SEPNE T SN

Journal of Zhengzhou University ( Engineering Science )

Bi& M F = A4 A T EHIRIERE RS K

kOB, RER, HSM, FAH, FHE, KBEA

(1. B M R 2% IR e b R B SE B, TR B 450001 52, KoM k2% A 545 B TR 3B, R #BJH 450001 ;3. 7
Fe {L Rl ARG BR A H) LR AN 450001)

B OB A4ANATHANGSEFT REL R HBENTNET AR EZA YA RN A RE—FLATHER
FREE AN R T ERBEBE RS E T A GER T T A X EERERRRI R SR T ERIEE
Mokt AAMAEREKBEZANHENSASATER, EEANAT RN RZHITA THAG SR ME
AN R R T — AR EER B IFAIS ST E NG EREI A LERRE R RE AT RN i
W RSN RERRENGE T LA LR RFEALSELERGHF TR, R G, EIEHE LA
HLgshRELNALHELE ANARFTEEREEGIAMERA SR, AFERBEE LT LERE
B HTAR 7 ik A ARI F= AP 6 AR P AR R 7 BRI E S A 5K 6.23 80 54 0.82 84 4, B T A4 7 ik

A Rtk Ao e

KB FARZERE; 2 £, 2RAELN,; A ELM,; EEEL

hEH %S, TP181 XERRERD A

B B 1 D PR 22 L ME DA ARE S, ) A7 7
TR BRAAR B e fE R s (5 8 R —
Ak 20t R | A B Y R T U B st B RN
D 3% A7 7 i S (0 B Bk =2 AR e B Bis

VT JUAE R 7 58 8 B4R 43 28 [R) L 45 32 G T WE
R AR HG rh o e 2k A A BT T B A 3 R OR
W, e -5 1Y) SR WS O B 2 S AN 2 R A B (LAt ]
58 HE Y RE AL HE I3 2R AR 5 5 — Tl 38 g o A X B i
WU AT B (9 o A R R TR R A
T 1 MRS 43 A AR 1% o A A B O (R
SrAPERERTBE W3 N R HOAT T 2 W B9 A o8 5K
P Ay JE AW 2 JE TR AN A9 95 X Al ka4
AR IR TR SCB AN e AR AR B E S
A, HAZ OO F AR AL RE O B T 2 RE A B, AT
die KA HCHE DA B S AR Z M, D-S R4 21
w2 Dempster 16 1967 4Ef e Ay, B 2
NP AL G A 58 BB 43 AT 55 T HE R — R 5
ik, AR D-S UEHE FEIE , B 5% F TR AL AT Lo AR
AR 53 45 B AT OB R AR 4 45 2 AT
] —A~F 4 4R R TR A3 RS ] 43 0 A R

Y #5 B #7:2025-09-30; & 1T A #1 :2025-10-30

doi:10. 13705/j. issn. 1671-6833. 2026. 04. 006

R T 6930 3 07 vk R A AT IR T iR
B, I v X R b S (ELA PR B AR

AR ER TR AR S 5 F R B — E 1Rk
R E R T AR G A A7 RN 7 12 X LU AT S8R B v 4 R
Hh R B AR AL ] 19 52 2 SR AR A R L R R oy
RAERE, G — PPAL J7 ¥ DR B 2 )52 23 A,
BOHE B S BEURR T Ak BN S8 R RO I A A B R 2
by 7R A 22 SR VA BB o 7R 22 IR DS AL ST N
RV | 22 B3P0 5 45 Wl o 1 il SRS T 12 A7 R i A
A% 38 AT o P

BEXF b IR, AR SCHR T — b A 3E I 2 [
FANA BB UL o Tk, BN T
v I A G 4 SRy A7 A 5 1 08 R AT J B AT OGP AN AL
e, BTt T — A N S A AR O i e i R
T BB R R 7 S 24> T = (8] R R TR AT
23 [ AYJ S BEAT AR A 5 LU, SR AT OBUE R DA
HLA, RS i 17 A5 20 o A A0 o A 19 365 B2 7, S
AT T Ry ERAE A 43 2 B0 A P A DR A e R A A
f 15 4324 I L 5 B I, A TIE 4% HfE 38 P 5 SR R
PR T 2R BE R T KA

