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An outlier mining algorithm based on information entropy
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Abstract ; The task of outlier mining is to discover patterns that are exceptional, interesting, and sparse or isolated
even though they are concealed within tremendous volumes of data. Traditional outlier detection methods are easily
influenced by man-made factors. A novel outlier mining algorithm based on information entropy has been formula-
ted. It used an outlier measurement factor based on information entropy. In the algorithm, the outlier measurement
factor of each record was calculated using information entropy. Ouiliers were then detected by analyzing the values
of the outlier measurement factor. In this way the impact of man-made factors was eliminated in outlier mining. The
definition of an outlier was based on an outlier measurement factor which could explain the meaning of the outliers.
Experimental results proved the feasibility and effectiveness of the algorithm when it was used to analyze the UC Ir-
vine (UCI) data set as well as high-dimensional star spectrum data.
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R BRI R H AT RNER
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Fig. 1 The Description of OMBIE algorithm
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AR SRR R IR AR M I
/818
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[12] P B , FUBCSh 2 IR VAL, 3 e 7osesmke /S /
a2 2. BORERE SRR 2 1) B AR S i 0 oo S
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FAEE o3 A, AR R BT R A 41 NIE R B
Yr1(89% ) #1 5 M efTahH (11% ) , Kb R1T3h Y
R2 HEaoE TR L
Table 2 The contrast of algorithm accuracy
B 5 AR R T S BE
X7 B8 R E
1 ond 3 4t 5t
ENBROD  MinPts =45,46 seasnake  pitviper tortoise  slowworm seal 80
OMBIE XTFEZHFLRESH  seasnake pitviper  slowworm tortoise tuatara 100
LOF MinPts =5 seasnake  pitviper  slowworm  tortoise seal 80
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Fig.2 Scaling of precisions with dataset dimensionality

4.3 (EENXERRE

FABEZRRICE RALR1E 26 5E , 3R
SCERL 15 ] H B 5 k5 AT AL 38, b 385 16 N
SEIRFIRE. FULHEEIRINT 1) % ER/FEN 20 B
200 M #3 810,3 530,. .. ,7 7904k B M4,
3£ 200 ME M 2) KIBE —E KA R E . EFTM
TR EHBE B 13 MEEZ—, FERZREEK
AW BUE. 5, BSImA 3% BAE B KR Z RS
AR BB, B RINRBER £ . RBOHIREE
SRR PIRET P LR 2. BRI
TR BE B TEAS FR v

e e IEH BS A A N
B = e sl 2

B 3 2B s R I B B R R g
B M E T L A58 OMBIE L. LOF,ENBROD &
HIVERR B i, 5 GreedAlg BIEWER Y. X £
X% OMBIE Bk R LA & PR B AL I8 B o RS
BT LAR BUES AR B B S B A, T LA E T R
R REL B RE K. T LOF BIE A AEA B4
4 B AR R R O e 2 A R B B B S AR
FAHN RS, T EEN R E BN AR
ST RRT , 48 LOF BiE A RER i 3] — L gs
B 5. ENBROD B3k B v B 32 50 A S 300 B2 4
K REZE LR FZY GreedAlg BILWEHE S
OMBIE kA0, 32 T LR REEMEH
BEPEZPOBEHSGEEELRNAT , FEHA
HERAEE DA 2B YR, GreedAlg B A
B &7 Fr FEAR . OMBIE 5335 78 #2541 B8 B A5
i, ARBENNRESE, < B st EdE £ m
BE A TUASEAEEAMEBEREESER 2D
BERREE T A2 B , BESE A AR B R A

Bl 4 2R EE & K/ Bk B R SR 4
. OMBIE L, LOF.ENBROD J GreedAlg Z#: (23
kEN 5 B IS AR E 5. OMBIE Bk 7E15 5
Baat, TP B A 2RSS TR —
REIEE , M GreedAlg HLFELAR F BEIEE,

et %
)

Fidi

BRHM - BABERERBRIA I AEHA B
GreedAlg B L BB T R NEM T. LOF B 5
ENBROD B35 7EAL B = 4 4R i, R S MR 2L,
i RIE AR O(n ).

ARV TR B HET B |
sOMBIESLOF sENBROD®E GreedAlg

il

0.6
NEL0OOLS NE200OLS NE4000LS NE60OOLS NESOOOLS

Hem

B3 AR BT A
Fig.3 Accuracy of OMBIE, LOF, ENBROD and GreedAlg
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Fig.4 Running time of OMBIE, LOF, ENBROD and GreedAlg
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