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A Sensitivity Analysis of Relief Algorithm

for Reducing the Dimensionality of Big Data

Kum, Ho Yeun

Department of Data Information

Graduate School of Korea Maritime and Ocean University

Abstract

Most of the real-world data mining applications are characterized by high
dimensional data, where not all of the features are important. High
dimensional data can contain a lot of irrelevant and noisy information that
may greatly degrade the performance of a data mining process. Feature
selection methods are the techniques that select a subset of relevant
feature for building robust learning models by removing most irrelevant and
redundant features from the data. Many feature selection methods have
been developed to reduce the dimensionality of big data. Among them, the
Relief algorithm is general and successful attribute estimator. The main idea
of Relief algorithm 1is to compute ranking scores for every feature
indicating how well this feature separates neighboring samples. In this
study, we do perform the sensitivity analysis to find the optimal number of
features and also suggest the two-stage method to design the optimal

feature subset.

KEY WORDS: Big data, Feature selection, Dimensionality, Relief algorithm
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% 3.1 Relief ¢8|

Relief ¢18]&¢ dA= 18 3.29F Zo] oA FE=(pseudo code)Z e

T ATh
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Forj=1top
W, (4,) =W, (4,)— (dif f(X[A,), HIA,]? + dif f (X[A,], MA;])*)/m
End.

End.
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HE(multi-class)E o3l ok 13 3.32 ReliefF &
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1. set all weight W{A]:=0.0;

2. for 1:= 1 to m do begin

3. randomly select an instance R;

4. find k nearest hits H;

5. for each class O class(R,) do

6. from class C find k nearest misses Mj((]);

7. for A:=1 to a do

8. wWlA] ZdszARH )/ (m s &)+

: « k);

9 c#%;s(m[l Pclass EdszARM( NI/ (m k)
End.
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3.2.1 Iris dlo|H

Iris Hlo]E & 7]& Relief ¢118]& 3 ReliefF €S0 2 Adste] v 3|
Bk} Irisss 19 349 o] & (Petal), 3 (Sepal)e] Zole} HH|ZE o] F
oA Qom, 7% 359 o] Versicolor, Virginica, Setosa A 7}A T/ &
Zo tigk 15071¢] dlo]E ot}
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3 3.2« Iris HolHE L3t YEhA Aot

¥ 3.2 Iris Hlo]E

Sepal. Sepal. Petal. Petal. _
No. , , Species
Length Width Length Width
1 5.1 3.5 14 0.2 setosa
2 4.9 3.0 14 0.2 setosa
3 4.7 3.2 1.3 0.2 setosa
4 4.6 3.1 1.5 0.2 setosa
5 5.0 3.6 14 0.2 setosa
) 5.4 3.9 1.7 0.4 setosa
7 4.6 3.4 14 0.3 setosa
8 5.0 3.4 1.5 0.2 setosa
9 4.4 2.9 14 0.2 setosa
10 4.9 3.1 1.5 0.1 setosa
11 7.0 3.2 4.7 1.4 versicolor
12 6.4 R\ 4.5 1.5 versicolor
13 6.9 3.1 4.9 1.5 versicolor
14 5.5 2.3 4.0 1.3 versicolor
15 6.5 2.8 4.6 1.5 versicolor
16 5.7 2.8 4.5 1.3 versicolor
17 6.3 3.3 4.7 1.6 versicolor
18 4.9 2.4 3.3 1.0 versicolor
19 6.6 2.9 4.6 1.3 versicolor
20 5.2 20 1A 3.9 1.4 versicolor
21 6.3 3.3 6.0 2.5 virginica
22 5.8 2.7 5.1 1.9 virginica
23 7.1 3.0 59 2.1 virginica
24 6.3 2.9 5.6 1.8 virginica
25 6.5 3.0 5.8 2.2 virginica
26 7.6 3.0 6.6 2.1 virginica
27 4.9 2.5 4.5 1.7 virginica
28 7.3 2.9 6.3 1.8 virginica
29 6.7 2.5 5.8 1.8 virginica
30 7.2 3.6 6.1 2.5 virginica
Iris Ho]ElE 7]E Relief dug&oz A3 R e Ax= 7 19

