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A kind of outlier mining algorithm based on information entropy
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Abstract: Information entropy is one of the important tool to measure the uncertainty information in the information theory.
Many existing algorithms of outlier mining mainly aim at certainty data, and little work has been done for the uncertainty
data aiming to outlier mining based on the information entropy. Therefore, after introducing information entropy concept,
outlier degree based on information entropy is defined for measuring the outlier data. Furthermore, an algorithm for outlier

mining based on information entropy is proposed, which can effectively obtain outliers from data set. Finally, theoretical

analysis and experimental results show that the algorithm is efficient and feasible.
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PR AE HCH A2 3 AU I N G TR, A AN o 1 B T
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EX1 ®IS = (U AV, f) A ARgM 1
W U AR AT IREE, BRI, A AT IRIEMELE, V =
U Va, Va gt a WESE; f:Ux A=V ARBER

a€cA

#, BIXt T ve € UaEA H f(x,a) € Va. (EEJETE

THB C APE A" JCA X3 KR IND(B), H
IND(B) =
{(z,y) €U x UNa € B, f(z,a) = f(y,a)}. (1)
U/IND(B) # % T U )—AX5r, A U Ei—
ANER, JER AN RN R A — AL S T 5 i

T, ¥ U/IND(B) faiid A U/ B. Rl H, 47
U/B =w={[z]pl|lz]p = {a},x € U},
TURR A I S5 G 2R 45
U/B =6 = {[z]p|[z]p = U,z € U},
FR R A6 .

EX2 WIS = (U,AV, ) MERRS U/A =
(X1, Xs, -, m}WAMﬁQﬁWiX%
Z p(Xi)log p(X (2)
e p(X;) = WVWW—LZ m, |E| hHtr E
fRIFEHL.

HR1 VBC A HOLH(B)<In|U|
MU/BHHEERR, WU/B = whtf, BII{EE
R LR KM In |U|; {U/B IS KR, U/B =

§ I, B 5 Bk 21 i /ME 0.

B,C CAU/B={X,Xs,-- ,Xn},U/C = {1, Y5,
YL VX € U/B, 3Y; € U/C(X; CY5), WFK
B C 4, il B<C.
EX4 WIS = (U AV, A —NMEERS,
B,C CAU/B={X1,Xs, -, X}, U/C ={Y1,Ys,
Y}, #5VX, € U/B, 3Y; € U/C(X; C Y;), WK
BLLC ™4, idh B < C.
EM1 WIS = (UAV,f) £ B R4,
B,C CAU/B={X1,Xs,--, X}, U/C ={Y1,Ys,
Y.L #B<C W H(B) > H(C).
WEH D)WMB < CAlAL VX, € U/B, 3Y; €
U/C(X; CYy) RZ, W TR Y, F-4E s > X, i
Yl X [ X | Xs|
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EI2 WIS = (U AV, f)2&
B,C C A fi:

D#HBDC,WH(B) > H(C);

2)#BCC, M H(B)<H(C).
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&, A A BN R B B ) R EX10 WIS = (UAV,f)—Ms B RS,
21 BEFEEBMSERERESZE L v NG E B, X TATE z € U, R EOF (z) >

LEBR R R D, B HER A Yo e v, WFK z 5 B RS IS — 3115 S ) 35 X6
BRGNS E R, AR T3 B RGTe 5 T EOF(2) AX R o 537

S TR 58 SRS I )3, S A Hawkins 26 T 5 1 ) €
SCHY S0 S B EA T 1 5

EXS ®IS = (U,AV, /)& — M5 R R,
Vo € U, #50 % a5 P A E 57 0 % 00 BE 3 85,

FLE BT 556 S (B B 0T, MR 5 a0 g S )
G (R H 5 R ).

