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This paper demonstrates the potential of eigenvalue manipulating
transformation (EMT) of a data matrix for spectral selectiv ity en-
hancement, especially useful in 2D correlation analysis. The EMT
operation aims at the accentuation of select features of the infor-
mation content of the original data matrix. For example, by uni-
formly lowering the power of a set of eigenvalues associated with
the original data, the smaller eigenvalues become more prominent
and the contributions of secondary loadings become ampli� ed. As
a direct consequence of the minor factor accentuation by such EMT
operations, 2D correlation spectra gain much stronger discriminat-
ing power. The selectivity enhancement effect of such manipulation
of eigenvalues is much more noticeable on the synchronous 2D cor-
relation spectrum. This improvement for the spectral selectivity of
synchronous 2D correlation spectra is potentially very important,
as we usually put more emphasis on the interpretation of asynchro-
nous 2D spectra in 2D correlation analysis due to overlaps of syn-
chronous peaks. Such EMT operations tend to exaggerate the in-
formation content of minor PCs and reduce that of major PCs.
Thus, much more subtle difference of spectral behavior for each
component is now highlighted. Surprisingly, asynchronous 2D cor-
relation spectra are found to be much less sensitive to such EMT
operations. The result indicates that the distinction of different band
responses has already been accomplished effectively by the original
asynchronous 2D correlation analysis.

Index Headings: Two-dimensional (2D) correlation spectroscopy;
PCA-2D correlation spectroscopy; Eigenvalue manipulating trans-
formation; EMT.

INTRODUCTION

Recently, we have proposed several alternative ap-
proaches to the � eld of generalized two-dimensional (2D)
correlation analysis, which demonstrate a completely new
way of directly integrating the well-established multivar-
iate chemometrics techniques like principal component
analysis (PCA) into 2D correlation analysis.1–3 Both 2D
correlation spectroscopy4–6 and PCA7–9 have been utilized
extensively, but often independently, in spectral analyses
in many � elds of spectroscopic studies. The background
of 2D correlation spectroscopy and PCA is described in
detail elsewhere,4–9 so no further description of these
techniques will be given here.

In our preceding papers,1,2 we have provided a new
insight into the combination of PCA and 2D correlation
spectroscopy. The PCA-based 2D (PCA-2D) correlation
analysis has been proposed as a method to improve the
data quality for 2D correlation analysis, showing a great
advantage of noise suppression for generalized 2D cor-
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relation spectroscopy.1,2 We have formulated the recon-
structed data matrix A*, which no longer contains the
residual (i.e., noise) contributions, from a few selected
signi� cant scores and loadings derived from the PCA of
the original set of perturbation-dependent spectra A . The
PCA-reconstructed data matrix has been successfully uti-
lized instead of the original data matrix for the calculation
of improved 2D correlation spectra. The 2D correlation
analysis of this reconstructed data matrix accentuated the
most important features of synchronicity and asynchron-
icity without being hampered by noise or even by minor
signal components if the number of principal components
(PCs) is restricted.

Furthermore, we have proposed a radically new idea
of eigenvalue manipulating transformation (EMT) for the
generalized PCA-2D correlation analysis.3 The new data
matrix for the PCA-2D correlation analysis was recon-
structed from singular value decomposition (SVD)7–9 fol-
lowed by altering the eigenvalues associated with the data
set. By uniformly raising the power of a set of original
eigenvalues, the in� uence of factors associated with ma-
jor eigenvalues becomes more prominent, while the mi-
nor eigenvectors primarily arising from the noise com-
ponent are no longer strongly represented. Thus, this
transformation of the data matrix becomes a gradual
noise reduction scheme with the attractive � exibility of
continuously � ne-tuning the balance between the desired
noise suppression and retention of pertinent spectral in-
formation. Furthermore, we have compared this EMT op-
eration designed for gradual noise suppression to the sim-
ilar but more abrupt noise � ltering effect of PCA-2D cor-
relation spectroscopy, which is equivalent to selective ei-
genvalue truncation.3 In the extreme case where the
power applied to eigenvalues in the EMT becomes very
large, only the primary PC becomes important, and in-
formation pertinent to the asynchronous relationship is
lost in the process.

