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Abstract Keywords

To address the problems of the traditional incomplete data imputation clustering algorithm, which does incomplete data;
not consider the influence of imputation on the class center and the uncertainty caused by incomplete sample clustering;
modeling, a hybrid classification algorithm for incomplete data based on the D-S evidence theory ( HCA) is D-S evidence theory;
proposed. First, the classical soft clustering algorithm is used to cluster the complete samples in the dataset uncertainty ;
and select the training samples. Then, several training sets are constructed on the basis of the known attrib- multi-source information
utes of the remaining samples, and the basic classifiers are used to classify them. Under the D-S evidence fusion

theory, samples belonging to several classes with similar probability are divided into corresponding metaclasses
to reduce the misclassification rate. Finally, the incomplete samples in the metaclasses are classified after im-
puting by K-nearest neighbor to their hard-to-distinguish classes, and several classification results are adap-
tively fused to determine the final class of these samples. The validation of the simulated datasets and UCI
standard datasets show that the algorithm can reasonably represent the uncertainty caused by missing values

and reduce the error rate.
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e HATIHE. SSIRPTA 8 MR M EAF AR L
gyt S, BT SVM PR SEA Ay, R 2 Prag X
BuEws, BEBUEEA 0 DB TERREA, SR (ETERT
AREA M IA L LRI . BOAIIZR{E N B =0.9,
AR A IEBIE T B0 2R ANR 2 Fw.

o F1 BB EMNIEAE R
o, Tab.1  Basic information of the used data sets
1)
o FVEITE N Bk JR £ AR
2.3 Breast 2 9 699
12 Heart 2 13 270
18 HCA SCH4EE (R, =0.7, R, =20.19) Pima 2 ° 768
¢ T Whe 2 683
Fig.8 Result by HCA (R, =0.7, R, =20.19)
Bupa 2 345
3.2 S Wine 3 13 178
M UCT H e J 0 8 > FUSCRCRHE R I E B 50 e ’ 129
HOEREIE LT = HOr AT, IR XS A B 5 s : —
2 AFEEFBE T REREED LKL (%)
Tabh.2 Classification results of different methods with different meta-class threshold (% )
) HCA HCA HCA
Data n MI KNNI FCMI & R R, & R, R, & R, R,
3 4.86 4.86 4.86 4.29 1.43 3.58 4.58 2.00 9.87
Breast 6 5.08 5.15 5.01 0.1 4.58 1.57 0.3 3.72 4.58 0.5 2.15 10.01
10 5.29 5.58 5.37 4.86 1.57 3.86 4.58 243 10.16
3 41.30 41.48 41.11 39.26 4.07 34.33 12.45 31.48 20.37
Heart 6 41.85 42.41 41.48 0.1 39.82 4.07 0.3 34.89 12.59 0.5 31.85 20.37
10 42.20 42.78 41.85 40.00 4.81 36.12 12.78 32.96 20.74
3 34.24 34.24 34.31 33.40 2.34 31.03 7.90 29.39 12.72
Pima 6 34.31 34.38 34.51 0.1 33.79 2.34 0.3 31.19 7.80 0.5 29.52 12.72
10 34.51 34.38 34.58 33.92 2.34 31.51 7.85 30.08 12.96
3 4.54 4.54 4.54 4.25 1.61 3.37 4.69 1.61 10.25
Whe 6 4.69 4.62 4.62 0.1 4.39 1.61 0.3 3.51 4.69 0.5 1.76 10.25
10 4.83 4.76 4.69 4.54 1.61 3.66 4.69 2.05 10.25
3 46.09 46.82 46.25 45.8 2.03 45.06 4.93 43.48 7.25
Bupa 6 46.38 46.96 46.38 0.1 45.95 2.03 0.3 455 4.93 0.5 44.06 7.54
10 46.96 47.25 46.67 46.24 2.03 45.64 5.22 44.06 7.58
3 31.46 32.02 31.18 26.78 14.79 20.78 26.12 19.86 27.53
Wine 6 32.30 32.58 33.15 0.1 28.37 15.17 0.3 22.47 27.57 0.5 21.35 27.77
10 32.58 32.58 33.71 29.59 15.61 23.6 27.9 23.04 28.65
3 10.00 10.00 8.67 6.00 7.34 2.67 29.17 2.67 41.34
Iris 6 10.67 10.34 10.00 0.1 7.67 8.34 0.3 4.00 29.35 0.5 2.67 42.00
10 11.33 11.33 10.33 8.89 10.22 7.00 29.67 3.78 42.11
3 10.95 10.95 11.05 8.41 12.5 3.81 40.11 2.22 50.79
Seeds 6 11.43 11.43 11.90 0.1 9.76 12.62 0.3 524 40.48 0.5 3.33 50.95
10 11.90 11.66 12.48 10.7 12.62 7.14 40.57 524 50.57

