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[ Abstract] In big data applications, most modeling methods are bdsed,on a complete data set,but data missing in the
data acquisition process or storing process tend to result in failure to, modeling. Therefore, a clustering-based recursive
filling method is proposed. The incomplete data is pre-filled using the.mean of the same cluster to form an initial complete
data set. The complete data obtained are clustered,and thelinitial/filling is corrected using the mean of the same cluster.
The filling stability is determined according to the deviation of filling results, and the filling value is corrected through
multiple times of recursive clustering until the last two timieés of filling is stable or the number of iterations exceeds the
threshold. Experimental results show that compared ‘with the methods of mean filling, K nearest neighbor filling, cluster
filling and incomplete data analysis for rough setsythe method can implement more precise filling, making the final filling
more close to real data.
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//time A i K% AR R

//threshold_i Jy 2 YIRS 45 AN O A 4 B {H

//K = <U,R,V,f>584ESEREENREELRS

Initialresult //#] 1f 1k 4 J5 725 & result

while ( time >0)

last_result = result

ClusterFilling (K,a) //i i+ 8 25 & Hrresult

time

If (I ( result, last_result) < threshold _i)// /23K & 2% 45 |
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break

End If
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R1 HEERER

B 4 FeASC mEEC Jn%
Hill-Valley 606 101 2
LSVT_ voice_rehabilitation 126 309 2
breast_cancer_wisconsin 198 34 2
BlogFeedback (4) 60 021 281 8
gesture_phase_dataset 9.900 50 5
Dataset for Sensorless Drive Diagnosis ~ 58 509 49 11
Connectionist Bench 208 60 2
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R3 BUHBEEREXFRBNESL206 HERFR

B a4 %1 %2k %3l 44K %5
ill-Valley 0.478 0.403 0.473 0.503 0.420
LSVT_ voice_rehabilitation 0.418 0.423 0.511 0.478 07456
breast_cancer_wisconsin 0.509 0:425 0.485 0.471 0.416
BlogFeedback 0.933 0.921 0.952 0.931 0.944
gesture_phase_dataset 0.851 0.905 0.920 0.881k 0.902
Dataset for Sensorless Drive Diagnosis 0967 0.961 0.951 0.970 0.939
Connectionist Bench 0.424 0.431 0.479 0.482 0.422
4.4 FTHEBREI K74 SHBEEFHERE
BT BRI P 10% ~60% PEFT I Fk X H10% X H20% X F30% X 40% X K 50% XKy 60%
B2y 3 DA 7080 kR v R S0 13) AT IR KNN 0.237 0348 0.471  0.643  0.731 0.841
Sf E o igﬁéﬁﬁ'ﬁﬁﬂ%’z 4 ~ % 10 Ff ,/H\:EP ,&ﬁk% I PDPCM  0.232 / 0.316 0.369 0.528 0.635 0.618
Wk X, ROUSTIDA /0.288 “w0.572  0.516  0.614  0.659 0.753
RMFBC 10.212° 0.299  0.389  0.588  0.535 0.698
R4/ 1 SHEERERE
I XW10% XH20% XK 30% XJg40% XK S50% Xy 60% K8 SEHIEEREIRE
KNN 0.367 0.500 0.623  0.668  0.681 0.751 JE X R 10% X J520% X A30% X R 40% X A 50% Xy 60%
PDPCM 0.277 0.343 0.523 0.688 0.701 0.731 KNN 0.412 0.477 0.674 0.668 0.783 0.824
ROUSTIDA 0.275  0.577  0.594  0.724  0.759 0.772 PDPCM  0.361  0.447  0.593  0.671  0.788 0.833
RMFBC  0.207 0.377  0.392  0.534  0.5760.0.682 ROUSTIDA  0.477  0.541  0.619  0.637  0.793 0.764
RMFBC  0.374 0.451  0.683  0.604 0.776 0.802
x5 2ESHEERERE
F X HK10% X H20% X F30% X H40%nX H 50% XK 60% RO CSBERRARE
KNN 0.413  0.477  0.613 ,“0.768.\ 0.681 0.733 Sk XOy10% X5 20% Xy 30% X Jy40% X 30% Xy 60%
KNN 0.218 0.315 0.457  0.518  0.752 0.702
PDPCM  0.342 0.414  0.474 1\0.789  0.702 0.777 PDPCM 0194 0272 0.383  0.613  0.63 0.711
ROUSTIDA 0.442  0.514 £0.574 0.689  0.714 0.791 ROUSTIDA 0.275  0.309  0.494 0684 0699 0 731
RMFBC  0.279 0.361  0.433  0.538  0.676 0.752 RMEFBC  0.164 0.245  0.392  0.573  0.574  0.608
Fx6 ISHBERERE 10 7T SHEERERE
FiE S X R10% X H20% X F30% X 40% X Ky 50% Xhy 60% i X H10% X H20% X K 30% X K 40% X o 50% XKy 60%
KNN 0.418 0.587  0.691  0.772  0.691 0.781 KNN 0.394 0.511  0.553 0.686 0.731 0.788
PDPCM  0.298 0.490 0.712 0.773  0.821 0.830 PDPCM  0.303 0.422  0.549  0.671  0.666 0.793
ROUSTIDA 0.388  0.477  0.694  0.785  0.791 0.799 ROUSTIDA 0.405 0.592  0.638  0.624  0.667 0.772
RMFBC  0.319  0.417  0.602 0.734  0.576 0.812 RMFBC  0.288 0.413  0.492  0.655 0.673 0.782
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