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Design of One-Class Classifier Using Hyper-Rectangles

In Kyo Jeong * Jin Young Choi

Department of Industrial Engineering, Ajou University

Recently, the importance of one-class classification problem is more increasing. However, most of existing
algorithms have the limitation on providing the information that effects on the prediction of the target value.
Motivated by this remark, in this paper, we suggest an efficient one-class classifier using hyper-rectangles
(H-RTGLs) that can be produced from intervals including observations. Specifically, we generate intervals for
each feature and integrate them. For generating intervals, we consider two approaches : (i) interval merging and
(ii) clustering. We evaluate the performance of the suggested methods by computing classification accuracy
using area under the roc curve and compare them with other one-class classification algorithms using four
datasets from UCI repository. Since H-RTGLs constructed for a given data set enable classification factors to be
visible, we can discern which features effect on the classification result and extract patterns that a data set

originally has.
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© 7/ B9 BR71E A $ o E 9y ER77) 9 v
sto] &7 ¢ EY 45 AFsta, &7 295 0] &35t
7 AHE A et S At
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A AQkete F 74 HRTGLsE o] 48 9 B£771E 49
St} A 4780 A= UCI machine-learning repository©ll 91+ o

EH9 47H4 olE S o] g3t} 9T 54 AP F3) A
oY B BF FIZ 42 AFH0, HRIGLO AF
e A4 e TR0 A SN AES e

Z ol Khan and Madden(2014)= @49 &7 W& AAH L
2 At 3A Support Vector Machines(SVM) 7]9+3} H]-

#744

SVM 7]5te. 2 YAtk SVME T3 75 3l Cortes and
Vapnik(1995)7} 28k 7| o2 M T2 ZgA Abo]d
support vectorg 18 $ A2 & A2E 27F D719 of = Ho
AEAE 7IE o2 BFE TR o3 SVM 75 &4
Efole F 7k Aol A3 shuke Al 1734 A5
gt SvDDo| 1, T2 sthue Ad 71 o] &3 hyper-planes
18]+ one-class SVM | TH(Scholkopf et al., 2000). ©] F 7]
2 Gaussian kernel& ©| &8 o} FUNAH 714 £ 55

T [P=S
HATHTax, 2001). SVM 7]¥He] & &7 W2 2 &7
A8 A BA A1 E 41 & Hol7] shiel 714 8

o] o] &&= 7]
HlSVM 718} B BRE O 25 78S S48 4
EH 3|

S7F g EEolH, 4 0 2 Decision tree, Artificial Neural
Network(ANN)& £ 4= 91t} Decision tree= & 7] 9He] ¢a1g]
=

FOE 55 7 volHE HAHor ER{ste 7ol
dag|Fo] AL RS HA ol + Aok A 9l
o] 83 FokiA wol A
Ao}, dukA 2l Decision tree W .2 CARTY C4.5(Breiman
et al., 1983; Quinlan, 1993) 5 °] §lo.H o] & 7|4t 0 2 3= T}
& Y BF 7ol A AT Letouzey er al.(2000)
7HA 29 HolH o (455 THEHE POSCASE )
HhelTh, B3 Li e al.(2009)2 one-class data stream ol A}-8-3}7]
el £=7} 3 WA < Decision tree(Domingos and Hulten,
2000)E 583 OcVFDT2 A FA T}, Breiman(2001)2 7] &)
Decision tree7} ¥4 f(overfitting) = = ¥ & F5317] 3] o
9 treeS 43} Random forestsE A AT, Désir et al.
(2012) ©]& o] &3 dY £F 7|22 one-class random
forests & A ¢ T},