ELWB . . HA E AL LT (231111211600) ;31 #§ 45 F R AL S /E T AW H (231111520300)
TEE R KR (1966— ) , 5 IR A BN K282 4 A4 S0, EZ RIS B2 48 B aR e R

AL FETF 5%, E-mail ; zhangzhen66@ 126. com,,



MK 2l (0 2 R

£ e TR0 I A
1 tHxXIE

1.1 AEBEBIRMHI G E

A 58 B Y 1 4D 2 4 2 o 4R T AR TR B R
I 38 3 — 5 BT A TR O X S R A A Y i A
R SE R A T A 3 R, R R T
Gt n AL Geadi#b Jr i, 5 1R SR (H JC s A A A
BE O Z& , Horbh 08 40 #b T RR AR A X (8 0 78 dphe
&, 40 Razavi-Far A EM Bk A R B
S8 AR AME B Rl A o 58 RO B T LR 2 2T (A Ab
7 i R RS R TR G (L, BB 7 vk KNNDY B
PLARARIF b , 3 8 U7 1 BE 8 47 P 02 AR P IE G R . 5
SRR TR A ) A A AN T vk B — BRI T vk
A B %t Bt P A AN R 4% GAIN''! | Difflmpute’ ' |
HOEC' "™ 3 2 J5 1L B 11 3% 2 B 24 B 7R
1.2 D-SIEEEE

R Q& — AR BIHERL, SOPR b ke =5 1A, 78
EEHERL D RAHEZR N 2= (o, 0,,... 0, | T
A2 HAE T QWA 75, — M iFEdE 3T
AAF L4 BL (basic belief assignment, BBA ) 7§ M\ 48
27 FI[0,1] B — NG RE m(-): 2°>[0,1],
JEul e LR 45

Zm(G)= 1;

m(¢) =0,
WHE m(G) > 0, WF ¢ HEIL R m(6) =
max(m(+)), WF ¢ HEEIT,
W NHESE A WAz uE 4 LA v, ATy
mass PRELST AN m, ,m, B Dempster & B0EE I Sy
W®m:%ZﬂMDmW% (2)

EIVACTER 4 8 4 R RS
Z= % m(Lym(H)= 1= % m(Lym(H). (3)

2 KXFHiE

2.1 BEMFZEEEE

i B 42 1 11 25 2 0 I B A AR A7 A R R
B, L Y=y, vy, ...y, | HEGLET C A,
MR X={w,,x,,... 0, | o A SCEXT 2R 4 Fn
KR A E B R E I 1F B0, 32 10 1 — i 56 TR A AR
MRS A 3 I G A SRR O vk R — A
BH p DA 6 B, 398 A B .C.DEF, R
(SSBUR /(11 A

T, A EHiE 4 2 E P 0 Bz OR b A oG

(1)

Pxy

FHC " pyy TEERLIX 6 AN A I 9 AR S SR b AR G
A R .

_ Cov(X,Y) _ E(X—EX)E(Y—EY)O (4)

/DO /DY) /DY) /DY)

Kb E NECEWE,; D ROr % /D bR,
Cov(X,Y) BRI~ B AL AL & 6] 64 b J7 22 , 1 oK A
AR AR IR ZE  p,, PSR 2 JE] Y P
J7 ZE AR MEZE RO R (EL, AR 2L | X 55 Y B G &
B, X 5 Y AEARSCH WAL 8w

Hok SRR X 6 bkt B
568 AH S A ) S ) 23 B[R] — s ] AR SR g
AR AR DG PR I il ELHE AR il SRR R A . TR IEHY
DUl F AR5 A SCRE PR v — B, RE e R T =S 1A A
RF AR T 2 Y 50 R T I e /A T S T () R B 4
TR EATH R T R RCR U LS T AR EL
8 AR A ) 3 [ A 3 SR IS R i A B D AR B A A
ABEF S, AR SCPERE B R P AL 3 S, e 5 22
HEAT R 0 o SR ) 4 M 7 R AR OGP (R SR [ -1,
V] [=1, 1] 23 5 e S B0 AR L (3 [0, 1] . [0,1],
X e R L HOR R 5 BAR A ST

R, +1

S . 5
uv 2 ( )