The purpose of the present study is to demonstrate a
new possibility of the generalized PCA-2D correlation
analysis through eigenvalue manipulating transformation
of the spectral data set for spectral selectivity enhance-
ment. We have already established that, by simply sup-
pressing the in� uence of minor PCs, the noise contribu-
tion to the reconstructed data matrix, and consequently
to the 2D correlation spectra calculated from such a data
matrix, is often reduced. Alternatively, additional modi-
� cation of 2D correlation spectra to enhance certain cor-
relation features may be possible by systematically ma-
nipulating the eigenvalues, which are nothing but weight
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factors of information contribution to the reconstructed
data matrix. In this study, we will explore this last point
in detail.

BACKGROUND

We have proposed the concept of EMT for the � rst
time in our preceding paper.3 The PCA-reconstructed data
matrix A* is expressed in the familiar form known as
singular value decomposition (SVD):

A* 5 USV9 and (1)
1/2S 5 L (2)

where U , S, and V are an orthonormal matrix, a diagonal
matrix, and a loading matrix, respectively. The notation
V 9 stands for the transpose of V. Here L 5 W 9 , and W
is a diagonal matrix where each diagonal element cor-
responds to the eigenvalue of a principal component. The
score matrix W is expressed in the form W 5 US and
can be obtained directly from W 5 AV .

The total number of PCs used to obtain the PCA-re-
constructed data is kept relatively small to minimize the
contribution of noise.1,2 The initial truncation of the noise
component becomes especially important in the current
EMT operation, where the contributions from minor PCs
are enhanced later.

The new transformed data matrix A** will be obtained
by manipulating and replacing eigenvalues of A* as:

A** 5 US**V 9 (3)

where S** is given by varying the corresponding eigen-
values in S by raising them to the power of m.

S** 5 S m (4)

In our analysis, this new EMT-reconstructed data matrix
A** will be used instead of A* for the calculation of
enhanced 2D correlation spectra.

We can further expand the concept of EMT beyond the
simple power function based operations as in Eq. 4. In
principle, any reasonable mathematical operations to
transform a set of eigenvalues to another set can be con-
sidered as a potentially useful candidate for EMT. In gen-
eral, EMT operations can be expressed in the form:

S** 5 TS (5)

where the transformation matrix T is a diagonal matrix
comprising speci� c mathematical operators. In the case
of EMT described in Eq. 4, the diagonal elements of T
are all identical and are given by a power function op-
erator { } m, such that the operator product is given by
{ } m s i 5 s for the ith diagonal element. Any other formm

i

of operators other than a simple power function may also
be employed. The individual diagonal elements of T need
not be all the same, and each element can operate sepa-
rately to a different diagonal element of S.

One of the simplest forms of the transformation matrix
T consists of a set of constant multipliers (i.e., weight
factors) at the diagonal position. As already pointed out,
the truncation of minor factors in standard PCA may be
regarded as a form of EMT, where minor eigenvalues
associated with noise are set to (i.e., multiplied by) zero.
This situation is equivalent to choosing the diagonal el-
ements of the transformation matrix T as:

1 for i 5 1, 2, . . . , r
t 5 (6)i 50 i . r

where r is the number of signi� cant PC factors.
In Part 1 of this series,1 we discussed another form of

EMT: the possibility of eliminating the contribution of
the � rst PC dominated by the overall variance of spectral
signals to enhance the selectivity of 2D correlation spec-
tra. This operation is equivalent to simply setting t1 5 0.
Further extension of this concept will be explored in the
future.10 Clearly, many other selections of weight factors
are possible for different EMT operations.