ANNE A=9f A7dme] w78
2 49 perceptron &2 217
2 BRE $38E 7] o] t(Khan ef al., 2001). ©]
ozl B0l Bl & 7HE A gatA BEAS o e ¢
ZHET QU 2ol olAY & Aol &
Deep learning®] ZA| 5 Wil §lof 1 AHg-o] FE
£ Z A th(Schmidhuber, 2015). ANNS o] &3 &
S 2 Manevitz and Yousef(2000)- 3 7}A] S8 2 ghof] A}
T lthe AgS A3 sl ¥ 53 (bottleneck layer)< ©] &
3 Autoencoder neural network & A| Hgh T}, T 0] & one-class
documentE 73k tlol AH&-3H% Th(Manevitz and Yousef,
2007). 18] 27 Skabar(2003)& ANN O 2 g o] E] 7] §He] AL5-3
& (posterior probability distribution)E T7& 4= Ath= Al
Zkotal, 3k 71 FE 2 dolH e FYAS K EH(unlabeled)
Ho]HE ANNS 753t 7| & Al Qkstath o] 9o & thof
doF 2R dugEEel 4 BFE Al SEHAUT 1Y
gk AFE = Nearest neighbors(Tax, 2001), Gaussian process
(Kemmler et al., 2013), Minimum spanning tree(Juszczak et al.,
2009), Fuzzy system(Bosco and Pinello, 2009; Utkin, 2012) 5-°] 1.
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Zb=Th(Hiillermeier, 2011).
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o] Aof A& Jeong andCh01(2015)] 7]9H3 H-RTGLs & o] &
35N b B7 2 ES Ackeitt o] 2 918 WA )
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{x), 2g -y 2, } 5 1&'1?}\:]— ol o), 7 A 2E 2 4 mij 9
&4 (feature) y,, (r=1,2, -, m) < 710 (x,
Yim)s = 1,2, -, n).
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3719 H-RTGLs(merging-based hyper-rectangles : MbH)
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(%) B AZBZ (1, 2,) ) &4 rol that QlEo] Hh
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il (z,) & St golgls BE QIZH A S U] A
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4
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A 8 A A8 Aol
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o A MAE AHESS BE SA A HAA 7] gzl

Jin Young Choi

shtel ladae 04 & A9 AEE Al &3kt ke
& el A A2 o Y 2R e e G £ 9l
)

(4) MbH 237

AGE AE 7(z;) = HRTGLY BB E 7HA 2L AT &
é"\—/“]% E—}\] 0]] ﬁo]—xl %’j}_ 7y & /K‘]u].]ﬂr EF‘/] 7(‘] OE/K{})]/H
Rol7] gl AW == Holeld Hlg) B8 2 T
ok mebA o] i TA o A = Tha 3t 20 7 (x,) B0l e fit-
tingS F3 22U T MpHE THET  HA, AEE AT
m(z,) ol ZFHE J2H2EE A o AGST I U5
ANEe HEdA HA (minimum point)2} 3t % (maximum
point)& 2=tk } ]—} JRe 27 Y 11vE, ()
o A= % ft end point)?} L2 L7 (right end
point)i ?er(u d, Q2E 27 & Aol 17V, (x;)
,JJrE}“ﬂH vE B3 B HolE 2
QQ-’F Ao ”4 4%31 2 n(z;) S &4 rol fitting A1Z1 A 7}

e 2

YO i |

Fit (r(x;)) = ))pTOjT(Z’j)_U:
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7 (n(x,

)projr (x7) +v

F

53l w(z;,) = 28 MbH

=

&4 ol i3t fitting 74 &
7hH ™ o3t o

R

MbH(x;)= Fit, (z(2;)) A Fity (7 (z;)) A -+

MbHE 7(z;) € fittingA| A THE7] W &Eoll A== MbHS)
AGE 7)o A5 2 T T 7(,) 5 & FAA 4
A MbHE vE 53 271& 24387 g2l M2 HAA = F

o 44 % 9l

5) Y BV 7=

dole 3 e A BAE MbH T s8¢ AE
S A AFEH 02 FYH n N MPHES] ATS
Sy = LMOH', MYH?, -+, MbH"}
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gt 2ol Ao
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function)o| . &, MZ-& A2H 2 x& A E MbH HF Susw
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3.2 Z37]8 H-RTGLs & 0] &3 9 2577

T3 7|8k H-RTGLs(clustering-based hyper-rectangles : ChH)
£ 0|83 BY TR 22 59 E AX A EH

