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Abstract

In the era of big data, there are many ways to reduce the dimension of high-dimensional data.
Among them, the linear dimension reduction method is the most typical method in PCA and CUR
decomposition method, but at present, using the two methods on the research achievements of
high-dimensional data dimension reduction is not enough. Therefore, through the discussion and
research of the principal component analysis and CUR decomposition method, this paper analyzes
the use conditions and practical effects of the two methods. It is concluded that: with the tradi-
tional principal component analysis method of the matrix decomposition, in terms of feature se-
lection, CUR decomposition method not only has high accuracy, but also has good interpretability.
In terms of matrix recovery, CUR matrix decomposition method has high stability and accuracy,
and its accuracy can sometimes reach more than 90%. Therefore, I think CUR matrix decomposi-
tion has good application value, and it is worth using CUR matrix decomposition method to reduce
the dimension of high-dimensional data.

Keywords

Principal Component Analysis, Line and Column Joint Algorithm, Feature Selection, Matrix Recover

B REE PRPCASCURS EXTLL 347

YRRk

677 Tl K%, bt
Email: 2040345359@qqg.com

Wk H#A: 20204F3H26H; S H: 20204F4H9H; KA HM: 2020F4H17H

o=
FERPFERIA, ERERHEFREERMRSFITE. i, EREREATTES RMAK I ERPCAR

SCEBF: I, SR R4 ) PCA 5 CUR AN EE A HT]. Gt 58, 2020, 9(2): 256-264.
DOI: 10.12677/5a.2020.92028


http://www.hanspub.org/journal/sa
https://doi.org/10.12677/sa.2020.92028
https://doi.org/10.12677/sa.2020.92028
http://www.hanspub.org

T

CURSMETTi%, (HR B RIBA A X PR 0 W AR R4 BT LR IEA S, FE, ASCERXHX
FRA AT A CUR BT IE BRI AR FE, 04T T X PR PR L 8 I 2 AR AN SEBR R, B 5k
G E B AT IFERE T LLE, ERHEIE R, CURD BT EA N EFRE MR, TiH
EEFIRGFHI AT R R AEFERER R T, CURFEFEZME T EL 0 15 o MO R 1k R B 38 L 1R e O A
B, HAHEAMNEREER90% 1, FHILRIHCURMEMEMEEARMFHMANE, EERIMIFA
CURAERE I i X B BT R 4

Xigia
FERSHT, THIBREEEE, FHEREE, FEERE

Copyright © 2020 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 51§

fEmdEEa g, T mAERRXE LR, B DURoR B 2 AR EE B L BB R R E S 1
AR BAPAEAR 2, DRI S PR 4E 2 SR AR A B 4k /NS 22, JRATTAT LR g i) - B
HeR R AT A B AR Z A B 4ERIE 7%, W W JEA PCA 0. CUR 73 F1 SVD 7
fRSESE, fEMEGRAERE i, EARBENE R e e R0 7 i BRARLE A, (E2 20 88 HE R A 45 R AT fi
VEANGG, TR Ry 0 i R OB AN SR AR A8, JRATASRE B S A S o S e R, A Re
PR A RTAETE S 1R], BRI A0 AR o RO AR I AN i o BRIEE 2 A, BT i I B P 500 A R SR I 28
3 O R AR THEIAE PR A Ve MR IR VR AR 2 . ACSCIE AT 9IS SR S IURHIE s £ 0%, JFH
B CUR SEORMEWR R R, CUR 73 A& A8 i Un et A0 B h R A A 4 i) K N R GR 20-47 A3
SR 5 PG PR 20 AT [1] . CUR J3figt b SRR Bt i imiok, A5 B B i HLAE RO, [H)
i, CUR 70 IV SABON RIS, G 1 X W 4ERE MR REAT AL (EOR A, DN LR e, AL ERTIX
PR B AR T 53T X LA

TR VR fo A LA AR B AT AL B i R Bl 1 i, AR SR AL B I R AR H T2 1, 3
REIHTIX LA KR B SE 8 th R ATRT CUA B, AEREAT F P e T 5 1, N2 P i) 32 R AR A W SR AL
AR T G R F eiat Ja SR B SRAR R, L0 A TR PE AT AR PR AT X+ PCA AT SVD 1%
Geih o T IR =i 2]

I QH A AR, QUHRTE Tl ot 1 CUR 43 7572801 PCA 43 J5 20t e AE 254 1 b 3
ZERTTAL, CUR M iR tEAR e, 100 EL X L8 e P R A A S P R 1) A0 A AR G O - T
AR B — Legmihl /B 25 TR R LU CRE RIFRORBER, A2 Rl Bl A ol i, 45 R0
X T IIE R AL — iR %, YO HRZET LURBEAN T

2. BRER X
2.1. IEEpER

AT BB 2 A SRR A e, A S E R EE L 2E, SRR A A BEAT AR AL
AP, FESER EIRPIASP IR IR, v T B IR R SR R A B RS LR, AR TOR A 12 1 301

DOI: 10.12677/5a.2020.92028 257 it 5N


https://doi.org/10.12677/sa.2020.92028
http://creativecommons.org/licenses/by/4.0/

i

LI 45 S I R R R S, P IR P R T VRS, 0 P SR 3 S A 4 T Lt
RTINS PCA HIETT/E,

B — AN 5 VI8, 7528 5 (LT AT, Kaiser-Harris HETVEE S, IO 0 E A T4,
AR, S TR

{(/I)W, : }i:1,2,3,--~,2"—1;j:l,2,3,4,»~,m @
Horp n RIRTE Kaiser-Harris #E 2 150 AT LR B A oK 32 1o N4,
{(A)W, : }i:l,2,3,--~,2"—1;j:l,2,3,4,»~,m 2

