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Abstract In this Chapter, we describe the usage of several chemometric and
numerical techniques to analyse of UV-Vis sets of spectra. The fundamentals
of each technique are briefly presented with examples of its applications. This
approach allows obtaining deeper insight in studied system. These methods
can be used not only to analyze aggregation process, as it was presented in the
Chapter, but also to study the interaction between small ligands and macromol-
ecules, such as DNA. Determination of the number of formed complexes and the
binding constant of interaction ligand/macromolecules can be received with this
methodology.

2.1 Introduction

In chemistry, we have been often dealing with a set of measured data, which are
in fact a mixture of the information and the noise. In many cases, the magnitude
of the noise is as much great as the information that significantly hinders the
ability to find the interesting results in multidimensional data sets [1]. The solu-
tions of such problems are proposed by chemometrics. By means of chemometric
techniques we are able to: (i) delete as much noise as possible from the data sets;
and, (ii) extract as much information as possible from the multidimensional data
[1].

However, to obtain reliable results of chemometrics analysis some special rules
should be applied.

The chemical/analytical problem that one would like to solve, has to be
defined precisely before starting the experiment. Problems solved by means of
chemometric methods can be grouped into four main families: making the visu-
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alisation of multivariate data set; searching the relationships between sets of data;
recognition of internal data structure and making the classification [2]. Each of
them needs adequate type of data sets and usage the appropriate chemometric
approaches.

The next step is to design carefully the experiment and then perform measure-
ments. The choice of the experimental design depends on the type of information
required to verify the research hypothesis, which in fact is the solution of the
defined problem. It is indicated to perform as little trials as possible, but selected
samples should be representative [1, 2]. In such way, we do not only save time
and cost of the whole project but also let make to increase significantly the quality
of the results.

Collected data should undergo multi-aspect control procedures to: (i) identify
the outliers; (ii) determine of the variable distribution that in some cases indicate
the necessity to perform data transformation; and, (iii) determine of interdepen-
dences between variables. The main goal of this procedure is to eliminate errors and
shorten the time necessary to get reliable results [2].

Only data prepared according to described above procedures can be analysed
by means of chemometric techniques. The main approaches of chemometrics data
analysis are presented in Fig. 2.1.

Summing up, chemometrics is the field of science dealing with extracting
valuable information from multidimensional data sets by means of mathe-
matematical and statistical methods. However, appropriate usage of chemomet-
rics requires thinking about its application in each step of experiment: from the
problem defining to the analysis of obtained results.

2.2 Chemometrics and Numerical Approach
to a Set of Spectra

One of a typical problem in absorption spectroscopy is to determine an influence of
experimental conditions, such as temperature, ionic strength of the medium or pH,
on the electronic spectrum of tested compounds. The experimental condition may
affect intensity as well as shape of the spectrum. To detect such changes a set of
spectra registered at different experimental condition should be analysed.

From chemometrics point of view each spectrum could be treated as a one-
dimensional matrix. Absorptions at different wavelengths are elements of this
matrix. A set of spectra registered at different condition forms two-dimensional
matrix X [3, 4].

2.2.1 Preprocessing of Spectra

Registered sets of spectra, transformed to molar extinction scale according to the
Lambert-Beer Eq. (2.1) have to be preprocessed.
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Fig. 2.1 The overview of chemometrics methods
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The first steps of these operations include: baseline correction and dilution correc-
tion. Several techniques applied to perform baseline correction are summarized by
Kohler et al. [5].

Obtain, corrected and transformed results are organize into matrix X, presented
in Table 2.1 consists n rows (wavelengths, X\) and m columns (spectra obtained for
the m increasing concentrations of the compound or spectra registered at different
temperatures, pH, etc.). Each element of this matrix corresponds to extinction val-
ues calculated for each sample in following wavelengths.

For each column of matrix, the mean values and standard deviation values can
be calculated for whole range of wavelengths or for selected range of wavelength,
for example range characteristic for research chromophore. These two parameters
can be used for measuring changes in intensity of the spectra [3, 4]. To minimalize
influence of changes in intensity of spectra, and in this way study only changes into
its shapes, sets of spectra should be transformed. The most popular transformations
are centring and autoscaling.
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Table 2.1 Matrix X obtain as a result of 1st step preprocessing operations of set of UV-Vis spectra

Wavelength Sample 1 Sample 2 Sample m
A e €2 €lm
X, &1 €5 e € m
A, € €, g

Centring the data is the linear transformation performs to make all variables
coincide with the beginning of the coordinate system. It is done by subtracting from
each value X; of data organized into matrix X corresponding mean value of jth vari-
able to obtain new matrix X', according to formula [1]:

’

Xy =X TH (2.2)

The autoscaling is made by diving by centered data by the standard deviation of the
jth variables according to formula (2.2). As a result, we obtained the normalized
matrix Z [2]:

9, (23)

molar extinction coefficient for the i-th wavelength of the j-th spectrum
Ky the average value of the molar extinction coefficients of the j-th spectrum
c. standard deviation of the molar extinction coefficients of the j-th spectrum.

