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1. Introduction 

Principal Component Analysis has been widely used in different scientific areas and for 
different purposes. The versatility and potentialities of this unsupervised method for data 
analysis, allowed the scientific community to explore its applications in different fields. Even 
when the principles of PCA are the same in what algorithms and fundamentals concerns, the 
strategies employed to elucidate information from a specific data set (experimental and/or 
theoretical), mainly depend on the expertise and needs of each researcher.  

In this chapter, we will describe how PCA has been used in three different theoretical and 
experimental applications, to explain the relevant information of the data sets. These 
applications provide a broad overview about the versatility of PCA in data analysis and 
interpretation. Our main goal is to give an outline about the capabilities and strengths of 
PCA to elucidate specific information. The examples reported include the analysis of 
matured distilled beverages, the determination of heavy metals attached to bacterial 
surfaces and interpretation of quantum chemical calculations. They were chosen as 
representative examples of the application of three different approaches for data analysis: 
the influence of data pre-treatments in the scores and loadings values, the use of specific 
optical, chemical and/or physical properties to qualitatively discriminate samples, and the 
use of spatial orientations to group conformers correlating structures and relative energies. 
This reason fully justifies their selection as case studies. This chapter also pretends to be a 
reference for those researchers that, not being in the field, may use these methodologies to 
take the maximum advantage from their experimental results. 
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2. Principal component analysis of spectral data applied in the evaluation of 
the authenticity of matured distilled beverages 

The production of distilled alcoholic beverages can be summarised into at least three steps: 
i) obtaining and processing the raw materials, ii) fermentation and distillation processes, 
and iii) maturation of the distillate to produce the final aged product (Reazin, 1981). During 
the obtaining and fermentation steps, no major changes in the chemical composition are 
observed. However, throughout the maturation process, distillate undergoes definite and 
intended changes in aromatic and taste characteristics.  

These changes are caused by three major types of reactions continually occurring in the 
barrel: 1) extraction of complex wood substances by liquid (i.e.: acids, phenols, aldehydes, 
furfural, among others), 2) oxidation of the original organic substances and of the extracted 
wood material, and 3) reaction between various organic substances present in the liquid to 
form new products (Baldwin et al., 1967; Cramptom & Tolman,1908; Liebman & Bernice, 
1949; Rodriguez-Madera et al., 2003; Valaer & Frazier,1936). Because of these reactions 
occurring during the maturation process, the stimulation and odour of ethanol in the 
distillate are reduced, and consequently, its taste becomes suitable for alcoholic beverages 
(Nishimura & Matsuyama, 1989). It is known that the concentration of extracts from wood 
casks in matured beverages seriously depend on the casks conditions (Nose et al., 2004). 
Even if their aging periods are the same, the use of different casks for the maturation 
process, strongly conditions the concentration of these extracts. (Philip, 1989; Puech, 1981; 
Reazin, 1981). Diverse studies on the maturation of distillates like whiskey, have 
demonstrated that colour, acids, esters, furfural, solids and tannins increase during the 
aging process. Except for esters, the greatest rate of change in the concentration of these 
compounds occurs during the first year (Reazin, 1981). For this reason, the extracts of wood 
and the chemically produced compounds during the aging process confer some optical 
properties that can be used to evaluate the authenticity and quality of the distillate in terms 
of its maturation process (Gaigalas et al., 2001; Walker, 1987). 

The detection of economic fraud due to product substitution and adulteration, as well as 
health risk, requires an accurate quality control. This control includes the determination of 
changes in the process parameters, adulterations in any ingredient or in the whole product, 
and assessment that flavours attain well defined standards. Many of these quality control 
issues have traditionally been assessed by experts, who were able to determine the quality 
by observing their colour, texture, taste, aroma, etc. However, the acquisition of these skills 
requires years of experience, and besides that, the analysis may be subjective. Therefore, the 
use of more objective tools to evaluate maturation becomes essential. Nevertheless, it is 
difficult to find direct sensors for quality parameters. For this reason, it is necessary to 
determine indirect parameters that, taken individually, may weakly correlate to the 
properties of interest, but as a whole give a more representative picture of these properties. 
In this regard, different chromatographic techniques provide reliable and precise 
information about the presence of volatile compounds and the concentration of others (i.e.: 
ethanol, methanol, superior alcohols or heavy metals, etc.), thus proving the quality and 
authenticity of distilled alcoholic beverages (Aguilar-Cisneros, et al., 2002; Bauer-Christoph 
et al., 2003; Ragazzo et al.,2001; Savchuk et al., 2001; Pekka et al., 1999; Vallejo-Cordoba et 
al., 2004). In spite of that, chromatographic techniques, generally destroy the sample under 
study and also require equipment installed under specific protocols and installations 
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(Abbott & Andrews, 1970). On the other hand, the use of spectroscopic techniques such as 
infrared (NIR and FTIR), Raman, ultraviolet/visible together with multivariate methods, 
has already been used for the quantification of the different components of distilled 
beverages (i.e.: ethanol, methanol, sugar, among others). This approach allows the 
evaluation of quality and authenticity of these alcoholic products in a non-invasive, easy, 
fast, portable and reliable way (Dobrinas et al., 2009; Nagarajan et al., 2006). However, up to 
our knowledge, none of these reports has been focused on the evaluation of the quality and 
authenticity of distilled beverages in terms of their maturation process. 

Mezcal is a Mexican distilled alcoholic beverage produced from agave plants from certain 
regions in Mexico (NOM-070-SCFI-1994), holding origin denomination. As many other 
similar matured distilled beverages, mezcal can be adulterated in the flavour and 
appearance (colour), these adulterations aiming to imitate the sensorial and visual 
characteristics of the authentic matured beverage (Wiley, 1919). Considering that the 
maturation process in distillate beverages has a strong impact on their taste and price, 
adulteration of mezcal beverage pursuit obtaining the product in less time. However, the 
product is of lower quality. In our group, a methodology based in the use of UV-absorption 
and fluorescence spectroscopy has been proposed for the evaluation of the authenticity of 
matured distilled beverages, and focused in mezcal. We took advantage of the 
absorbance/emission properties of woods extracts and molecules added to the distilled 
during maturation in the wood casks. In this context, principal component analysis method 
appears as a suitable option to analyse spectral data aiming to elucidate chemical 
information, thus allowing discrimination of authentic matured beverages from those non-
matured or artificially matured.  

