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Abstract: Feature selection has an important application in the field of pattern recognition and data mining etc.
However, in real world domains, if there are spatial data operated in the application, the performance of feature
selection will be decreased because of without considering the characteristic of spatial data. In this paper, a feature
selection method from the point of the characteristic of spatial data, named MEFS (maximum entropy feature
selection), is proposed. Based on the theory of maximum entropy, MEFS uses mutual information and Z-test
technologies, and takes two-step method to execute feature selection. The first step is predicate selection, and the
second step is to choose relevant dataset corresponding to each predicate. At last, the experiments between feature
selection algorithms MEFS and RELIEF, and between ID3 classification algorithm and classification algorithm
based on MEFS are carried out. The experimental results show that the MEFS algorithm not only saves feature
selection and classification time, but also improves the quality of classification.
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I 20 FATTHF 6 0 25 18 BR324 R 8 R 48 SpatialMiner W .MEFS 3 T KR R 3 s F A5 B Z-IR 4
AR P A2 J7 0 AT 2 (B AF 228 6 T 5 02 4 [A) 10 9l JE 8 9K i o 8 5 A1 2 1) S D) VL PR A G J& P 2 i )
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JEAAT LS 29 AE SR BOR 43 28 I 1), ) FLAR AR 4R & T 43 28 i .

1 JmABRE
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iy RRIE SR C FIRFIE S U4 P

SRR T

1)  for each (x,y)eS do 7)  P=PUIIS(C)

2) compute /(x,y)

3) if  I(x,y)>>0 then

4) C=CU(x,y)

5)  compute Z,, 10) if D(ﬁ" p) = ¢ then

6) ifZ,>t then C=CU(x,y) 11) t=t-At  return 5)
222 IIEE 2R BT
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8) compute pi(y|x)
9) compute D(f)"p)
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o _sig'(d) [sig”(d)
sigr (d)= card(F)/ card(D)’
¥ significance 375 AE 2 i B BRI 06 A2 00T S5 1) o SR P 2 BA 20 AR T AR e S I

sigh > significance B sigh < significance.

231 ARAEAI RS Pk PR

7% (] P 3R M AR B T 3 28 23 (R0 5, 55 AN [R] 23 6 Gxd B I HL G A TR 1 37 O R I 28 R S R A A
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(7] 8 A 203 ) e S S 1k e 2 R b, 75 0 X TR g S B A R € P IR TG 3R BN 2R AT 25 18 R B 2 0 B (1 4% T ke
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Hi% 2. HHXBH1EE (relevent_property_selection)

BN B IR CAFESEUE PSR BIME significance.

By H AR B SR B It B non_CRHE S AR non_P.

A BRRR T :

1) foreach ceC do 7) non_C'=non_C"UC"

2) if sig?(c)>significance then 8) non _P'=non_P"UP"

3) C'=C'uc; P'=P'Up 9) for each cenon_C' do

4) for each ce C' do 10) if sig?(c)>significance then
5) S=choose _non_spatial_properties(c) 11) non_C=non_Cuc

6) C"(P")=call predicate_selection 12) non_P=non_PUp

AR ARG S R SR 1 AT 2% TR e SR i 1 (10 328 9 2 A5 B PR R R B Ak G R AL 2 R L 22 0.
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M PRAE B AR G b R B, S g b S B Ry R RO 2 500 A A BTN R AR R . A
AR % A S AR A, NBI . M i LN SR JE 1k, 70 R G NBIREE TR N 5 K 1~15,1
W EFRA contain WEEAN 78 FERT GAE G IR EL 400 N4 G TN ZREE, 4 R IR 500 /N4 % H TR
(2) FFAELE RS H i v
FEA LR R AR B SVE AN S B v S0, 85 R LR 1.
Table 1 The results of feature analysis

R FHED P AR

Personal deposit Feature set S Feature factor Spatial feature set S Feature factor
(0~328) Avgconsume (lower) 1.019 32 Contain (x,rail)/area (low) 0.599 4
(0~328) Avgfinnace (lower) 0.931 536 Contain (x,road)/area (low) 0.817 1
(0~328) Avgcorp (lower) 0.548 812

(328~512) Avgconsume (low) 0.529 46 Contain (x,rail)/area (medium) 0.734 1
(328~512) Avgfinance (low) 0.402 27 Contain (x,road)/area (medium) 0.869 1
(512~800) Avgsonsume (medium) 0.400 781 Contain (x,rail)/area (medium) 0.765 6
(512~800) Avgfinace (medium) 0.341 808 Contain (x,road)/area (medium) 1.143 6
(800~1440) Area (lower) 0.347 563 Contain (x,rail)/area (high) 0.936 3
(800~1440) Avgconsume (higher) 0.717 677 Contain (x,road)/area (high) 0.554 6
(800~1440) Avgfinance (higher) 0.580 192
(800~1440) Avgcorp (highest) 0.352 865
(1440~20803) Area (lowest) 0.641 875 Contain (x,rail)/area (high) 1.087 2
(1440~20803) Avgconsume (highest) 1.311 04 Contain (x,road)/area (high) 1.068 5
(1440~20803) Avgfinance (highest) 1.254 38

b 858 B A& S contain(x,rail)/area,contain(x,road)/area( B {37 [H AR 2k 1% A1 1 K B Rl IE
be, 5 E A & EE, 5 avgconsume( A 347 ) ,avefinance (N 34 BUK N ) avgcorp( N AR & 7= 1) i IE L.