Spectrum after standardization can be treated as a vector of unit length. A set of
spectra creates a bunch of vectors which have common origin in the k-dimensional
hyperspace, where k is the number of spectral forms present in the analyzed sam-
ples. A bunch of vectors for recorded spectra is limited by vectors representing the
spectra of pure ingredients. An example for two component mixture (k=2) is shown
in Fig. 2.2.

2.2.2 Internal Order of a Matrix and Number of Variety Sources

The Principal Component Analysis (PCA) [6] is a special example of projection
pursuit techniques, in which variance is used as a projection index. PCA is mainly
used for modeling, compressing and visualizing multidimensional data [7—10].
Application PCA in the relationship analysis involves two basic tasks: graphical
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Fig. 2.2 Vectors of the two component mixture in the space of two main components: a standard-
ized spectrum. b centered spectrum

presentation of the dimensional dependence and reducing the dimensionality of
the problem. In this technique, set of correlation coefficient between variables in
multivariate space might be transformed to equivalent set of orthogonal factors.
The principal components are new orthogonal variables (which are expressed as
a linear combination of original variables) and they maximized description of the
data variance.

The PCA analysis allows to determine the internal dimension of the matrix of
the standardized spectra. This dimension is equal to the number of spectral forms
presented in the samples. If the spectra of individual species are not excessively cor-
related, it is equal to the number of significant principal components of this matrix.
Unfortunately, when the spectral forms have very similar spectra, as is usual in the
case of aggregation, the analysis of the residual spectra have to be used to determine
the number of spectral species in the samples [3, 4].

The principal components and their loadings permit to complete reconstruction
of the standardized spectra matrix according to the equation:

an = anan (24)
where:
P matrix of m principal components,
L. matrix of loadings.

If in the spectra reconstruction we use only j first principal components we obtain
following relationship:
z, =PL_+EY

it

2.5)
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E® matrix represents the residual spectra of j order. The residual spectra for j<k
have the character of the differences spectra, for j 2 k the residual spectrum repre-
sents random noise. Thus, further analysis of the residual spectra allows to specify
the correct value of k.

2.2.3 Numerical Spectrum Decomposition Technique and
Physicochemical Model of a Process

Applying PCA analysis let us know not only the number of spectral forms presented
in the samples, but also the first spectra approximation, however, does not allow to
designate individual forms, because the principal components are obtained with the
assumption of perfect orthogonality.

Therefore, next step in chemometrical analysis of sets of spectra is to obtain the
spectra of indywidauals and estimation of its molar fractions. To reach this goal, Z
matrix should be expressed as a multiplication of the two other matrices: the matrix
of components B, in which the columns represent the spectrum of pure spectral
forms, and matrix X, which columns represent different forms of molar fractions
[3, 4].

Z = BX (2.6)

Knowing that the ends of the centered vectors of two components mixtures are on
a straight line (Fig. 2.2b), the position of the spectra of pure components on this
line is unknown. Therefore, in order to solve the Eq. (2.6) there is need to use the
iterative procedure called Numerical Spectrum Decomposition [1]. To determine
spectra of the complexes, as well as relative amount of each species, an iterative
self-consisting procedure—multivariate curve resolution-alternating least squares
(MCR-ALS) has to be used [11]. The most outer vectors wl i wm participate the
most within the spectral forms according to the equation.

Wl = Xllfl + X21f2 Xll = 17 X21 = O (27)

Wm = lefl + XmeZ X = 17X = 0 (28)

In addition, in the two components mixtures, the molar ratios should not be nega-
tive, and the sum of the molar fractions of the two forms must be equal to 1:

X, +x,,=1 (2.9)

Xim T X =1 (2.10)
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Using the Eq. (2.9) and (2.10) molar fraction x,, i X, can be determined:

2m

X, = 1_X21

@2.11)
Xom = 12X, (2.12)

After substituting these molar fractions into formulas (2.11) and (2.12) set of two
equations were obtained:

W= xnfl +(1_x1|)f2
Wm = (1 - me)-fl + meJFZ (213)

These equations can be solved due to the spectrum of pure form. Assuming further
indications:

1
a=—>1
X (2.14)
8= € >1
x2m (215)

the following formulas are obtained:

aw —(a-1)pw,

fi= —(@-D(3-1) (2.16)
= pw, —a(B-1w,
Pol=(a=1)(B-1) 2.17)

Coefficients o and B are matched numerically during fitting a physicochemical
model of the process studied using the Nelder—-Mead simplex method [12, 13].
Obtaining optimal values of o and P is equivalent to determine the spectra of pure
species. Determination of the spectra of pure spectral forms allow to calculate the
matrix Eq. (2.6) because of the mole fractions. Molar fraction of the individual
components in various conditions obtained by this method, could be used to deter-
mine the specific parameters of the model used.
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2.3 Influence of Agregation on UV/Vis Spectrum—A
Case Study

Acridine belong to a group of polycyclic heteroaromatic compounds and exhibit a
broad spectrum of biological activity including antiprotozoal, antibacterial, antivi-
ral and antitumor activity [7, 14]. Imidazoacridinones (IA) derivaties are a group
of acridine antitumor drugs synthesized in Department of Pharmaceutical Technol-
ogy and Biochemistry, Gdansk University of Technology. The biological activity
of the imidazoacridinones has now been extensively investigated. Published data
suggested that imidazoacridinone drugs are capable of binding physicochemically
to DNA [15, 16]. The nature of these investigation and their relevance to cytotoxic
and antitumor properties of IA remains unknown.