In this section, we present the PCA results obtained from the investigation of two sets of 
spectroscopic data (UV absorption and fluorescence spectra), collected from authentic 
mezcal samples at different stages of the maturation: white or young (non-maturated), rested 
(matured  2 months in wood casks), and aged (1 year in wood casks). Samples belonging 
to false matured mezcals (artificially matured) are labelled as: abocado (white or young 
mezcal artificially coloured and flavoured) and distilled (coloured white mezcal). These 
samples were included with the aim of discriminating authentic matured mezcals from 
those artificially matured. The discussion is focused on the influence of the pre-treatments of 
spectra on the scores and loadings values. The criteria used for the scores and loadings 
interpretation are also discussed. 

2.1 Spectra pre-treatment 

Prior to PCA, spectra were smoothed. Additionally, both spectra data sets were mean centred 
(MC) prior the analysis as a default procedure. In order to evaluate the effect of the 
standardization pre-treatment (1/Std) over the scores and loadings values, PCA was also 
conducted over the standardized spectra. Multivariate spectra analysis and data pre-treatment 
were carried out using The Unscrambler ® software version 9.8 from CAMO company. 

2.2 Collection of UV absorption spectra 

Spectra were collected in the 285-450 nm spectral range, using an UV/Vis spectrometer 
model USB4000 from the Ocean Optics company, coupled to the Deuterium tungsten 
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halogen light source and cuvette holder by means of optical fibers, and with a spectral 
resolution of ~1.5 nm. The mezcal samples were deposited in disposable 3.0 mL cuvettes, 
specially designed for UV/Vis spectroscopy under a transmission configuration, which 
remained constant for all measurements.  

2.2.1 PCA-scores 

Fig. 1 (a) and (b), depict the distribution of objects (samples/spectra)  corresponding to the 
two pre-treatment options (MC and 1/Std) in the PC-space. In both graphs, a similar 
distribution of objects along PC1-axis was observed. The groupings along PC1 indicate a 
good discrimination between matured and non-matured mezcals. Additionally, samples 
corresponding to mezcals a priori known as artificially matured (i.e. abocado and distilled 
samples) and other few, labeled as rested but presumably artificially matured, cluster 
together with the non-maturated ones. This indicates that the UV absorbance properties of 
compounds and molecules naturally generated in the wood cask, are significantly different 
from those from other compounds used with counterfeit purposes (Boscolo et al, 2002).  

 
Fig. 1. PCA-Scores plots obtained from raw UV absorption spectra (a) mean centred, (b) 
standardized. (■) White/young, (●) White w/worm, (▲) abocado or artificially matured, 
(◄) distilled (white/young coloured), (▼) rested and (♦) aged. 

A central region, delimited with dashed lines and mainly including samples corresponding 
to rested mezcals and a few artificially mature samples (abocado and white mezcal 
w/worm) can be considered as an “indecisive zone”. However, taking into account that 
some samples analysed in this study were directly purchased from liquor stores, it may be 
possible that few of them, claimed as authentic rested, have been artificially matured. In 
addition, the sample corresponding to aged mezcal is separated from all the other samples 
in both graphs, but always clustering together with the rested samples. This indicates that 
the cluster of objects/samples is related not only with their maturation stage, but also with 
their maturation time. This behaviour points out that the standardization pre-treatment does 
not affect significantly the distribution of objects in the scores plots. However, there are 
some issues that must be considered: in Fig. 1 (a), the aged sample is located close to the 
rested group, but non as part of it. This can be explained in terms of their different times of 
maturation. On the other hand, in Fig. 1 (b), the aged sample seems to be an outlier or a 
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sample non-related with the other objects. This unexpected observation can be explained 
considering the similarity between the spectra of the rested and aged mezcals [see Fig. 2 (a)]. 
For this reason, the PCA-scores plot corresponding to standardized spectra, must be 
considered cautiously since they can lead to incorrect interpretations.  

2.2.2 PCA-loadings 

Once the distribution of objects in the PC-space has been interpreted, the analysis of the one-
dimensional loadings plots has been carried out in order to find the relationship between 
the original variables (wavelength) and the scores plots (Esbensen, 2005; Geladi & Kowalski, 
1986; Martens & Naes, 1989). In this case, PC1 is the component discriminating mezcal 
samples according to their maturation stage and time. Consequently, the PC1-loadings 
provide information about the spectral variables contributing to that discrimination. Fig.2 
(a) shows four representative absorption spectra in the 290-450 nm ultraviolet range for 
white, abocado, rested and aged mezcals. According to the Figure, the absorption spectra of 
white and abocado samples look similar, and different from those corresponding to the 
rested and aged mezcals. 

 
Fig. 2. (a) Representative raw UV absorption spectra for each of the four types of mezcals, 
(b) PC1-loadings plot for the centred spectra, and (c) PC1-loadings plot for the centred and 
standardized spectra.  

The loading plots indicate that the 320-400 nm region [blue dashed rectangle, Fig. 2 (a)], is 
the best region to evaluate the authenticity of matured mezcals because the wood 
compounds extracted, produced and added to mezcals during the aging process absorb in 
this region. The 290-320 nm range [red dashed rectangle, Fig. 2 (a)], provides the signature 
for non-maturated mezcals. Fig. 2 (b) and (c) depict one-dimensional PC1 loadings plots 
corresponding to mean centred and standardized spectra, respectively. From Fig. 2 (b), it is 
feasible to observe the great similarity between the one-dimensional PC1 loadings plot and 
the representative spectrum of rested and aged mezcals, suggesting that PC1 mainly models 
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the spectral features belonging to authentic matured mezcals. On the other hand, one-
dimensional loadings plot obtained from standardized spectra [Fig. 2 (c)], lacks in the 
spectral information provided, thus limiting its uses for interpretation purposes. In spite of 
that, standardization may be useful for certain applications (i.e. calibration of 
prediction/classification by PLS or PLS-DA) (Esbensen, 2005). 

