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H—MHL TR E R NEE, EEEE &R E M CVMI (coefficient of variation and mutual of
information ) J7 ¥ , ¥ 51k 18 FH Fli AUFHE LR 0 5 P T RRAEOLLE . SE90R AT UCT $2 850 4 AHEIRAR (1 41
TEIBEHR AN 1 A G PR ] 7 R RAE DTRRBE PE 4 7 HEA T X b S5 R, CVMI J5 R AT G REAE DTRRBE
PER I 2 WAL , R LA 7 Fh i, CVMIT 5 ik IR B AP ROR. Ak B2 T CVMI FRAE T 43 5 4 2 e K ARRAE
W g5 A AR R U A AR IE DL % 5 ¥ CVMI-RRMFT ( remove redundancy of maximum feature tree) R E RS
PEIEAT S8R, S5 R INZIT IR A REAT R AR 46 L 1T ELIAS B4R i 70 SR e 2.
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Variation and Maximum Feature Tree
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Abstract ; Feature selection is a key process in data mining. Feature contribution scoring and feature optimization are its
core parts. This paper proposed a CVMI( coefficient of variation and mutual of information ) method that used the coefficient
of variation to measure the distance between intraclass and the mutual information to measure the distance between
interclass,and then applied the algorithm to the embedded feature selection method. The experiment used four UCI data
sets,one set of remote sensing data and birds sound data,and tested seven different feature contribution scoring methods.
The results showed that the CVMI method was more in line with the objective law of feature contribution evaluation. It also
achieved better results compared to the other feature scoring methods. Besides, this paper also proposed a feature optimiza-
tion method CVMI-RRMFT ( remove redundancy of maximum feature tree)based on CVMI to construct a maximum feature
tree and remove redundancy with two-neighborhood. Experiment results demonstrated that this feature optimization method
effectively reduced data dimensions and improved the classification accuracy.
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i Constraint Score HATAFETEA ZEFIH SVM 2 WL eSS T (di ] Fisher Score F7 B4R AF ) F1 3L T8
St R B R IR AT O A RRIE R I IRFAE PR3 7 31 ket TUAR AR 5 70 R T4 %
P FR] 3 A R i AR RS 3 KK, AR AR T3 3 Al AR R TAR Z A0S, Al
FHZ SRS O AL AR e TR TR AR e T T M B R 13 48 TR SR ) 11
AERERE RN T N TR RRAE B8R 1 25, SR 11 ] 5907 W o S A 1 2R s TR Wi 3 B s 1l O
Sy S AT V ASTEAE R MR A3 125 1 1% 35 BRBGHA TR DL 5 SCHR[ 12 1R BLAR SR S FRAE TR 1T
WA bRl AR S A R TUARRRAE 5 SCHR 13 TEE ISR 14 ] rb B i o0 B 1 ik D SV S R (iE DTk 32
PR R IT BRI IR XS PN S BOARIE T8 JEATRAE DL E. SCHR 151 LA Pearson AH2C R B R DY
g3 AN TR RAE A T ORI

R, THRAAE TR EE A9 7 R e 3 25 (0] B 3 B R 22 (8] 1 AH PR A 22 51, 40 Constraint Score
1 Laplacian , SR SEVE S I BEA , (H 208 T RFAE 2 (8] 5 40 A — S0y [, 1 B iy T8 FE AR N B A
— B, BEHLAAE X2 Al 23 7 A2 50 5 53 A —SE R MR GE T 40 2 AR B R R4 T D43, 49 4n S
BR[ 12— MEREAR 50 RS 0 EAF R, BRI T s AN [F] Y ) B (HR Z20m T 28N 22 5. it
AN, 3 FEHRAE R B I  RAE AR AT B U AT SR 2R 1), R 2 A P BT SR R R AR 2551 1) AR
SEANEERRY. AR, Z U R E R I BB RO AL I R TS5 &V 2 B AR B R HARRHE (1
SN TRAE R ARCR W BHE5 , 2 Hbn S gt ] 25 (8] 2 2% B Loy, i BRI 22 B AR A B i B A 1
T AR B U | Rz A

BEXF B AR )R AR SO SR/ VSIS A 8 R e DR A 288 ) 28 1) B8 o A, R 7% S R BSORN LA R
A HEH CVMI( coefficient of variation and mutual of information ) FEAF 53Rk EEFE43 72 B Bl A A SR
Peierh , AR e i G0N [ g [t T L REAT 80080/ 4RI, i v ARG B2 5 oAb, AR SR S i T — Rk T
CVMI FFAE Vo285 A e R A A I 20380 22 TUAR I RFIE A 2 CVMI-RRMET (remove redundancy of maximum
feature tree) J71%% %I AL RER BR TUARNFIE , A S AR Y S 2 B8 TT L R4 = M B Al 2 Az A 1

