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Estimation of the number of primary factors
based on residual matrix variance ratio

LU Wei, SHAO Limin
(School of Chemistry and Materials Science » University of Science and Technology of China . Hefei 230026, China)

Abstract: A method of estimating the number of primary factors based on residual matrix variance (RVR)
was presented, whose criterion is the difference between reduced matrices after deducting different
numbers of factors. Meanwhile, the results of the simulated and experimental data obtained by using RVR
were presented. A comparison between RVR and several typical methods indicates that RVR has good

performance in estimating primary factors.
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Fig. 1 The processing result of applying RVR

to simulated data
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Fig. 3 The schematic diagram of minor component
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Tab. 1 Limitations of chromatographic overlapping. trace

element and noise level in the data when methods RESO,

NPFPCA, DRMAD, DRAUG and RVR are valid

1 Il Il
position height noise level
RESO 3.03 10 0. 06
NPFPCA 3.06 5 0.05
DRMAD 3.14 2 0.01
DRAUG 3.04 8 0.08
RVR 3. 04 10 0.07
L1 1 ,
(3, I
s (1) s

2.2
1« 27 . MDA
(Atlanta,GA) FTIR , Bomem Michelson
100 ,MCT(HgCdTe) ;
; 3.5
cm, .
HPLC-DAD
) (Yb  Tm), (Yb,
Tm Ep) (Lu,Yb,Tm,Er,Ho  Th)
FL2000 HPLC ( Spectra-
Physics, USA ) , UV-Vis
(Spectra-Physics, USA), 580
~720 nm, 5 nm, 15 min,
0. 344 s. “ 1”7«
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Fig. 4 The processing diagrams of experimental data by using RVR
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2 RESO,NPFPCA,DRMAD,DRAUG, VMmad, RVR
Tab.2 The processing results of experimental data by using RESO, NPFPCA, DRMAD, DRAUG, VMmad, RVR

RESO NPFPCA

DRMAD

DRAUG VMmad® RVR b

1 600X1 502
2 332X1 502
1 717X29

2 932X29
3 717X 29
4 932X 29
5 1 600X 25
6 1 600X25
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