3.69F 18 3.79] YEFHCE
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library(FSelector)

data(iris)

weights <- relief(Species~., iris, neighbours.count = 1, sample.size = 10)
print(weights)

subset <- cutoff k(weights, 2)

f <- as.simple.formula(subset, “Species”)

print(f)

9 3.6 Irise] Relief &¢118]& RIE

library(FSelector)
data(iris)
weights <- relief(Species~., iris, neighbours.count = 1, sample.size = 10)

print(weights)

attr_importance
Sepal.Length 0.1722222
Sepal. Width 0.0750000
Petal.Length 0.2881356
Petal. Width 0.2583333

subset <- cutoff k(weights, 2)

f <- as.simple.formula(subset, “Species”)
print(f)

Species ~ Petal.Length + Petal. Width

I8 3.7 Irise] 7] & Relief & g]&o A3 Az

< =0, Sepal.Length, Sepal. Width, Petal.Length, Petal. Width 4] 7}#] &
ol Petal.Length7} 7} =4 Y21 1 thLo] PetalWith <A & A e
skt

198 3.8& ReliefF duglZo g2 18 369 IZ&=E A3k Aol

_13_



weights <- relief(Species~., iris, neighbours.count = 2, sample.size = 10)

print(weights)

attr_importance
Sepal.Length 0.1388889
Sepal. Width 0.1656250
Petal.Length 0.3279661
Petal. Width 0.3354167

subset <- cutoff k(weights, 2)

f <- as.simple.formula(subset, “Species”)
print(f)

Species ~ Petal. Width + Petal.Length

%3 3.8 Irise] ReliefF & g]&2] A8 A3} (k=2, m=10)

9 39+ AE Aol2E 0= =83 olxd /i k& /M8 AH

3 ReliefF @ire]Ee] A3 Azjolr),

=

library(FSelector)
data(iris)

weights <- relief(Species~., iris, neighbours.count = 3, sample.size = 50)

print(weights)

attr_importance attr_importance
Sepal.Length 0.1540741 Sepal. Width 0.1444444
Petal.Length 0.3436158 Petal. Width 0.3529167

subset <- cutoff k(weights, 2)

f <- as.simple.formula(subset, “Species®)
print(f)

Species ~ Petal. Width + Petal.Length

a8 3.9 Irise] ReliefF & g]&2] A8 A3} (k=3, m=50)
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3.2.2 Mushroom ©j o] €]
13 3.10% 7Z-& Mushroom H]o]EE 7]E Relief ¢118]<3} ReliefF €18
=07 Adste Hlws] B gtd. Mushroom Hlo]EAlLS Eul9 Audubon A}S]

oF 7hol=ollA 7= WAl &3 HolEolth & &o] WA 23F0l sidst

.E_

L opgel AEES TSI Y A7 T FAS 4§ Fe SHoR
BRET 7 5AEe capel we, ®w, A, gile] ¥4, 97, 27, 4, =
7o) =, A, veile] FF, A o] w0} gt

. W I VL
SN2

A=

=W
S

Gills: Pores: Ridges: Teeth:
wide and thin sheet-like many small tubes ending short, blunt elevated lines many small finger-like
plates radiating from stem in a spongy surface on stem and under cap projections

Gill attachment Cap morphology

Adnate - gills widely attached Campanulate - bell-shaped
widely to stem
Adnexed - gills attached Conical - triangular
narrowly to stem

. . Convex - outwardly rounded
Decurrent - gills running down
stem for some |
length
Depressed - with a low
Emarginate - gills notched central region
immediately before

attaching to stem

Flat - with top of uniform
Free - gills not attached to height

stem

Infundibuliform - deeply
depressed,
? Seceding - gills attached, but funnel-shaped

breaking away from
stem at margin Ovate - shaped like half an egg
(often older specimens)
Sinuate - gills smoothly
notched and o .
running briefly Umbillicate - with a small,
down stem deep depression
Subdecurrent - gills running
briefly down stem Umbonate - with a central bump
or knob