2.3 Collection of fluorescence spectra 

Taking into account that the emission spectra of organic compounds can provide 
information about them and about their concentration in mixed liquids, this spectroscopic 
technique appears as a complementary tool allowing the evaluation of the authenticity of 
matured alcoholic beverages (Gaigalas et al., 2001; Martínez et al, 2007; Navas & Jimenez, 
1999; Walker, 1987). Fluorescence spectra were collected in the 540-800 nm spectral range, 
using a spectrofluorometer model USB4000-FL from the Ocean Optics company, coupled to 
a laser of 514 nm wavelength and cuvette holder by optical fibers. The spectral resolution 
was ~10 nm. The mezcal samples were put into 3.0 mL quartz cuvettes, in a 90 degrees 
configuration between the excitation source and the detector. This orientation remained 
constant during the collection of all the spectra. The laser power on the samples was 45 mW. 

2.3.1 PCA-scores 

Fig. 3 (a) and (b) depict the scores plots obtained from the mean centred spectra. According 
to Fig. 3 (a), PC1 explains 90 % of the variance. Two groups can be observed along PC1-axis, 
one of them including white mezcals and ethanol, and the other one, including rested, 
abocado and distilled mezcals. This indicates that data structure is mainly influenced by the 
presence or absence of certain organic molecules (not necessarily extracted from wood), all 
of them having similar emission features. 

 
Fig. 3. PCA-scores plots obtained for the mean centred fluorescence spectra. Samples 
correspond to different stages of maturation. (a) Scores plot before the removal of outliers, 
(b) scores plot after the removal of outliers. (□) White or young, (△) abocado, (○) rested, (▽) 
aged, (◁) distilled and (◇) ethanol.  

Three isolated objects, corresponding to rested, abocado and aged, can also be observed 
along PC1-axis. Among them, the first two can be considered as outliers. On the contrary, in 

-4500 -3000 -1500 0 1500 3000 4500

-2100

-1400

-700

0

700

1400

2100
a

3 2 1

outliers??

Outliers

P
C

2
 (

7
%

)

PC1 (90%)

-4500 -3000 -1500 0 1500 3000 4500

-2100

-1400

-700

0

700

1400

2100
a

3 2 1

outliers??

Outliers

P
C

2
 (

7
%

)

PC1 (90%)

-4500 -3000 -1500 0 1500 3000 4500

-600

-400

-200

0

200

400

600 b

P
C

2
 (

3
%

)

PC1 (97%)

-4500 -3000 -1500 0 1500 3000 4500

-600

-400

-200

0

200

400

600 b

P
C

2
 (

3
%

)

PC1 (97%)

www.intechopen.com



Application of Principal Component Analysis  
to Elucidate Experimental and Theoretical Information 

 

29 

the case of the aged sample, the higher concentration of wood extracts in comparison to the 
rested samples originates a noticeably different spectrum, thus explaining the observation of 
this aged sample as an isolated object. In order to improve the distribution of objects, 
samples detected as outliers were removed. Fig. 3 (b) shows the scores plot after outliers 
removal. Similarly to Fig. 3(a), two main groups can be observed. However, the percentage 
of explained variance for PC1 increases to 97%. This fact indicates that, even when the object 
distribution does not depict significant variations, the removal of these outliers, allows the 
model to describe the data structure in a more efficient way. 

There are other samples that can be considered as outliers [indicated with numbers 1-3 in 
Fig. 3(a)]. Among them, number 1 corresponds to white mezcal with worm (some mezcal 
producers add a worm to their product as a distinctive), the worm probably providing 
certain organic molecules. These organic molecules would have similar emission 
properties than those of the rested ones. Hence, number 1 can be taken as outlier or not. 
We decide to take it, as correctly classified. On the contrary, objects 2 and 3, were 
considered as outliers, because they do not have any particular characteristics like object 
1. Furthermore, when they were removed from the PCA (data not shown), distribution of 
objects and explained variance percentages remained similar. For this reason, we decided 
not to remove them.  

In conclusion, only the joint analysis of the scores plot, the raw spectra, the loading plots 
and all other available information of the samples can give a correct interpretation of  
our results. 

Figure 4 (a) and (b) shows the PCA-scores plots obtained from standardized spectra before 
and after the removal of outliers. As it was described before, the similar object distribution 
observed in Fig. 3 and 4 indicates that standardization does not provide any additional 
benefit for the spectral data analysis. 
 

 
 

Fig. 4. PCA-scores plots obtained for the mean centred and standardized fluorescence 
spectra. Samples correspond to different stages of maturation. (a) Scores plot before the 
removal of outliers, (b) scores plot after the removal of outliers. (□) White or young, (△) 
abocado, (○) rested, (▽) aged, (◁) distilled and (◇) ethanol.  

-40 -20 0 20 40 60 80 100 120
-20

-10

0

10

20

30 a

white w/worm

Aged mezcal

Outliers

P
C

2
 (

7
%

)

PC1 (85%)

-40 -20 0 20 40 60 80 100 120
-20

-10

0

10

20

30 a

white w/worm

Aged mezcal

Outliers

P
C

2
 (

7
%

)

PC1 (85%)

-30 0 30 60 90 120

-8

-4

0

4

8

12 b
white w/worm

Aged mezcal

P
C

2
 (

3
%

)

PC1 (90%)

-30 0 30 60 90 120

-8

-4

0

4

8

12 b
white w/worm

Aged mezcal

P
C

2
 (

3
%

)

PC1 (90%)

www.intechopen.com



 
Principal Component Analysis 

 

30

2.3.2 PCA-loadings 

Fig. 5 (a) depicts six representative fluorescence spectra corresponding to each type of 
mezcal analysed. A high similarity between the fluorescence spectrum of ethanol and 
white/young mezcal is observed. On the other hand, rested, abocado and distilled mezcals, 
have similar spectra. Finally, the huge differences between the intensity of the emission 
spectra corresponding to aged mezcal, and that of the other types of mezcal, can be 
attributed to the higher concentration of organic molecules coming from the wood cask 
during the maturation process.  