1 CVMI ¥HFEdry

FEAT SR A2 285 R 0 I SRR T 3% 78 R AIE i AT 43Pk R AR O 8 00 . S N BE B /1N ) 22 S
KA —Fh B S 2N A 3 R L CVAC ( coefficient of variation for intraclass ) Fl12E [8] B {5 B MIIC
(mutual of information for interclass) , fH B S F5FR CVMI( coefficient of variation and mutual of information )
RPN RAE TTHREE , 255 i A S EE A TR IE B 5.

BT CVMI IR e # R dn 18] 1 fiooR, 22
Rk .

Step 1: % J5 5 7 AE 5 ] CVMI 5 v % Ho A

5% FHFHEFICHE F IR T4 F' =0, EEET i
Step 2: M F o IE [ 2 B — A B GE, 40 A A
F'if; EFTHIL I
\ = TEAEREAL 20T
Step 3 : ¥ F'BLG 2 Y Z54E Tr( Train Dataset) AT AR brdcE A
FIIIREE Te(Test Dataset) , fFMLEHEES Tr' Te'; 1 CVMIHHERIFETT %
Step 4. {é FH %3@ %g X"J’ T Te' @*ﬁ ﬂ:‘ﬂ % %’é ﬂz Fig. 1 The method of CVMI feature selection

B RSP HE AR & (HER R Kappa 55 ) IC7% 3] K

Step 5: H & Step 2 £ Step 4 11 #2, HE| F/O& F TITATER;

Step 6 &2 K H 5 KAEXT I FIFFIEAEL m 4 F H09RT m DNFRREVE N S LR E T 4E.
1.1 ERERFEH CVAC
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AU, HRRnT .
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CVAC,= 2 Cv,. (2)
X, Co, WA fAFEME RS @ JSREAR IO R B, CVAC, ok € s fANRRIE IO P98 57 2R 8L 24 CVAC,
R, TR £ AR A B R R R, e =, IR F MR o Y 2R
1.2 ZEEE{EE MIIC
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[ PE B X Y s MR —45AE BRI REAS a4, 402823 [a) R AE 23 (6] [7] CVAC, S £ ANERIE A2
[B] AR I MIC, I0F

MIC,= Y, Y, I(is)). (4)

A, i, jGis)) A BIAER fAFRAEDER i JEFIEE j 2RAREAS  MIIC, S F P38 f ANRFIERYZE 0] B4 B MIIC,
N IS ANRHIE S A 2 S A, B 2 TR AR,
1.3 thE#EHR CVMI
AR T PR S0 - 2K A] 22 570K, JE NS /N, AR SCHR I CVMI T TP R AE STREE , 55 20k 208
CVMI,=XCVAC+(1-A) MIIC,. (5)
2, X FHRAER %, CVAC, MIIC, %2/, 25 &5 B i
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Fig.2 The schematic of CVMI

2 CVMI-RRMFT

BRXTAFFAEHEA T DTRREE PP 3 Ah 0222 SRR IR 2Z [B] A AR DG k. A SCEE THRRIETP 43 5 KU CVMI-
RRMFT (remove redundancy of maximum feature tree ) 777 , FI FHl CVMI BT8Rk EE F-43 17 9148 HE 5 RAFNERT
TS RRMFT J5 551 BR TUARFFE.
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ROCRHER To BRI G oy g ——— L | |
WS TRIE AT S F. B4 T F 5 AR | e || |
7 SR TUAREAE , B HHE T 48,
2.1 MEZEKFFER B3 CVMI-RRMFT #72[E

T KA AR fc /N Ak O A3 A T . 78 Fig.3 The flow diagram of CVMI-RRMFT

— 113 —



PSR4 (AR 55 44 5 1 (2021 4F)

KN GV, E) G h AT — AU w, e MERRIIRE G Al i— s d B BAE V i
o B R B S U 2 AR/, AR o 15 5 V R, 7 E o A5 38
KU R AR Pearson HIXRHE. P, . FoRHHE Fr M Fe BOAIGCHE , Hit51dikat