(1) K-Means & ©]-&-s+ 5 A1 A

K-Means ¢ 118]Z(MacQueen, 1967) 7} dg] ¢
A ARG B F sholth dlolE el A% KE F
3k o] floke dado] AARE Hlw A w21 sty
w2 -3 Fol o] §H I Yt} o] daEEL T H
TH(mean) = ©]-&3) A wlolE J&S KHE vHre Aot
olwf Z+ FH 9 Hg centroide} 1 &, 1T EL K Y
centroid7H B o]/ WetA| & wj7hA| REEH T

Ir e

T
3

ofr [

=

(2) Q1E1E A
JA2BE 2 N7 p, A kA 24 ¢, 5

_[a a G
Ck—{ml s Ty s T , Vk

gl gojsid, BE FAHEY AT AA vy A3 0
FHA, e AR AR A Get
K K
Uc.=nad N C,=
k=1 k=1
o] wj, H-RTGLS THE7] A3 Bad AHELE FHo &3
JA2H2ES 7 &A4uig AHY AA e 4§ At &, 23
e} 3

3l

1 o

GO A2 AEE £4 ool A3 1 48 A4
9% 297 025 BY o2 3o A

i1

NE kY #Ro2 FAEHS 9 :,Lzl Uy AdAEAE
mmAﬁ@%ﬂﬂiiéTK%mﬂAQH%ﬂ%ﬁ%W

3) Qe A
FH9 BHA BA 7 ST} QB Sy A4
0Bz 73 G 43 RE J2HAE 9
RS AYt] e ol 42 5 Atk

w(C)=ITVL A ITVL A - AITVLS, Wk
(4) CbH A
o] Al ME A4 H-RTGLs 9| 27|15 s vE o]
43ke} ok} 2o fitting @
Fit (r(G))=| ™ proj, (a%) —v,
wJ‘ECk
max pT0j7,(x?) +v | Vo=0,r

G
z /'€ G

E3 ChHE 7(C,) & BT F4 tallA fittingd & o] =
A

o
o Aol ofa) e 3} o] AR

CbH(C,) =

Fit, (r(C)) A Fity(r (C)) A -+ AFit, (n(C,)), Vi

ol u, CoHo| M =(Cp) o M 2& Kl oIt

(5) 9Y &R/ 75
tlol g A o tisiA AAH xS ChHES JHEE
={CvH, CbH?, ---, CbH"}

21 o, o] & o] &3 B EF
Atk

7 et 2ol 4ol &

4148 44

E AT M A H-RTGLs 71§ &Y BR7719 A&
H718t7] Y3t UCI machine-learning repository®l] S\ Iris,
Wisconsin Breast Cancer(WBC), Liver Disorder(Liver), E.coli &
Z v 714 dolH FgH-e 2439 th(Asuncion and Newman,
2007). e o] diojH JPE2 B oA |9 FHP2E T

HHof 931, 99 BF STAZE 04 B 744 2929 o
olERos RaE FARHE o7l AT AT @
2928 AslFolof Bk £ ATANE o8 BA 2o
2 3t el A Ze i vl 2922 4o o]