XF MR =10, S =1, MM, H4R, =-1
B, S, =0, EEANHL SR, =08, S, =1/2, ]
SRR AL

LR A B R B B o R RO A0 AR B
g Y A [ C F Z IR DGV, KO B E, FR 3
—A~ D JEM KX 6 SRR B 3 AT sl

A, PR FRAE 25 (8] P, 25 TR A ] 4 R oL
PEXRZR R KNN BEAT B R A AE b o 3y 32 B AR
BT A R AR DGR | SCRBTE Jmy &8 &5 1] P S B
K UERIAEAC D IC , DT S8 35 12 a1 Bk 2R 1 SR AR 19 1
ok, IR B R WM E 1 s, A, 8 % Diabets
R B 3 AT EARAE U AT I A TS X 4 A
MNIEL 2 AT DU A kb 0 RS A B A R B G
Ji b 43 A T 25 2 W AR R, o oA RSB ARD 3 BURRAE 43
A e B MR IR B 7 B [ A Rk | oy I 2 00 i
PEAR FIIE 55 fl & 52 L 7 58 AT 5 A R AR R A
2.2 WEEZHEMR

SERIINZRAR R AE /Y [ 35 6 25 [ b s 159
B TAFEYLY,,. .Y, s BNUINGTFENS
1A BEHLAR AR AT AT ] ok 0 3 4 A 755
FEARHEAT 32

P =T'(x|Y), (6)




e, % A

JO 25 18] 47k D 9 A e 48 B0 U 41 4R A0 26

A|B|C|D|E|F A|Cc|F |B E| D A|C|F||B|E||D
NaN| NaN [ | [
NaN NaN NaN i?ﬂizgm;ﬁi NaN NaN - NaN |
Fel WIS K L T
NaN NaN e NaN  NaN k-
NaN NaN NaN NaN| {rifith
— £ —
NaN NaN A0_34 P 0.40 039 NaN  |NaN ] |
NaN B 0.34“0.36 -0.15 0.16 0.39 B
Wty RUBRIEE s 0.5 055 WEF  WET VAT T WET WEF
gl 1 R W %1 %2 %3 %1 ®2 %3
BRI
A|lB|c|p|E|F g  D:040-015-015 -0.12-0.30 A|C|F B|E| D Alc F||B|E||D
NaN NaN NaN NaN | NaN
NaN NaN {i FH R VIl 25 NaN  NaN NaN| I
» H—reid KNN3 —]
NaN NaN : SR NaN R
NaN NaN =
NaN NaN NaN NaN NaN |
NaN NaN NaN |NaN = o
FEe e AT WRT  WRT AT WRTF  WRT
#1 #2 #3 #1 #2 #3
E1 BERFZEEHMNEREE
Figure 1 Flowchart of adaptive subspace imputation
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Figure 2 Comparison chart of feature distribution before and after imputation
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Table 1 Basic information of incomplete datasets
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x2 AEAEETEBIEES LD ARI
Table 2 ARI of different datasets classified by various methods %
B 4 MEAN EM MICE KNN LLA GAIN Difflmpute TGAN-MTL ARk
Tic 34.05 32.84 33.47 29.57 41.25 47.35 42.67 52.48 66. 32
Stalog 96. 03 95.34 96. 21 93.67 97.24 98. 14 98.54 99. 07 99.58
Ionosphere 72.95 72.89 73. 41 73.93 78. 47 82.33 87.09 92.32 98. 85
Diabets 72.69 69. 47 70. 35 74. 47 80. 44 81.35 85.42 88. 63 93.11
Ecoli 29.35 31.65 32.43 33.13 37.56 35.33 40. 10 45.18 57.19
Acoustic 45.79 51.37 52.36 47.07 54.71 41.95 60. 35 68. 52 81.47
Raisin 73.67 76.92 717.35 73.72 79.98 65.27 81.24 90. 76 93.83
Credit 38.55 37.41 38.32 39. 68 40. 31 33.54 39. 87 39.75 39.94
Biodeg 51.55 56. 05 55.37 56.94 61.35 69. 43 71.24 77.98 82.12
HTRU_2 83.95 84.07 84.31 83.24 87.24 85.67 81.53 89.67 94.29
A 59. 86 60. 80 61.36 60. 54 65. 86 64. 04 68. 81 74.44 80. 67
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Table 3 AP of different datasets classified by various methods %
BE 4 MEAN EM MICE KNN LLA GAIN Diffimpute TGAN-MTL A3k
Tic 81.19 80.73 79.24 83.05 81.47 84. 54 85. 89 84.62 85.39
Stalog 80. 47 84. 84 80. 36 84.27 84.24 86.91 83.74 86. 07 87.96
Tonosphere 96. 43 93.20 93.26 98. 34 97.31 95.74 94. 48 98. 28 99.21
Diabets 93.10 94.09 91.27 96. 30 94.26 96. 32 95.27 97. 40 98.24
Ecoli 76. 88 75.22 79.31 80. 25 78.63 79. 85 85. 69 82.47 82.43
Acoustic 78.37 80. 34 81.45 79.97 81.13 85.77 81. 64 83. 64 83.81
Raisin 91.37 92.52 86.97 92.03 90. 54 91.25 93.87 93.55 94.08
Credit 88.73 88.57 87.43 89. 55 89.78 78.24 84.33 91.26 92.73
Biodeg 93.63 95.48 92.24 95.29 95.35 92.65 96.27 95.85 97.62
HTRU_2 90. 06 91.45 88.33 92.32 91.90 77.54 92.30 93.51 93.36
S E 87.02 87. 64 85.99 89. 14 88. 46 86. 88 89.35 90. 67 91. 48
100 100
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Figure 3 Classification results for the Biodeg dataset with various missing rates by different methods
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Table 5 Execution time of different methods