Imidazoacrinonones tend to aggregate in diluted solutions, leading to dimer for-
mation, and sometimes even higher order aggregates. Driving forces of this process
are hydrophobic interactions. Kinetic information of aggregation process are very
helpful to understand molecular interaction such as micelle formation of amphiphi-
lic substances and the binding of small ligands to macromolecules [17—19]. In spite
of many studies, the mechanism of compounds self-aggregation seems to be not
fully understood because of the experimental conditions, which are different from
study to study.

The most useful method to check if some compounds self-aggregate in aqua solu-
tion is spectroscopic analysis with increasing drug concentration. The following pro-
cedure of results analysis may be used to study the aggregation of various derivatives.
An example of such derivative is imidazoacridinon C-1330 (Fig. 2.3), synthesized in
Department of Pharmaceutical Technology and Biochemistry, Gdansk University of
Technology [20]. The samples of imidazoacridinon C-1330 were prepare in various
concentrations (20 pM to 1 mM) by dilutions. The absorption spectra at different
concentration were recorded. Obtained spectra were transformed into the molar scale
using Lambert-Beer Eq. (2.1), and then standardized according to Eq. (2.3).

Figure 2.4 represents the set of standardized spectra obtained for C-1330 in dif-
ferent drug concentration. The compound has a strong absorption band in the visible
field of the spectrum. Two maximum are observed in the spectra. For the lowest
concentration of the compound, they are located at A=371 and X\=423 nm. In real
spectra, there are two isosbestic points at a wavelength X\=383 and A=431 nm.
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Fig. 2.4 Set of standardized spectra representative for C-1330 in buffer with S mM NaCl

Table 2.2 Eigen-values obtained for set of the C-1330 spectra

No of PC

1 2 3 4 5
Eigen-value 9.9827 0.0170 0.0002 0.0001 0.0000
% of variance 99.83 0.16 0.01 0.00 0.00
Cumulative % of variance 99.83 99.99 100.00 100.00 100.00

Numerical analysis of the spectra for C-1330 was started by determining the
number of spectral forms present in the solution. Table 2.2 presents the data ob-
tained by using the PCA method. The following values suggest that the first two
principal components (explaining 99.99 % of the total variability) are significant.

Similar results were obtained after careful analysis of the residual spectra
(Fig. 2.5). The 1st and 2nd order residual spectra are relatively intensive and dem-
onstrate the presence of absorption bands. Experimental noise prevails only in 3rd
or higher order residual spectra. This indicates that there are two spectral forms in
the solution: monomer and aggregate.

Using the appropriate transformations as it was presented in Chap. 2.3. there
were possible to reproduce spectra of pure spectral forms. Figure 2.6 shows such
spectra for C-1330. The maximum absorption of the monomer occurs at 423 nm. In
the spectra of the aggregate exhibit characteristic batochromic effect with the maxi-
mum absorption at the 431 nm. The results of our studies indicate that the presence
as well as proportions of particular spectral forms is dependent on the overall con-
centration of studied compound.
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Fig. 2.5 Further residual spectrum obtained for the C-1330 in 5 mM NaCl solution in the PCA
method

Obtained molar fraction of the individual components in various concentrations
was used to determine the aggregation constant K, according to the formula:

1 - xmi
" Cx, (2.18)
Where
C, the total concentration of the compound in the i-th solution,
X the molar fraction of the monomer calculated from the Eq. (2.6).

The estimation of the m aggregation constant—one for each compound concentra-
tions (for each spectra) were obtained. Than the average value and the standard
deviation were calculated: K, = (6,327 +0,218)*10°M ™.
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Fig. 2.6 Standardized spectra for monomer (red line) and aggregate (green line) for C-1330
in 5 mM NaCl

2.4 Conclusions

Application of chemometric and numerical methods can be used to analyse spec-
troscopic spectra. We presented these applications for the aggregations process that
give interesting results even when the spectra of spectral forms presented in the
sample differ slightly. The presented approach is universal if the model of the pro-
cess is known. This methods can be also used to study the interaction between small
ligands and macromolecules, such as DNA, for determining the number of formed
complexes and the binding constant of interaction ligand/macromolecules. The
chemometrics approach to an experimental data allows obtaining deeper insight in
studied system. Application of various statistical methods is particular useful when
classical simplified assumption is not valid.
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