It may be useful here to draw some analogy between
the EMT and various convolution operations often car-
ried out in the manipulation of digitized data arrays such
as interferograms obtained from FT-IR measurements.
Roughly speaking, the EMT operations for the selective
reduction of contributions from noisy minor factors as-
sociated with small eigenvalues are analogous to the
apodization of the high-frequency end of an interfero-
gram. The abrupt truncation of minor factors practiced in
the conventional PCA operation corresponds to the ‘‘box-
car-type’’ apodization, while other EMT schemes to grad-
ually reduce the noise level are similar to the use of
smooth apodization functions.

Likewise, the EMT-based suppression of the dominant
factors associated with larger eigenvalues to enhance the
spectral selectivity may be viewed in a manner similar to
the Fourier self-deconvolution operation, where the low-
frequency component of an interferogram is arti� cially
reduced in the amplitude by convoluting with an appro-
priate weight function.11 Like the Fourier self-deconvo-
lution, there are many different types of weight functions
for the EMT, which can accomplish the overall effect of
enhancing the spectral selectivity. There is of course a
fundamental difference between the simple manipulation
of an interferogram data array and the EMT scheme dis-
cussed here. The former operates on a single one-dimen-
sional trace of data, while the latter operates on a mul-
tivariate data set comprising many traces of spectra.

EXPERIMENTAL

The FT-IR spectra of a polystyrene (PS)/methyl ethyl
ketone (MEK)/deuterated toluene solution mixture during
the solvent evaporation process were analyzed in the pre-
sent study for demonstrating the ef� cacy of manipulation
of eigenvalues to enhance the spectral selectivity in 2D
correlation analysis. The detailed system studied and the
methods used to collect FT-IR spectra have already been
described,5 so only a brief explanation of the experimen-
tal conditions is provided here.

A three-component solution mixture of PS dissolved
in a 50:50 blend of MEK and perdeutrated toluene was
examined. The initial concentration of the PS was 1.0%
(wt/wt). Once the solution mixture was exposed to air,
the solvents started to evaporate, and the PS concentra-
tion increased. Eventually, both MEK and toluene are
removed from the system, so that only PS remains be-
hind. Transient infrared (IR) data were collected with a
Bio-Rad Model 165 FTIR spectrometer. The sample so-
lution mixture was analyzed by depositing it on a hori-
zontal ZnSe attenuated total re� ectance (ATR) plate (Bio-
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FIG. 1. FT-IR spectra of a PS/MEK/toluene solution mixture during
solvent evaporation, measured every minute over a time range of 0 to
12 min, in the region of 1320–1520 cm21.

FIG. 2. (a) Score plots of FT-IR spectra of a PS/MEK/toluene solution
mixture and (b) plots of PC loading vectors for the appropriate scores
plotted.

Rad HATR accessory). Sets of IR spectra were collected
at intervals of 9 s, with each set consisting of eight coad-
ded scans at 4 cm21 resolution. A total of 25 sets of
spectra were collected in this manner. After the data col-
lection, a total of 12 consecutive scan sets were chosen
to represent the system during solvent evaporation.

Prior to PCA calculation, the mean centering operation
was applied to the data matrix. To preserve the amplitude
information of the variation of spectral intensities, which
becomes important later for 2D correlation analysis, other
steps commonly used in PCA, such as normalization scal-
ing of data according to the standard deviation, were not
carried out. PCA analysis was performed in the Pirouette
software (Infometrix Inc.).

Synchronous and asynchronous PCA-2D correlation
spectra were obtained using the same software as de-
scribed previously.1,2 To investigate how the 2D correla-
tion spectra generated from the power-function-based
EMT-reconstructed data matrix will evolve with the
change in the power parameter, we systematically vary
the value of the power parameter m, as m 5 1, ½, ¼, etc.
In order to minimize the interfering noise effect in the
EMT operation, only the dominant three principal com-
ponents are used, and the rest are truncated for this study.

