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A new regression method based on independent component analysis
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Abstract

Based on independent component analysis (ICA), a new regression method, independent component regression (ICR), was developed to build the
model of NIR spectra and the routine components of plant samples. It is found that ICR and principal component regression (PCR) are completely
equivalent when they are applied in quantitative prediction. However, independent components (ICs) can give more chemical explanation than
principal components (PCs) because independence is a high-order statistic that is a much stronger condition than orthogonality. Three ICs are
obtained by ICA from the NIR spectra of plant samples; it is found that they are strongly correlated to the NIR spectra of water, hydrocarbons and
organonitrogen compounds, respectively. Therefore, ICA may be a promising tool to retrieve both quantitative and qualitative information from
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omplex chemical data sets.
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. Introduction

Near-infrared spectroscopy (NIR) has been proved to be a
ery useful tool for both direct and indirect analysis, especially
or the complex plant samples, such as petroleum, tobacco, agri-
ultural and food products, etc. [1–4]. The efficient application
f quantitative NIR method is strongly dependent on chemomet-
ical methods, including partial least square (PLS) and principal
omponent regression (PCR), since the NIR absorption bands
re generally rather weak and mutually influenced, especially
n complex plant samples. More and more chemometrical tools
re being applied to improve the qualitative analysis and quan-
itative prediction ability of the NIR technique for interesting
hemical components in complex [5–11].

In recent years, independent component analysis (ICA)
12–16] was greatly developed as a potential statistical tech-
ique for blind source separation (BSS). Through making full
se of the high-order statistical characteristics of the source, i.e.,
he fourth-order central moment, ICA can effectively resolve the
ndependent components (ICs) from the measured mixed signals

without any additional information about the source signals. It
had been widely applied in the signal processing fields, such
as biomedical signals [17,18], image processing [19,20] and
financial analysis [21]. Its applications in processing analytical
chemistry signals, including IR [22,23], NIR [24], photoacous-
tic spectroscopy (PAS) [25], electron paramagnetic resonance
(EPR) [26] and GC/MS [27], were also investigated by some
researchers in their recent works.

Since ICA is commonly considered to be a further develop-
ment of principal component analysis (PCA) [13,14], a simi-
lar regression method based on ICA, independent component
regression (ICR), is proposed by Chen and Wang [24]. In their
work, the NIR spectra of water, starch and protein mixtures were
investigated. It was found that the qualitative spectral informa-
tion related to the pure component and quantitative prediction
can be obtained. In this work, ICR method is introduced and
applied in the quantitative prediction of routine components in
tobacco samples from NIR spectra. Furthermore, the similarity
and difference between ICR and PCR are discussed in detail.
Although the application of ICA is generally thought to limited
by its demand of the normal distribution of the source signals, it
∗ Corresponding author. Tel.: +86 22 23503430; fax: +86 22 23502458.
E-mail address: xshao@nankai.edu.cn (X. Shao).

was found that ICR and PCR are completely equivalent in quan-
titative prediction because both principal components (PCs) and
independent components are latent factors of the NIR spectra.
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However, ICs can give more chemical explanation than PCs
because independence is a high-order statistic that is a much
stronger condition than orthogonality.

2. Theory and algorithm

2.1. Noise-free ICA model

If noise term is omitted, the basic model of ICA can be written
as the following expression:

X = AS (1)

where X denotes the recorded NIR spectra matrix and S and
A represent the independent components and the coefficient
matrix, i.e., the mixing matrix of the ICs, respectively.

The goal of ICA is to find a proper linear representation of
non-Gaussian vectors so that the estimated vectors are as inde-
pendent as possible, and the mixed signals can be denoted by the
linear combinations of these independent components, ICs. The
basic noise-free ICA model is very similar to that of PCA, in
which mixed signals are denoted by the linear combinations of
some orthogonal principal components, PCs. The main differ-
ence between ICA and PCA is that they have different criterion
in linear representation. The former is finding independent ICs
and the latter is finding orthogonal PCs. In probability theory,
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(1) Input the preprocessed NIR data set, including the training
set (X), prediction set (Xp) and the concentration of the
training samples (C).