This also explains the grouping along PC1-axis. From these results, it can be concluded that 
PC1 can discriminate between naturally/artificially matured samples and white mezcal 
samples. On the contrary, the one-dimensional PC1-loading plot obtained from 
standardized spectra; does not provide clear information about the objects distribution.  

In this sense, and according with the results described above, the standardization pre-
treatment does not improve the discrimination between samples in the scores plots. On the 
contrary, it leads to a misinterpretation of the loading plots. 
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Fig. 5. (a) Representative raw fluorescence spectra for each type of mezcals, (b) PC1-loadings 
plot for the centred spectra, and (c) PC1-loadings plot for standardized spectra.  

2.4 Final remarks 

The results described above, showed that PCA conducted over a set of UV absorption 
spectra from different types of mezcals, allows an efficient and reliable discrimination 
between artificially and naturally maturated mezcals in wood casks, the data pre-treatments 
playing an important role for the correct interpretation. This discrimination power is based 
on the differential absorbance spectra of the compounds naturally produced from wood 
during maturation stage and those corresponding to the compounds used for adulteration 
(i.e.: colorants to confer a matured appearance to the beverage).  

On the other hand, PCA conducted over fluorescence spectra allowed the identification of 
two main groups correlated with the presence or absence of certain organic molecules, not 
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necessarily correlated with maturation in the wood casks. Thus, fluorescence spectroscopy 
did not demonstrate to have enough sensibility to discriminate between authentic and 
artificially matured mezcals.  

3. PCA of Raman spectra for the determination of heavy metals attached to 
bacterial surfaces  

Toxic metals are not degradable and tend to accumulate in the exposed organisms causing 
serious health effects. The use of biological agents to remove or neutralize contaminants 
(biorremediation) is a very important tool for the removal of such toxics. In particular, the 
use of inactivated microorganisms as adsorbents (biosorption) has been suggested as an 
effective and economical way to remove heavy metals from water and food intended to 
human or animal consumption (Davis et al., 2003; Haltunen et al., 2003, 2007, 2008; 
Ibrahim et al. 2006; Mehta & Gaur, 2005; Mrvčić et al., 2009; Shut et al., 2011; Volesky & 
Holan, 1995). 

Metal biosorption is usually evaluated by means of analytical methods or atomic absorption 
spectrometry. These methods allow the quantification of free metal ions in the supernatants 
of bacterial/metal samples (Ernst et al., 2000; Haltunen et al., 2003, 2007, 2008; Velazquez et 
al., 2009; Zolotov et al., 1987).  

In this sense, a method involving vibrational spectroscopic techniques (i.e.: Raman 
spectroscopy) and multivariate methods (both unsupervised and/or supervised), would 
represent an advantage over the standard procedures, due to the possibility of quantifying 
the metal ions directly from the bacterial sample, and at the same time, obtaining structural 
information (Araujo-Andrade et al., 2004, 2005, 2009; Ferraro et al., 2003; Gerbino et al. 2011; 
Jimenez Sandoval, 2000).  

PCA carried out on the Raman spectra represents the first step in the construction of a 
calibration model allowing the quantification of metal ions attached to bacterial surfaces. 
This analysis allows obtaining a correlation between the spectral variations and the property 
of interest (i.e. the metal ion concentration), identifying the optimal spectral region/s for the 
calibration of quantification models, and also detecting erroneous measurements leading to 
reduce the predictive ability of the model.  

In this section, we present the PCA results obtained from the Raman spectra corresponding 
to bacterial samples (Lactobacillus kefir) before and after the interaction with four heavy 
metals (Cd2+, Pb2+, Zn2+, Ni2+) in three different concentrations each.  

Even when the main objective of this study was to calibrate models for the quantification of 
metal ions attached to bacterial surfaces using supervised methods (i.e.: PLS), the calibration 
of prediction models goes beyond of the intention of this chapter. For this reason, we 
focused this section just on the discussion of the PCA results.  

3.1 Collection of spectral data set 

The Raman spectra of the bacterial samples before and after the interaction with metal ions 
were measured by placing them onto an aluminum substrate and then under a Leica 
microscope (DMLM) integrated to a Renishaw micro-Raman system model 1000B. In order 
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to retain the most important spectral information from each sample, multiple scans were 
conducted in different points of the bacterial sample moving the substrate on an X-Y stage.  

The Raman system was calibrated with a silicon semiconductor using the Raman peak at 
520 cm-1, and further improved using samples of chloroform (CHCl3) and cyclohexane 
(C6H12). The wavelength of excitation was 830 nm and the laser beam was focused on the 
surface of the sample with a 50X objective.  

The laser power irradiation over the samples was 45 mW. Each spectrum was registered 
with an exposure of 30 seconds, two accumulations, and collected in the 1800-200 cm-1 
region with a spectral resolution of 2 cm-1. 

3.2 Spectral data pre-treatment 

Raman spectra analyzed were collected over dry solid bacterial samples before and after the 
interaction with different concentrations of metal ions. Therefore, it is highly probable that our 
measurements include some light scattering effects (background scattering). These effects are 
in general composed of multiplicative and additive effects (Martens & Naes, 1989).  

Spectra collected and analyzed in this section were baseline corrected in order to subtract 
the fluorescence contribution. To perform this correction, a polynomial function was 
approximated to the spectrum baseline, and after that, subtracted from the spectrum. Also, 
the spectra were smoothed using Savitzky-Golay method. Light scattering effects were 
corrected using the multiplicative scatter correction (MSC) algorithm and then, the spectra 
were mean centred. Data pre-treatment and multivariate spectra analysis were carried out 
with Origin version 6.0 from Microcal Company, and The Unscrambler® software version 
9.8 from CAMO company. 