29 3.10 Mushroom H| ]

Rzt = 19 3117 Zoh

oN
Lo

Mushroom ®jo]E|AlS A &3t Relief &g
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library(FSelector)

d<-read.csv(“mushroom.csv*)

weights <- relief(y~., d, neighbours.count = 1, sample.size = 20)
print(weights)

subset <- cutoff k(weights, 5)

f <- as.simple.formula(subset, “Species®)

print(f)

9 3.11 Mushroom 7]¥ Relief ¢8| R Z &=

Relief ¢ael&S A3 AAT Ades F5o vEy ATk 8oF3F A+
oS3 Zow, 92719 WS oA 24, 43, 44, 19, 200] AR AdHE S &
A

> subset <- cutoff.k(weights, 5)

> f <~ as.simple.formula(subset, “Species*)
> print(f)

Species ~ x24 + x43 + x44 + x19 + x20

19 3.12= ReliefF &a8]Fe] R Z =00k
library(FSelector)
d<-read.csv(“mushroom.csv*)
weights <- relief(y~., d, neighbours.count = 3, sample.size = 20)
print(weights)
subset <- cutoff k(weights, 5)

f <- as.simple.formula(subset, “Species®)
print(f)

a9 3.12 Mushroom ReliefF €¢3g8]&9 R Z&=
ReliefF ¢1gjE&s A3l AAg Ayes F5o vehy glen 1ids 8

okl THeT 2T
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> subset <- cutoff k(weights, 5)

> f <~ as.simple.formula(subset, “Species®)
> print(f)

Species ~ x24 + x43 + x44 + x19 + x20

714 Relief ¢1g]E&S A3 oS wjo vV E r8S 5 AoAS o
92719 W Foll A 24, 43, 44, 19, 20°] =AHE dElE-& A3t

3.2 Relief &a1g]Fe] &4 2 ZATH

Relief dagl&Fe] TAAF shvbe At 73k dEsie Zolth. o|&8 2o
2 o]Zu} A|¥ M Z(Cebysev)d EH#S T 7} A
AL 2 (3.3)7 2
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Al 4 7 Relief ¢12F9] A7 £4

# =2oM= Relief daglFol ofs) 73 HH5H ¥ AREE M=
E #E wAI(SVM: Support Vector Machine) #&71(classifien)& ©]&3sle] 37}
st
41 AXE 9y #4

AZE #HE ML 714 g5 ok T stz dE 4, A5 E4E 9
& A= g BdoH, F2 79 37 £4<5 Al At F 7hEag
< o= styell &3 HolEe el Fojxle W, SVM daglE2 Foil
ol A3 Htg o= stof f=2& HolErl o= ZhHatglo] £8%] Ads}
= HFEEZ oY BF EdS e BEX BF =dL HolHvE A
FE FA AAR mdEeE SVM 4 Ee 1 F M & 8 Uk
BAE e dadgFolth SVME AF ERFe e HAE EF/AAE A
2 F Atk Aoz BEFs] AsiA Foixl HolHE 1Y 54 I3t
o2 APFstE Afdol LRk, ol A&AHOE FYsy] s Ad EYe
AR dT

dtzo=, MEXE HH

(hyperplane) =+ ZHHAE° AT

A% e St ElolE AT 2 Aol

‘ il A
e A §3 U FroIA ThReIAEE, FF dolgs}t 4F Frol
. olel® BAE Ay 9 271 BAY f@
Aedold § Be Ao UeAA BelE 47 shs el AdH A
u

A
s g wl ASA, 2 EAol HdE Ad B



Ay A WE e U ditew AFojdt. 2y o] AHod WEEL Ho
o] 2 <tol yety= oA Wy w7} HesEsde] A9E Aol HEF
AaldEn. o] Adeld H oA, 2Hd tisd A rv Us AADH} 22
BAZE AHEH

Yak(z,z)=c(, c=45) 4.1)