M2 il LI, HCA J7 ik M H T Hoh = Fp 7 ik
(ML, KNNI il FCMD) $5 3 RS, (05 BRI 5] AR
BRI T AR JEE R — SO P SR A
FR R AL T AN TR] 288 331 4 T 5 DX O L I A 0 S 31 ke
TR 2325 T FHRL R 4526, D-S GEHE ISR 9 HCA JF
TERBE A R IA i TR i S RIS [ i 4311 e FS A 1
TEPERIAKE B P R IR DR B IR 46 v R 2k
ARSI, BRI AAARIE N, [ 2 AR 2

KGR, R DL 5 B, RO R AR Y i 2K i A
Z, BEMFEAR 73 RB AN E TEBOR, 4 ) 5 R iR
gr. WER2 Wb T IR, BER G EEIME ¢ 21, iR
PR R SMIBL AL L, 5 & ORI, A7 50245
RrpJE T— RIS S H3  BIM L 2k, 3R
RSN, AR BT 4 e BUNE, RS XT
ANTRIZAAT — 5 19 DX 53 B2 3 T LCKE 3l o B 4 11 288
L RRE BT, AREER S TR L, M TEAR
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Tab.3  Classification results of different methods with

different basic classifier (% )

HCA
Data (n, BC) MI  KNNI  FCMI

R R,

(3,A) 601 6.5 6.5 529 1.43
(3,B) 486 48 48 358 458
(6,A) 6.5 629 629 544 1.57
(6,B) 508 515 501 372 458
(10, A) 629 644 644 558 1.57
(10, B) 529 558 537 386 458
(3, A) 4222 4202 4185 39.08  3.68
(3,B) 4130 4148 41.11 3333 1245
(6, A) 4259 4222 4222 39.63  4.07
(6,B) 41.85 4241 4148 3389  12.59
(10, A) 4278 4259 4259 39.63  4.44
(10, B) 4220 4278 4185 3612  12.78
(3,A) 3411 3418 34.11 3372  0.65
(3.B) 3424 3424 3431  31.03 7.9
(6,A) 3438 3431 3445 3398  0.78
(6,B) 3431 3438 3451 3119 7.8
(10, A) 3445 3451 3477 3398 091
(10, B) 3451 3438 3458 3151 785
(3, A) 593 58 586 527 1.61
(3,B) 454 454 454 337 4.69
(6,A) 6.08 600 6.15 542 1.61
(6,B) 4.69 462 462 351 4.69
(10, A) 6.5 615 623 556 1.61
(10, B) 4.83 476 469  3.66 4.69
(3, A) 4537 4522 4522 4421  1.16
(3,B) 4609 4682 4625 4506  4.93
(6,A) 4595 46.09 4551 4521  1.16
(6,B) 4638 4696 4638 4550  4.93
(10, A) 4653 4638  46.09 4564  1.60
(10, B) 46.96 4725 46.67 4564  5.22
(3,A) 3202 3146 3146 3053 056
(3,B) 3146 3202 31.18 2078  26.12
(6,A) 3287 33.15 3231 3202 0.78
(6,B) 3230 3258 33.15 2247  27.57
(10, A) 33.15 3399 33.15 3258 094
(10, B) 32.58 3258 3371 2360 279
(3,A) 11.00 10.67 1033  9.56 334
(3,B) 1000 10.00 8.67 267  29.17
(6,A) 1133 1167 1133 956 4.44
(6,B) 1067 1034 1000 4.00  29.35
(10, A) 11.67 1333 1200 1155 622
(10, B) 1133 1133 1033  7.00  29.67
(3,A) 1133 1143 1133 1111  1.43
(3,B) 1095 1095 11.05 381  40.11
(6,A) 11.74 1190 1167 1124  1.43
(6,B) 1143 1143 1190 524  40.48
(10, A) 12.62 12338 1238 1190  3.49
(10, B) 11.90 11.66 1248 714  40.57