RESULTS AND DISCUSSION

Figure 1 shows the raw spectra, the transient IR spectra
of a PS/MEK/toluene solution mixture during the solvent
evaporation process, measured every minute over a time
range of 0 to 12 min. The spectral region between 1520
and 1320 cm21, which covers the individual dynamics of
three components well, is examined in the present study.
Detailed information about these spectra including band
assignment was already given in our previous paper.5

Figures 2a and 2b display the plots of scores of PCA
factor 1 (PC1), factor 2 (PC2), and factor 3 (PC3) and
loading vectors of PCs, respectively, for the FT-IR spec-
tra of a PS/MEK/toluene solution mixture during the sol-

vent evaporation process. In our previous papers2 we
found that the spectral data can be faithfully reconstruct-
ed with only three loading PCs (signi� cant eigenvectors).
The rest of the eigenvectors are therefore truncated as
noise. The data are mostly represented by the � rst loading
PC, which contains almost 86.4% of the information con-
tent of the spectral data. The � rst loading of mean-cen-



APPLIED SPECTROSCOPY 567

FIG. 3. Spectra of the EMT-reconstructed data obtained by replacing eigenvalues from loadings and scores of PC1, PC2, and PC3. Each spectrum
is obtained by varying the value of the power parameter m, as m 5 (a) 1, (b) ½, (c) Ä, and (d ) 0.

tered data usually corresponds to the overall variance of
the spectral data. The square of � rst loading is actually
very close to the auto-power spectrum located at the main
diagonal position of a synchronous 2D correlation spec-
trum.

The second and third loadings are much smaller, and
the fourth is almost invisible even though it still has some
spectral information. It is important to notice that these
smaller but still signi� cant (i.e., not noise) eigenvectors
often contain the most interesting information about the
spectral data set, especially for 2D correlation analysis.
Asynchronicity, for example, cannot be detected until the
second loading is introduced. The extra complexity in
both asynchronous and synchronous spectra arises from
additional loadings.1,2

The new EMT-reconstructed data matrix A** obtained
by Eqs. 3 and 4 was used instead of the usual PCA-
reconstructed data matrix A* for the 2D correlation anal-
ysis. Figure 3 shows a series of EMT-reconstructed spec-
tral data A** obtained by replacing eigenvalues of A*.
As can be clearly seen from the spectra in Fig. 3, chang-
ing the power of the eigenvalues even at m 5 ½ to m 5
Ä has very profound effects on the reconstructed spectra.

Some features of the original spectral data are exag-
gerated in A** while other parts are suppressed. It is

noted that if the parameter m is 1, the EMT-reconstructed
data matrix is the same as the noise-truncated PCA-re-
constructed data matrix, i.e., A** 5 A* (Fig. 3a). On the
other hand, if m becomes very small (e.g., m 5 0), the
square matrix S m becomes an identity matrix, I. In this
extreme case, we have A** 5 UV 9 (Fig. 3d). All other
transformed data matrices lie somewhere in the continu-
um between USV 9 and UV 9 .

If we replace the � rst eigenvalue with a smaller num-
ber, the contribution of the � rst loading to the recon-
structed data matrix will become much less. Alternative-
ly, we can replace the second and third eigenvalues with
bigger numbers for the same effect. We will start seeing
a lot more features on 2D correlation spectra that are
more relevant to the underlying intent of 2D correlation
analysis to rationally and selectively sort out the system-
atic changes in spectral features compared to the conven-
tional 2D correlation analysis of simple variation of spec-
tral intensities. Thus, the similarity and difference in dy-
namic variation of spectral intensities will be greatly ac-
centuated by suppressing the dominant global variance
represented by the � rst loading. We would like to discuss
this point further here.

As noted before, by lowering the power parameter m
to near zero, we are replacing the singular value matrix
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S with the identity matrix I. The � nal transformed data
matrix will approach A** 5 UV 9 . The synchronous 2D
correlation analysis of such reconstructed data will gen-
erate the so-called projection spectrum, F 5 VV 9 (as-
sociated with the subspace spanned by the set of object
eigenvectors), instead of the more familiar form of the
synchronous 2D correlation spectrum based on the co-
variance or dispersion matrix F 5 A 9A .

