 4. Finally, the research
is concluded in Section 5.

© 2015 The Institute of Industrial Applications Engineers, Japan.




93

2. Background

2.1  k-Nearest Neighbor

The k-nearest neighbor is a semi-supervised learning
algorithm such that it requires training data and a
predefined k value to find the k nearest data based on
distance computation. If k data have different classes, the
algorithm predicts class of the unknown data to be the same
as the majority class. For example, to find the appropriate
class of new datum using the k-nearest neighbor algorithm
with a Euclidean distance metric, the concept can be shown

in Fig. 1.

Fig. 1 shows the classification of iris data. The point to
be classified is (5, 1.45), which is shown with “X”, When
applying k-nearest neighbor algorithm with k = 8 using
Euclidean distance computation, the result is shown with a
radius of dot line. It has two possible classes: virginica class
with two instances and versicolor class with six instances.
This algorithm will classify mark “X” to the class of
versicolor because versicolor class is the majority of data
within the radius.

2.2 Distance Metrics

Distance metrics are a method to find distance between
a new data point and existing training dataset. In this
research, we experiment with 11 distance metrics, which
can be explained as follows.

2r L .
19r * % +
18- &+ s E
17 .
150 i
e o ::rt:i&s:zlnr
13 o +  virginica
12} L
W
l 5 é"o 5‘5
Fig. 1. The k-nearest neighbor prediction with k = 8.

Given an mx-by-n data matrix X, which is treated
as mx (1-by-n) row vectors Xi, Xa, ..., Xy, and my-by-n data
matrix Y,  which is  treated  asmy(l-by-n)  row
vectors yi, y2.....ymy, the various distances between the
vectors x, and y; are defined as follows:

1. Euclidean Distance

The Euclidean distance is a measure to find

distance between two points, defined by Eq. (1)

dZ = (% =y (s — yo)' 1)

The Euclidean distance is a special case of the

Minkowski metric, where p = 2.

2. Standardized Euclidean Distance

The standardized Euclidean distance is used to
optimize the problem of finding the distance, defined
by Eq. (2)

2 — -1 /
dge = (s =y )V (xs — ¥e) 2
where Vis the n-by-n diagonal matrix whose jth
diagonal element is S(j)°, S is the vector containing the
inverse weights.
3. Mahalanobis Distance

The Mahalanobis distance is a measure between a

point and a distribution of data, defined by Eq. (3)
d% = (s = y)C ot = yr)’ (3)
where C is the covariance matrix.
4. City Block Distance
The city block distance between two points is the

sum of the absolute difference of Cartesian coordinates,
defined by Eq. (4)

n
dy = Z‘ij = yt,'| 4)
=1

The city block distance is a special case of the

Minkowski metric, where p = 1.
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5. Minkowski Distance
The Minkowski distance is a method to find
distance based on Euclidean space, defined by Eq. (5)

For the special case of Minkowski distance

p = 1, the Minkowski metric gives the city block
distance,

p = 2, the Minkowski metric gives the Euclidean
distance, and

p = @, the Minkowski metric gives the Chebychev
distance.
6. Chebychev Distance

The Chebychey distance is a measure to find
distance between two vectors or points with standard
coordinates, defined by Eq. (6)

dy = max;{|x;; =y} (6)

The Chebychev distance is a special case of the

Minkowski metric, where p = .
7. Cosine Distance
The Cosine distance is computed from one minus

the cosine of the included angle between points,
defined by Eq. (7)

xsy't
T (7)
/ (') (ey',)

8. Correlation Distance

de=(1-

Distance based on correlation is a measure of

statistical dependence between two vectors, defined by

Eq. (3)

A= (1 » (x=%) 0=’ > (8)
* Va2 65 V07007

where

= 1.
Xs = ;ijsj

Ve =;1L‘Zj3/tj

9. Hamming Distance
Hamming distance, which is the percentage of

coordinates that differ, can be defined by Eq. (9)

)

_ (#(ij * }’tj))
st — n
10. Jaccard Distance
Jaccard distance is computed from one minus the
Jaccard coefficient, which is the percentage of nonzero
coordinates that differ, defined by Eq. (10)

4y = (# [(XSI- xy,,-) n ((xs]- # O) U (y,, * O))]) (10)

#](xg; # 0) U (3 % 0)]

11. Spearman Distance
Spearman distance is computed from one minus the

sample  Spearman's ranked correlation  between
observations, defined by Eq. (11)
(s -R) -7
de=1- 11
SN o e Y e e A
Where

1y is the rank of x,; taken over xyj, xyj, ...xmx.j.