3.3 Analysis and discussion of PCA results 

PCA was performed on the pre-treated Raman spectra of each bacteria/metal sample in 
order to correlate metal concentrations with the spectral information.  

The criteria used for PCA-scores and loadings interpretation are depicted in the next 
subsection. Even when the presented data set corresponds to the bacteria/Cd+2 interaction, 
the same methodology was employed for the analysis of the other bacteria/metal samples. 

3.3.1 Scores interpretation 

Fig. 6 depicts the PCA-scores plots obtained before and after outliers exclusion (panels a and b, 
respectively). Three main groups, labeled as I, II and III, can be observed in Fig. 6 (a). These 
groups can be represented by their PC-coordinates as follows: (+i, +j), (-i, -j) and  
(-i, +j), where i and j represent the i-esime and j-esime score value for PC1 and PC2, respectively. 

These three groups or clusters are highly related with the three different concentrations of 
cadmium trapped on the bacterial surfaces. However, there are several potential outliers 
that should be removed to get a better description of the data structure. In this case, the 
outliers were selected on the basis of the dispersion existent among objects of the same 
group along PC1, the component explaining the major percentage of variance of the  
data set. 
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After the removal of outliers, the three groups identified in Fig. 6 (a), became much better 
defined in the PC-space. However, a different cluster distribution in the PC-space was 
observed [Fig. 6 (b)]. Table 1 describes these changes in terms of their PC- coordinates before 
and after the removal of outliers. 

 
Fig. 6. PCA-Scores plots obtained from pre-treated Raman spectra corresponding to three 
concentrations of bacteria/Cd+2 samples: (■) 0.059 mM, (●) 0.133 mM, (▲) 0.172 mM. (a) 
With outliers, (b) without outliers.  

Additionally, a different distribution of the individual percentage of explained variances 
was observed in both PCs (PC1, 77% to 59%, and PC2 19% to 38%). However, the total 
percentage of explained variances before and after the removal of outliers was similar 
(96%before and 97% after the removal of outliers). This indicates that the removal of outliers 
did not reduce the information about the data structure provided by both PCs. 
 

 
(PC1i ,PC2j) 

coordinates before 
outlier removal 

(PC1i ,PC2j) 
coordinates 
after outlier 

removal 
Cluster I (+i, +j) (+i, -j) 
Cluster II (-i, -j) (-i, +j) 
Cluster III (-i,+j) (-i, -j) 

Table 1. Cluster coordinates in the PC-space before and after the removal of outliers. 

According to Fig 6 (b), a good discrimination between the lowest (group I) and the 
medium/highest cadmium concentrations (groups II and III) was observed along PC1-axis. 

In summary, it can be concluded that PC1 allows a gross discrimination (due to the huge 
difference in the concentration of samples clustered in I and samples clusters in II and III). 
Lower differences in Cd+2 concentrations are modelled by PC2 (clusters II and III are well 
separated along this PC). 

3.3.2 Loadings interpretation 

Once that distribution of objects in the scores plot was interpreted and correlated with the 
cadmium concentration attached to the bacterial biomass, the one-dimensional loadings 
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before and after the removal of outliers were analysed to correlate Cd+2 concentrations with 
changes in the original spectra (i.e. Raman shift, wavenumber, wavelength, etc.). 

 
Fig. 7. One-dimensional loadings plots obtained from the PCA corresponding to different 
bacteria/Cd+2 concentrations; (a) before and (b) after the removal of outliers. Solid line 
corresponds to PC1-loadings and dashed line to PC2-loadings.  

Considering that PCs can be represented as a linear combination of the original unit vectors, 
where the loadings are the coefficients in these linear combinations, distribution and/or 
localization of each object in the PC-space has a direct relation with their respective PC-
loadings values (Esbensen, 2005).  

Fig. 7 (a) depicts the one-dimensional loadings plots corresponding to PC1 and PC2 before 
the removal of outliers. The influent spectral regions for the distribution of objects in the PC-
space were underlined using dashed frames. The main spectral differences between objects 
of cluster I and objects of clusters II and III were found in the 1800-1500 cm-1 spectral region. 
This region was selected taking into account the loadings values and the PC-coordinates for 
each cluster.  

For instance, cluster I has PC-coordinates (+i, +j), then we selected the region where both 
loadings, PC1 and PC2 have positive values (in this case, the 1800-1500 cm-1 region). For 
cluster II, whose coordinates are -i, -j, we selected the region with negative loadings values 
for both PCs (1000-600 cm-1). Finally, for cluster III, we selected the region with negative and 
positive loadings values for PC1 and the PC2, respectively (1500-1100 cm-1) whose 
coordinates are -i, +j. The same strategy was adopted for the loading analysis after the 
removal of outliers [Figure 7 (b)]. Even when the loading values are different, the spectral 
regions representing each cluster are the same.  

In summary, it can be concluded that the main spectral differences between objects of 
cluster I and objects of clusters II and III, can be observed in the 1800-1500 cm-1 region. Very 
interestingly, the carboxylate (COO-) groups absorb in this region. In our previous work we 
have reported that metal ions can be attached to the bacterial surface through the COO- 
groups (Gerbino et al., 2011). Spectral differences between clusters II and III were found in 
the 1000-600 cm-1 and 1500-1100 cm-1 regions, respectively.  
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Fig. 8. Scores and loadings plots corresponding to different bacteria/metal concentrations. a) 
lead: (■) 0.028 mM, (●) 0.181 mM, (▲) 0.217 mM, b) zinc: (■) 0.114 mM, (●) 0.307 mM, (▲) 
0.350 mM and c) nickel: (■) 0.022 mM, (●) 0.109 mM, (▲) 0.181 mM. Solid line corresponds 
to PC1-loadings and dashed line to PC2-loadings. 

These two regions provide vibrational information about the phosphate groups and 
superficial polysaccharides related with certain bacteria superficial structures that have been 
previously reported as responsible for the bacteria/metal interaction (Mobili et al., 2010; 
Sara & Sleytr, 2000). 