REeF k(z,y)7t o9 y7t A HAAFE Folxitd, Z47te] {2 HAE A
¢ 9k &= oy A oz 2

27] FUAM BESRA g AFU A 2t 2 AU BIHYL 1)

2

Hol & & = Aol FEo|th AXE HlH
H Al A, ElolE Fol p-zkde] WE (7Rl A g2E)Z Folxe w, oY
gk ol HE& (p-D-2Ye 2HHOE EFT F J=AE Iy 42
Zolth ol#3 AYS AF EFgn LI} HolHE EFIE 2PAHLS o
2 A7 s Utk 2¥ES AdstE BEd 3y F stve 7T Fdx
Abolol A 7} & EF = nl(marging 7HAl& 2 AL AdstE Aotk
JPgA e 2HWEANA M Tk 2 Sl oy HE 3 AYE
AU ZE st 2BHAES A3, vkef 9 g Ho] EAY A9, I 2HHS
Ho)-v}z 23 H(maximum-margin hyperplane) o|gt &1 Ay EFH7]|S Hu)

-kl F57](maximum margin classifier) 2kal o},
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4.2 Reliefo] 24 (two-stage) & e8l&E

HAA7A P g RZZ TP A9 Relief d1e]Z&7 ReliefF ¢uegl&
< HFTZHA EA A" dANA ras ARESte AEsteE Aol ofd, s
AR AY dA v &S AEY3IESE A4 FHof .

ANA= e E 4.19] YERY T

N

E 4.1 A
4.7 6.0
4.5 5.1
4.9 9.9
5.8 2.6
4.6 2.0
4.7 6.6
5.8 4.5
3.9 5.3
4.9 9.8

subset <- cutoff.k(weights, 5 & A3d s}H =& =AFE 6.6, 6.0, 5.9, 5.8,
5.8 o] AMHEA FHa1, subset <~ cutoff k.percent(weights, 0.2)S A3 3}H F
1870 &4 F 4+ 2041 EEZ AYsA HEdH, 6.6, 6.0, 5.9, 5.8 o] AgE=
2 78‘—‘%01]% 5.8 QI EA&o] Al 7 oA F JHRE delx i, §o 7
o2 ojH EAo] MY =X nasithes ©do]
& = Aol agHolgts AL ofyn, 237
Agster T8-S ofE & ok 8 EE =EoAE 28AE

rfe
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rﬂlrll

DAL AE JeTt ok 013l SRS
Relief ¢a1g &) o5 AEt).,

Y

A 2: Pearson®] “333-A)(correlation coefficient) 01]
93 FHY SAHFSE AASH FHZ EAHTE
A7 61-]:]—

O8 41 29A2 A= 4 E 24 dads

9 419 A 29 FAAR] HAAE I8 4.20 =43} AT o] Axte=
FCBF[16](Fast Correlation-based Filter) W 3} FA}sHo}

A3 FZE Relief a8 =2
AL A (@) Yo WH Ao R
A49 7% sE A3

"
A% s % Q7 A% 2 EAWNS
fE ARdY f'=f

»
2
W flel S-B¥ WE Pearson
FBA o) Qs A7 soAA
A A Skt

obu 2. Hy 12 AR
A% s5 07} NE
2 g vA A3
gl

a3 42 2978 TAH YR
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2etA 0] Mg dE T AHIE, S={f, fo fy fo f Lo} € W £ A

wAdol Ad= ERWMSFTE f,9 feka 7hdekd, T1' 433 ol f,oF £, Al
AR 1 S £, FEHAE L2 AASY AH SQEF f f, [, 2 AF
g},
B il Bl &%
I8 4.3 29A19 HaEA A
4.3 oA

B =FoA Aste daelE B4 AEE doleAle UC Irvine MLR
ALo] Eofl AlA®E Mushroom, Waveform, Isolet, lungcancer, wine, ticdata2000 ©]
ot @A 19 Relief ¢1r8]Z9 RIES AXE WE e R Z== 18
4.49} 2.