The fact that the use of A** 5 UV 9 leading to the
projection matrix F 5 VV 9 will give us a new synchro-
nous 2D correlation spectrum with much higher discrim-
ination power. This operation is in essence the ultimate
use of PCA to enhance the resolution of the synchronous
2D correlation spectrum. The sequential information con-
tained in the asynchronous spectrum, on the other hand,
may be potentially corrupted by an excessive manipula-
tion of eigenvalues, as the object information (e.g., time
or temperature dependence) contained in the singular
vectors U is now weighted differently compared to the
normal 2D correlation analysis. This information can,
however, be retrieved to some extent by the synchronous
sample–sample correlation,12–14 Fsample–sample 5 AA 9 5
UU 9 . In either case, one may wonder if the current form
of eigenvalue manipulation can be safely used for asyn-
chronous 2D correlation spectra for extensive modi� ca-
tion of a data matrix. It turns out that the asynchronous
2D correlation spectra are surprisingly insensitive to this
form of eigenvalue manipulation.

Figure 4 displays synchronous 2D correlation spectra
from the newly transformed data matrix A** obtained by
replacing the eigenvalues of A*. Power spectra extracted
along the diagonal line of the synchronous spectra are
also shown on the top of each synchronous 2D correla-
tion spectra. Figure 5 depicts the corresponding asyn-
chronous 2D correlation spectra. A particularly striking
point is that the effect of eigenvalue manipulation by ac-
centuation of minor factors is much more noticeable on
the synchronous 2D correlation spectrum. It appears that
the selectivity of the synchronous 2D spectrum is now
substantially enhanced. This improvement for the spectral
selectively of synchronous 2D spectra is potentially very
important, as we usually put more emphasis on the in-
terpretation of asynchronous spectra in 2D correlation
analysis due to usual overlaps of synchronous peaks. Our
operation tends to exaggerate the effect of minor PCs and
reduce that of major PCs. Thus, the subtle difference of
spectral behavior for each component is now highlighted.

As for the optimal value of m, we can see that by the
time m becomes ¼ or smaller, the results are essentially the
same as when m is zero (i.e., replacement of all eigenvalues
with one). The effect of m becomes much more profound
as we increase the number of PCs. For any m smaller than
1 (m , 1), the model tends to de-emphasize the contribu-
tions of major factors, especially PC1, and increase the con-
tributions of minor factors. In the extreme, i.e., m 5 0, each
factor contributes at the same level. It will be very inter-
esting to compare the result of another model that de-em-
phasizes the major factor, PC1, described at the end of the
discussion in our previous papers.1,2

We have so far focused our attention on the case where
the EMT operation is applied uniformly to all eigenval-
ues. Raising eigenvalues to a � xed fractional power has
a stronger enhancing effect on eigenvalues with smaller

magnitudes. On the other hand, we can also apply EMT
selectively to speci� c eigenvalues. For example, we can
arbitrarily reduce the in� uence of the � rst PC loading (or
the size of the � rst eigenvalue). We can even completely
eliminate the � rst PC all together in the extreme case by
setting the � rst eigenvalue to be zero. These possibilities
will be examined in more detail elsewhere.10

From asynchronous 2D correlation spectra in Fig. 5,
an interesting discovery we have made so far is the ap-
parent insensitivity of asynchronous 2D correlation spec-
tra to this particular form of eigenvalue manipulation.
Asynchronous 2D correlation spectra look the same when
calculated from any A** as that from A*. This result
indicates that the distinction of different band responses
is already accomplished by the original asynchronous
correlation. Any detectable asynchronicity is all present
in our original 2D plot from A*, shown in our previous
paper.1,2 Additional enhanced features observable in the
synchronous 2D correlation spectra from A** are not re-
alized for asynchronous 2D correlation spectra since all
the necessary information is already manifested in the
initial asynchronous 2D correlation spectrum. This con-
� rms the intrinsic power of asynchronous 2D correlation
as a tool for spectral analysis. The major utility of che-
mometrics to asynchronous 2D correlation at this point
looks like the effective noise rejection by limiting the
number of PCs. If we increase the number of factors,
however, we may be able to pick up much more subtle
features as well as noise. While the potential of EMT
was indicated, this particular example did not show the
real power of EMT as desired.