N T SRR B S, s SORDHR SR R ik
P 5 R K, 5 A 5 ) B S 2 RN SRR B
SRR, SRR S I BB R X A

EX6 WIS = (U AV, f)R&E—"MEEARE,
U/JA={X1,Xo, -, X}, #1

Vo e U {U — {a}}/A={X}, Xy, X, },
Zp ) log p(X
WX % 2 ﬁﬂ?Amﬁ%mﬁh%ﬁtxw
RHA(z) = H,(A)/H(A). 3)

b H(A) A AWAE BHE, He (A) IMBRA % 2 5 A
A5 I, A5 ER AT LU R AN E PEAE I RE T,
I, 0 AR R W] DR & o (R ANl e PR FE.
R ZX B 2 a5 DR AR AN, W) 2 AN o PR
FERUN, 2, @ (AN s VERE FE K.
EXT IS = (UAV, ) MEERE, A

= {a1, a2, ,ax}, %15 BN BURHEF, B P
518 = (ay, a9, ap), HF H{a;}) < H{az,}),
FR S N5 B RG Hm 45 B

A5 s 4 P 1.
EXS8 IS = (UAVHE-NMERS, S

= (ay, ag, -, ay) R PRI R % 8 R 8, 4
JEHIAS= (A}, Ay, -+ Ay), Hol A} = A, A = {a3},
ALy = AL {a)) B AS Hf B RS b 475

AT Z) AR R X R R R, AR B
HRRA B ARt b 5 I B B ok s 5 R
RGN R RIS H L.

EX9 WIS = (U AV, fR-IMEERRY, S

ZQE@w~ﬂQ%$Eﬁ§%%%%%$ﬂAS:

(A, Ay, - AL B TETARIT 1, VB C A W(a) =

HbMWﬁrxmmim%xm B N
EOF (x *1*<ZRH{«1 O Wiay (2)+

}:RHM} DWean@) /101 @

22 ETREEBHRERREZEEZ

MR AT JENJR S 8 BT S, BT SRR 110 S
EIEpab i AP TiTp ey I
& £1 IEOM(information entropy based outlier
mining).
A fHRRLKIS = (U,AV, f)(A = {a1,az,
“am},m=|Al, n=|U|), BHv;
v N RIES O.

Step 1: #liitk m = |A|,n = |U|, O = ¢.

Step2: X TEERALISH RN B0 (1 <
i < m), PTEAPAT U T 4

Step 2.1: 45 U HXI R ALIEYE a; LIIUE, BT
BEEHE

Step 2.2: 3K kI4> U/IND({a;});

Step 2.3: TFEAE EM H({a;}).

Step 3: MR T X 7 4438 R 1 4 A S
Y S = {ar,az, -, am).

Step 4: M & X8 Witk J& T AT 41 AS = (A,
A, Ap).

Step 5: Xf T @ P T 4R 81 AS ) REAN & T
B A (1 < i < m), TEIRPAT I T 454

Step 5.1: f 45 U Hxf G AE @ vE T4 A, EEUE
AT B

Step 5.2: 3K KII4> U/IND({A4;});

Step 5.3: TFHEAE M H({A;}).

Step 6: X T U H RN SR 2; (1 < i < n), THEL
PAT WA

Step 6.1: for j = 1 to m, JEFAT I HRAF:

Step 6.1.1: TFE XS z; X T 504N J&@ M AR X
S RH (g, ()

Step 6.1.2: TFHE XISz, X T @ P+ S AHXHE
S RH{Aj}(Ii);

Step 6.1.3: THBUE Wia,y (@) FIW a3 (24).

Step 6.2: TIHX G x; (7% BE EOF (24).

Step 6.3: 47 EOF(z;) > v, W O = O x;.

Step 7: firth XN RS O.
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2.3 fliReA
HE—MERARGIS = (U, AV, f). b U

{x1,$27$37$4,$5,$6}, A= {ayl)? C}. %éfﬁ[]%% 1 F)Ti—\‘»

B BME v = 0.75.

*1 BFRAR%R

U a b c
T 0 0 0
To 1 2 1
T3 0 2 2
T4 2 2 0
5 0 2 1
Te 1 1 2

R A RN R YRR 2
U/IND(a) = {{x1,z3,25}, {z2, x6}, {z4}},
U/IND(b) = {{x1}, {2, 23,24, x5}, {x6}},
U/IND(c) = {{z1, 24}, {22, 25}, {23, 36} }.
ST EDSS JﬁFﬁE’JfEX B RS B 0k

H({a}) = Zp ) log p(X.