-16000 -12000 -8000 -4000 0 4000 8000

-6000

-4000

-2000

0

2000

4000

II & III
I

Bacteria/Ni2+

P
C

2
 (

1
2

%
)

PC1 (69%)

-16000 -12000 -8000 -4000 0 4000 8000

-6000

-4000

-2000

0

2000

4000

II & III
I

Bacteria/Ni2+

P
C

2
 (

1
2

%
)

PC1 (69%)

A 

B 

-9000 -6000 -3000 0 3000 6000 9000

-6000

-4000

-2000

0

2000

4000
Bacteria/Zn2+

II

I

III

P
C

2
 (

2
5

%
)

PC1 (71%)

-9000 -6000 -3000 0 3000 6000 9000

-6000

-4000

-2000

0

2000

4000
Bacteria/Zn2+

II

I

III

P
C

2
 (

2
5

%
)

PC1 (71%)

C 

-30000 -15000 0 15000 30000 45000

-12000

-8000

-4000

0

4000

8000

II

III

I
Bacteria/Pb

2+
P

C
2

 (
1

0
%

)

PC1 (86%)

-30000 -15000 0 15000 30000 45000

-12000

-8000

-4000

0

4000

8000

II

III

I
Bacteria/Pb

2+
P

C
2

 (
1

0
%

)

PC1 (86%)

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

Bacteria/Pb
2+

P
C

-
lo

a
d

in
g

s

Raman Shift / cm
-1

III I

II

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

Bacteria/Pb
2+

P
C

-
lo

a
d

in
g

s

Raman Shift / cm
-1

III I

II

1800 1500 1200 900 600 300

-0.06

-0.03

0.00

0.03

0.06

0.09

0.12
Bacteria/Zn

2+

P
C

-
lo

a
d

in
g

s

Raman Shift / cm
-1

II
I

III

1800 1500 1200 900 600 300

-0.06

-0.03

0.00

0.03

0.06

0.09

0.12

1800 1500 1200 900 600 300

-0.06

-0.03

0.00

0.03

0.06

0.09

0.12
Bacteria/Zn

2+

P
C

-
lo

a
d

in
g

s

Raman Shift / cm
-1

II
I

III

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

0.16

0.20 Bacteria/Ni
2+

P
C

-l
o

a
d

in
g

s

Raman Shift / cm-1

I

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

0.16

0.20

1800 1500 1200 900 600 300

-0.08

-0.04

0.00

0.04

0.08

0.12

0.16

0.20 Bacteria/Ni
2+

P
C

-l
o

a
d

in
g

s

Raman Shift / cm-1

I

www.intechopen.com



 
Principal Component Analysis 

 

36

3.3.3 PCA results for other metal ions 

The same approach performed for bacteria/Cd+2 interaction was employed to analyse the 
interaction of the other metal ions with the bacterial surface. The scores and loadings plots 
obtained after the removal of outliers from PCA, carried out on the spectral data sets 
corresponding to samples of different concentrations of the three metal ions attached to the 
bacterial surfaces are shown in Fig. 8. A clear discrimination between objects corresponding 
to different concentrations of lead and zinc trapped on the bacterial surface was observed 
along the PC-space [Figure 8(a) & (b)]. The information provided by the loadings explains 
the distribution of samples in clusters surrounded by ellipses and labeled as I, II and III. 

The dashed rectangles depicted in the loadings plots indicate the spectral regions that are 
statistically influent in the distribution of objects. For lead, region labeled as I corresponds to 
the superficial polysaccharides (1000-800 cm-1 region), region labeled as II, to the fingerprint 
region (700-250 cm-1), and region labeled as III, to the amide I region (1650-1500 cm-1). For 
zinc, region I corresponds to superficial polysaccharides (1000-750 cm-1), region II, to amide I 
(1700-1500 cm-1), and region III, to the fingerprint region (450-250 cm-1). 

It is important to point out that in both bacteria/Pb+2 and bacteria/Zn+2 interactions, the 
same spectral regions were identified as influent for the objects distribution observed in 
PCA. This indicates that similar molecular structures may be involved in the bacteria/metal 
interaction. The scores plot corresponding to the bacteria/Ni+2 samples indicate a poor 
discrimination among objects [Fig. 8 (c)]. According to the loadings plots of the 
bacteria/Ni+2 samples, the spectral similarities and differences between samples are mainly 
in the fingerprint region (region surrounded by a blue dashed line). 

3.4 Final remarks 

From the results discussed and described above, it can be concluded that Raman spectra 
allow obtaining chemical information related with bacteria/metal interactions, and also 
with metal ion concentrations. PCA allowed an efficient elucidation of the information 
obtained from the spectra. Furthermore, the one-dimensional loadings analysis allowed 
identifying the influent spectral regions, as well as the molecular structures involved in the 
objects/samples distribution in the scores plots. 

4. PCA applied to the interpretation of quantum chemical calculations 

Quantum chemical calculations in large flexible molecules represent a challenge, due to the 
high number of combinations of conformationally relevant parameters and computational 
resources/capabilities required. This is an extremely complicated task, unless a systematic 
approach is carried out. In this section, a PCA-based methodology allowing the correlation 
between molecular structures and properties of a conformationally flexible molecule 
(arbutin) is described. This procedure is simple and requires relatively modest 
computational facilities (Araujo-Andrade et al. 2010). 

Arbutin is an abundant solute in the leaves of many freezing- or desiccation-tolerant plants. 
It has been used pharmaceutically in humans for centuries, either as plant extracts or, in 
more recent decades, in the purified form. Arbutin acts as an antiseptic or antibacterial agent 
on the urinary mucous membranes while converting into hydroquinone in the kidney 
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(Witting et al., 2001). It is also used as a depigmenting agent (skin whitening agent) as it 
inhibits melanin synthesis by inhibition of tyrosinase activity. 

From a chemical point of view, arbutin is a flexible molecule composed by a 
glucopyranoside moiety bound to a phenol ring (Fig. 9). It has eight conformationally 
relevant dihedral angles, five of them related with the orientation of the hydroxyl groups 
and the remaining three taking part in the skeletal of the molecule. 