library(“el071%)
w<-read.csv(“C:/Users/GOLD/Desktop/lungcancer.csv )
wSy<-as.factor(wSy)
w<-data.frame(y=w$y,wl,-ncol(w)]); set.seed(5)
weights <- relief(y~.,w, neighbours.count =3, sample.size =30)
r{-weights[,1]; names(r)-rownames(weights)

m(r) ; x<-f(r,0.02)

i<-sample(1:nrow(w),0.7*nrow(w))

train.x<-wli,-1]; train.y<-wli,1]

model<- svm(train.x,train.y)

pred <- predict(model, test.x)

table(pred,test.y)

I8 4.4 GA 19 Relief &¢118]<2 R I &=
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@A 29 RIEE O9 459 Ao

Leuk<-read.csv(“Leuk.csv")
Leuk$y<-as.factor(Leuk$y)
r{-relief(y~.,Leuk,,)
r{-weights[,1]
names(r)<-rownames(weights)
m(r)

x<-f(r,0.2)

d<-wl,-1]

x1<-g(r[x],d[,x],0.5)

a8 45 88 % HUHE S R Z=

FE 4.2 SVMell o3 ©A 13 dA 29 H&= Hlw 23

@Al A2 L=t AAR N
Wine 0.9629 0.9629 0 0
Isolet 0.7823 0.7823 0 0
Waveform 0.8593 0.8287 0.0306 3
Mushroom 0.9976 0.9964 0.0012 1
Lungcancer 0.2 0.30 -0.1 4
Ticdata2000 0.9342 0.9382 -0.004 4

Isolet¥ Winedl|o]E ol A= @A 13 @A 29 A7} FdsiA ey,
ol AE Aol e WY MUt A Yuisty A7iAE AAE W
T7F gite As & F Ik

Mushroom3} Waveform®|o]|E]1E& AH3IAN S w= A 271 @A 1HG
Mushroom®} Waveform d@lo]gfo] thal 2zt 14, 378 AA +AHE AE A=
stdth 2xke1A] 0.0012, 0030622 WS wrAl LpebgTh
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Lungcancer ¢} Ticdata2000 ©®lo]Ele] - ©A 204 22 4719 #

s
AARYT, AFEE 2358 B =R AN ©A 29 4
9% wom TASE Wi 19 Asnn 4z

2t 0 i
Stk ols B w=Ro|A AQksts 2ukA daeFo] EEFolahs
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\=]
* =

¥ 1 Mushroom dlo]EAle] 7]& Relief 43 23

J[m

e

Relief 23}

= 2=
=4

Relief 23}

H T
x1 -0.03333333

X295 0.43333333
X2 0.06666667

X26 0.13333333
X3 0.00000000

X27 0.00000000
x4 -0.10000000

X28 0.00000000
X9 0.00000000

x29 0.00000000
X6 0.00000000

x30 0.16666667
X7 0.20000000

x31 0.16666667
X8 0.06666667

X32 0.46666667
X9 0.23333333

X33 0.46666667
x10 0.03333333

x34 0.03333333
x11 0.06666667

X35 -0.10000000
x12 0.13333333

x36 0.06666667
x13 0.10000000

x37 0.03333333
x14 0.03333333

x38 0.03333333
x15 0.03333333

x39 0.10000000
x16 0.03333333

x40 0.03333333
x17 0.06666667

x41 0.00000000
x18 0.00000000

x42 0.00000000
x19 0.50000000

x43 0.50000000
x20 0.50000000

x44 0.50000000
x21 0.36666667

X495 0.26666667
X22 0.06666667

x46 0.20000000
X23 0.20000000

x47 0.26666667
x24 0.66666667

_29_



¥ 1 Mushroom dlo]E|Al¢] 7]& Relief &3 Z23(A<)