(3) MERELLER

2% 8] 3 2 A (B B A2 4 1) — AN BRI 43 3C,ID3 Hyk e @ i ma i Sk 2 — R IHAE iR S
LR SEA R ID3 534 IR 3 F AL MEFS J5 kT 0 S i e e i F

T MEFS 175 S PR Q1R 06 T45 58 BRI A AR 4R, 40 0 % [ R AE 4 B 12 v DAAS 3R AE A0 2 4005
(S, A0 0 TR RN I FE AR B 1 RS 70 38, 0 A AE A 3T B8 AN AN ) 43 0 G55 B R ARF AE 2 3 A, B i B
RN PN POV BN SECE [ E~S

T 43 R R AR I B I ) A3 S TR R o S B AT S 5 LU AR, 5 SR D T

(1) FAE 32 £ 0 ) bl s

1 27E LR Bl gE 2 5% MEFS R {iE 1% $ 7 7M1 RELIEF J5iE8t4T b 2 Ja i a) A8 4k dh 2k b 1B 1
51,4 SCH) MEFS J7VEAESR UL R th % RELIEF 595 H) 0% w5 X /& KA RELIEF 5K HEAT i) 2 B Uik 4, 2
TR U e I8 H AR AR 2 0 B R PR S B T AN 3R AE 23 N B () B 20 B AR SCI) MEFS 7376 82 (1) 2
AL FENT G GBS AT T B IERAE 73 S0 G % A & v, D 7R 3k B BT B AIK.

2.5 +— RELIEF 5.0 —&—RELIEF
'\ —=— MEFS A

2.0 \\ > 4.0 \\& —=&— MEFS

HERS .

Time (min.)
= G
Time (min.)

0.0 ‘ ‘ , , , , 0o ‘
0.1 0.2 0.4 0.6 0.8 1 ) 0.1 0.2 04 0.6 0.8 1
Threshold Threshold
Fig.1 The comparison of feature selection in time Fig.2 The comparison of total consume time
1SR I 1] L 2 SRR T I Lk

ELRE, RO (K AR AE Q0 R T T A5 A2 (1) PR IE RS BE A B3 0;(2) 70 FEAL FEAN T R 38kt b, B 2%
TP 43 B ) AR R, T L6 T BROK R SRR 1T 35, 3 A 1 B 2 A AR K 0y A1 b, T SR A0 306 36 I [R) U A 5 e S
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(10 ey 3 I ) s AT EAT PR A, T LAAS B 18] 2 Pz (R P i LA &4 2R

P 2 s B 3 I, i 58 A TIE i BORI g 3 ke SR AR B 44 1T 18, MEFS STEVALE I i) |38 2 T RELIEF 5
WEIRX 2 R MEFS J7 218 43 S8R0 )2 BL 23 SRR AIE 2 Ui 258 14, 1 RELIEF 5509 A 20 i) 1 — AR TR SR 1) 3k
A [ I J1) 4 21 o It 5 1 8 A 10 /I T 521 B AR A 1.

(2) 73 JRINf T A5 e L

S A IR LW RN A S AE T MEFS (77 VA BEAT 25 ) 73 28 55 SR 1 1D3 e S SR AR LE, I 1) 52 2% 22 AIC
8B TR PR R SRR S PR R A 2 S MR 1) 2 S PO R AT — AN 3, T B I Y
A RS A B T2 T R BN 2 10T WY B AR R T A2 B T MEFS 17732 5 64T — @ 41 4 K 24 H ke oo
A5 A PR AL 8 PR WU 125> 73 0T GOond I R AIE 24 SCET AT

HH 2 AT MEFS J735 1 70 28 WH B LG ID3 A 7§ s, X 2 X D4 T~ MEFS (173 2K 73 T L T 11
I PRAFAE AL 28 1L 1 PR A, BN 73 S PE AR N T B A B FPRF AR GNP, IXFEAMESR w5y 1 23 S i R A
IS 1) 9, 1T HL A2 388 S T 1D3 75 S 3 e SR ISk I 75 1) T PIE. ¢ ID3 S35 3, A i A\ B0l AN 5 4l e 75
FC 3 7 T 5 W R SRR B 9% PR LN R iy P2 1) S 20 SRS 7 SR A8 v A T £ 2 T U8 ) AR A A AN 1 PEATAS
0 AR R e A H IR LR R ID3 S0 A A S IR 246 ) @ Y MEF'S J7 VA REAT RFAE SR I W] LL L4 2 )
{1 JeB P AR U ] B v R BB I A 1 % DR, R MEEF'S D7 VA EA T 25 (8] 43 S8 W] DL i 43 288 Adb 3L 1) o e

Table 2 Comparison of classification in time and quality

T2 AT L

Number of predicates Times [s] (ID3) Times [s] (ME) Quality (ID3) (%) Quality (ME) (%)
8 798 584 89.2 92.4
4 334 179 79.6 82
1 97 67 76.5 80.7
4 & &

AR SO Tl T R B 1 A TR R AR R B 7 VA T VE R 4 B R TN B T) 1 A LR AE AR F R e K R
PR RGP e o3 Mk VA RO SR A T 2R AL [A)6F B A5 AL JR A1 S5 36 mh R Ry i A 46 SRR AT 2% ) 2328 B
13T 85 18R FRATTIEAE RN R 3X — B 1 I 381 % ) 43 2.
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