Up to our knowledge, no attempts to use of a PCA based methodology for the structural 
analysis of quantum chemical information were reported.  
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Fig. 9. Arbutin molecule, with atom numbering scheme. (copyrighted from Araujo-Andrade 
et al., 2010) 

4.1 Quantum chemical calculations 

The semi-empirical PM3 method (Stewart, 1989) was used to perform a systematic 
preliminary conformational search on the arbutin potential energies surface (PES), which 
were later on taken into account in the subsequent, more reliable analysis performed at 
higher level of theory. This preliminary conformational search was carried out using the 
HyperChem Conformational Search module (Howard & Kollman, 1988; HyperChem, Inc. © 
2002; Saunders, 1987, 1990). 

The eight dihedral angles defining the conformational isomers of arbutin (Fig. 9) were 
considered in the random search: C2C1O23C24, C1O23C24C25, O6C5C7O11, C5C7O11H15, 
C3C4O10H14, C2C3O9H13, C1C2O8H12 and C26C27O34H35. Conformations with energies lower 
than 50 kJ mol-1 were stored while higher-energy conformations or duplicate structures 
were discarded. The structures obtained from this conformational search were used as start 
points for the construction of the input files later used in the higher level quantum chemical 
calculations. These latter were performed with Gaussian 03 (Gaussian, 2003) at the DFT level 
of theory, using the 6-311++G(d,p) basis set (Frisch et al, 1990) and the three-parameter 
density hybrid functional abbreviated as B3LYP, which includes Becke’s gradient exchange 
correction (Becke, 1988) and the Lee, Yang and Parr (Lee  et al, 1988) and Vosko, Wilk and 
Nusair correlation functionals (Vosko et al., 1980). Conformations were optimized using the 
Geometry Direct Inversion of the Invariant Subspace (GDIIS) method (Csaszar & Pulay, 
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1984). The optimized structures of all conformers were confirmed to correspond to true 
minimum energy conformations on the PES by inspection of the corresponding Hessian 
matrix. Vibrational frequencies were calculated at the same level of theory. PCA were 
performed using The Unscrambler® software (v9.8). 

4.2 Theoretical data set and pre-treatment 

The group of Cartesian coordinates corresponding to the 35 atoms of arbutin (see Fig. 9), for 
each of the 130 conformers found after the conformational analysis was used as data set in 
this study. In other words, our data set consisted of a matrix of 130 x 105 elements, 
corresponding to the arbutin conformers and the x, y, z coordinates of each atom of the 
molecule, respectively. Data were mean centred prior PCA. 

4.3 Data analysis 

In order to provide a general and fast procedure to perform the PCA on the conformational 
data sets, the next strategy was followed: 1) In the Cartesian referential, all conformers were 
oriented, in such a way that the structurally rigid fragment of arbutin (the glucopyranoside 
ring) was placed as close as possible to the axes origin; 2) All Cartesian coordinates of the 
130 conformers of arbutin were then used to perform the PCA. The table of data (data 
matrix) was built as follows: each row corresponds to a conformer and the columns to the 
Cartesian coordinates: the first 35 columns, to the x- coordinates of the 35 atoms of arbutin, 
the second 35 columns, to the y coordinates, and the last 35 columns, to the z coordinates. 

4.3.1 Scores and loadings analysis 

Fig. 10 depicts the distribution of the arbutin conformers, in the PC-space. Three well 
separated groups were observed. Group A (squares), appears well separated from groups B 
(circles) and C (triangles) along the PC1-axis, which explain 77% of total variance. Group B 
is separated from Group C along the PC2-axis. In order to elucidate the main structural 
parameters for this separation, the one-dimensional loadings values were analyzed. The 
loading values of PC1 and PC2, indicate the atoms’ coordinates contributing the most to 
structurally distinguish the conformers of arbutin in the chosen reference system [Fig. 10 (b) 
and (c), respectively]. 

According to these values, the orientation of the atoms 25 to 35, related with the spatial 
orientation of the phenol ring relatively to the reference glucopyranoside fragment, is the 
main contributing factor allowing for the differentiation among conformers. Consequently, 
the relative spatial orientation of the phenol ring is determined by the dihedrals 
interconnecting the glucopyranoside and phenol rings, C2C1O23C24 and C1O23C24C25, which 
are then shown to be of first importance in structural terms. Fig. 10 (d) shows the means and 
standard errors of the means (standard deviation of the sample divided by the square root 
of the sample size) of the 8 conformationally relevant dihedral angles of arbutin (the angles 
were first converted to the 0-360º range). From this graph, it can be clearly observed that 
C2C1O23C24 and C1O23C24C25 dihedral angles, describe the distribution of the three groups 
along the PC1 and PC2 axis, respectively. In other words, PC1 is related with the C2C1O23C24 
dihedral angle, and allows the discrimination of conformers belonging to group A. In these 
conformers, the phenol ring is placed above and nearly perpendicular to the 
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glucopyranoside ring. On the contrary, in all conformers belonging to groups B and C, the 
phenol ring is pointing out of the glucopyranoside moiety, and oriented to the side of the 
oxygen atom from the glucopyranoside ring. PC2 allows a specific discrimination among the 
three groups of conformers. This specificity factor is given by the values of C1O23C24C25. 