1 1 1 1 1
(aes) e (5) () -0
(2og2+30g3+60g6 0.439

(11 (1)+21 (2>+}1 (1>)—o3768
6 6\s) "398\ \3) T ®\g)) T

H({c}) = Zp ;) log p(X

1 1 1

LBRFEAK B EHIE B A

Hy({a}) = Hes({a}) = Hos({a}) =
_ (% log (%) n élog (%) + %log (%)) = 0.4582,
Hyo({a}) = Hye({a}) =

3 3 1 1 1
(G0 (3) + gloe (5) + 5108 (5)) =027
(5og5 +50g5 +51g5 0.4127

Ho({a}) = ( log ( ) 710 ( )) —0.2023,
Hy1({b}) = Hue({0}) =
_ (g log (%) n élog (%)) — 0.2173,
Hyo({b}) = Huz({b}) = Haa({b}) = Hus({b}) =
- (% log (é) + glog (g) + %log (é)) = 0.4127,
Hy1({c}) = Hza({c}) =

1 1 2 2 2 2
~(5los(5) + 5o (5) + 51os(5)) = 04582

* £
Hr2({c}) H

—<110g(1 _|_, (g>+*
5 5 5 )
Hys({c}) = Hus({c}) =

— (% log (%) + glog (;) + glog <§)) = 0.458 2.
MG AR AT SRR 5 AT

RH{qy(21) = RHyqy (23) = RHyy (25) =

0.4582/0.4392 = 1.043 3,
RH{q} (22) = RH{q (w6) =
0.4127/0.4392 = 0.9397,
RH ,) (z4) = 0.2923/0.4392 = 0.6655,

RHpy (21) = RHpy (26) =
0.2173/0.3768 = 0.576 7,

RHpy (22) = RHpy (23) = RHypy (24) =
RH 3y (25) = 0.4127/0.376 8 = 1.0953,
RH{(21) = RH{(24) =
0.4582/0.4771 = 0.960 4,

RH{.y (22) = RH{g(25) =
0.4582/0.4771 = 0.960 4,

RH{.y (23) = RH{(26) =

0.4582/0.4771 = 0.960 4.
AR A5 IR K0S, 49 281 B0 8 1k 42 A JEL ARG 38 1
H1S = (ba,c) FRMETHEIFHIAS = (A1, Az, A3) =
({a,b, ¢}, {a, c}, {c}). EFRT RN T2 51 K H X R AH
A R

Wiay(@2) = Wiay(we) = 1/3, Wigy(24) = 1/6,
Wiy (1) = Wiy (z6) = 1/6,

Wiy (22) = Wiy (23) =

Wipy(z4) = Wiy (25) = 2/3,
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Wiey(@1) = Wiey(2) = Wiey (23) =

Wiy (24) = Wiy (2s5) = Wiy (w6) = 1/3,
Wiary(z1) = Wian (22) = Wiany (z3) =
Wiary(w4) = Wiary(w5) = Wiany (z6) = 1/6,
Wiazy(21) = Wiagy(22) = Wiaoy(23) =
Wiazy(w4) = Wiagy(w5) = Wiasy(z6) = 1/6,
Wiasy(@1) = Wiasy(22) = Wiagy(w3) =
Wiasy(@a) = Wiasy(2s) = Wiasy (z6) = 1/3.

.

EOF(z1) ~ 0.740 < v, EOF (z2) ~ 0.669 < v,

EOF (z3) ~ 0.660 < v, EOF(z4) ~ 0.703 < v,

EOF(z5) =~ 0.635 < v, EOF(z¢) =~ 0.775 > v.
X R ae [R50 KT S BRE, 0T R 5 ) 4.
3 SERIHT

h T SR SCEE A Rk, K UCT £ A rh
] Lymphography %44 Fll Wisconsin Breast Cancer %
PR VEAT I, FEREHERT L, KA SR TEOM 5 DIS
SHIEP), FindCBLOF 53 1STMN KNN 31 PO HEAT 1 fig
LR,
3.1 Lymphography #[#E £

T &% Lymphography £t SE E 4T 5256, % 50ds
LA 148 DX R, 18 N RAFIEIE, 1 MRS TE. 148
N %t % 43 4 normal find(1.35%), metastases(54.73%),
malign lymph(41.22%) F fibrosis(2.7%) V4 2%. normal
find #1 fibrosis W A2 51 it 7 LU 451 /), S22 2K, W] B
FAEF A G SER A5 K 2 PR,