AT I /s

K MEAN EM MICE KNN LLA GAIN Difflmpute ~ TGAN-MTL A3k
Tic 0.723 1 1.473 1 1.326 3 0.9723  2.4165  5.3846 4.982 7 7.385 1 6.572 4
Stalog 0.796 5 1.546 3 1.282 1 0.6347 3.5407 9.8805 3.653 1 8.2156 7.390 1
Tonosphere 0. 869 3 8.3199 7.795 8 1.0999  4.3763 10.804 2 5.830 2 11.237 4 10.944 9
Diabets  0.386 9 1.268 6 1.336 3 0.5537  7.2759  4.1140 7.048 3 8.735 1 6. 840 2
Ecoli 0.482 4 1.314 7 1.938 5 0.8643  6.2279 10.051 1 6.912 8 13.574 2 7.908 5
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Ensemble Classification of Incomplete Data Evidence on Adaptive Subspace Imputation

ZHANG Zhen'?, CHUN Meijie', TIAN Hongpeng’, LI Youhao’, HUANG Weitao’ , ZHANG Junjie’

(1. Henan Institute of Advanced Technology, Zhengzhou University, Zhengzhou 450001, China; 2. School of Electrical and Information
Engineering, Zhengzhou University, Zhengzhou 450001, China; 3. Henan Huirong Oil and Gas Technology Co., Ltd., Zhengzhou
450001, China)

Abstract; In response to the issue of biased estimates affecting classification performance in imputation-based clas-
sification methods when dealing with missing data, an incomplete data evidence ensemble classification method
based on adaptive subspace imputation was proposed. The proposed method utilized adaptive subspace imputation
and dual evidence integration to enhance the model’s classification ability on incomplete datasets. Firstly, spectral
clustering was used to dynamically partition the feature space into multiple subspaces, where missing value imputa-
tion based on neighbors was performed independently within each subspace. Secondly, a dual importance evalua-
tion mechanism was designed, which calculated the difference in data distribution before and after imputation in the
training set to assess global importance, and evaluated the local importance of classification results by assessing the
classification capacity of the classification model on the test set samples’ neighbors in the training set. Finally,
based on evidence theory, local and global importance were fused to enhance classification performance by levera-
ging the complementarity of information from different subspaces. Comparative experiments on standard datasets
showed that the proposed method achieved improvements of up to 6. 23 percentage and 0. 82 percentage, respective-
ly, in the ARI and AP metrics compared to suboptimal methods, validating the effectiveness and advancement of the
proposed method.

Keywords: incomplete data; classify; global importance; local importance; evidential reasoning
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