R EAR R | K7 (AW FDGEAT 10 RBI0) T, 38 0 A OURHE AR, SR i 2R by
T TH SR AL A B IR AR rh I (KR U B N R I AR, AEGIR 10 SR R A b e SR R (R, R
1R N EBORANEH RECN A BT, SIS R . SRR | SR EME, 75 H ARG DT
WP AR5, X j RS, R TSR R i N DL(ED 15 MRS E 1, PR Si 5 K /)
MR A),  fJE AR P AT 58 IR IR 3 Y B D0 AU A AR R A Dy e 28 AR 1] 2]

2.2. FiEi

2.2.1. PCA 753%i8
PCA J7 ikt —R G ML 4E 78, o H BITE T FH — 415 O ASH 5 AR B RAR B L Bl 4 Hh A0
(FEAEZE R ), (RN GRAIE SR GG 5E 4 A5 B R PT RE 22 I AR, PRI B B B SR (A3 R A AH AR
NEBS . HpFeh: AT EER. BAERIN TR 43, (EE35TE 50 W TR R 5 FiAk
WG, O ZERK. BRI LA NS X A B R AT R e B, Rk, 5k
T AT LAVAG Sy SR A fe A A il
%ﬁﬁ%@@{mfkﬁ ©
st.l'l=1
o | SR RFAEAR A BTG B BT RRAE [ &, S NP ZE R, U SR I A I R P A | R B T ZE AR R AT
AN R FRFEABL G B AR AE ) A BRI [3]. ANTTT PCA BB H 45 SR A] R A«
Y =xl 4)

B, Hm R R o 4. o X RoRBRERTIEAR, ¥ RonBgEa8dE . & ZERNLE, £ PCA Y
Prigfeded e, BEORRTTRERIORE 1RG5, (HRIN R EXFEREBEATAR e, S ERHCH i 3
AEAEME R B S, Bt — 2D S BUS 0 B RR (R AR AN 52 [3] [4].

2.2.2. CUR ©th 753k

CUR 73 it 77 1 EZ Ul g — MERE A N =R CUR FEFE, CUR $FEESEE T L2 HS 5
Wi, Sett S — N AT RHE A ME, SRJEARYE AT C RN BIAS 70 B RN SR R A2 TR I R IXAT
(B), X T, JATAT LA EEOE i, OREA T B0, 153 30T DRCGR R IER SR &,
o IRE B A T LA L 5 3 4 BEUHOHE BT L 4% (KRR, S IE CUR KRR BRI RE A, 1K
S AxCUR=A.

FRALRE B2 [5] -

|A-CUR],
F

DOI: 10.12677/5a.2020.92028 258 Giit22 5 R


https://doi.org/10.12677/sa.2020.92028

e

3. EAREX
3.1. PCA EA&HE %
FRR T LW 1 FR:

Table 1. PCA algorithm
#* 1L PCAEX

BMNNGEIRET

frth PCA [R5

SFSVEANP IR

1 ACJRSRBER RN X, SR R T E 2

2. TIN5 2 R B RAEARL 5

3. SRS UM AL SR RFE 1R B, B A J5 R O RN 5
4 MSBAEAT IR LEAL T, T 47X

5. A XIRAIEE P AR

3.2. CUR E&HE %

R4 SRR A, AT G M CUR AP IIERERE C, R, ZEMEBUR R A1 2
(NS U R B AT A BUSIR IS AT C, R, DRI 32 B BEFTA 7 A9 S SEME RG4S, JRATII 2 B4
KEREA MR —FIBAT IR A, 3 | SIHOBRA ABE A q, (1 =1.2,-.n) . SHTHORI 400
b (=12, m), FUERATA HEGAERE A, 55— AT IR )15 S Tk A

pi:%’i:]ﬂzl...,m (6)
Zi:le:l j
Z'rilAJ’ ;
g =—2L 3 j=12,n ()
J ZizlzjzlAJ'

Horp A RoRTERES 4T3  BII TR E]S).
BT _EIREEREAT B RS 1 BN AL A, aTRLZA H CUR SykEE —20: 1ThIe &, I
% 2~4 PN

Table 2. Row and row selection algorithm

=2 ATIIEERE

BN JRIGHRHEAERE A, 5

it HEME R AR I RE SV AL R ARRR A RE C, USARIR A P R AE A SE A 4L IRIRBR AE B R
S VEANP IR

1. MR ARQ) 2 AT AT AT AT REYE p,i=2,2,--,m 5

2. R AKQ) DB A ATHOEI I AT RENE q;, j=12,--,n 5

3. WPEMERE I ITA 51 th A B $% ¢ 415

- PRSI HERE A 21 eh A BRI r AT

5. &EH CeR™,ReR™.

N

DOI: 10.12677/5a.2020.92028 259 AL


https://doi.org/10.12677/sa.2020.92028

i

Table 3. Construction of algorithm 2 matrix U
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Figure 1. Principal component diagram
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Figure 2. Classification of data by maximum two variables of covariance matrix eigenvalue of experimental data
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Figure 3. PCA classification of experimental data
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Figure 4. Influence distribution of 32 characteristics of breast cancer
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Figure 6. Influence of the selection of constant value on the error of response matrix
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