Y (F,-F)(F,-F,)

zi(Fn' _Fc)z Ei(Fa- _Fc)z
—log, ( I_PiF,,F(.) )
Tipr)= . . (7)
R(6) 11 F,FIR r MFIERES | AL F, FR5 r MSIERAIML (7)1, RR R
YEF, F, (A RGHOCRE. K (6) (7) T I AR DG RECABHEFE B i i KRR AERT , 575 MaxFT ( Maximum
Feature Tree) i W5 1.
HiE1 MR MaxFT
B AFR AR ER MaxFT
A AHRBEHIE D, 5 (n HRHEDED)
HEE (D) WA G= 1]
(2)while IGl < n do
(3) c¢=n\G
(4) m=DW{Gx{cl | THFFHRKIESIR
(5) G=G U m
(6)end while
(7)return G
By th - B ORRHIER G
2.2 Z4BESIBR TR
HRAE e KRR , 45 G CVML RRAE BTk BE DY 43 ——
N B

(6)

P )=

FEHERT ) BIBRTCARAE B EAL BRANIE] 4 JT7R. wirwarn: @) @ O @ 06
/RPN 4, CVMI FRAEE 53575 F = | f,, f,, o
N L\, = =7 _ éﬁl“ﬂ;" @ @ @
f15 3 S}aJEJj_jF’ﬂnﬁ?’ Iff,‘TJ"fJ‘.Ex—f;‘
Step 1 TERRE b F-4% x FTAEQ 15 il N OO
AMEBICE m={f.fo} 1 F ¥ m B, 15 H F' = B4 BRI TR
§ f sS1 0S5 } . Fig.4 Remove the redundant features with two-neighborhood

Step 2 KU Iy F' PR T 900 B a=1, RIBLATAR m={f, /| AE FIAvksE m MIBR,F' = {f,./
Step 3:F'={f, .f, | WEBITCRC G I, WL REFS4 1 f, ./ 1.

3 S
3.1 SLBHEE

(1) s £1 BEEES

7,( i Bﬁ iﬁ JEH 6 QE @[ ?(E % +H ':F' 4 Qﬂ ﬁ %E % y\j Table 1 Data set information
UCI'" 441 . Sonar, Vehicle, Diabetes 1 Tonosphere ; %3 BERRAEE VIGRAS WRAR REAS S S

O ’ ’ ’ Sonar 156 52 60 2
A 2 LB M B EEE RS A1 M B Birds. R4 %K Vehicle 634 212 18 4
Pagie 7:3 1 He B U g e Fniml k4R . B4R 15 B ]Dia}’el‘es ;2 18982 383 ;
. OnOSp hnere

=1 iR, RS 1239 633 25 5

( 2) ﬁ;%jﬁﬁ Birds 10 426 4 466 39 6

FESZH M BHIE CVMI AT CVMI-RRMET J5 3 B3 5k 4 B 115 Constraint 1843 (€S) ' #1 Weka -
S HIEAY 6 FRERIETE £ /7 ¥ : Correlation ( Cor) , GainRatio (GR) . InfoGain (IG) ,OneR ( OR) . ReliefF ( RF)
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SymmetricalUncert( SU) EXT L. & CVMI &8 A {H28 0.8.

(3) 3B SHEREIT A

ARSI LIPS Ry 43 2588 P RRAE STHRBEPE 43 )7 91 F (RT3 J7 4 s e FUNHEF , 4n cvMT 2
) IE % OB SRS S Kappa 280, JUEN

Kappa P —pp' (8)
1-p,
K, p, HEMETT IR (Ace) , RUFTA IEBIFEASDN S m BR TAEA S0, 15K (9)
p,=m/n. (9)
p. BETRMGF R MR  BUE B — KRB IAEANEN a,,ay, -, a,  F—RBEARN b, by, -,
b, , WAy
pe:aIXbl+a2><b2+ +a”><b”' (10)

nxn

FEAR S50 v A A B A ST B S AT 10 Wk, IR 10 YK Kappa R AW (A,
3.2 CVMIZBERS5HH

TEIEL 5 1, CVMI J7 ik # S HRCEIZRAR. I Kappa I AT IR ) CVMI J57ABEA RHe i A RO 12
CVMI J5 % Kappa WE{EAH L HAtL 7 #7515 7] 3K 555 , 76 Sonar  Vehicle Fil Diabetes 045 -, 73512 i 2.65%
3.10%F1 1% ; 7E Tonosphere F1 RS 4l 4 |, CVMI B H A 75 125 1 5t T4 fE 850 /0 3ol BE 325 21005 B2 U4 {1
5 (6) RORE N B2, Bz B A AR SC CVMIE J5 L L H A 7 Rt AR DR AESERE S 2] Kappa WE(H, £F
B R D F0 TR B HE P I 5 HR R  TH S AR AR STRREE HE R S ARG I e 81 L [ e PR AR I 1A T
YR, 3SR BE RN B Se e b S TR BIE(E S |, i T 9 B AEXT Y AT RE A7 e — € T4, U
THR R WS H. TEE 5 A Kappa [ EHKT K Kappa WE(E A A EUETT, CVMI £ 1 THE#E N
FRSE , MHA 7 FhJ7 2k S R