CONCLUSION

We have successfully demonstrated the ef� cacy of
transforming the data matrix reconstructed from SVD by
altering the eigenvalues to enhance the spectral selectivity
for 2D correlation analysis. An approach of raising each
eigenvalue by some fractional power decreases the con-
tributions of dominant PC loading vectors. The effect of
raising the inverse power of each singular value even by
a modest amount has very profound effects on the ap-
pearance of synchronous 2D correlation spectra. Alter-
natively, one may employ the even simpler approach of
truncating or selectively reducing the magnitude of a
dominant PC factor. At least for the � rst trial, we have
approached this type of data manipulation by gradually
and systematically changing the contribution of individ-
ual PC loadings instead of arbitrarily eliminating a full
PC loading.

At the power parameter m 5 1, the new reconstructed
data matrix is the standard PCA matrix reconstruction. As
m decreases, smaller eigenvalues become more prominent
and � ner details from contributions of secondary loadings
become more apparent. At the condition of m 5 0, the
diagonal matrix S** is replaced by the identity matrix I,
and we obtain A** 5 UV 9. Thus, the synchronous 2D
correlation spectrum (i.e., covariance or dispersion matrix
A** 9A**) is reduced to the projection matrix VV 9 span-
ning the object factor space. On the other hand, as m in-
creases (m . 1), larger engenvalues start to dominate. In
this case of major factor accentuation, it is similar to the
truncation of noise, but the effect is more gradual.3
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FIG. 4. Synchronous 2D correlation spectra constructed from the EMT-reconstructed data obtained by varying the value of the power parameter
m, as m 5 (a) 1, (b) ½, (c) Ä, and (d ) 0. Solid and dashed lines represent positive and negative cross peaks, respectively.

Based upon 2D correlation spectra from this new
EMT-reconstructed data matrix obtained by replacing the
original eigenvalues with those raised by a fractional
power, it is found that the effect of such eigenvalue ma-
nipulation is much more noticeable on the synchronous
2D correlation spectrum. This effect of substantially en-
hancing the spectral selectivity of synchronous 2D cor-

relation spectra is potentially very important, as we usu-
ally put more emphasis on the interpretation of asyn-
chronous maps in 2D correlation analysis due to overlaps
of synchronous peaks. Furthermore, an interesting dis-
covery is made that asynchronous 2D correlation spectra
are relatively insensitive to this type of eigenvalue ma-
nipulation. Asynchronous 2D correlation spectra look the
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FIG. 5. Asynchronous 2D correlation spectra constructed from the EMT-reconstructed data obtained by varying the value of power parameter m,
as m 5 (a) 1, (b) ½, (c) Ä, and (d ) 0. Solid and dashed lines represent positive and negative cross peaks, respectively.

same when calculated from any A** as that from A*
regardless of the power parameter value used in the EMT
operation. This result indicates that the distinction of dif-
ferent band responses is already accomplished effectively
by the original asynchronous 2D correlation analysis.

As demonstrated here, the transformation of spectral
data via a simple manipulation of eigenvalues to enhance
spectral selectivity shows promising � exibility and po-
tential, especially when coupled with 2D correlation anal-
ysis. There are obviously many other ways of selecting
the type of transformation operators used in EMT beyond
the simple power function or all-or-nothing (i.e., zero or
one) weight function used in this report. We have so far
explored only a few features of EMT, limited to the noise
reduction and apparent selectivity enhancement of syn-
chronous spectra. As we apply many different versions
of EMT to spectral data analysis, we expect to discover
further utility, as well as limitations and pitfalls, of this
new concept.
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