 

 
 

Fig. 10. (a) PCA-scores and, (b, c) the corresponding loadings grouping arbutin conformers 
in terms of structural similarity. (d) total average values and standard deviations of the 8 
conformationally relevant dihedral angles of arbutin in the 3 groups of conformers. 
(copyrighted from Araujo-Andrade et al., 2010) 

The relationship between the energetic and conformational parameters related with each of 
the three groups identified in the scores plot, was also investigated. Fig. 11 depicts the 
relative energy values (taken as reference the energy of the conformational ground state) for 
each conformer according to the group they belong. From an energetic point of view, groups 
B and C are equivalent. However, no conformer with relative energy below 15 kJ mol-1 
belonging to Group A. This trend can be correlated with the orientations adopted by the 
phenol ring relatively to the glucopyranoside ring, as was described before. 
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Fig. 11. Relative energies of the 130 lowest energy conformers of arbutin (the energy of the 
conformational ground state was taken as reference). (copyrighted from Araujo-Andrade et 
al., 2010) 

Once the influence of the relative position of the two rings in arbutin on the relative energy 
of the conformers was evaluated, the preferred conformations assumed by the substituents 
of the glucopyranoside ring and their influence on energies were investigated in deeper 
detail. To this aim, PCA was conducted on each of the previously determined groups of 
conformers (A, B, C), excluding the x, y, z, coordinates corresponding to the phenol ring 
(atoms 23-35). This strategy allowed for the elimination of information that is not relevant 
for a conformational analysis within the glucopyranoside ring. PCA-scores/loadings 
analysis and interpretation was realized by using the methodology described above for the 
whole arbutin molecule. The results of this analysis are shown in Fig. 12-15. The PCA scores 
plot for Group A [Fig. 12 (a)] shows four well defined groups, labeled as subgroups A1, 
A2.a, A2.b and A3. If all elements of these four subgroups are projected over the PC1 axis, 
three groups can be distinguished, with one of them constituted by subgroups A1 and A3, 
other formed by subgroup A2.a and the third one by subgroup A2.b. On the other hand, 
projecting the elements over the PC2-axis allows also to distinguish three groups, but this 
time corresponding to A1, (A2.a, A2.b) and A3. 

The observation of the one-dimensional loadings plots for PC1 and PC2 [Fig. 12 (b) & (c)], 
allows us to conclude that the positions of atoms C7, H21, H22, O11 and H15 are highly related 
with the conformers distribution in the PCA scores plot, i.e., the conformation exhibited by 
the CH2OH substituent at C5 is the main discriminating factor among subgroups. In 
consonance with this observation, when the mean values of the conformationally relevant 
dihedral angles associated with the substituted glucopyranoside ring in each subgroup are 
plotted [Fig. 12 (d)], it is possible to observe that the dihedral angles associated with the 
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CH2OH substituent (O6-C5-C7-O11 and C5-C7-O11-H15) are those allowing the discrimination 
among the four subgroups. In the case of the C5-C7-O11-H15 dihedral, one can promptly 
correlate the three groups corresponding to the projection of the PCA subgroups over the 
PC1-axis with the three dihedral mean values shown in the plot: ca. 60, 160 and 275º (-85º), 
respectively for A2.b, A2.a and (A1, A3). 
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Fig. 12. (a) PCA-scores and, (b,c) the corresponding loadings and belonging to Group A in 
terms of structural similarity in the conformations of the substituents of the glucopyranoside 
ring. (d) total average values and standard errors of the means of the 5 conformationally 
relevant dihedral angles of the glucopyranoside ring arbutin in the 4 subgroups. 
(copyrighted from Araujo-Andrade et al., 2010)  

(a) 
(b) 

(d)

(c)
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Fig. 13. (a) PCA-scores and, (b, c) the corresponding loadings belonging to Group B in terms 
of structural similarity in the conformations of the substituents of the glucopyranoside ring. 
(d) total average values and standard errors of the means of the 5 conformationally relevant 
dihedral angles of the glucopyranoside ring arbutin in the 2 subgroups of conformers. 
(copyrighted from Araujo-Andrade et al., 2010) 

The PCA-scores plot for the conformers belonging to the Group B [Fig. 13 (a)] shows only 
two clear groupings of conformers, where PC2 is the component separating these two 
groups the best. The loadings plot of PC2 [Fig. 13 (b)] shows that the clusters are also 
determined by the positions of atoms C7, H21, H22, O11 and H15, i.e., by the conformation of 
the CH2OH fragment. As expected, these observations are in agreement with the dihedral 
angles’ mean values plot [Fig. 13 (d)], which clearly reveals that there, the values of the O6-
C5-C7-O11 and C5-C7-O11-H15 dihedral angles are the ones that mainly discriminate internal 
coordinates among the conformers belonging to subgroups B1or B2. 

A similar analysis made for conformers belonging to Group C allows concluding that three 
subgroups (C1, C2 and C3) can be defined [Fig. 14 (a)], once again resulting mainly from 
different conformations assumed by the CH2OH substituent [Fig. 14 (b) & (d)]. Regarding 
the energies of the conformers, subgroups are not strongly discriminative. However, 
subgroups A3, C2 and, in less extent B1, include conformers gradually less stable than the 
remaining subgroups of each main group (data not shown). 
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Fig. 14. (a) PCA-scores, and (b, c) the corresponding loadings, belonging to Group C. (d) 
total average values and standard errors of the means of the 5 relevant dihedral angles of 
the glucopyranoside ring arbutin in the 3 subgroups. (copyrighted from Araujo-Andrade et 
al., 2010) 

4.4 Final remarks 

PCA analyses based on atomic Cartesian coordinates of the properly oriented in the 
Cartesian system conformers of arbutin allowed the grouping of these conformers by 
structural analogies, which could be related with the conformationally relevant dihedral 
angles. Among them, the dihedrals interconnecting the glucopyranoside and phenol rings 
and those associated with the CH2OH fragment were found to be the most relevant ones.  

In summary, this work represents a new simple approach for the structural analysis of 
complex molecules and its aim was also to show another application of PCA. 

5. Conclusion 

The results reported in this chapter for each experimental and theoretical application of 
PCA, demonstrate the versatility and capabilities of this unsupervised method to analyse 
samples from different origins. Three different examples were selected to show the 
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relevance of PCA to elucidate specific information from a data collection in several fields. 
Among these issues, the following aspects must be underlined: a) the influence of the data 
pre-treatment on the scores and loadings values; b) the a-priori knowledge of the data source 
to select the appropriate data pre-processing; c) the strategies and criteria used for the scores 
and loadings plots interpretation and, d) criteria used for outliers detection, and their 
influence in the PCA model.  

The amalgamation of the different sections included in this chapter can be used as a starting 
point for those researchers who are not specialists in the field, but that are interested in 
using these methodologies, to take the maximum advantage from their results.  
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