B g thst 2988 <Table 1>3 2T},

Table 1. Summary of 4 data sets from UCI repository

Data set Iris WBC Liver E.coli
Num. of features 4 9 6 7
Target class versicolor | malignant | healthy | periplasm
Target size 50 241 145 52
Non-target size 100 458 200 284
g 7 2de 7Eoted AHSEE S HolHE B
Y 2oAA o2 50%E dEstit 77 A5 B4 9
& H2E HolHE ol AE&HA % °-‘° A 22
w2 doE ¢k vl-EAl 2 2 BlolE HEE ALY o
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Z Eof Iris o8] S BH, 25719 versicolor 8] 29
dlo]E & 8<53] H-RTGL ZE-& A3ttt 182 A
2571 9] versicolor & 2 do]H &} Y A 1007] <] Hl-E}A &
g2 dlolE] & ¥ 125719 tlolEl & Bl 2 E Flo|HE A}g-3}
ATt
T3 A @Y E7719) A s B8] 98 A Receiver
Operating Characteristics(ROC) curve® A3 % T ROC curve
T true positive rate X} false positive rate & T 5 0.2 3f= 1
ol A #7719 s B & v A A true positive rate ¥} false
positive rate2] IAE 1¥ curve©| T}, True positive rate= &5
7] Bdlo] o8 LR/ vloE Foll A AR okl wlo]E o v
£o|t}, W false positive rate= 77| ZHo| $ 02 B73H
Holg FollA dAZe &< dolE 9 Hl&o|th. o] w, Area
Under the ROC curve(AUC)= &7 A%5Y A&7} € &,
AUCT}H 19 7Wh 28 &7 BEdo] A8ty &7 357t
=the 9ujo] 3, 05K o} 20w F219] FZ(random guess) 2
o EoH i Zdo] 744 §l&& UEbAtH(Juszezak et al., 2009).
gutr o D}QJ_ oA AUCE A4talr] 918 ROC
curveE 12| 2 F 7HAVE AW shue B B®/717F
SN EN = @"F‘g At A E AR RG FO0H ¢O
E Wod Fo8 E7skeE Aotk o] i X & et =
3] A ROC curveE 11“4‘:} o2 2 2" 2Tt vg AR
B oA ot ZFHW JoE EIEHA PO SO0 BF
st Zolth o] W& AAse HAE et EHE WA
WA ROC curves 18T £ AFAM e 7 ¥4 PHo=
ROC curveE 12 AUCE A4
T3 AlHE #77]1E HRTGLs Y] A58 2715 AA s
T 7HA F79 s e E AL Yok e wot K
H-RTGLs9| 7§+& 2731 e vE H-RTGLsS 7]
& AA g netA g 15k 2718 2-sAY, v
= 37]% AAE L AGE 2HHA A E T ROC curve
S 18 F Utk dE 201, MbHE °] &3 9 EFH7]01A
T& 1A 2715 -] A wE 152 1A
vE WSHA 7] HA ROC curveE AT 0|9} 22 WO
T 0] gt E o tid AUCE A48 . 4?/}“1] EHyvE
&3 2718 2AsHA 42 AUCAE ‘vol’ J}?Jruﬂﬂ
wE o) &3 NFE 2-stAA 42 AUCY ‘num’ S B9 F
THAE TR T F7H 02 MbH 7)) EF 7)o A FEH
=9 iE*J 7H—r°ﬂ ute} QIEE Zol& S8+ gl H
o = 7ro] EZX]”P orow BE Al w8
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Bl vikEo] AAH SR 37 ¢ A2 H-RTGLY 277} Y
F 37 ¢ do|HE 2UsHA Aol Frhe AL v
o} ChH 714 @Y £57719] gt H 3 BY, A= HAA
© 2 224 Liver o] 8 ol ATtk 470]t}, o] = 1457] 9] B}
A wolE 747709 FH o2 UH A o £/ HoE
ojmjol v, e dlo]E 9] EA4o] /jEHolg Aoln}, o] A
& Liver BB 9] AUC #o] AA o2 At AN ERE T
Al g SR1E 4 9tk “‘P&VWE v7}ﬂxl Ry LA
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Table 2. Experimental results of the proposed algorithms and other one-class classifiers
Data set Iris Breast Liver E.coli
Classifiers AUCx100(standard deviation)
98.5(0.8 95.1(1.2 61.6(1.6 94.6(1.5
MBE vol (0.8) (1.2) (1.6) (1.5)
- a=02, w=2 a=0.06, w=12 a=0.02, w=2_8 a=0, w=16
97.5(1.1 96.1(0.9 58.8(2.1 90.9(2.5
UbE mum (1.1) (0.9) 2.1) 23)
- a=02 v=122 a=0.06, v= 0.1 a=02, v=10.1 a=0, v=0.012
98.6(0.4 85.8(11.1 59.2(2.3 92.3(1.7
CbH vol (0.4) (11.1) 23) (1.7)
- K=1 K=9 K= 47 K=15
93.9(1.4 75.2(13.7 52.6(0.8 82.8(2.6
ChbH mum (1.4) (13.7) (0.8) (2.6)