(2) Calculate the ICs (S) and the coefficient matrix (A) of
the training set using the ICA program. The JADE algo-
rithm downloaded from http://www.tsi.enst.fr/∼cardoso/
RR ECG/jadeR.m was used. Furthermore, in this step, the
number of ICs should be estimated. Generally, the suitable
number of ICs can be estimated by the relative root of sum
of square differences (RRSSQ) [27] of the original data and
the reconstructed data from the ICs. However, in this study,
the number of ICs is assumed to be the same as the number
of PCs, which was estimated by PCA.

(3) Calculate the regression coefficients B in Eq. (2) with A+C,
where A+ is the pseudo inverse of A.

(4) Calculate the coefficient matrix (Ap) of the prediction set
with XpS, and then predict the concentration of prediction
set (Cp) with ApB.

(5) Finally, calculate the RMSEP and MRE using Eqs. (3) and
(4).

3. Experimental and data preprocessing

NIR spectra of 46 tobacco lamina samples were measured
on a Bruker Vector 22/N FT–NIR System. Each NIR spectrum
was recorded in the wave number range 4000–9000 cm−1 with
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ndependence is a high-order statistic and it is a much stronger
ondition than orthogonality. Therefore, ICA is considered to be
ore powerful in analyzing multivariate data sets because the

igh-order statistic of ICs can reflect the intrinsical properties
f mixed signals better.

.2. Independent component regression

Since the mixed signals, X, can be described by its coefficient
atrix, A, the multiple linear regression equation between A and

hemical components concentration matrix, C, can be written as
ollowing like PCR:

= AB (2)

The whole ICR algorithm is very similar to that of PCR.
he only difference is to use ICs and their coefficient matrix
btained by ICA in the regression operation, instead of PCs and
core matrix obtained by PCA.

The quantitative prediction results are evaluated by three cri-
eria in this work, which are correlation coefficient (R), root

ean square error of prediction (RMSEP) and mean relative
rror (MRE), according to the following formulae:

MSEP =
(∑m

i=1(ŷi − yi)2

m

)1/2

(3)

RE (%) = 1

m

m∑
i=1

|yi − ŷi|
yi

× 100 (4)

The details of the ICR calculation can be summarized as the
ollowing five steps:
he digitization interval 1 cm−1. The concentration of the four
hemical components, including total sugar (TS), total nitrogen
TN), nicotine and water, was measured on an AutoAnalyzer III
nstrument (Bran and Luebbe, Germany) following the proce-
ures of the standard methods. TS means the total amount of
ugar, mainly composed of glucose and levulose, and a small
mount of sucrose, maltose and other glucide compounds. TN
eans the total amount of organonitrogen compounds, mainly

omposed of proteins and small amount of amino acids and
rganic amines.

To reduce the influences of noise and background, a contin-
ous wavelet transform (CWT) operation with scale factor 100
as adopted. Then, the standardization operation was applied to
ake the whole data set to be zero-mean and unit-variance. All

he calculations were implemented with our previously devel-
ped programs [28–30] on a Pentium IV (3.0 GHz) PC with
12 M memory. Fig. 1 demonstrates the measured NIR spec-
ra and the spectra after preprocessing of 20 randomly selected
amples. The whole spectral data set was randomly divided into
hree parts, i.e., the training set with 26 spectra, the validation
et with 10 spectra and the prediction set with 10 spectra.

. Results and discussion

.1. Chemical explanation of ICs and PCs

The differences between ICA and PCA have been described
n many aspects since ICA was proposed [13,14,31]. In this
ork, the comparison between PCs and ICs is discussed when

hey are used to explain the latent factors in NIR spectra of
omplex plant samples.



678 X. Shao et al. / Talanta 69 (2006) 676–680

Fig. 1. The measured NIR spectra (a) and the spectra after preprocessing with
CWT (b) of 20 randomly selected samples.