1E4 2 ', CVMI J5 L BRTE Diabetes 04645 b P REAN B ., 7 HAB K46 4 1 25 2 ] d5e 2D O 5 AIE 4K
Kappa B 5L BEIA B B = (., JLHAE 60 4ERY Sonar ZXE 1 33 4ERY Tonosphere FUHE AR W3 . 7F Sonar £
7 M R Symmetrical Uncert i AR IE &R/ Ry 28 AR 1 oAt 6 Fh 3858 50 NRIELL
I+ ,{H SymmetricalUncert X 1 Kappa {E & 0.81, 1fi CVMI /] 21 /MH#1E Kappa {EL 8L 5 E] 0.87, X kb
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Fig.5 CVMI method forward feature selection evaluation
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SymmetricalUncert 77538 T 6% ; TE3% BAHELE RS & GainRatio J i FRFAE S ER /D, B FH 7 D 4F1ETT
. Kappa {E°4 0.63, % F CVMI BRI T 8 MFRE, {H Kappa {EXT HE GainRatio J5 5425 T 3% ; RILAR
IR AERYE Birds RS, (UH T 9 MRIEIS ] T Kappa WefE, Xt b Aty 7 Ry ik, BE4E5%h 75%. %FF RS
Bl gl ReliefF J7 oK EEANASCI A ), (H ReliefF ] 1 20 AN4EAE, CVMI AL AR HT 8 ANHFAE. [R]if i X%f
JE AR HEAT SEB X LG, W] A, CVMI AV BEA RO R AR B | iy ELE AT S5 iy 1 e oms

®2 AEHIEEERARESFERRETN A ESLER

Table 2 Comparison results of different data sets with different feature contribution evaluation methods

bUeIIE
Wi/ Sonar Vehicle Diabetes Tonosphere RS Birds
prdl Kappa m%{a%&?ﬂ:fﬁ( A Kappa WEAE

Correlation 5810.75 1110.71 810.80 2410.92 1310.64 3710.76
GainRatio 5610.76 1510.70 810.80 1510.92 710.63 3610.75
InfoGain 5010.78 1410.69 810.80 1010.92 1010.65 3710.76
OneR 5510.77 1510.71 810.80 2810.92 1210.62 3510.76
ReliefF 5610.77 1510.71 810.78 2210.92 2010.66 3410.75
SymmetricalUncert 2810.81 1510.71 810.80 2110.92 1310.62 3710.76
ConstraintSorce 5610.77 1310.72 710.79 2010.92 1210.62 3910.76
CVMI 2110.87 1210.74 710.80 610.93 810.66 910.78
S R 6010.74 1810.68 810.78 3310.92 2510.61 3910.76

3.3 CVMI-RRMFT S &R 55

7£ CVMI-RRMFT S BERFAE L5280 b, fHH 3.1 H Weka 6 F4FAE AN J73% : Cor .GR . IG ,OR ,RF ,SU
N CS™ 5 LA R AT 3 CVMI, T EARAE STk P 581 K% 7 9145 & 2 0UAY T 1 RRMFT; 432888 %
FHUCSER 148, it 1 78 (AR AIE TS5 26 DI ZR A a4 - i i, AR SEi a7 J 2 10 Wk, I35 10 e
HAH.

