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Imputing missing value by class center based on grey relational analysis

LIU Sha, YANG You Long
(School of Mathematics and Statistics, Xidian University, Xi’an 710126, China)

Abstract: Many data mining techniques cannot be applied directly to incomplete dataset which contains
missing values. Furthermore, missing values will significantly reduce the effectiveness of the algorithm.
So missing data management is an indispensable data preprocessing process. The proposed imputation
method is based on statistical measurements named as grey class center missing value imputation (GCC-
MV]D) approach. The missing values are imputed based on class center and standard deviation. Besides,
the standard deviation is added (subtracted) or not determined by comparing the threshold and the rele-
vance between class center and instance. Grey relational analysis is used to compute relevance. After the
missing values are filled, the complete dataset is used to train the support vector machine (SVM) classi-
fier. The comparative experiments are carried out on three datasets in different types. The classification
accuracy, imputation performance and imputation time are used as criteria to evaluate the effectiveness of
the proposed algorithm, experimental results show that it significantly improves the classification accu-
racy and imputation performance.
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Tab. 1 The basic information of the datasets

Datasets # instances # features # classes

ecoli 336 7 8

ionosphere 351 34 2

Magic 19 020 10 2

Numerical data pima 768 8 2

segment 2 310 19 7

sonar 208 60 2

waveform 5 000 40 3

yeast 1484 8 10

chess_m 28 056 6 18

lymphography 148 18 4

mushroom 5 644 22 2

Categorical data nursery 12 960 8 5

promoters 106 57 2

SPECT 267 22 2

card 653 15 2

Mixed data liver 345 6 2

700 101 16 7
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Tab. 2 Average classification accuracies of SVM over numerical datasets

Dataset Mean SVM KNNI WRF FKNNI  CCMVI(—) CCMVI(+) GCCMVI(—) GCCMVI(-+)
ecoli 0. 643 0. 669 0. 69 0. 667 0. 667 0.767 0.767 0.725 0. 730
ionosphere 0.923 0.918 0.510 0. 871 0. 870 0. 894 0. 895 0. 825 0. 829
Magic 0. 650 0.651 0. 651 0. 609 0.611 0. 650 0. 650 0. 829 0. 833
pima 0. 649 0. 649 0. 649 0. 599 0. 599 0.651 0.651 0. 745 0. 746
segment 0. 292 0. 357 0. 390 0.576 0. 569 0. 404 0. 404 0. 615 0.619
sonar 0. 564 0. 565 0. 530 0.563 0.552 0. 603 0. 603 0. 787 0.788
waveform 0. 860 0. 858 0. 556 0. 824 0. 823 0. 828 0. 828 0.672 0.678
yeast 0. 396 0. 398 0. 389 0.372 0.372 0. 436 0. 440 0.672 0.678
x3 HERHYEEMN RMSE
Tab. 3 RMSE of numerical datasets
Dataset Mean SVM KNNI WRF FKNNI CCMVI GCCMVI
ecoli 0.16 0. 14 0.16 0.18 0.17 0.11 0. 09
ionosphere 0. 61 0.55 0. 61 0. 82 0.74 0. 63 2.08
Magic 38. 90 36. 30 38. 82 22. 30 23.11 17.55 3.45
pima 44. 60 50. 70 49. 20 47. 33 47. 88 45. 32 0.97
segment 35. 10 36. 19 30. 22 36. 20 26. 21 29. 48 0.25
sonar 0. 22 0.21 0. 25 0.79 0. 64 0. 24 0.12
waveform 1. 43 1. 36 1.52 1.92 1. 68 1.54 9.74
yeast 0.10 0.11 0.10 0.17 0.18 0. 09 0. 23
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PR BT 1953205 FE 43 AR [R] L X W |- sl
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Tab. 4 Average classification accuracies of SVM over categorical datasets

Dataset Mean SVM KNNI WRF FKNNI  CCMVI(—) CCMVI(+) GCCMVI(—) GCCMVI(+)
chess_m 0. 549 0. 542 0. 527 0. 604 0. 596 0.524 0.524 0. 335 0.335
lyphography 0. 745 0. 735 0.722 0. 701 0. 709 0.716 0.716 0. 882 0. 882
mushroom 0. 931 0.919 0. 853 0. 956 0. 960 0. 874 0. 874 0. 967 0. 967
nursery 0.932 0.934 0. 935 0. 939 0.936 0.932 0.932 0. 891 0. 891
promoters 0. 651 0. 668 0. 682 0.678 0. 668 0. 669 0. 669 0.777 0.777
SPECT 0. 735 0.735 0. 736 0.703 0. 705 0. 729 0.729 0. 826 0. 826
x5 FHREBEER Hit ratio
Tab. 5 Hit ratio of categorical datasets
Dataset Mean SVM KNNI WRF FKNNI CCMVI GCCMVI
chess_m 0. 81 0.76 0. 74 0.78 0.76 0. 74 0.78
lymphography 0. 44 0. 47 0. 41 0. 46 0. 45 0.43 0. 87
mushroom 0. 47 0. 44 0. 40 0. 43 0.42 0. 43 0.79
nursery 0.73 0. 68 0. 68 0. 68 0. 68 0. 68 0.83
promoters 0.71 0.73 0. 74 0.75 0.73 0.71 0.79
SPECT 0. 39 0. 36 0.33 0. 35 0. 35 0. 39 0. 62