- v=0.25 v=0.01 v= 0.1 v=0.03
MoG 98.8(0.6) 78.5(1.3) 60.7(0.6) 92.0(0.4)
Naive Parzen 98.3(0.6) 96.5(0.4) 61.4(0.7) 93.0(0.8)
Parzen 99.0(0.3) 72.3(0.5) 59.0(0.3) 92.2(0.4)
k-Means 98.4(1.0) 84.6(3.5) 57.8(1.0) 89.1(1.6)
1-NN 98.3(0.2) 69.4(0.6) 59.0(0.9) 90.2(0.9)
k-NN 98.3(0.2) 69.4(0.6) 59.0(0.9) 90.2(0.9)
Auto-Encoder 97.3(0.5) 38.4(0.9) 56.4(0.9) 87.8(1.0)
PCA 92.6(2.4) 30.3(1.0) 54.9(0.5) 66.9(1.1)
SOM 98.3(0.5) 79.0(2.3) 59.6(0.7) 89.0(1.1)
MST_CD 98.5(0.1) 75.6(1.8) 58.0(0.9) 89.7(0.9)
k-Centers 97.3(1.0) 71.5(12.4) 53.7(4.1) 86.3(1.2)
SVDD 98.2(0.6) 70.0(0.6) 4.7(1.4) 89.4(0.8)
MPM 97.3(0.5) 69.4(0.6) 58.7(0.9) 80.2(0.5)
LPDD 97.8(0.5) 80.0(0.5) 56.4(2.6) 89.6(0.5)
MoG = Mixture of Gaussians.

PCA = Principal Component Analysis.
SOM = Self-Organizing Map.
MST CD= Minimum Spanning Tree Class Descriptor.
MPM = Minimax Probability Machine.
LPDD = Linear Programming Dissimilarity-data Description.
MbH\& &3 #101A [3~10], £4 #2014 [2~10] S22 & Table 3. Examples of MBH for malignant class in Wisconsin
A #97kA JEES zteth O A3 MbH 9 3 AMEHE breast cancer data set

H2E HoJH& & 377oIth. 7L 5 33709 S92 gol&o]
malignant S 20| 47]7} benign S 2HT}. o] & Hig o
2 B ANEE A" 2T MbH ol 93] ﬂ‘ﬂﬂ‘ﬁ e
gE0]3337=0892k & 5 Yok 13 1T EF 2

S 2= A2H 29 Bare Nuclei(E4 #6) 3] 6~10/\}°] o 2l
7] W ol gl £ 89S e & qlok T Al /NS MbH
| Al marginal adhesion(%73 #4)2] AEHL ZF [1~10] ZAA
o] 7] wj o o] &4 malignant F&j 25 AAsl=t] 523814
Zolgte o Fo] 7hsattt. o] ¢ o] A4 H H-RTGLs
& TPt A= 7hsd vl E 9 JHE%"V] el
&A= H-RTGLsE | &8 tlo|E o] SA4& £4L

o]-)lv

:[m

¥ H{o orlr &2
S 2 ml°
>
mlo

Features MbH, | MbH, | MbH;
1. Clump Thickness : 1~10 3~10 | 2~10 | 2~10
2. Uniformity of Cell Size : 1~10 2~10 | 3~7 | 2~10
3. Uniformity of Cell Shape : 1~10 2~10 | 3~10 | 3~10
4. Marginal Adhesion : 1~10 1~10 | 1~10 | 1~10
5. Single Epithelial Cell Size : 1~10 2~10 | 2~10 | 2~8
6. Bare Nuclei : 1~10 6~10 | 7~10 | 4~5
7. Bland Chromatin : 1~10 1~10 | 3~10 | 2~10
8. Normal Nucleoli : 1~10 1~5 | 6~10 | 3~5
9. Mitoses : 1~10 I~4 | 1~5 | 1~3
Total number of instances covered in test data| 37 29 5
True Positve(Correct) 33 28 4
False Positive(Misclassified) 4 1 1
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