The whole 46 NIR spectra obtained above are tested to com-
pare the ICs and PCs. At first, the number of components is set
to 3 because three PCs can contain 99.9% information of the
original data in PCA. Fig. 2 shows three PCs and ICs obtained
from the NIR data set, respectively. It can be seen in Fig. 2 that
PCs, especially the first PC, are still complex and similar to the
preprocessed signals in Fig. 1(b). Such results can give little
help to explain the latent factors in NIR spectra. However, three
ICs can distinguish the six main peaks in Fig. 1(b) clearly. This
will offer more information and make the variables explanation
easier. Such a conclusion can also be further validated with the
correlation between the ICs and the concentrations of the com-
ponents of the samples. The first three columns of Table 1 give
the correlation coefficients, R, between the mixing coefficients A
of ICs and the concentrations of total sugar, total nitrogen, nico-
tine and water. It can be found that the mixing coefficients of an
IC, which describe the contribution of this IC to the spectra of
these samples, have a strong correlation with the concentrations
of a specific chemical component. Concretely, the concentra-
tion of TS is shown to have an obvious positive correlation with
the mixing coefficients of IC2, which means that IC2 contains
more information of hydrocarbons. In similarity, water is more
correlated with IC1 and organonitrogen compounds, including
nicotine and TN, are more correlated with IC3.

As a comparison, the columns 4–6 of Table 1 show the cor-
relation coefficients between the coefficients of PCs and these

Fig. 2. The three PCs (a) and ICs (b) obtained from the preprocessed NIR signals
by PCA and ICA, respectively.

concentrations. It is obvious that, much different from the first
IC, the first PC, which is the most important one containing
99.5% information of the data set, has no correlation with any
concentration of the four components. The different property

Table 1
The correlation coefficients between concentrations and coefficients of ICs

Number of ICs
or PCs

No. of IC
or PC

TS TN Nicotine Water

3 IC1 −0.68 0.21 0.14 0.78
IC2 0.74 −0.29 −0.23 −0.72
IC3 −0.56 0.82 0.86 −0.52
PC1 −0.06 0.03 −0.06 0.37
PC2 0.73 −0.28 −0.21 −0.73
PC3 −0.56 0.82 0.85 −0.53

10 IC1 −0.66 0.27 0.17 0.80
IC2 0.66 −0.16 −0.13 −0.76
IC3 −0.52 0.79 0.92 −0.45
IC4 −0.04 0.51 0.45 −0.76
IC5 0.20 −0.65 −0.63 0.66
IC6 −0.90 0.70 −0.55 0.28
IC7 0.38 −0.22 −0.24 −0.65
IC8 0.63 0.29 −0.19 −0.12
PC9 −0.24 0.27 0.25 −0.28
PC10 0.10 −0.23 −0.38 −0.31
PC1 −0.06 0.03 −0.06 0.37
PC2 0.73 −0.28 −0.21 −0.73
PC3 −0.56 0.82 0.85 −0.53

PC9 −0.16 0.02 0.07 0.12
PC10 0.14 0.08 0.04 0.10
PC4 −0.13 −0.14 −0.27 −0.10
PC5 0.04 −0.08 −0.07 −0.18
PC6 0.16 −0.03 0.17 0.11
PC7 0.04 −0.26 0.19 0.09
PC8 −0.03 −0.27 −0.09 0.06
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of IC and PC is clearly indicated by the comparison. However,
the second and third PCs have correlation coefficients with the
corresponding IC. This should be a coincidence that in this case
the IC and PC are equivalent to best represent remained spec-
tral information after the first IC and PC. In other words, the
remaining data fit in well with both the mathematical conditions
of ICA and PCA. After all, the PCA is adopted as the first step
in ICA calculation.