1 is the rank of v, taken over yyj, yoj, ...ymy,j.

ryand r,are the coordinate-wise rank vectors
of x; and y;,

1.6, 15 = (11, T2, oo o) and 1y = (rat, T2, oo Tin).

o 1 _ (n+1)
&= HZ, Tsj = 2
o A4 (n+1)
t nZ, tj 2

3. Empirical Study Methodology

In this section, we present our study framework using
k-nearest neighbor algorithm with various distance metrics.
The framework is shown in Fig. 2.
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Generated Data

Training set (70%)

Test set (30%)

A 4 A 4

k-Nearest Neighbor \

D

istance metrics

o Euclidean

o Standardized
Euclidean

o Mahalanobis

o City block

o Minkowski

o Chebychev

o Cosine

o Correlation

e Hamming

o Jaccard

e Spearman

/

Y

Evaluate Classification
Performance

Fig. 2. The framework of our empirical study.

From Fig. 2 the detail of each step can be explained as
follows:

Step 1:
distribution and different amount of data in each class. Then

Generate binary data set with different

split data around 70% for training set and 30% for test set,
which will be used for testing the performance of
classification.

Step 2: Use data from step 1 for data classification by
applying the k-nearest neighbor algorithm with various

283

distance metrics to compute the k-nearest data points for
making classification.

Step 3: Analyze the results and conclude about the
performance of classification using various distance
metrics.

4. Experimental Results

4.1 Datasets

For our experiment, the proposed framework has been
applied for classifying binary synthetic datasets. We
generate eight synthetic datasets, each dataset has four
different distributions, and each distribution has two of data
in which class the amount of data in each class is varied.
Each dataset has in total 5000 instances, and three features.
We use MATLAB program to generate synthetic datasets.
Details of the synthetic datasets are given in Table 1. Fig. 3
illustrates an overview of synthetic datasets.

Table 1. Details of synthetic datasets.

Dataset Mean SD Class 1 | Class2 | Total
] [000; [100; 2500 2500 | 5000
300] 010;
001]
2 [000; [100; 4750 250 5000
300] 010;
001]
3 [000: [0200; 2500 2500 | 5000
003] 0020;
001]
4 [000; [0200; 4750 250 | 5000
003] 0020;
001]
5 [000; [100; 2500 2500 | 5000
300] 0020;
0002]
6 [000; [100; 4750 250 | 5000
300] 00.20:
000.2]
7 [000; [1090; 2500 2500 | 5000
330] 0910:;
001]
8 [000; [1090; 4750 250 | 5000
330] 0910;
001]
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(a) Dataset 1 (b) Dataset 2 (c) Dataset 3 (d) Dataset 4

(e) Dataset 5 (f) Dataset 6 (g) Dataset 7 (h) Dataset 8
Fig. 3. Distribution of the eight synthetic datasets, each one has four kinds of distribution.

. algorithm (that is, k-Nearest Neighbor) and the same

4.2  Experimental Results ; " § s

parameter setting. The only varied factor is a distance

The results from the proposed study framework for measurement. It turns out that the Hamming and Jaccard
eight synthetic datasets have been shown in Figs. 4 and 5. distance metrics perform badly on 4 out of 8 datasets.

The data classification has been performed with the same

Accuracy Test Set 1-4

il
0.9 = N
ke o
0.8 ¥ R
: "
0.7 > 3
N
[
0.6 8
> K 4]
05 v N o
: ;s K
0.4 7 X K
A 14
03 7 X %
¥ X %
0.2 g X b
N [\ :‘:
0.1 ¥ % 0
b . o
0 . £ =2 |
Data 3
B cityblock Bchebychev  Hcorrelation  Hcosine B euclidean Bl hamming
Hjaccard B mahalanobis Elminkowski  Hseuclidean  Espearman

Fig. 4. Accuracy of synthetic datasets from no. 1 to no. 4.
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Accuracy Test Set 5-8

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

B cityblock Bchebychev  Bcorrelation

Hjaccard B mahalanobis B minkowski

A R G |

A G R |

Fig. 5. Accuracy of synthetic datasets from no. 5 to no. 8.

5. Conclusions

The results of this research showed accuracy of
k-nearest neighbor classification algorithm with different
distance metrics. Experiments had been performed on eight
synthetic datasets generated by MATLAB. The synthetic
datasets have four distributions and have been split 70% to
training set and 30% to test set. The results of classification
over datasets in which amount of data in each class is equal
showed that the Hamming and Jaceard techniques are low
accuracy, while the other distance computation techniques
have similar accuracy. The synthetic datasets in which
amount of data in each class is different such as dataset 2, 4,
6 and 8 showed that the Hamming and Jaccard techniques
are increasing in their classification accuracy. We can
conclude that Hamming and Jaccard techniques are affected
by the ratio of members in each class, while the other
techniques are not affected by such phenomenon. The
highest accuracy on classify data with k-Nearest Neighbor
is obtained from the six distance metrics, that are
City-block, ~ Chebychev,  Euclidean, = Mahalanobis,
Minkowski, and Standardized Euclidean techniques.
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Data 8
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