IR ZE RN 6, B ARAR R 7 FPERAEITAN J5 3 AR SC CVMI 5 5, ORT A JE IR K08 YAk bR w10
URHERA R G PR AWK 1 1 B D % I R 00 Ry i B R A4 T8 6 Hf, RRMIFT (SR FH 8 A [l AR 1F BT ik
FEVEAY) J7 it L GG B, 6 41 B0 0 32 B RRMET AN Y B8 A 200 i 56 0% 4 13 i FL A 2088 v 7 4 25
.
FEFE 3 X 6 BRI 7, 8 FIRFIEIT 43 7 12:45 & RRMFT ARF 4k FEREAR 2 50% £ 55% , 1 Sonar |
Vehicle RS 1 Birds B4 4 I, &RI& 8 FH e /D (A RR AR K008 21) 5 /= IO E A 5% ; A SC CVMI-RRMFT 5% Sonar
WKL R 55% , WER R A R MR BEEE 55 12% , Birds 4k %H 53.85% , WER R4 R OGS 4R 55 9.71% ; 7
Tonosphere e FUERN R InfoGain &, A SC CVMI i 5 HAH2E 1.13% , B[R4 R = m. 28 BAr
i, CVMI-RRMFT 74 [ 2 A2 i B R v R R i

R 3 REIEEE AR ESE RSN T %

Table 3 Different feature contribution evaluation methods with different data sets

ik Sonar Vehicle Diabetes Tonosphere RS Birds
RIURIFRHER () 1l 2/ %

Correlation-RRMFT 27182.62 10171.26 3174.19 18193.18 13164.40 23181.34
GainRatio-RRMFT 27175.00 9170.75 3174.19 19194.32 11167.14 23180.00
InfoGain-RRMFT 28175.00 10170.75 3174.19 19195.45 11162.87 21179.69
OneR-RRMFT 28180.79 9164.15 5172.67 18194.32 10163.66 29182.50
ReliefF-RRMFT 27173.07 9170.75 5172.67 18192.05 13160.82 23186.64
Symmetrical Uncert-RRMFT 27175.00 10170.50 3174.19 19192.05 11162.87 22185.40
CS-RRMFT 28173.07 9170.75 3169.76 19190.91 13160.98 21183.69
CVMI-RRMFT 27185.00 8171.26 5176.04 12194.32 10167.14 18186.40
ORI 60173.08 18167.92 8171.51 33194.32 25160.98 39176.69
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Fig. 6 Accuracy of RRMFT feature selection with different data sets

IEAM A SCGEXT CVMI AT CVMI-RRMEFT W ARRRFIEERE i AT 17 S5 xt . ZESE 5 v, ff 1] CVMI Al
CVMI-RRMFT J5 35 AT AR IE 2 6 05, #F Kappa FIEHG K (Ace) ME M PR TR bR, W13 4 FioR, 6 418044k
CVMI-RRMFT J5 S HERA R AR i T CVMI J5 %, Hirh Sonar B 4 (0RO A 0 L35 : Ace 5 1 4.35% , Kappa
i 0.04; 7ERE RS o CVMI Al CVMI-RRMET AR E—30; 7 Vehicle BE4E T Ace FE4RHMIH, CVMI 1)
Kappa RO b CVMI-RRMFT {5 i 0.01. £5 [ frik , CVMI-RRMFT J5 5%t He S i ] CVMI PEREHE 5.

#4 TREHEEER CVMI #1 CVMI-RRMFT 5 RILIG 4 R
Table 4 Experimental results of CYMI and CVMI-RRMFT methods used in different data sets

, . _ LR R N

Jiik T E bR
Sonar Vehicle Diabetes Tonosphere RS Birds
cvMI Kappa 0.79 0.71 0.72 0.87 0.63 0.83
Ace(%) 80.65 71.26 72.67 93.18 67.14 85.40
Kappa 0.83 0.70 0.76 0.90 0.64 0.80

CVMI-RRMFT
Ace(%) 85.00 71.26 76.04 94.32 67.14 86.40
_:k »
4 e

REAEIHAR, FEAER A TS BR AP IR. XTI, VF Z AT FOR AR IR PR R 25 00D 2 B A, AT 1 A

[l A A1 , R T Rl i 7, I 1) AR S AR5 W 04, 53 80, AR AR AR S Ak 20 A i B30 47 £ AN [

A ARSCHR THA S CVMI AR RE T i, (AR 5 R BN A SR H e RIS (i) g o T s 1
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AR A IRLEE, REAT R B DL AR A 48 025 20 SN B2, 1T EL X P AR AR PP 16 T i , B4 5 A PP A
FWEH HEA B CVMIL 5 E£TCRTT % RRMET 454, £585 7% FE AR AE 5Tk B2 AR AEAR SC M, 1 i S 56 uE
ZOT I REAT RS ATk U EEARBOARAE. SERTHT T UCH 4R LAY 4 21 2 IR AR R 2 F Rk
Y, ASSOT ARk SO AR R IR RAF A0, S AP 25 SRR AR T R TUAY 25 BR LR AR BT 52T 1)
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