%< 2 Lymphography iE £S04 R

¥ BE k% TR DRI A K TR D 2R L )
KRG SN
IEOM DIS  FindCBLOF  KNN
5%/7 6/100%  5/83% 4/67% 5/83%
6%/9 6/100%  6/100% 4/67% 5/83%
8%/12 6/100%  6/100% 4167% 6/100%
20%/30 6/100%  6/100% 6/100% 6/100%

L2, X T U PRS2, 7395 2K H IEOM 5
7% . DIS 5.7 . FindCBLOF 5. 7% Al KNN 5 v 5%
G oo W58, JRARE 0 B eh s BT U i 5
BEATHE; SR gevt e BEAT k% RN R T 2 /b
T DS 5. S W PERT k% HIX BRI A B RN AE
KAFFEDA U PRS0 s R Y S,
W TEHEAE R k% FOXS SR Be 6t 5 AN B, )@ T H b
FIRE GAEC R ARAE I SVE TV 5 ) 5 T HE
TERT k% X G, J& T-H5 /> R 0 A4 b2k
AT DAE R S s, R, 8 0 2D 6 G AN S

HIET R E N RIS

2 2 7] WL, %} T Lymphography {4 £, IEOM
FE R YERE I B T HoAh U7 v, e R &V E
R HH PR S 0 G L O IR S R R T o ) B A T,
TEOM 5345 21 25 SR e T HAR S i, 76 42K
D75 T 1) e B AR 1 5% BOR Srp Lk 7 A
X 4), TEOM Sy For il H 1) 5 1E 1) 53 0 60 5 6 4
(5 BT 5 6 % EL 9] 4 100%), DIS FT KNN 5946
W 5 A 55 5 %, FindCBLOF SLyAAG M H 4 A 55
X%, HBIEIE T IEOM 5.
3.2 Wisconsin Breast Cancer {13 ££

Wisconsin Breast Cancer 20545 £ 2 699 M4 %,
8 MG IE A, 1 AN RETBNE. R T T AN S 1534,
ZIOCHR (210, NEHESE 2 2—LL)8 T “ malignant”
FKIINT B, e A B AL HE 483 A5, Ho 39 /Mg
T “malignant” 2§, 444 1~ J& T “benign” Z5. Wisconsin
Breast Cancer £ #5 4, “malignant” J& T-#i /02K, FH
P A, S 2 Rk 3 .

% 3  Wisconsin Breast Cancer ${{E &5 45 R

S FERT k%

JE TR DB G B8 T R DI A

PRI G0 S S
IEOM DIS FindCBLOF KNN
1%/4 4/10% 4/10% 4/10% 4/10%
2%I8 7/18% 5/13% 7/18% 8/21%
4%/16 14/36% 11/28% 14/36% 16/41%
6%/24 21/54% 18/46% 21/54% 20/51%
8%/32 28/72% 24/62% 27/69% 27/69%
10%/40 32/82% 29/74% 32/82% 32/82%
12%/48 38/97% 36/92% 35/90% 37/95%
14%/56 39/100%  39/100% 38/97% 39/100%
16%/64 39/100%  39/100% 39/100% 39/100%
18%/72 39/100%  39/100% 39/100% 39/100%
20%/80 39/100%  39/100% 39/100% 39/100%
28%/112 39/100%  39/100% 39/100% 39/100%

M2 3 7] W, %7 F Wisconsin Breast Cancer %1 4}
4, DIS #.:. FindCBLOF 5.7 fl KNN 5 ) g 4k
T, IEOM SVE PR RR i 71X 3 Fh 2.
4 8 ®

ASCHAE B b i 45 R IR S N T e SHs
FEYR AU, AERLTH L A L 4 O THE RS ) S
BRI TV, IREs T AR T SRS ) e
PRI 2L R R RS S0 B B AN o R
J7 T I3, AT LAAE AN E 1 £ v v 25 A2 i H e
XIS BT, RS BRI 7 AT e R 42 I
I TR R 20 L, ARSI 54 e 145 S e foki vk
SR FUR N R L, A e RS IR A TR A T
— OB aE L. B T L IR R B, ARSI R 1)
LA BATAT ).
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