=X H Relief 23} EAWHSE  Relief 23}

x48 0.06666667

X71 0.00000000
x49 0.23333333

X72 0.00000000
x50 0.06666667

X73 0.00000000
x51 0.20000000

X74 0.03333333
xH2 0.03333333

X75 0.03333333
x53 0.20000000

X76 0.00000000
x54 0.03333333

X777 0.43333333
x55 0.10000000

X78 0.23333333
x50 0.20000000

X79 0.20000000
x57 0.30000000

x80 0.00000000
x58 0.10000000

x81 0.20000000
x59 0.10000000

x82 0.00666667
x60 0.03333333

x83 0.00000000
X6l 0.13333333

x84 0.43333333
X602 0.00000000

X85 0.03333333
X63 0.00000000

X86 0.00666667
x04 0.36666667

x87 0.13333333
X065 0.10000000

x88 0.00666667
X066 0.13333333

x89 0.16666667
X67 0.06666667

x90 0.33333333
X68 0.06666667

x91 0.20000000
X069 0.00000000

x92 0.03333333
x70 0.00000000

> subset <- cutoff k(weights, 5)
> f <~ as.simple.formula(subset, “Species®)

> print(f)

Species ~ x24 + x43 + x44 + x19 + x20
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¥ 2 Mushroom do]E]Al 9] ReliefF A& 23}

E M Reliefd 3} EAH S Reliefd 3}
x1 -6.666667e-02 x27 0.000000e+00
X2 6.666667e-02 x28 0.000000e+00
x3 1.111111e-02 x29 0.000000e+00
x4 -1.000000e-01 x30 1.666667e-01
X5 0.000000e+00 x31 1.666667e-01
X6 0.000000e+00 x32 4.444444e-01
X7 2.000000e-01 x33 4.444444e-01
X8 5.555556e-02 x34 1.850372e-18
X9 2.000000e-01 x35  -3.333333e-02
x10 1.111111e-02 x36 5.555556e-02
x11 1.777778e-02 x37 -1.111111e-02
x12 1.000000e-01 x38 8.888889¢e-02
x13 1.777778e-02 x39 1.000000e-01
x14  -3.333333e-02 x40 2.222222e-02
x15 4.444444e-02 x41 -2.222222e-02
x16 5.555556e-02 x42 0.000000e+00
x17 4.444444e-02 x43 4.777778e-01
x18 1.111111e-02 x44 4.777778e-01
x19 4.777778e-01 x45 2.666667e-01
x20 4.777778e-01 x46 2.000000e-01
x21 3.666667e-01 x47 2.7177778e-01
X22 1.111111e-01 x48 7.777778e-02
x23 1.222222e-01 x49 2.444444e-01
x24 6.666667e-01 x50 6.666667e-02
X25 4.555556e-01 x51 2.000000e-01
X26 1.222222e-01 X52 2.222222e-02
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F 2 Mushroom Ho]E]Al¢] ReliefF 23] A3 A <)
EAMS Relief 24 EX4 M4 Relief2 7

x52 2.222222e-02

X73 0.000000e+00
x53 2.333333e-01

X74 2.222222e-02
x54 6.666667e-02

X75 2.222222e-02
x55 1.000000e-01

X76 0.000000e+00
x56 2.000000e-01

X77 4.333333e-01
x57 2.888889e-01

X78 2.333333e-01
x58 1.111111e-01

X79 2.000000e-01
x59 8.888889¢e-02

x80 0.000000e+00
x60 1.111111e-02

x81 1.888889e-01
X601 1.222222e-01

x82 1.000000e-01
X602 0.000000e+00

x83 0.000000e+00
X63 0.000000e+00

x84 4.555556e-01
x64 3.777778¢e-01

x85 3.333333e-02
X65 1.111111e-01

x86 6.666667e-02
X66 1.666667e-01

x87 1.777778¢e-01
X67 6.666667e-02

x88 5.555556e-02
X68 1.777778e-02

x89 1.555556e-01
X69 0.000000e+00

x90 2.000000e-01
x70 0.000000e+00

x91 1.666667e-01
X71 0.000000e+00

x92 2.222222e-02
X72 0.000000e+00

> subset <- cutoff k(weights, 5)
> f <~ as.simple.formula(subset, “Species®)

> print(f)

Species ~ x24 + x43 + x44 + x19 + x20
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