4.4 EEHHBEEXLBERKSN
6 TR T a2 TR A TR R A 1
SR RE , AN 22 (RMSE) AL A M Hh 238 (Hio).

AR .GCCMVI 7E card il liver Byl 4E bR IHAR
U 78 zoo B FRCRAE LT B 22BN,

* 6 EBEIHEEN SYMHNEHSERBE

Tab. 6 Average classification accuracies of SVM over mixed datasets

Dataset Mean SVM KNNI WRF FKNNI ~ CCMVI(—) CCMVI(+) GCCMVI(—) GCCMVI(+)
card(6:9) 0. 543 0. 537 0. 541 0. 542 0. 539 0. 547 0. 546 0. 834 0. 836
liver(5:1) 0.579 0.578 0.579 0. 575 0. 574 0. 585 0. 585 0. 647 0. 647
z00(1:15) 0. 816 0. 810 0.811 0. 849 0. 853 0. 876 0. 876 0.821 0.821

*® 7 BEEBHEER RMSE 1 Hit ratio

Tab. 7 RMSE and Hit ratio of mixed datasets

Dataset Mean/mode SVM KNNI WRF FKNNI CCMVI GCCMVI
RMSE Hit RMSE Hit RMSE Hit RMSE Hit RMSE Hit RMSE Hit RMSE Hit
card 1204 0. 25 1204 0.18 2117 0.18 1151 0. 20 1178 0.18 1185 0. 20 0.14 0.81
liver 22 0.08 23 0.12 23 0.17 23.63 0.11  21.26 0.19 21.41 0.13 0. 06 0.70

200 0. 50 0. 30 0. 50 0. 30 0. 64 0.23 0. 44 0. 30 0.79 0.24 0. 44 0.12 1. 28 0. 80

4.5 IEAMET EIVEAE
ANTRIECRN 5 5 R SR ] A2 2R 8 4 i, GC-
CMVI LR FBE T Mean il CCMVI [ HAth (1)
J5 . e Mean 182 KN 7E GCCMVI H, S5 {E 3 AR Mean
JE A — AT AN R ; e CCMVI 18 A9 3232 )i 0.1

RS AETFEHEAMT B (BN s)

Tab. 8 Imputation time of different methods(in seconds)

SVM KNNI  WRF FKNNI CCMVI GCCMVI

18284 1000 16783 13412 1.3 33
PR S5 S 850 H 3 R BT s/ e K br Ak
LR T L I A (AR (X 2 i (E 5 & i
Zn

A AR 3 IR AT LA 2 9 DR A de /N KA o
Pt i S 2T A B T S ) FR T SR T A4
T BE/INEYIFORMR 22 K A BURMRICR B AT

FI T C A Y R 2 (EL RO 7 ik A A7 A 3 SR AL
RAGUF i ANREIE FH Tl I HE I s A5 R
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FRCH AAF RO % 57 %

I FRATEE T — AN 8B BRI AB IR 5 44 M K
G B R (B AN 7 I (GCCMVD) L B AL 55
AL AL A S 28 s 5 H At S48 [R] ) A O
PR A 3 B, AH G 38 2 £ S B A0 B SR 115
Fide B FHAS 31 0 B (R FURMER G . SEae i T 3
FAS [ AL 1 5 40 4 - BB AR 75 AU FNR 7 B 4L
PEAE  BLAN TR N T IR S 6 R R T T
FLs . A1 Mean, SVM, WRE, KNNI, FKNNI,
CCMVI, S 45 R A SO ik o 248 8 1 02
K BE FITEMYCR . H GCCMVI(H) fS - GCC-
MVI(—=) JHEATZ B A B3 2% 5.

AASC A BT L EL— M A
—ANARTR ARG ] B 255 10 HU B S 56 AR AR5 R
AL R HA A 4 2548, BRILZ AN A I8 T 5E 4
BEAIL I 114 175 0, » SE At 1 o S5l 2 ML 1)« o L 5k 2 R
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