To further investigate the difference of ICs and PCs, the corre-
lation of the coefficients of ICs and PCs with the concentrations
by using different number of latent variables was calculated.
As an example, the results obtained with 10 latent variables are
listed in the bottom part of Table 1. By comparison of the cor-
relation coefficients of PCs, it can be found that the first three
PCs are completely identical, and from the fourth PC, there is
almost no correlation between the coefficients and concentra-
tion. It is not difficult to understand such results because PCA
finds PCs one by one to represent as much as the information
of the processing data set. However, by comparison in the same
way, it can be found that different ICs are obtained when differ-
ent number of ICs is used in the calculation, although there is
some similarity for the first three ICs. Furthermore, up to eighth
IC there is correlation (positive or negative) between each IC and
the concentration of some component. This sufficiently demon-
strates the difference of ICs and PCs that PC tries to represent
as much as the information but IC tries to get the information as
i

b
o
I
n
I
m
a
I
d
I
o
i
P

4

P
s
o
g
e
o
o
p
t
e
c
b

Table 2
The quantitative prediction results of ICR and PCR

Number of
ICs or PCs

Component R RMSEP RME (%)

ICR PCR ICR PCR ICR PCR

3 TS 0.949 0.949 1.937 1.937 7.23 7.23
TN 0.944 0.944 0.111 0.111 3.97 3.97
Nicotine 0.930 0.930 0.336 0.336 12.9 12.9
Water 0.973 0.973 0.327 0.327 2.20 2.20

10 TS 0.950 0.950 1.549 1.549 6.46 6.46
TN 0.948 0.948 0.119 0.119 4.68 4.68
Nicotine 0.927 0.927 0.272 0.272 9.50 9.50
Water 0.934 0.934 0.364 0.364 2.33 2.33

and PCs should contain the same information about the mixed
signals. Consequently, ICA and PCA will give the same predic-
tion results when they are used as regression method.

To further investigate the identity between ICs and PCs in
quantitative prediction, results obtained by using different num-
ber of latent variables (ICs or PCs) are calculated. It was found
that the results by ICs and PCs are always identical no matter
how many latent variables are used. As an example, the bottom
part of Table 2 shows the results using 10 latent variables. On
the other hand, by comparison of the results with 3 and 10 latent
variables, it can be found that there is no significant change in all
the three items (R, RMSEP and RME). This also indicates that
three latent variables are enough to represent the information of
NIR spectra.

5. Conclusion

Independent component regression was developed to build
the model of NIR spectra and the routine components of plant
samples. Compared with PCR, quantitative prediction ability is
found to be completely equivalent because both the PCs and ICs
are latent factors of the NIR spectra. However, ICA is more pow-
erful in qualitatively describing the intrinsical properties of the
NIR spectra because ICs are obtained under a high-order statis-
tic, i.e., independence, that is a much stronger condition than
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ndependent as possible.
Theoretically, the rotation immutability of ICA is one possi-

le reason for its ability in variable explanation. Since the goal
f ICA is to find statistically independent latent variables, the
Cs obtained by ICA can be determined only if the source sig-
als are same, no matter what the mixing coefficient matrix is.
n contrast, PCs obtained by PCA are different if the rotation
atrix is different. Taking the signals of complex samples as

n example, if the components in a mixture are determined, the
Cs should be completely identical. However, the PCs will be
ifferent if the concentration matrix is different. In this sense,
Cs are more appropriate to describe the intrinsical properties
f a certain system than PCs. Therefore, ICA may play a more
mportant role in explaining latent factors in NIR spectra than
CA.

.2. Quantitative prediction by ICR and PCR

To evaluate the quantitative prediction ability of ICR and
CR, the NIR data sets mentioned above are investigated. Table 2
hows the predicted results of the two methods. From the results
btained using three ICs or PCs, it can be seen that ICR and PCR
ive completely identical results. This phenomenon should be
xplained by the fact that both the PCs and ICs are latent factors
f the NIR spectra, and the PCs and ICs are transformable each
ther. In fact, in ICA algorithms, PCA is commonly used as a
reprocessor to reduce the number of components and simplify
he problem. According to the analysis in Section 2, the ICs
stimated by ICA are mutually statistically independent, and
onsequently orthogonal. Independent ICs should be obtained
y linear transformation from orthogonal PCs. Therefore, ICs
rthogonality. With NIR spectra of plant samples, it was proved
hat ICs obtained by ICA are strongly correlated to the specific
omponent of the sample. Therefore, ICA may be a promis-
ng tool to retrieve both quantitative and qualitative information
rom complex chemical data sets.
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