Breast

Breast

Pima

Whe

Bupa

Wine

Iris

Seeds

FCMI Jy 347 b B0 iF HCA J7 3k /9 HE BE T B80T HCA
Jri Ay FPE. KNN AT SVM 75 S2 56 v 4 b S 43 26 2%
PP G KBUME £ =0.3, YIZRAERIE B =0.9. VIR H
R.(%) MIAKEHR R, (%) TER 3 i, S T I 30,
E X BCAUZIEA 73 e, A U3 KNN 1R Al 73 i,
B AU SVM 1 kAl 73 s

M3 HATRIE Y, Aie e SVM B2 KNN AR Al
Gy, HCA J5i5 W 70 A0 L JE U5 i (ML, KNNI Al
FCMI) (iR 73 54K, X SR HCA J5 ik T 026 f BA B AT
FRE RLTE. S, — B PR A Ji P (ke 2 T X LA 4 3
r B E H2E R BREAS B o BRI R B B 45 28 Bl
AR P BRI (BRI n) A3, HCA ik 215 28 i i
BRITARAARE A, XTI OO E W 8, OB 5K R
PERIHEN, SARANREZWATENE, W= 4L E 2
MR R, X TR AT Z AR P IIREA KL, ORI
DA R MEAR EASBERS vl A X HotE A5 I R 23, B LA
BEAT DRI X ik SR A SRR, ARG B 5
SNSRI 0 REE R, B4ty Z45 B H B i H R F- Bk
HHEAG BRI LA AT 2K

4 g

ARSCER T —FP BT AE T D-S GRS B I A S8 B EE
R EFE, BREH LA ISR B W X A4
ARG BN A, FK H THREACR P BR2% FE o
i A BN R PR RN RE R T, O R AR 2 e g iR R
S SE M TR IET R A P I SE BEREA RIS, JEMN
PRI A N IGREE , HRFEAAE I i 4E. AR 4R
ML PR B TR A, G FTAR R ZRAE I ZRA5 21 i 2
RARIATHIE. WR—DREAR XS ZAA R 26 B A M
R, X R CURIEBIA (5 SR HEAR L #2028, 72X
FIRFOUT , KR o3 2 A 09 525 28 AR AR 73 St e
e, AT REVE A IR AN SE B AR BRI 19 0 R AR
B2 I P TEREREALERSILTFE R A 2R oy
BIBEATHAN, FEZIHANE I 2SS BAEAR, NS BAEA
IR L AP R EE R 2 A3 G R 2 DS M Yager HLI
FUE MR A 2.l o =S5k HCA S5 e T ik #t AT
XTH, SEHRAEAAIESE, HOA B3k RERS 1 PHARAE i K fEL AN
JEHR R o3 A1 5| 6 B AN T A R, I R AR R 2
AR BIRATEBG TR RIRCR , (BIRAAT —L6 [a] i
BRI 1) B — DA e AR AR ZE I Z AT L 1Y
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