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A Binary Prediction Method for Outlier Detection using One-class
SVM and Spectral Clustering in High Dimensional Data

Cheong Hee Park’

ABSTRACT

QOutlier detection refers to the task of detecting data that deviate significantly from the normal data
distribution. Most outlier detection methods compute an outlier score which indicates the degree to
which a data sample deviates from normal. However, setting a threshold for an outlier score to de—
termine if a data sample is outlier or normal is not trivial. In this paper, we propose a binary prediction
method for outlier detection based on spectral clustering and one-class SVM ensemble. Given training
data consisting of normal data samples, a clustering method is performed to find clusters in the training
data, and the ensemble of one-class SVM models trained on each cluster finds the boundaries of the
normal data. We show how to obtain a threshold for transforming outlier scores computed from the en—
semble of one-class SVM models into binary predictive values. Experimental results with high dimen-
sional text data show that the proposed method can be effectively applied to high dimensional data, es—
pecially when the normal training data consists of different shapes and densities of clusters.

Key words: Binary Prediction of Outliers, High Dimensional Data, One-class SVM, Outlier Detection,

Spectral Clustering
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Find k clusters by applying
spectral clustering on X

l C test data sample x

Construct a one-class SYM model

for each cluster and determine the

threshold on outlier scores of data
samples outside the cluster

Predict x as an outlier if the outlier
score by the one-class SVM model
of each cluster is above the
corresponding threshold

Fig. 1. The flowchart of the proposed method.
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Table 2. Performance comparison by f1 values in the outlier detection simulation of multi—class normal training data,

| e )+ | Oneclass SV | ete. | el SVM e
Zero EST Zero EST Zero EST
BBC 0.524 0.394 0.407 0.359 0.569 0.364 0.661
Reuters 0.501 0.686 0.691 0.669 0.696 0.675 0.73
20ng 0.245 0.437 0.438 0.434 0.307 0.435 0.431
medline 0.389 0.361 0.364 0.339 0.411 0.34 0.464
lal2 0.478 0.35 0.352 0.325 0.418 0.337 0.41
sports 0.362 0.468 0.47 0.44 0.484 0.451 0.623
classic 0.671 0.477 0.486 0.447 0.609 0.455 0.648
ohscal 0.194 0.22 0.221 0.217 0.232 0.219 0.238
reviews 0.519 0.473 0477 0.439 0.519 0.46 05
average 0.432 0.43 0.434 0.407 0.472 0.415 0.523
[Zero(zero threshold)] EI2E dlo]g o T3 ole] FH2H YA FH2H MFE AAH3

one-class SVMell &gk o] A7} 0Rt} & o
O|FA 2 &3t

[EST(estimated threshold)] &<5dlo]E]] ©]
A A4 ghEel sl piA MEATE AAGS A
stal H|2~E HolHol thgt oA A7t AR
o & o o] dXE o Z3ht. 80, 85, 90, 95, 100 A
HELFE VA AES F HAE HolEo gt
7% =& fl S Table 200 LFERITH

3. k-means clustering + one-class SVM ensem-—
ble: k-means Clustering% o] &3 A4 gEH ol E
FH2HY S F£A% F one-—class SVM £
gt o]l & o)A |HAE A% AR AR S
o 7 7FA Bl el s

[Zero(zero threshold)] El2=E tdlo]E | ths|
one—class SVM &73E2] 7} Jinjol] o3k o] =] |
71 0BT & uff o] FA R oS3

[EST(estimated threshold)] 3.3 <] ol 23|
ozl S o] FX BAE 9% YA AT

4. Spectral clustering + one-class SVM ensem-—
ble: spectral clustering% o] 83t A4 gz olH
FH2HY S Y3 T one-class SVM YdE-0l
9%k o]l o F o)A BAE A% dAM AAS
3w A 9} ZHo] [Zero(zero threshold)]9} [EST
(estimated threshold)]ell 93] z}z} =3},
BHEL Scikit-learn[14]¥} Python

7& o] 83t 73R, CPU 35GHz, RAM 32
GB, Windows 10 7oA w33ttt G2 g5

TE ¥

3ll, BBC HI°lE & ©] &3 A Ad A S8 2H
o] MEE 2904 97bA] "SAA 7HAA APS 53
ste] v & Y 2HO| NFE 602 145t
A HelHAANA ALt Sgrlol8rt B4
HolHE FAH YO 2 F one—class SVMA v
e 0012 3t¥aL 1 9)e] tE e depvH e
Scikit-learnol| A1 &] TEE & o] &3ttt
Fig. 2014 vla WA ES] HF 1 vlaues YEN
3 Y Fig. 2014 RoF= A spectral clus-
tering ¥} one-class SVM Y& 23 9o A
WAoo R g BHES Hwdly £ 4%E B
F2At}h. K-means clustering®] 4} one-class SVM=
D502 AgEE W EC HIElA B 20% =2
fl valueE LAt ES o] FX] Aol thgk YAF
& AAY 9 99 05 Vel E Fohe ARG
A4 gt dlolEle S 2~HA S o] &3 YA
Z0] k-means clustering+one—class SVM ensemble
U e B 15%9 fl values: FFAIHL
Spectral clusterinngone*class SVM ensemble W+
A= He 26% =2 1 valueE AU HHH k-
means clusten'ng# one—class SVM 47+Eo] 3%t
WL =2 [MldA Y YHEYE 5914 spectral
clusterings AHER S Wit E B2 A58 Y
C} olelg Ayt= 1k HolH A o] x7te] A4
o] &3+ 13 74}k spectral clustering®] & 2~
Ei«] T2E £ o & 9oge 9|v]3kaL, one—class
SVM W&ol 93t o]x 4 F o] ©d] 24
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Il [ZERQ] one-class SVM

| [EST] one-class SVM

[ZERO] k-means clustering
+ one-class SVM ensemble
B [EST] k-means clustering
+ one-class SVYM ensemble
Il [ZERQ] spectral clustering
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B [EST] spectral clustering
+ one-class SVM ensemble

Fig. 2. The comparison of average f1 values of the compared methods,

Table 3, Performance comparison by f1 values in the outlier detection simulation of one—class normal training data,

data k-means clustering One-class SVM k-means clustering+one- spectral clustering+one-
ensemble [4] class SVM ensemble class SVM ensemble
Zero EST Zero EST Zero EST
BBC 0.78 0.738 0.753 0.7 0.867 0.704 0.875
Reuters 0.684 0.846 0.848 0.83 0.856 0.837 0.845
20ng 0.604 0.743 0.745 0.739 0.538 0.743 0.655
medline 0.7 0.69 0.693 0.669 0.723 0.671 0.795
lal2 0.827 0.736 0.74 0.695 0.823 0.717 0.832
sports 0.772 0.792 0.794 0.747 0.872 0.752 0.851
classic 0.835 0.763 0.771 0.721 0.876 0.729 0.856
ohscal 0.816 0.759 0.762 0.719 0.818 0.726 0.834
reviews 0.826 0.742 0.746 0.716 0.775 0.72 0.814
average 0.760 0.757 0.761 0.726 0.794 0.733 0.817
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